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Resumo

A Avaliacao do Ciclo de Vida (ACV) é uma metodologia cientifica que permite avaliar o impacto de
um produto ou servico no meio ambiente, ao longo de todo o ciclo de vida. Engloba as fases de
definicao de objetivos e contexto, inventario, avaliacao do impacto e interpretacao.

A Inteligéncia Artificial (1A) refere-se a sistemas computacionais capazes de realizar tarefas que
normalmente requerem inteligéncia humana. Machine Learning (ML) é uma &area da IA que
envolve o desenvolvimento de algoritmos capazes de aprender com os dados e fazer previsoes
ou tomar decisdes com base neles. A ACV e ML tém sido combinados para ultrapassar a
complexidade das varias fases da ACV e para diferentes objetivos, nomeadamente para
desenvolver ferramentas de ACV substitutas.

0 presente estudo centra-se na fase de Inventdrio do Ciclo de Vida (ICV), procurando encontrar
as emissoes de poluentes geradas para o ambiente para completar a fase de ICV da ACV. Esta
dissertacao procura responder a sequinte questao de investigacdo: “Podem ser aplicadas
técnicas de ML para prever varidveis de resultado da fase de ICV da ACV?". Estas varidveis
incluem todos os inputs e outputs ao longo do ciclo de vida de um produto.

O conjunto de dados utilizado neste trabalho € composto por 865 ohservacoes e refere-se a
varidveis de input agricola (e.g. fertilizantes quimicos, pesticidas, mao de obra, gasdleo) e o
output da producao e emissoes de poluentes. Os dados foram retirados da literatura, referem-se
producdes agricolas de kiwi, melancia, citrinos, cha e aveld, na provincia de Guilan, no norte do
Irao. O cdlculo das emissdes de poluentes foi validado por um especialista na area, utilizando o
Agri-footprint 4.0 e a versao atualizada como o Agri-footprint 6. Foram também consultadas
outras metodologias, normas e relatdrios importantes para esta investigacao. Os modelos de
Arvore de Decisao e Redes Neuronais desenvolvidos foram capazes de estimar as emissdes de
poluentes geradas para o ambiente ao longo do processo produtivo. Os resultados médios do
Erro Normalizado Absoluto para a Arvore de Decisdo, Rede Neuronal 1e Rede Neuronal 2 foram,
respetivamente, 1124.79, 0.07, e 0.14. O teste de Friedman, com p-value <0.001, menor que
a=0.05, revela diferencas estatisticamente significativas nos valores de Erro Absoluto
Normalizado em pelo menos um dos modelos. O teste de Wilcoxon (p-value <0.001) indica

diferencas significativas entre todos os modelos.

Palavras-chave: Avaliacao do Ciclo de Vida, Sustentabilidade, Machine Learning, Arvores de

Decisao, Andlise de Dados



Abstract

Life Cycle Assessment (LCA) is a scientific methodology that allows for assessing the impact of
a product or service on the environment, throughout its life cycle. It includes defining objectives
and context, inventory, impact assessment, and interpretation phases.

Artificial Intelligence (Al) refers to computer systems capable of performing tasks that typically
require human intelligence. Machine Learning (ML) is an area of Al thatinvolves the development
of algorithms capable of learning from data and making predictions or decisions based on data.
LCA and ML have been combined to overcome LCA's complexity at various stages and for
different purposes, namely, to develop surrogate LCA tools.

This study focuses on the application of ML in the Life Cycle Inventory (LCI) phase to find the
pollutant emissions generated into the environment to complete the LCI phase of the LCA. The
present work seeks to answer the following question: "Can Machine Learning techniques be
applied to predict outcome variables of the LCI phase of LCA?". These variables include all the
inputs and outputs throughout the life cycle of a product.

The database used in this work comprises 865 observations containing agricultural input
variables (e.g. chemical fertilizer, pesticides, human labor, diesel fuel) and production output (yield
and environmental emissions). The data was collected from literature andrefers to kiwi,
watermelon, citrus, tea, and hazelnut crops in Guilan province in northern Iran. An expert in the
field validated the estimation of pollutant emissions, calculated using Agri-footprint 4.0 and the
updated version Agri-footprint 6. Additional key methodologies, standards and reports were also
consulted for this research. The Decision Tree and Neural Network models developed were able
to estimate the pollutant emissions generated into the environment throughout the production
process. The results of the Absolute Normalized Error for the Decision Tree, Neural Network 1and
Neural Network 2 were 1124.79, 0.07 and 0.14 respectively. The Friedman test, with p-value
<0.001, less than a=0.05, reveals statistically significant differences in the Absolute Normalized
Error values in at least one of the models. The Wilcoxon test (p-value <0.001) indicates significant

differences between all the models.

Keywords: Life Cycle Assessment, Sustainability, Machine Learning, Decision Trees, Data

analysis
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1. Introduction

Climate change, urbanization, rapid population growth, and recent changes in consumption
patterns are all negatively contributing to achieving the United Nations (UN) Sustainable
Development Goals (SDGs) (1). One of the primary objectives of Agenda 2030 is to ensure that
production and consumption systems are sustainable, safeguarding the food security and
nutrition of future generations (2,3). According to the SDGs, by 2030, food losses along
production and supply chains should be halved (2,4). The Portuguese National Statistics
Institute (INE) reported that, in 2021, more than 1.87 million tons of food were wasted in
Portugal (5). The causes of food waste may be related to overproduction, characteristics of
fresh products, transportation, storage, and retail processes (6).

Agriculture's contribution to the European Union (EU) Greenhouse Gas (GHG) emissions total
has been estimated to account for as much as 11%, while global emissions represent 12% (7,8).
The food supply chain may negatively impact the life-support system: it remains as a main
contributor to the emissions of harmful air pollutants and it primarily contributes to
deforestation, biodiversity loss, and unsustainable water extraction (8). As a result, the agri-
food sector faces some challenges related to sustainability. These include efficient water
resource management, reducing greenhouse gas and pollutants emissions, preserving
biodiversity, and generally mitigating the negative consequences to human health. It should be
highlighted that the food system, particularly agriculture, influences various aspects of human
health. Agrochemicals (pesticides and fertilizers) and other pollutants in groundwater (such as
manure) are often related to health problems, such as respiratory illnesses, waterborne
diseases, and even mental health issues (8-10).

On the other hand, there are opportunities for the sector, such as technological innovation and
Al to increase efficiency and sustainability, alongside the growing interest in learning more
about product origin and the environmental impacts associated with food production. Many
authors recognize that addressing food system sustainability requires a multifaceted
approach and focusing on a single field or direction would be simplistic (10-12).

Sustainability is the practice of meeting present needs without compromising the ability of
future generations to meet theirs. Sustainability also plays a crucial role, with increasing
emphasis on minimizing environmental impact in supply chains.

Ensuring sustainability alongside profitability is essential for long-term success across

differentindustries. This balance supports environmental health, economic viability, and social



equity, promoting a sustainable future for all. To assure a sustainable supply chain, various
areas of action are needed, such as optimizing inventory management and routes, reducing
ecological footprint in transportation, assessing the life cycle of food, monitoring
environmental indicators, improving work methods, and increasing process efficiency (13,14).
A key tool in achieving these goals is Life Cycle Assessment (LCA).

LCA evaluates the environmental impacts of all stages of a product's life cycle, from raw
material extraction to production, use, and disposal. By integrating LCA into sustainability
strategies, companies can identify opportunities to reduce environmental footprints, enhance
resource efficiency, and improve overall performance, as sustainability and profitability are not
just compatible but mutually reinforcing.

LCA requires extensive data collection of inputs and outputs such as raw materials, energy,
water, used chemicals, and pollutants emissions at each life cycle stage. A common concernin
many products LCA is the data collecting stage or Life Cycle Inventory (LCI), which may impact
the study's overall quality level as it requires extensive datasets (15). Data is usually obtained
from different sources like producers or farmers (primary data), literature reviews,
government reports, and scientific publications (secondary data) or from associations, non-
governmental organizations (NGOs), and international organizations (16).

Manufacturing processes often involve linked steps where the output of one process is the
input of another. Changes in upstream processes can ripple through the supply chain, affecting
downstream sustainability metrics. Often, not all necessary data is available or it may be
incomplete, leading to gaps in the analysis. Furthermore, inaccurate data collection methods
or reporting as well as different metrics and standards, can mislead the LCA process into a
difficult aggregation and comparison. Countries and regions have contrasting characteristics
and regulations, making it difficult to have a unified approach (17).

Artificial intelligence (Al) refers to computer systems capable of performing tasks that typically
require human intelligence, such as learning from large datasets, pattern recognition, and
decision-making. Al has a lot of potential, offering innovative solutions in many fields, namely
agriculture (18). Applying Al to LCA represents an opportunity to automate data collection and
analysis, improve the accuracy of environmental impact models, and facilitate the integration
of large volumes of data from different sources. Al can also help identify patterns and trends

that may not be easily perceptible through traditional methods.



Machine Learning (ML) is a subset of Al that involves the development of algorithms capable
of learning from data and making predictions or decisions based on data (19). Unlike traditional
programming, where explicitinstructions are given, ML algorithms improve their performance
as they are exposed to more data.

As the need for environmental protection becomes increasingly recognized worldwide, the
application of ML in LCA has gained attention. Integration of Al in LCA has the potential to
improve the accuracy and efficiency of these assessments. ML can help process large
datasets, identify patterns, and make predictive analyses that traditional LCA methods might
struggle with. LCA allows the understanding and mitigating of the environmental impacts of
products, but it faces challenges due to its resource-intensive nature. In fact, despite its
benefits, carrying out an LCA is often costly, time-consuming, and requires a lot of data. The
adoption of Al and ML techniques and modern data technologies offers promising solutions to
these challenges, enabling more efficient and accurate environmental assessments. As
climate regulations push for greater environmental accountability, the integration of MLin LCA
becomes increasingly important for driving innovation and sustainability (14,20,21).

Some examples of how ML can be used in LCA are the capacity of optimization, impact
parameter forecasting, or missing data prediction. It can also be applied to address data
incompleteness and uncertainty (21). The ability of ML to lower data-collecting costs is also
one of the possible benefits of integrating ML in LCA. It provides a quantitative view of the
environmental impacts of products throughout their entire life cycle. ML serves as a powerful
tool to support and improve decision-making towards reducing the overall environmental
footprint of products.

To enhance prediction models, some authors have studied the application of ML in LCA and
showed that life cycle inventory, life cycle impact assessment, and interpretation were
improved due to ML's ability to predict values and uncover hidden patterns accurately.
However, the review also identified several challenges such as the size of training datasets.
Additionally, there is a lack of detailed descriptions and established metrics and standards
guidelines to evaluate these models' performance. Based on these findings one of the
recommendations is to explore ML models in LCA studies and deeply integrate ML into
different LCA stages to address complex environmental sustainability challenges (14,20,22).
This dissertation is conducted as part of the Retail using Technology based on Artificial

Intelligence (RETAILL) project, which aims to make great strides in the development of a



software system that combines environmental and territorial data, as well as relevant data to
support the decision-making of the different agents throughout the supply chain (23). Overall,
the dissertation contributes to the RETAILL project by providing a framework that combines
LCA and ML to promote sustainable agricultural practices and continuously improve
production processes.

The present work represents a contribution to the field of sustainability in the supply chain,
especially in the agricultural production sector, by providing relevant information to guide LClI
and promote sustainability in the contemporary retail context. This dissertation seeks to
answer the following research question: "Can Machine Learning techniques be applied to
predict outcome variables of the LClin LCA?".

The result of applying the models consists of, based on the inputs of the agricultural
production, finding the emissions generated to the environment to complete the LCI. Selected
environmental indicators include the amount of water and energy used, quantity of materials
or food wasted, carbon dioxide (CO,) emissions, and chemical usage (pesticides, fertilizers, and

other elements).

1.1. Objectives and goals

The dissertation, integrated into the RETAILL project within the context of the Eureka Clusters
— Sustainabhility Call (23,24) aims to contribute to the development of a decision support tool
for choosing products with lower environmentalimpact. One of the RETAILL projectgoalsis to
develop the application of Al in LCA as a value-added solution. Based on these proposals,
specific objectives have been established for this dissertation:

1. Provide an overview of LCA, LCA software and ML, detailing their principles,
methodologies, and applications. This aims to contextualize the relationship between
LCA and ML, explaining their significance in the dissertation's broader scope.

2. Develop ML models for emission estimation. This involves developing a Decision Tree
(DT) model capable of estimating pollutant emissions from the production of kiwi,
watermelon, citrus, tea, and hazelnut. It is intended for the model to support the Life
Cycle Inventory (LCI) phase. Furthermore, building two Artificial Neural Network (ANN)

models for the same purpose, providing alternative methods for emission estimation.



3. Compare model performance. Evaluate and compare the performance of the DT and
ANN models to identify the optimal method for emission prediction in the context of
the LCl phase.

As mentioned, specific objectives include the development of a Machine Learning model
capable of translating the inputs of the agricultural production process into emissions to the
environment. Essentially, the proposed framework will allow the compilation and processing
of information during the LCl phase, the second phase in LCA. The framework aims to address
data incompleteness, enhance the accuracy of emission estimations, and provide a more
efficient and cost-effective approach to data

collection and analysis. Furthermore, the proposal model could be an alternative to commonly
used software in LCl that lacks transparency and is not freely available.

To guide the work a hypothesis was defined: "DT and ANN models can estimate emissions,
learn from data, and effectively predict data in the LCl phase?"

By addressing this hypothesis, the dissertation aims to demonstrate the feasibility and
benefits of integrating ML into the LCI phase of LCA, ultimately contributing to more
sustainable production practices.

The application of ML techniques to develop complementary and favorable models for LCA
aims to enhance accuracy and efficiency in assessing environmental impacts. This facilitates
informed decision-making on sustainable practices. Translating environmental indicators into
measurable impacts on both the environment and human health reinforces the holistic
approach of the circular economy, which considers not only economic aspects but also social
and environmental impacts. The circular economy aims to minimize waste and maximize
resource reuse. LCA for calculating the environmental impact of products aligns with the
principles of circular economy. It allows the identification of stages where efficiency can be
improved, waste reduced, and resources reused or recycled.

This dissertation is aligned with the principles of the circular economy by providing a
framework that combines LCA and ML to promote sustainable agricultural practices, reduce
waste, optimize resource use, and continuously improve production processes, integrating
environmental and human health considerations into the product lifecycle.

Overall, the completion of this work can leverage future work within the RETAILL project and

disseminate strategies to combat pollution and waste generated by agriculture, consequently



reducing the ecological footprint associated with the activity. Any action taken in this direction
could improve the food quality of the produced goods, resulting in benefits for human health.

This dissertation contributes relevant information to the construction of a tool that allows
combining environmental, territorial, and other relevant data in supporting decision-making by

different agents throughout the supply chain.

1.2. Dissertation structure

This dissertationis organized into six main chapters, from fundamental concepts to the results
analysis and conclusions. The work begins with anintroduction that outlines the objectives and
goals of the research, setting the stage by introducing the research question and providing an
overview of the key issues being addressed.

Following the introduction that outlines the objectives and research questions, the background
and state of the art provide a review of the relevant literature and the main subjects for this
study. Essential concepts are described such as the product life cycle and life cycle
assessment, focusing on the life cycle inventory. The second chapter will focus on
sustainability concepts in the supply chain, and ML, providing context for the research.
Important ML techniques to the research include decision trees and neural networks. The
section on decision trees is especially detailed, covering their advantages, disadvantages, and
construction.

This chapter also covers data sources and specific approaches used for calculating agricultural
emissions. This includes calculations for carbon dioxide emissions from various sources,
water use, and heavy metal emissions.

The application of ML techniques is then described, beginning with descriptive statistics and
data pre-processing, followed by model training focusing on decision trees and model
performance evaluation.

The dissertation also addresses limitations encountered during the research process. Thenthe
key findings are presented. These results are discussed in the context, exploring the
implications of the findings. Finally, recommendations for future research, suggestions for

further investigation, and habitual references.



2. Background and State of the Art

The following chapter includes the background context and the current state of the art in the
fields relevant to this research. It begins with the concept of the product life cycle being
examined to understand its stages. Following this, an exploration of LCA. In this chapter there
is also a section about LCA software to give an overview of the existing tools and how they
look or work. The chapter then covers a range of ML techniques, including decision trees, and

neural networks, highlighting their potential applications in LCA.

2.1. Product life cycle

The product life cycleis illustrated in Figure 1. It consists of the following phases: raw material
extraction, manufacturing and processing, packaging and distribution (transportation), retail
and usage, and end-of-life that can result in disposal or recycling. The raw materials are not
the only input in this process. In the remaining phases, other resources are needed, including
human labor, energy, and water. During all the product life cycle phases pollutant emissions

are generated to soil, air, and water (25).

INPUTS

energy, water and raw
materials

O\ PR, 02
W M, %gggcno
bk TU'?":I/G
%3
& 2%
& PRODUCT LIFE 2z
CYCLE z
<
%, S
d:% N
05
END OF LIFE
OUTPUTS

emissions,  waste,
co-products

Figure 1. Product life cycle.



The European Climate and Health Observatory is a joint initiative of, among others, the
European Commission and the European Environment Agency (EEA). Such organizations
provide access to many data and resources related to climate change and health (26,27).

Different activity sectors, such as agriculture, industry, energy supply, transportation, and
residential/commercial activities, have environmental impacts. Figure 2 illustrates how the
main activity sectors have a negative impact thus affecting human health. The use of
pesticides and fertilizers leads to contaminating water bodies. Overuse of chemicals degrades
soil quality. Contaminated water sources can cause diseases. Air pollutants and chemical
exposure can lead to respiratory issues or other health problems. Greenhouse gas emissions
drive global warming causing extreme heat waves that increase morbidity. In addition,
intensive use of natural resources (minerals, water, fossil fuels) leads to environmental

degradation (28,29).
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Figure 2. Intersection between pollution and environmental and human health impacts. Adapted from
EEA(26).

As mentioned before, agriculture is one of the activities that has a negative impact on the
environment and human health. Figure 3 illustrates how the pressures of each stage have
consequences:

e Nitrogen and phosphorus fertilizers cause eutrophication of aquatic and terrestrial

ecosystems.

A The frequency and intensity of extreme heat is increasing,



e Ammonia emissions contribute to air pollution and are harmful to sensitive

ecosystems.

e Climate change is influenced by greenhouse gas emissions, as mentioned above.

e Pesticide use has been associated with biodiversity and human health problems.

e Theimproper or excessive use of antibiotics in veterinary medicine is harmful.

e Overexploitation of freshwater resources is frequently associated with agriculture.
Figure 3 facilitates understanding LCA in agriculture because it visually illustrates the
environmental pressures at various stages of farming processes. It highlights key sources of
pollution and impact, such as water pollution, biodiversity loss, and climate change. By
breaking down these processes it is possible to better identify the phases that require more

attention when performing the study (29).
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Figure 3. Agriculture impacts on the environment. Adapted from EEA (29).

Depending on the stages willing to study there are four common models: cradle-to-grave,
cradle-to-gate, cradle-to-cradle, and gate-to-gate. Cradle-to-grave is when the full product
life cycle is analyzed. Cradle-to-gate assesses the impact until the product leaves the industry
and beforeitis transported to the retail or consumer. Cradle-to-cradle is often associated with
the circular economy. It consists of replacing the waste stage with arecycling process (closed-
loop recycling). Gate-to-gate is appropriate for product life cycles with many value-added
processes. To reduce the complexity of the assessment, only one value-added process in the
production chain is assessed. These assessments can later be linked, completing a larger-

scale LCA (25).



2.2.Life Cycle Assessment

Life Cycle Assessment (LCA) is a quantitative tool used to measure the potential
environmental impact of a product or service throughout its life cycle (25). Food systems
include multiple stages, including activities before farming, the actual production of crops and
feed, harvesting, transport, distribution, consumption and waste or disposal, following the
same logic of the product life cycle illustrated in Figure 1 of the previous topic. LCA is used to
assess the environmental impacts by considering all inputs and outputs in the entire process
(25,30). When comparing LCA for different products, it is crucial to ensure that the same
stages of the supply chain are included in all analyses.

Goal and scope definition, life cycle inventory, life cycle impact assessment, and interpretation
are the four phases of LCA as shown in Figure 4. The purpose of the study, the expected
product of the research, and the environmental impact categories are, among others, defined
in the goal and scope phase (31). Due to the iterative nature of the process, the preliminary
results are interpreted to help clarify the first three phases of the process that lead to the

results (30).

Life cycle assessment framework

)

Goal and scope
definition

i

Inventory
analysis

Interpretation

Impact
assessment

N

Figure 4. The four LCA stages. Adapted from IS0 14040 (31).

International Organization for Standardization (ISO) operates as an independent, non-
governmental international organization that gathers experts worldwide to establish

consensus on optimal practices, ranging from product manufacturing to process
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management. The organization has different committees to develop standards and address
the needs of different fields. ISO is dedicated to simplifying, enhancing safety, and improving
the quality of life for everyone across the globe (32).

In the domain of environmental sustainability, ISO has published many standards namely
about circular economy, water quality, and environmental management systems. The
principles associated with LCA are found in1SO 14040 and ISO 14044.1S0 14040 defines LCA
as the compilation of input and output flows and assessment of environmental impacts
associated with a product throughout its life cycle (25). The 1ISO 14040:2006, Environmental
Management - Life Cycle Assessment - Principles and Framework — contributes to the
thirteenth Sustainable Development Goal: Climate action (33). This is explained by the
common objective of integrating climate change measures and policies focusing on
understanding the root of pollution and waste by assessing the life cycle of products, services,
and processes. In 2020 a corrigenda was published: ISO 14040:2006,/Amd 1:2020 (31).

The 1SO 14044:2006, Environmental Management - Life Cycle assessment - Requirements
and guidelines - also contributes to the thirteenth SDG, as well as to the twelfth (3). The norm
provides essential tools and methodologies to guide LCA thus contributing to responsible
consumption and production (SDG 12) and climate action (SDG 13) by promoting efficient
resource use, reducing waste, identifying and mitigating GHG emissions, and fostering
sustainable innovation. The most up-to-date amendment is I1SO 14044:2006/Amd 2:2020
(34).

There are many knowledge gaps in LCA and ML can be used to fill in those gaps (35). Some of
these gaps are a lack of data for specific temporal gaps or sectors, not standardized
characterization factors, and computational power demand. In the impact assessment phase,
supervised learning, such as regression or classification, can be used to estimate missing
characterization factors or life cycle impacts. Another example is in the interpretation phase,
unsupervised learning (as clustering algorithms) can be used to identify groups based on their

sustainability performance (14).
2.2.1. LCA software tools

LCA software tools are widely used to facilitate the calculations and analyses involved in
evaluating the environmental impacts of products, processes, or services. These tools may

provide an advantage in terms of ease of use but often have built-in equations and databases
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that are not free or disclosed to the user. Some common and recognized LCA software and
databases are ecoinvent, SimaPro, and OpenLCA (36-38). The currently available
environmental datais gathered, reviewed, and published regularly in LCl database — ecoinvent,
that supports best practices in LCA as well as in database management.

Figure 5 illustrates the process of manufacturing an aluminum road bike. The first box
indicates the manufacturing of the aluminum frame, where one unit of the frame is produced.
This process flows into transport to the next production phase. Both the manufacturing and
transportation processes feed into the production of the aluminum bike frame, where one unit
of the frame is produced by combining the two inputs. After all the intermediate processes, the
output moves into the final stage "My Road Bike" where the complete road bike is assembled,
producing one unit of the bike. The "1 p" notation refers to one functional unit. The next step
after outlining the modelis to go to the process list to add library processes. Library processes
can be for example adding tap water to the manufacturing and a container ship to the transport
(39). In the context of agriculture, an example can be given with some fruit. Considering apple
production, the first stage represents the cultivation of apple trees, where the trees are
nurtured with water and nutrients, producing apples. This process flows into manual
harvesting and the post-harvest phase. Harvesting processes feed into the grading and
packaging of apples, where the yield of apples is prepared for sale. The final product moves to
the consumption phase, where the apples are available to the consumer. This is a simplified

example of what a production process in the agricultural sector might look like.

|- ’
:Il- ’ =- ! =-
I -

Figure 5. Preliminary structure of a model in SimaPro. Obtained from SimaPro (39).

Figure 6 is from the openLCA software, and it displays the inventory results for grape
production under organic farming practices in the Languedoc-Roussillon region. Inputs section
lists the resources consumed during the process. The outputs section shows the emissions
and waste associated. Some output examples are ammonia emissions to air and phosphorus
released to water. The "Total Requirements” section summarizes the resources required to
produce one unit of the product, giving insights into the environmentalimpact of the production

process (37). The inventory phase represented in Figure 6 is just one part of the overall LCA.
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Figure 6. Inventory results in OpenLCA. Obtained from OpenLCA (37).

Recently some efforts have been made to standardize, harmonize, and aggregate
environmental and LCl data. An open-source and open-access platform called the Harmonized
Environmental Storage and Tracking of the Impacts of Agriculture (HESTIA) offers a
vocabulary of words and a standard style for presenting agri-environmental data (40).
Optimeal® is an example of a software tool developed to optimize human nutrition while
taking sustainability and nutrient considerations into account (40,41). These examples show
that the existing methods and tools have a narrow focus on a specific domain such as
agriculture. Some were developed considering restricted geographical contexts.

The lack of transparency regarding the underlying equations and assumptions poses certain
challenges. This increases the importance of displaying the known equations. Clear
documentation of equations allows for easier identification and correction of any potential

errors in the calculations. In section 2.4 the equations considered for this study are presented.
2.2.2. Life Cycle Inventory

The goal of inventory analysis or LCl is to gather all the data of the material and energy flows
of the product life cycle. The inventory analysis involves identifying all the relevant inputs and
outputs of the system of interest (42). For a corn production unit process, inputs mightinclude
seeds, water, fertilizers, machinery, and energy. Outputs include the corn product, and might

also include nutrient losses from the fertilizers, and emissions from burning fuel to power
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agricultural equipment. Taking inventory of all the inputs and outputs of every unit process can
be a huge endeavor. Much work has already been done to build databases of common unit
processes and their associated inputs and outputs. However, it is not appropriate to use the
data without considering the scope, location, and time it was developed. These are important
facts to consider when determining whether it is suitable for a particular LCA (20).

In the Life Cycle Impact Assessment the input and output flows identified in the LCl phase are
translated to environmental impacts according to the impact categories defined. Some
examples of these categories are eutrophication potential (EUP), abiotic depletion potential
(ADP), acidification potential (AP), human toxicity potential (HTP), global warming potential
(GWP), freshwater aquatic ecotoxicity potential (FAEP), marine aquatic ecotoxicity potential
(MAEP), terrestrial ecotoxicity potential (TEP), photochemical oxidation potential (PHOP) and
ozone layer depletion potential (OLDP) (43).

The last step of LCAis the interpretation of the results to find the environmental consequences
resultants from production system, draw meaningful conclusions, and identify improvement

opportunities (44).
2.3. Machine Learning Techniques

There has been a growing interest in harnessing the power of big datasets and ML techniques
associated with LCA due to the rapid advancements in data analytics (14). ML is a branch of Al
that comprises the study of computer algorithms that learn automatically through experience
and can decipher the complexity of datasets, make predictions, and unveil new information
and hidden dataset patterns (14). ML is defined as the ability to learn and improve
computationally without the need for specific programming. ML algorithms can find patterns
through the training phase on large data sets (19).

ML is a powerful tool for analyzing and interpreting complex data, making predictions, and
automating decision-making processes. Building an effective ML model involves several
crucial steps as illustrated in Figure 7. The first step is to ensure the raw data cleaning and
transformation. The data must be relevant to the problem and contain sufficient information
to train the model effectively. The next step is to understand the data distribution, identify
patterns, detect outliers, and perform statistical analysis. Then the ML algorithms are selected
based on the problem type (e.g., regression, classification, clustering) and the nature of the

data. Evaluating multiple algorithms and adjusting parameters to identify the best-performing
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model for the given dataset are the following steps. Finally, there is the model training phase
and the evaluation of the model. It is important to continuously monitor the model's

performance in the real world and make necessary adjustments (45).

Iterate until Iterate to find
data is ready the best model

X Deploy
learning Candidate e Chosen
algorithm Model model Model

to data

k
e Y
Data Machine e “%t\
Preprocessing Learning ( Applications ))
Modules Algorithms

Figure 7. Key steps for ML models building. Obtained from Chappell D. (45).

Supervised learning and unsupervised learning are two categories of ML techniques. Through
supervised learning, variables and measurable outcomes are connected in a way that
enhances prediction accuracy. Unsupervised learning makes use of intrinsic features of the
input datasets to identify patterns and trends without explicitly identifying the desired result
(21).
There are several ML algorithms, such as neural networks, decision trees, linear regression,
support vector machines, and algorithms for clustering, among others. These methods are
extensively and effectively used in many fields, including public health, climate change, and
food production.
After the training phase, the algorithms must be evaluated using performance metrics (14).
Equations from 1to 5 are some of the metrics to measure regression performance (46). The
predicted value of the i — th sampleis §; and y; is the correspondent true value.

1. Mean Squared Error (MSE):
Measures the average squared difference between the actual and predicted values. When it

has a 0 value it means the model has a perfect fit. MSE estimated over nggpp;es is (46,47):
Nsamples—1

1
AN _ 3 2
MEWW—mmmS E ;=) (1)
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2. Root Mean Squared Error (RMSE):
RMSE is the square root of the MSE. The lower the RMSE, the better the modelis. When it has
a 0 value it means the model has a perfect fit. It is most suitable when the aim is to penalize
extreme errors more than small ones. However, this makes it sensitive to these extreme

values, which can distort the metric (46,47).

Nsamples—1

1
RMSE (7,9) = > -9 @

samples

3. Mean Absolute Error (MAE):
Measures the average magnitude of the errors in a set of predictions, without considering their
direction. When it has a 0 value it means the model has a perfect fit. MAE estimated over

Nsamples is (46,47):

1 Nsamples—1 (3)
MAE (v,9) = ~ > -l
samples =0

4. Normalized Absolute Error (NAE):
It normalizes the absolute error by dividing it by the error that would have occurred if the
average of the target variable had been predicted every time. This approach provides a more
balanced view of performance because it prevents models from being penalized for large
values (46,47).
MAE(y,y) (4)

1 Nsamples—1

Yico ly; |

NAE (y,9) =

Nsamples

5. R-squared (R?), the coefficient of determination:
Indicates the proportion of variance in the dependent variable explained by independent
variables. R?values range from 0 to 1, being 1the perfect fitand 0 meaning that the model does
not explain any variability in the dependent variable (46,47).

RP(y,§) =1- M ®

Xy, =9
Wherey = %Z?zl yiand XL, (v —9:)° = Xt €2
These performance metrics help to understand the effectiveness of the ML models.
The ML process involves several stages, starting with raw data that often needs

preprocessing before it can be used effectively. This preprocessing aims to clean and prepare

the data for analysis. For example, the raw data might contain duplicates or missing
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information, necessitating iterative preprocessing steps. This stage typically consumes a
significant portion of the project timeline. Once the data is prepared, ML algorithms are applied
to find the best solution for the problem at hand. Creating the optimal model involves running
multiple experiments, trying various combinations of algorithms, and preparing data until the
best-performing model is found. Once an effective model is developed, deployment is crucial
as it allows the algorithm implemented by the model to be utilized. Moreover, the ability to
deploy new models quickly is essential in adapting to the rapidly changing landscape of
Machine Learning applications (45).

To enhance prediction models, LCA researchers have taken advantage of the potential
provided by the advancement of ML and the capacity to generate those models and identify a
significant pattern from a large amount of data (21).

Some authors have studied the application of ML in LCA. Romeiko et al. (20) tested and
compared five ML approaches for computing spatially and temporally explicit life cycle
environmental impacts at the county scale, focusing on corn production in the Midwest region
as a case study. The aim was to determine the ML model that provides accuracy and efficiency
for estimating corn’s spatially and temporally life cycle environmental impacts (20). The same
author also has areview article that explored the combined use of ML and LCA for quantitative
sustainability assessment. The conclusion showed that life cycle inventory, life cycle impact
assessment, and interpretation were improved due to ML's ability to predict values and
uncover hidden patterns accurately. However, the review also identified several challenges
such as the size of training datasets. Additionally, there is a lack of detailed descriptions and
established metrics and standards guidelines to evaluate these models' performance. Based
on these findings one of the recommendations is to explore ML models in LCA studies and
deeply integrate ML into different LCA stages to address complex environmental
sustainability challenges (14). Nevertheless, previous studies predominately focused on
specific technologies in specific industries (22).

Combining ML techniques with LCA may be a helpful strategy to improve the process and
overcome some LCA constraints. ML models can estimate outputs faster and with less
storage space than a traditional LCA method. They are also more adaptable when included in
simulation platforms and can perform more simulation runs and produce better results for

various computationally intensive tasks (21).
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2.3.1. Decision Tree

As a non-parametric supervised learning method, decision trees can be used for classification
and regression. A classification tree is used to predict the class to which the data belongs. A
regression treeis used to predict areal number outcome. Decision trees create a set of if-then-
else decision rules by learning from data (48,49).

A Decision Tree (DT) is agroup of nodes that resembles a tree. It is a hierarchical structure with
nodes and directed edges, used to determine whether values belongin a class or to estimate a
target value (50,51). A decision tree has root nodes — with no incoming edges, internal nodes —
with exactly one incoming edge and two or more outgoing edges - and leaf or terminal nodes
that have precisely one incoming edge and no outgoing edges (52).

Every node represents a different attribute's splitting rule. This rule divides data into classes
for classification and divides values into regression groups to minimize the error for the chosen
parameter criterion. Until the stopping requirements are satisfied, additional nodes are
constructed (51).

Briefly, DT allows for the iterative division of data into subsets based on specific attributes,
intending to make predictions or classifications.

Figure 8 shows a representative example of a DT built with the used dataset. Root, node, and

leaves are marked and labeled. The product parameter is the root node.

Root
Depth 1
Product Node
Depth 2 > 4500 =4500
Fungicides Pesticides
Depth 3 =1775 21775 2785 <2785
Nitrogen Nitrogen Fungicides Fungicides
Depth 4 > 410170 =410.170 > 276325 =276.325 > 4565 <4565 >1995 1995
7.233 6.640 5.049 4.531 3.675 2.872 2.090 1.242
Leaves

Figure 8. Representative decision tree structure example.
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2.3.1.1 Advantages

One of the advantages of decision trees is that they can work with both categorical and
numerical data as well as manage problems with more than one output. Furthermore, when a
condition is observable in a model, Boolean logic explains the state. Decision trees can be
visualized and are simple to interpret. On the other hand, outcomes in a black box model (such
as an artificial neural network) can be harder to understand (48,53).

When a DT is used to predict data a logarithmic cost in the number of data points used to train
the tree is associated (49).

Statistical tests are often used to validate DT models. This enables the model's dependability
to be takeninto consideration. Performs well even when the true model used to create the data

slightly deviates from its assumptions (48).
2.3.1.2 Disadvantages

One of the common risks when building a DT is having an overfitted model. To prevent it,
pruning can be applied. Setting the maximum depth of the tree is also a solution (54).

Training several trees in an ensemble learner, where the features and samples are randomly
sampled with replacement, can help to face algorithms that make locally optimum decisions at
each node (greedy algorithm). To avoid biased trees, Itis advised to balance the dataset before

fitting the decision tree (48).
2.3.1.3 Building a Decision Tree

There are several ways to construct decision trees, and each has benefits and drawbacks
based on the kind of data and the issue at hand. The efficiency and interpretability of the model
can be greatly impacted by selecting the appropriate methodology, which ranges from top-
down induction and pruning to methods like random forests and boosting (51,53).

Top Down Induction Decision Trees (TDIDT) are constructed in a descendent and recursive
way. This method involves starting from the root of the tree and recursively dividing the data
into more homogeneous subsets, based on an attribute selection criterion (55,56).
Bottom-up Induction Decision Trees (BUIDT), a less common approach, where the
construction starts from the leaves and gradually merges nodes based on a defined criterion.

It creates parent nodes from merged leaf nodes until a single root node is formed (55-57). To
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avoid overfitting, decision trees can be pruned. Pruning involves removing parts of the tree that
provide little predictive power. There are two types of pruning:

e Pre-Pruning - Halt the tree growth early based on criteria like maximum depth,
minimum number of samples per node, or minimum gain ininformation. When applying
pre-pruning, trees do not experience a full set, the model stops splitting nodes early,
preventing overgrowth and possibly reducing the risk of overfitting. However, this
might also mean that the tree sacrifices some accuracy in exchange for simplicity and
faster processing (57).

e Post-Pruning - Fully grow the tree and then remove nodes that do not improve
accuracy. Examples include Reduced Error Pruning, where nodes are pruned if
removing them does not adversely affect the model's performance on a validation set
(55-57).

Building a DT involves several steps from collecting data to evaluating the model.

Selecting a dataset with the relevant information to the study is the first step. Followed by
cleaning data and ensuring data quality. Another thing to consider is splitting the dataset into
training and testing sets.

Using Cross-validation (CV) to build a decision tree may be a better alternative compared to
simply splitting the dataset into training and testing sets. CV provides a more thorough and
reliable method for model evaluation. It leverages the entire dataset more effectively, helps
detect and prevent overfitting, and offers a more nuanced understanding of model
performance across different data partitions (58).

When preprocessing data, generally there is the need to normalize or standardize features,
though decision trees are not as sensitive to this step as other models.

Several algorithms can be used. Common algorithms are Iterative Dichotomiser 3 (ID3) and
Classification and Regression Trees (CART) (55,59,60). The algorithms will be described in
more detail subsequently in this dissertation.

As mentioned above, to avoid some problems that might come up when building a DT, some
parameters must be set: maximal depth, and the minimum number of samples required to split
aninternal node and the leaf node, among others.

After training and testing comes the evaluation of the model using metrics such as accuracy,

precision, recall, and F1-score for classification problems. For regression problems metrics
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such as MSE, RMSE, MAE, NMAE and R? are more suitable. Chapter 2.3 goes into further detail
on these metrics.

Finally comes the visualization of the model and the understanding and interpretation.
2.3.1.4 Tree algorithms

Ross Quinlan created the algorithm Iterative Dichotomiser (ID3) to create decision trees from
an information gain method. With this algorithm, it is expected to have a tree growing
iteratively by selecting features that offer the greatest reduction in entropy or uncertainty (61).
The process continues until a prerequisite is met, such as the minimum size of the subset or
the maximum tree depth. ID3 is considered a heuristic algorithm, based on Occam'’s razor ',
where small trees are preferred (59,62).

The advantages of this algorithm are that ID3 uses the entire dataset to build the tree model,
creating an understandable set of prediction rules. Furthermore, identifying the leaf nodes
makes it possible to prune the test data and lower the number of tests. The linear function of
the product of the characteristic number and node number determines the ID3 time. ID3
disadvantages are associated with time consumption and computing demand, due to one
attribute being tested individually (49,59).

The C4.5 algorithm was also developed by Ross Quinlan and it comes up as an improvement
over the ID3. It can handle numerical (continuous) variables by creating threshold values that
splitthe dataintointervals. C4.5 can handle missing attribute values by using fractional counts
based on the distribution of observed values. Post-pruning is done by evaluating the rules
generated and removing preconditions if their removal improves rule accuracy. Despite the
advantages, C4.5 also has disadvantages: it is sensitive to small training sets and small data
variations can generate different decision trees (49).

C5.0 improves on C4.5 by using less memory, creating smaller rule sets, and increasing
accuracy allowing it to become faster and memory usage and computational power efficient
(49).

CART, developed by Leo Breinman, builds binary decision trees, meaning each node splits the
data into two branches. Unlike C4.5, CART is suitable for both regression and classification

problems (60).

' A principle of logic that recommends keeping things as simple as possible.
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CART uses cost-complexity pruning to remove branches that provide little additional
predictive power (49).

Random Forest, trademarked by Leo Breinman and Adele Cutler, creates a set of decision
trees. Itis suitable for both classification and regression problems. Every tree considers only a
random subset of features to ensure a low correlation among decision trees. Each tree is
considered to establish the output. Due to the structure of a Random Forest, the Interpretation

is difficulted and it is susceptible to overfitting (49,63,64).
2.3.1.5 Splitting Criterion

In the realm of DT algorithms, the splitting criterion plays a pivotal role in determining how the
datais partitioned at each node to achieve the most informative splits. This subsection delves
into various splitting criteria, including entropy, information gain, gain ratio, Giniindex, and least
squares. Each criterion offers an approach to evaluating the quality of a split, influencing the
overall performance and accuracy of the DT. By understanding these methods, itis possible to
better appreciate their application. The presented equations were all retrieved from the

authors Tan et al. (50) and Faria (65).
2.3.1.5.1 Entropy

Entropy is @ measure of uncertainty or randomness. It quantifies the impurity of a set of
examples. In other words, entropy is a measure of the purity of an interval. In decision trees,
entropy is used to determine the best split. Lower entropy indicates a more homogenous
subset, so if an interval contains only values of one class it is perfectly pure and entropy is O.
Given a k number of various class labels, m; the number of values in the i*" interval of a
partition and m;; being the number of elements of class j in interval i, entropy is defined by
(50):

(6)

k
Entropy(e;) = — z pijlog, pij
i=1
wherep;; = m;;/m;is the probability of class j in the i interval. The total entropy, e, of the
partition, is the weighted average of the individual interval entropies:

n
e = E W; €;
i=1

(7)
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2.3.1.5.2 Information Gain

Information gain measures the reduction in entropy achieved by partitioning the data
according to a given attribute. Decision tree algorithms like ID3 choose the attribute with the
highest information gain for splitting.

How to calculate (65):

IG(S,A) = Entropy(S) — Z %entropy(&,) (®)

v e values(A)

Where S, is the subset of S where attribute A has the v value.
2.3.1.5.3 Gain Ratio

The gain ratio is an extension of information gain that adjusts for the number and size of
branches when choosing an attribute. It reduces the bias towards attributes with many values.
The C4.5 decision tree algorithm is used to select the best attribute for splitting.

How to calculate (46):

Gain Ratio (S,A) = M (©)
"7 Split Info(A)
Where,
: Sy S,
Splitinfo(4) =X, values(A) % log, % (10)

2.3.1.5.4 Gini Index

The Gini index measures impurity or diversity used in classification trees. It represents the
probability of a randomly chosen element being misclassified if it was randomly labeled
according to the distribution of labels in the subset. Used in the CART algorithm to decide on
splits. A lower Giniindex indicates a purer node.

Let p (/]?) denote the fraction of records belonging to class 7at a given node ¢ The reference

to node tis sometimes omitted, and the fraction is expressed as pi How to calculate (50):

Gini(t) = 1 - X5 [p(El0)]? (1)
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2.3.1.5.5 Least squares method

The least squares method is used to select the best attribute for splitting a node in a decision
tree, minimizing the sum of squared errors between the predicted values and the real values.
During the construction of the tree, the algorithm selects the splitting attribute at each node.
This step is crucial and affects the model's accuracy. The goal is to choose the attribute that,
when splitting the data, minimizes the sum of squared errors between the predicted values and
the real values.

For each possible split based on an attribute, the algorithm calculates the sum of the squared
errors hetween each real value and the average of the values in the node. The attribute with
the smallest sum of squared errors is chosen to split the node. This means that the chosen split
will, on average, result in more accurate predicted values.

SSE =i =Y, (yi — (mx; + b))? (12)
2.3.2. Neural Networks

The human brain and neurons inspire the Artificial Neural Network (ANN) structure as it is a
structure of artificial neurons. They are recognized as a reliable decision support tool capable
of increasing LCA accuracy (21).

Human brain dendrites (receptors) and axons (effectors) connect a network of neurons.
Dendrites collect signals from numerous neurons and combine them to produce a response
signal which is then distributed along axons. A neuron is a node in ANN terminology. The
biological term synapse is a connection and synaptic efficiency is identified as connection
strength or weight. (66). This simple explanation of how the human brain functions helps in
better understanding ANNs.

ANNs contain three layers: the input layer representing the information entering the neuron,
the hidden layers which are intermediate layers and the output layer, reflective of the outcome
information (65).

Several algorithms can be used to build ANNs. The Neural Net Operator in RapidMiner learns a
model using a feedforward neural network trained by a backpropagation algorithm (multi-
layer perceptron) to train the ANN (67). In afeedforward neural network, connections between
neurons do not form cycles. Data flows in one direction, from the input layer through the hidden

layers to the output layer. It means that the network processes the input data step by step,
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layer by layer until it reaches the output. The backpropagation algorithm works by adjusting
the weights of the connections between the neurons to minimize the error between the
predicted output and the actual output. It involves calculating the gradient of the loss function
and propagating the error backward through the network to update the weights. The two
stages of the backpropagation algorithm, a supervised learning technique, are propagation and
weight updating. The two stages are iterated until the network reaches an acceptable level of
performance. algorithm. The algorithm makes minor adjustments to the weights of each
connection based on this information to lower the error function's value (44,66-69).
Multi-layer perceptron (MLP) refers to a specific type of feedforward ANN with multiple
neurons, allowing the network to perform more complex learning. Every node, except the input
nodes, is a neuron, or processing element, with a nonlinear activation function.

The activation function is part of the ANN and transforms an input into a certain output,
activating and deactivating neurons. Therefore, the ANN is largely determined by the weight
and input-output of the activation function. One of the artificial neural networks that uses the
activation function is the backpropagation method (44,67).

ANN's hidden layers represent intermediate neurons between the input and output layers. It
allows the ANN to learn complex patterns and relationships between the input data and the
output, capturing non-linear interactions. Each neuron in the hidden layer passes a
representative weight through an activation function, such as Rectified Liner Unit (ReLU),
Sigmoid, or Tanh. ReLU introduces non-linearity to the model. Without non-linear activation
functions, neural networks would behave like linear models, limiting their ability to learn
complex functions(70). The Sigmoid activation function transforms the input to a value
between O and 1. It is useful when facing a binary classification model or probabilistic
predictions. Hyperbolic Tangent (Tanh) is similar to Sigmoid but the output values range from
-1 and 1. Despite having a steeper gradient and due to its bounded output value the gradient
tends to vanish with this function (71).

In deep learning, multiple hidden layers can learn hierarchical representations of the data. The
first hidden layers may learn simple features, while deeper layers capture more abstract
features. Without hidden layers, a neural network could only model linear relationships
between inputs and outputs (66,72,73).

Figure 9 represents a feedforward neural network structure. In the input layers, the circles

correspond to the dataset features. Three hidden layers are fully connected to every node in
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the previous layer. The lines connecting nodes represent the weights that adjust during the
learning process. As it represents a regressing problem, predicting a continuous variable, the
output layer is a single node.

Input Hidden 1 Hidden 2 Hidden 3 Qutput

QQQO000DO0O

Q0000 NOO
L COL YY) )
Y CCCL YD) D

Figure 9. ANN structure example using the study dataset.

While ML is important to process and interpret complex datasets, understanding emissions in
agricultural contexts requires a specific approach, grounded in consolidated methodology.
Transitioning from ML, the following subchapters address important concepts in Life Cycle
Assessment, key emission factors, and methodologies, particularly those associated with the

Agri-footprint database.
2.4. Emissions calculation methodologies in agriculture

According to the Portuguese Environment Agency's 2022 National Emissions Inventory, the
agriculture sector accounts for 12.2% of Portugal's national GHG emissions. Examples of
greenhouse gases are carbon dioxide (CO,), methane (CH,), and nitrogen oxide (N,0) (74).

The EEA stated that, in 2020, agriculture was the main source of ammonia and methane
emissions (28). Agriculture activities represent emissions related to chemical fertilizer usage
to air and water, and biocide application to air, water, and soil. The computation of each
emission involves multiplying the input amounts by their equivalent coefficients or, in some

cases, more complex equations. According to Agri-footprint, specific equations are used to
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calculate emissions from agricultural activities, which are then translated to potential

environmental impacts (75).
2.4.1. Agri-footprint database methodology and basic principles

The support tool is Agri-footprint 6 Methodology Report (75) designed to support LCA
practitioners in assessing the environmental impacts of agricultural products. Agri-footprintis
a consistent LCI database widely used by the LCA community, the scientific community, and
governments worldwide. It comprises data on several industries such as food and biomaterials
from more than 63 countries. Agri-footprint shows calculated impact results using the ReCiPe
2016 Midpoint methodology and many processes modeled in alignment with the Product
Environmental Footprint (PEF) guidance of the European Commission, which gives it more
credibility. There are different paid license options to access Agri-footprintincluding research,
commercial or developer licenses. Agri-footprint is also available in LCA software like
SimaPro, which is also a paid software, and in openLCA that, despite being free open-source
software for LCA, Agri-footprint is available in openLCA as a paid database (76,77).

Figure 10 illustrates Agri-footprint, which gathers data from different sources, including Food
and Agriculture Organization (FAQ), scientific publications, industry data, and LCA standards.
The background data to build the tool includes information on electricity, waste, heat, and fuel
consumption.

Agri-footprint includes over 4800 datasets, mostly country-specific. It provides three
allocation options forimpact assessment: economic, mass-based, and energy-based. The tool
also integrates land use change data to provide a more complete picture. Although the
associated software is paid, the background methodology is publicly available, reinforcing
transparency. Additionally, the tool is updated every two years to maintain accuracy and

relevance.
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Figure 10. Scheme of Agri-footprint tool. Obtained from Mérieux NutriSciences | Blonk (76).

According to Agri-footprint 6 Methodology Report the fertilizerinputs, manure inputs, and crop

residues generate different emissions to the environment. Table 1 shows which inputs are

associated with each emission (75).

Table 1. Chemical and manure inputs and associated emissions. Adapted from Agri-footprint 6 (15).

Emission Fertilizer Manure Crop Residues Pesticides
Ammonia (NH5) Yes Yes No Not directly
Nitrate (NO3) Yes Yes Yes Not directly
Carbon dioxide (CO,) Yes - - -

Nitrogen monoxide (NO) Yes Yes No Not directly
Phosphorus Yes Yes No Not directly
Heavy metals Yes Yes Yes Not directly
Methane (CH,) No Yes Yes No

2.4.2. Carbon dioxide (CO;) emissions — Lime, dolomite, and urea application

Fertilizers usually enhance agricultural productivity, but their use also contributes to

greenhouse gas emissions, particularly carbon dioxide (CO,). Certain compounds, such as

limestone, dolomite, and urea, commonly used as fertilizers or soil amendments, undergo

chemical reactions that release CO,. Accurately estimating these emissions is important for

understanding the environmental impact of agricultural practices (75). Carbon dioxide
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emissions from lime, dolomite, and urea compounds that are used as fertilizers, can be

calculated by the following equation:
COZ - Cem = (MLimestone * EFLimestone) + (MDolomite * EFDolomite) + (MUrea * EFUrea) (13)

CO;, — C,yy, is the emissions in kg C. The M factors represent the fertilizers amounts in kg. EF

are the emission factors, calculated by the following equation:

kgC
kg of limestone,dolomite and urea

(14)

2.4.3. Nitrous oxide (N,0) emissions

Agriculture activities lead to N,O emissions. The equation to calculate N,O emissions from
nitrogen (N) inputs is:
N20 —Nyinpues = (F sy + Fon + Fer + Fson) * EF (15)

N20 —Nyinputs = Annual direct N0 -N emissions from N inputs to managed soils, [Kg N,0 -
N]
Fsy is the amount of synthetic fertilizer N applied to soils; Fyy is the amount of animalmanure,
compost, sewage sludge and other organic N additions applied to soils; Fg is the amount of N
in crop residues (above-ground and below-ground), including N-fixing crops (leguminous), and
from forage/pasture renewal, returned to soils; Fs, ), is the amount of N in mineral soils that s
mineralized, in association with loss of soil C from soil organic matter as a result of changes to
land use or management. All these are expressed in kg N. EF; is the emission factor for N,O
emissions from N inputs, which has a default value of 0.01. The amount of N,O emitted through
atmospheric deposition is calculated with the equation below:

N2O (arpy—N = [(F sy * Fracgasp) + ((Fon + Fprp) * Fracgasm)] * EF,  (16)
EF, is the emission factor for N,O emissions from atmospheric deposition of N on soils and

water surfaces.
2.4.4. Ammonia (NH3) and Nitrate (NO™3) emissions

Ammonia (NH3) emissions from agriculture are an environmental concern due to their
contribution to air pollution and eutrophication in water bodies. When nitrogen-based
fertilizers, whether synthetic or organic, are applied to fields, a portion of the nitrogen

volatilizes into the atmosphere as ammonia. Understanding and quantifying NH3 emissions
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from managed soils is crucial for developing effective strategies to reduce nitrogen losses and
mitigate their environmental impact. NHz emissions:
NH3 =N = (F gy * Fracgasr) + ((Fon + Fprp) * Fracgasy) (17)

NH3; —N is the ammonia produced from atmospheric deposition of N volatilized from
managed soils in KG NH3-N.
Fracgasr is the fraction of synthetic fertilizer N that volatilizes as NH; and NOx.
Fracg sy is the fraction of applied organic N fertilizer (F,, ) and urine and dung N deposited
by grazing animals (Fpgp ) that volatilizes as NHz and NOx.
Nitrate (NO3) emissions to water:

NO3—N = (Fgn + Fon + Fprp + Fer + Fsom) * Fracipacu-u,p, * Fracwer (18)
NO3 —N is the nitrate produced from leaching pf N from managed soils in kg.
Fracpgacu-q) is the fraction of all N added to / mineralized in managed soils where leaching

or runoff occurs thatis lost through leaching and runoff.
2.4.5. Water use

During crop cultivation, not all the applied irrigated water is consumed. The unutilized water
either evaporates, drains into the soil, or runs off, contributing to inefficiencies in water use.
Agri-footprint 6 and ReCiPe Characterization report (77) are useful to estimate the actual
water consumption which is calculated in m*/ha using the following equation:

Blue water footprint (g) * Yield crop (f—;) * water requirement ratio (19)

Blue wateris reported as “Water, unspecified natural origin” refers to the amount of freshwater

used for irrigation that originates from surface or groundwater sources.
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3. Methodology

This section outlines the methodology and approach taken to achieve the research objectives.
It further delves into the methods for calculating emissions, including specific calculations for
carbon dioxide (CO,) emissions, diesel fuel combustion, and chemical fertilizer use. It describes
emission sources and their corresponding calculation equations. Additionally, the section
explores the environmental indicators and variables considered, providing a framework for
assessing the environmental impact within the scope of the research.

The main sources of information and relevant academic research are detailed and explained,

as they are the primary sources of information for the background of this study.
3.1. Datasource

The publicly available online data was found through Mostashari's (78) study, which focuses
on data collection and analysis in Guilan province, northern Iran. This study will be referred as
the Iran case ahead in the present dissertation. Primary data, including agricultural inputs and
crop yields, were collected for horticultural crops such as hazelnut, citrus, tea, kiwifruit, and
watermelon.

The research employs the LCA approach, which evaluates environmental impacts throughout
aproduct's life cycle. It begins with goal and scope definition, considering factors like functional
units and system boundaries. Various environmental impacts, including emissions from
agricultural activities and fertilizer usage, are calculated for producing 10 tons of horticultural
crops.

The dataset used in this study was obtained from the supplementary data of the Iran case.
Inventory data consists of On-orchard and Off-orchard emissions. According to the authors of
the referenced article, Off-orchard emissions were obtained from the foreground system,
detailing the types and amounts of materials used and the direct energy consumption in
horticultural crop production. On-orchard emissions were sourced from the background
system, including direct emissions from diesel fuel combustion in agricultural machinery, air
emissions from human labor activities, and emissions to soil, water, and air from fertilizers. The
authors gathered these emissions from ecoinvent®3.6. Additionally, biocide emissions were

derived using the PestLCI 2.0 model in Analytica software (79).
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3.2. Emissions calculation methodology

Different emissions may contribute to the same impact but be expressed in different units.
Conversion to one unit is very important so that the emissions are translated into one impact
category (80). The environmental impact categories are discriminated into the regulations
used for this work. In this study, inputs of the system comprise the utilization of water, energy
(electricity), agricultural machinery, fertilizers, diesel fuel and biocides. The horticultural crops
amount are the outputs: citrus, kiwi, watermelon, hazelnut and tea (78,79).

To enhance transparency, reproducibility and credibility the further topics present the
emissions calculation equations that support this study. These methodologies ensure
consistency, in line with the latest research and guidelines provided by the referenced
databases and institutions. This approach allows for a more precise assessment of

environmental impacts, particularly regarding emissions from agricultural practices.
3.2.1. Equations for emissions calculation

To measure environmental impacts it is important to know the relevant equations used in the
context of LCA. Based on Equations 15 to 18 in Chapter 2.4, some variables were calculated
with variations of those equations according to the available data and a specialist's approval.
All the equations were thoroughly referenced and retrieved from Agri-Footprint 4.0, Agri-
Footprint 6 and Intergovernmental Panel on Climate Change (IPCC) (75,81,82). All the
emissions were computed using the measuring unit from Iran's case which is kilogram per
hectare (kg/ha).

Forinstance, databases like ecoinvent3.6 use normalization factors. The most recent versions
of ecoinvent or other databases now include the normalization factors. Anillustrative example
is the calculation of N, 0 emissions from fertilizers to the air (expressedinkg). This is computed
using the following formula:

44
Nitrogen + FYM * 0.01 « (2_8> (20)

In this formula, the value 0.01 represents the emission factor. The fraction 44/28 is the
conversion factor, translating the nitrogen-based emission into its equivalent weight of N, 0.
Equation 20 illustrates how N,O emissions from fertilizers to the air were calculated in this

work.
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3.2.1.1 Carbon dioxide (CO,) emissions — Human Labor

Human labor activities, particularly those involving physical work, contribute to carbon dioxide
(CO,) emissions through metabolic processes and use energy-consuming tools and
machinery. Emissions of carbon dioxide (CO,) related to human labor are calculated by
multiplying the input (hours of human labor) by the coefficient found in the literature, which has
a 07 value (78,83,84). Equation 21 presents the formula to calculate CO, emissions
associated with human labor.

C0O, Human Labor = human labor (hours) * 0,7 (21)

3.2.1.2 Diesel fuel combustion emissions

The combustion of diesel fuel in agricultural processes results in several emissions to air and
soil that can be calculated from standard coefficients of ecoinvent®3.6 (38). These
coefficients are also presented in Mostashari-Rad et al. and the emissions are calculated by

multiplying the corresponding input and coefficient (78).

3.2.1.3 Chemical fertilizer, farmyard manure (FYM), pesticide, herbicide, and

fungicide emissions

This subchapter focuses on the direct N,O emissions associated with nitrogen (N) from
applying synthetic fertilizers, manure and compost, crop residues, and changes in soil organic
matter due to land-use or management changes. The calculation of these emissions relies on
standardized equations. Ammonia (NH3) and nitrate (NO5~) emissions Equations 17 and 18 are
presented in chapter 2.4.4. The components of the fertilizers used on Iran's crops are not
known. However, considering the most used components and the possibility of future work,
Equations 13 and 14 for calculating the CO, emissions associated with these components are

presented in Chapter 2 but they will not be used during the study.

3.2.1.4 Nitrous oxide (N,0) emissions, Ammonia (NH;) and Nitrate (NO73)

emissions

For this work, only direct N,O emissions were considered because data does not include
livestock activities. Changes in mineral soil management and emissions from urine and dung

inputs to grazed soils are not considered in this study, as itis assumed that crops are cultivated
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on cropland remaining cropland, not grazed, and the organic matter contents of the soils do not
substantially change.

Some authors simplify the equation depending on the elements available for the study. In this
case, only the available variables will be considered (78).

It was assumed that all nitrogen that volatizes converts to ammonia (NH;), and that all nitrogen

that leaches is emitted as nitrate (N0O3) (75).
3.2.1.5 Heavy metal emissions

The heavy metals are released into the atmosphere because of the leaching and removal of
biomass, as well as their deposition and output from the application of fertilizer and manure.
Applying fertilizers and manure, as well as deposition, contributes heavy metals to the soil.
Based on published research, the heavy metal concentration of manure and fertilizers was
determined, as shown in Tables 3-2 and 3-3 of the Agri-footprint 4.0 report. Table 3-4 of the
same report lists the deposition of heavy metals (82,85).

The Agri-footprint 4.0 separates mineral fertilizers according to their composition. Table 3-2
of that report includes the heavy metal content of fertilizers in nitrogen fertilizers (N-
fertilizers), phosphorous fertilizers (P-fertilizers), and potassium fertilizers (K-fertilizers). This
distinctionis not verified in the most recent version of Agri-footprint. Furthermore, version 4.0
is followed by the authors of Iran's case, so it is preferably used for the heavy metal emissions

calculation.
3.3. Software, Programming Languages and Al-Assisted Technologies

For this work it was used RapidMiner version 9.10.011, Microsoft®Excel® for Microsoft 365
MSO (version 2408 Build 16.0.17928. 20114, 64-hit) and IBM SPSS Statistics version 29.0.1.0
-171) (86-88). Preliminary analyses of variables were conducted using RapidMiner and SPSS.
Subsequently, the ML models were developed using RapidMiner. Excel was used to organize
and process the data and to obtain the results related to emissions.

Al-assisted technologies were used in the writing process to improve readability, grammar,
and spelling. Applying the technology is not to replace key authoring tasks and it is done with
human oversight and control. All work is afterward reviewed and edited because Al can

generate incorrect, incomplete, or biased content.
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During the preparation of this work QuillBot, ChatGPT, and Grammarly were used (89-91).
ChatGPT was primarily used to guide research on the following topics: product life cycle, LCA,
LCl, ML techniques, including decision trees and neural networks. It was also employed to
clarify questions on RapidMiner use. ChatGPT was also helpful with generating alternative
word synonyms and offering general advice for writing. QuillBot was useful for rewriting
sentences and to enhance the flow of text and make it sound more natural. Grammarly,
installed in Microsoft Word for Windows shows a list of suggestions by category: grammar and
spelling checks, refining written content by identifying errors, and suggesting improvements
in tone, punctuation, and clarity. It can also ensure that the work is free of common writing

mistakes.
3.4. Data pre-processing

The data targeted for the study by the authors Mostashari-Rad et al. (79) is available online in
Excel format. The file features a sheet for each product, and each orchard corresponds to a
row, recording values for each of the variables: human labor, agricultural machinery, lubricating
oil, nitrogen, phosphate, potassium, farmyard manure (FYM), pesticides, fungicides, diesel fuel,
electricity, yield. All variables are expressed in kilograms (kg), except human labor, presented
in hours (h), and electricity in kilowatts (KWh), per hectare.

To proceed with the data analysis, original data were grouped, meaning all the products were
combined in a unique sheet, and a new variable "Product” was created. It encoded as follows:
citrus to 1, kiwi to 2, watermelon to 3, hazelnut to 4, and tea to 5.

Each variable was assigned the letter and number corresponding to the emissions it
represents. This was done considering Table 6 of Mostashari-Rad et al. (78). Table 2 shows

the descriptions for each emission to which the variables are associated.

Table 2. Abbreviation of variables corresponding to emissions.

Name/abbreviation Description

B.1. Emissions by diesel fuel to air

B.2. Emissions by diesel fuel to soil

B.3. Emissions by fertilizers to air

B.4. Emissions by atmospheric deposition of fertilizers to air
B.5. Emissions by fertilizers to water
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B.6. Emissions by N, 0 of fertilizers to soil and air

B.7. Emissions by heavy metals of fertilizers to soil
B.8. Emissions by human labor to air

B.S. Emissions by biocides to air

B.10. Emissions by biocides to water

B.11. Emissions by biocides to soil

Biocides emission variables - B.9, B.10 and B.11 - were not considered for this work. On one
hand, the information on Pesticide Model in Appendix Il of Agri-footprint 6 about the active
ingredients of pesticides covers 80% of the substances most used per pesticide supergroup
adjusted based on three countries - France, Netherlands and the United States - most used
substances (75). On the other hand, this coverage was not considered enough to calculate all
the biocide emissions listed in Iran's case because there are substances in the dataset that are
not listed in the Pesticide Model, such as benomyl (75). Despite being available on FAO
statistics relevantinformation on the use of pesticides, it was not possible to find details on the
amount of active ingredients of each pesticide supergroup used per hectare of the cultivated
crop (92).

Table 3 is relevant to describe the LCI emissions variables, associated with various sources
such as diesel fuel combustion, fertilizer use, and human labor. In this table, the different
pollution sources are organized according to their origin. This table also separates the

variables by emissions to air, water, and soil.

Table 3. LCl variables and the corresponding description.

LCl variable Emissions to air

From human labor

€0, (B.8) Carbon dioxide emissions

From diesel fuel combustion/use

NH; (B.1) Ammonia
C¢Hs (B1) Benzene
Benzo(a)pyrene, a polycyclic aromatic
Benzo(a)pyrene (B.1) hydrocarbon (PAH)
cd(B.1) Cadmium
CO,fossil (B.1) Carbon dioxide
CO fossil (B.1) Carbon monoxide
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Cr(B.1)

Cu(B.1)

N,0 (B.1)

Heat waste (B.1)
CH, fossil (B.1)
Ni(B.1)

Nox (B.1)
NMVOC (B.1)
PAH (B.1)

Particulates < 2.5um (B.1)
Se(B.1)

S02(B.)

Zn(B.1)

N0 (B.3)

NH; by chemical fertilizers (B.3)
NH; by FYM (B.3)

N, 0 by chemical fertilizers (B.4)
N0 by FYM (B.4)

Nitrate (B.5)

Cd(B.2)
Pb (B.2)
Zn(B.2)

Cd(B.7)
Cu(B.7)
Zn(B.7)
Pb (B.7)
Ni(B.7)

Chromium

Copper

Nitrous oxide

Waste heat

Methane

Nickel

Nitrogen oxide

Non-methane volatile organic compounds
Polycyclic aromatic hydrocarbons
Particulate matter emissions with a diameter less
than 2.5 micrometers

Selenium

Sulfur dioxide

Zinc

From the use of fertilizers

Nitrous oxide

Ammonia emissions from the use of chemical
fertilizers

Ammonia emissions from the use of FYM
Nitrous oxide emissions from the use of chemical
fertilizers

Nitrous oxide emissions from the use of FYM

Emissions to water

Nitrate emissions from fertilizer usage

Emissions to soil

From diesel fuel combustion/use

Cadmium
Lead

Zinc

From heavy metals of fertilizers

Cadmium
Copper
Zinc
Lead
Nickel
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Cr(B.7) Chromium
Hg(B.7) Mercury

3.5. Data analysis and model training

In this subchapter, the building of DT and ANN models using RapidMiner is explained. It begins
with a brief introduction of how the work started and then proceeds to describe the application
of CV, which provides a more robust understanding of the DT model performance by ensuring
thatevery data pointis used both for training and testing. Parameters such as maximum depth,
and pruning options are also pointed out in this subsection. Finally, subchapter 3.5.2 describes

the process of building two different Artificial Neural Networks.
3.5.1. Decision tree

To develop the DT and guarantee that all the data was used for training and testing CV was
applied. In k-fold cross-validation, the dataset is divided into k subsets (folds). The model is
trained on k-1folds and tested on the remaining folds, with this process repeated k times, using
eachfold as atest set exactly once. This ensures that every data point gets to be in the training
and testing set exactly once, giving a greater understanding of how the model performs on
unseen data. The average of all testing accuracies is theresult. Following this structured
approach, a decision tree model was constructed to predict the values of the variables
presentedin Table 3.

Necessary parameters in the Decision Tree operator such as the maximum depth set between
6 and 10, and no pruning options were defined, considering domain knowledge and
experimentation for optimization. The following step was to apply the trained decision tree
model to the testing set.

A DT was created to predict the values for each variable representing the emissions generated
by the inputs in cultivation. The attributes of the DT were the variables human labor,
agricultural machinery, lubricating oil, nitrogen, potassium, FYM, pesticides, fungicides,
and diesel fuel.

By using the same decision tree model but varying the label, different depths of the tree were
tested. It was found that between 6 and 10 the performance values no longer differed greatly,

so asmallerdepth value was chosen. Less depth was preferable to avoid overfitting the model.
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3.5.2. Artificial Neural Network

Two distinct Neural Network models were developed using RapidMiner Studio. Both
processes were built using CV. The main difference between the two models is the operator:
one uses the Neural Net Operator and the other uses the Deep Learning operator. The model
using Neural Net operator will be called Neural Network 1 and the one using Deep Learning
operator will be called Neural Network 2.

The Neural Net operator is used to build a feedforward neural network trained by a
backpropagation algorithm (multi-layer perceptron) (67). One hidden layer was defined using
865 training cycles. Decay and normalize options were selected. Without a fixed seed, in every
run, even with the same dataset and parameters, the results might slightly differ due to the
randomness in the training process. The random seed was set to 1000.

When applying the Deep Learning operator, key settings include 10 epochs, adaptive learning
rate, and standardization. The model is trained using backpropagation, with hidden layer sizes
and Rectifier activation function. A non-default parameter is the hidden layer sizes, where six
layers are used, each with 50 neurons. The option of computing variable importances is
chosen so that the variables that are most influential in the model’s predictions (93). The model
performanceis then evaluated. The workflow utilizes Cross-validation to ensure robust model

assessment.
3.6. Non-parametric tests for paired samples

Statistical tests were applied to compare the results of the errors obtained with the different
models and for each variable. The results of the NAE of the two ANN and the DT models across
all the variables were analyzed.

The application of parametric tests involves checking the normal distribution and the
homogeneity of the variance of the data set. The tests used to verify normality are the Shapiro-
Wilk test (for small samples) and the Kolmogorov-Smirnov test. On the other hand, Levene's
test is one of the most powerful tests for homogeneity of variance (87).

The Friedman test is a non-parametric test used to compare three or more groups of paired
data, for example with measurements from the same sample under different conditions. It is
an alternative when the assumptions of ANOVA are not met. The hypotheses of the Friedman

test are:
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1. The distributions of the values of variable X are identical in the k populations (94):
Ho:F(X)) = F(X,) = - = F(X,) (22)
2. Thereis atleast one distribution that is different from the rest (94):
Hy:30j: F(X) # FX) 0 # 5 4,j =1, ..k) (23)
To verify if there were differences in the distribution of values, the Friedman test was used in
the SPSS software (version indicated in chapter 3.3), and a=0.05.
The Wilcoxon test can be used as a non-parametric alternative to the Student's T-testin cases
where the normal distribution is not verified or the robustness of parametric methods cannot
be defended (94). The Wilcoxon test makes it possible to formulate hypotheses about the
distribution F (X) of variable X in 2 paired samples. The hypothesis for this work can be written
as follows:
Ho: F(X,) = F(X,) vs Hy: F(X,) # F(X,) (24)
In this work, the Wilcoxon test was applied to find which pairs of models showed distribution

differences, using the SPSS software (version indicated in chapter 3.3), and a=0.05.
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4. Results

This chapter presents the findings of the present work, including the comparative analysis

between a Decision Tree and two Neural Networks (ANN1and ANN2).
4.1. Data characterization

Table 4 includes a descriptive statistical analysis. Each variable, ranging from human labor to
yield, is characterized by essential statistic metrics including mean, median, standard
deviation, quartiles, minimum, and maximum values, derived from a dataset comprising 865

observations (N).

Table 4. Descriptive statistics of the input variables.

Standard First Third
Variable Mean Median Minimum  Maximum
Deviation quartile quartile

(25%) (75%)

Humanlabor 223E+03 277E+03  690E+02 3.41E+02 457E+03 115E+02 8.92E+03

Agricultural
2.26E+01 1.55E+01 1.64E+01 112E+01  2.89E+01 6.20E+00 7.09E+01
machinery

Lubricating 0il3.68E+00  1.86E+00  3.10E+00  2.15E+00 4.99E+00 1.23E+00 8.86E+00

Nitrogen 230E+02 155E+02  2.40E+02 110E+02 3.43E+02 9.80E+00 5.70E+02
Phosphate 8.40E+01  4.62E+01  9.32E+01 238E+01 1.20E+02 123E+01 168E+02
Potassium  1.21E+02 1.01E+02 830E+01  5.16E+01 139E+02 1.70E+01 3.88E+02
FYM 1.02E+03  8.72E+02 4.54E+02 3.49E+02 1.80E+03 2.28E+02 3.11E+03

Pesticides 2.60E+00 106E+00 2.41E+00 1.73E+00 336E+00 1.00E+00 536E+00
Fungicides 2.99E+00 123E+00  2.71E+00 2.01E+00 3.91E+00 114E+00 6.15E+00
Dieselfuel  5.23E+01 3.82E+01 425E+01  187E+01 830E+01 535E+00 1.32E+02
Electricity 2.31E+02  1.01E+02 214E+02  142E+02 313E+02 8.81E+01 4.53E+02
Yield 1.54E+04  103E+04 156E+04  8.19E+03 243E+04 2.86E+02 3.66E+04

! Missing values: 230 in Phosphate and 410 in Electricity
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The descriptive statistics presented in Tables 5to 9 provide an overview of the inputs used to
produce five different products:

1. Citrus;

2. Kiwi;

3. Watermelon;

4. Hazelnut

5. Tea.
Statistical analysis reveals differences between products in terms of mean, median, standard
deviation, minimum, maximum, and input variables employed in each production process. A
complex relationship between input and yield emerges when comparing the five products.
Kiwi and watermelon have high yields, but watermelon production reaches an approximate
value with fewer inputs, suggesting greater efficiency. Tea is the most labor-intensive but
does not produce a proportionally higher yield, which may indicate a less efficient process.
Hazelnut production, on the other hand, is the simplest in terms of inputs and yield, reflecting a
low-intensity production process comparatively with the other product’s production required
inputs.
Table 5 shows the descriptive statistics of the input variables and yield for citrus presenting a
total of 195 observations (N). The mean value for human labor is approximately 451 hours, with
a standard deviation of 92.5 hours, indicating moderate variability in labor usage across
orchards. The average yield is 22300 kg/ha, with a standard deviation of 4.64 kg/ha
representing the variation in production.
In terms of nitrogen fertilizer, farms use an average of 140 kg per hectare, with a standard
deviation of 27.7 kg.
Phosphate application shows a mean of 99.2 kg/ha with a standard deviation of 20.9 kg, and
the distribution is centered around a median of 98.7 kg/ha.
For potassium, the average application is 290 kg/ha, with a standard deviation of 61.5 kg/ha,
reflecting higher variability when compared to other variables. The minimum application
registered is 187 kg/ha and the maximum is 388 kg/ha.
FYM application demonstrated more variability when compared to other products used. The
average is 1840 kg/ha with a standard deviation of 393 kg/ha.
The analysis of Table 5 suggests that the yield is influenced by several factors that vary

between samples.
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Table 5. Descriptive statistics of the input variables and yield for citrus.

Variable Mean tandard Median First Third Minimum  Maximum
Deviation quartile quartile
(25%) (75%)

Human labor 451E+02 9.25E+01 4.44E+02 3.75E+02 535E+02 290E+02 6.01E+02
Agricultural

machinery 2.02E+01 3.73E+00 2.00E+01 1.71E+O1 2.32E+01 1.30E+01 2.71E+01
Lubricating oil 415E+00 8.14E-01  410E+00 3.45E+00 4.79E+00 2.71E+00 5.62E+00
Nitrogen 1.40E+02 2.77E+01 139E+02 118E+02 1.63E+02 9.04E+01 189E+02
Phosphate 9.92E+01 2.09E+01 9.87E+01 7.96E+01 118E+02 6.50E+01 1.35E+02
Potassium 290E+02 6.15E+01 2.86E+02 2.37E+02 3.48E+02 1.87E+02 3.88E+02
FYM 1.84E+03 3.93E+02 182E+03 146E+03 220E+03 118E+03 2.47E+03
Pesticides 2.75E+00 543E-01 271E+00 232E+00 3.22E+00 1.78E+00 3.68E+00
Fungicides 314E+00 6.58E-01 311E+00 259E+00 3.65E+00 2.02E+00 4.22E+00
Diesel fuel 9.08E+01 1.84E+01 899E+01 7.41E+01  107E+02 5.88E+01 1.22E+02
Electricity 1.36E+02 2.71E+01  134E+02 115E+02 158E+02 8.81E+01 1.82E+02
Yield 223E+04 4.64E+03 223E+04 1.81E+04 2.66E+04 145E+04 3.02E+04

1 Missing values: 0

Table 6 presents the descriptive statistics of the input variables and yield for kiwi for 140
observations (N). The average yield of 22900 kg/ha is close to the yield of product 1, but the
higher number of inputs suggests that the production of this product requires more resources,
which may indicate greater complexity or production intensity. The average human labor
required in kiwi production is equivalent to 1450 hours, more than three times the needed for
citrus production. Table 6 presents higher mean values in the majority of variables (some
examples are human labor, agricultural machinery, lubricating oil, diesel fuel, nitrogen and

phosphate) when compared to citrus production.
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Table 6. Descriptive statistics of the input variables and yield for kiwi.

Variable Mean tandard Median First Third Minimum  Maximum
Deviation quartile quartile
(25%) (75%)
Human labor 1.45E+03 295E+02 144E+03 119E+03 171E+03 9.38E+02 1.94E+03
Agricultural
machinery 3.38E+01 6.95E+00 3.42E+01 2.72E+01 3.97E+01 2.22E+01 4.61E+01
Lubricating oil 5.16E+00 1.06E+00 5.22E+00 4.24E+00 6.09E+00 3.36E+00 7.03E+00
Nitrogen 259E+02 5.04E+01 2.57E+02 219E+02 3.01E+02 171E+02 3.49E+02
Phosphate 11ME+02 2.26E+01 110E+02 9.13E+01 131E+02 7.33E+01 1.48E+02
Potassium 1.04E+02 2.21E+01 104E+02 8.24E+01 125E+02 7.02E+01 139E+02
FYM 233E+03 4.76E+02 2.31E+03 1.89E+03 2.75E+03 153E+03 3.11E+03
Pesticides 315E+00 6.39E-01 3.14E+00 264E+00 3.75E+00 2.03E+00 4.23E+00
Fungicides 3.62E+00 7.28E-01 3.58E+00 3.03E+00 4.28E+00 2.35E+00 4.85E+00
Diesel fuel 9.87E+01 1.98E+01 9.88E+01 8.12E+01 116E+02 6.41E+01 132E+02
Electricity 338E+02 6.95E+01 3.38E+02 2.83E+02 3.96E+02 2.19E+02 4.53E+02
Yield 2.29E+04 4.65E+03 2.28E+04 1.92E+04 2.67E+04 148E+04 3.10E+04

1 Missing values: 0

Table 7 shows the descriptive statistics of the input variables and yield for watermelon, with a

total of 120 observations (N).

While pesticides have low variability, evidenced by a relatively small standard deviation (0.36)

and an Interquartile Range (IQR) of 0.67, other inputs like human labor, nitrogen, and FYM

show higher variability. For example, the standard deviation of nitrogen is 89.4 kg/ha, which

implies differences in how farmers manage nitrogen use in watermelon production.

Nitrogen and FYM show comparatively higher means and standard deviations, suggesting

that these inputs vary among the dataset. While inputs like pesticides have lower variability

and relatively smaller ranges, other factors like human labor, fertilizers, and yield show greater

dispersion.
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Table 7. Descriptive statistics of the input variables and yield for watermelon.

Variable Mean tandard Median First Third Minimum  Maximum
Deviation quartile quartile
(25%) (75%)

Human labor 713E+02  1.39E+02 7.06E+02 5.98E+02 8.42E+02 4.60E+02 9.52E+02
Agricultural

machinery 5.24E+01 112E+01 523E+01 4.24E+01 6.24E+01 3.39E+01 7.09E+01
Lubricating oil 6.59E+00 1.37E+00 657E+00 5.38E+00 7.92E+00 4.25E+00 8.86E+00
Nitrogen 426E+02 8.94E+01 422E+02 3.39E+02 5.05E+02 2.75E+02 5.70E+02
Phosphate 126E+02 255E+01 125E+02 1.04E+02 149E+02 8.07E+01 1.68E+02
Potassium 113E+02  2.34E+01 113E+02  9.02E+01 133E+02 7.35E+01 154E+02
FYM 3.87E+02 T7.49E+01 3.84E+02 3.23E+02 456E+02 254E+02 5.16E+02
Pesticides 1.75E+00 3.64E-01 176E+00 139E+00 2.06E+00 1.14E+00 2.37E+00
Fungicides 2.00E+00 4.18E-01 2.00E+00 1.64E+00 2.37E+00 129E+00 2.68E+00
Diesel fuel 5.47E+01  113E+01 5.44E+01 455E+01 653E+01 356E+01 7.33E+01
Electricity 2.60E+02 551E+01 259E+02 2.09E+02 3.05E+02 1.72E+02 3.51E+02
Yield 2.74E+04 576E+03 2.71E+04 226E+04 3.27E+04 176E+04 3.66E+04

1 Missing values: 0

Table 8 represents the values of descriptive statistics of the input variables and yield for

hazelnut production. A total of 180 observations were registered for all variables in Table 8,

except electricity which is not used for hazelnut production. Among the crops analyzed,

hazelnut productionis the least labor-intensive, with an average of 175 hours. The low demand

for other inputs, such as nitrogen (mean is approximately 14.8 kg/ha) which is substantially

lower than for watermelon (426 kg/ha) and kiwi (259 kg/ha) and FYM (mean is approximately

385 kg/ha), indicates a less intensive production process. Hazelnut farming still requires

pesticide and fungicide application. The average yield is 450 kg/ha, the lowest among all

products, with relatively low variability. This suggests that the cultivation process is simpler or

less resource-intensive but generates significantly lower output.
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Table 8. Descriptive statistics of the input variables and yield for hazelnut.

Variable Mean tandard Median First Third Minimum  Maximum

Deviation quartile quartile

(25%) (75%)

Human labor 175E+02  3.65E+01 177E+02 140E+02 2.01E+02 115E+02 2.38E+02
Agricultural
machinery 9.44E+00 1.99E+00 9.48E+00 757E+00 112E+01 6.20E+00 1.28E+01
Lubricating oil 1.89E+00 3.87E-01 1.88E+00 154E+00 2.24E+00 123E+00 2.53E+00
Nitrogen 148E+01  3.14E+00 150E+01  1.16E+01 1.73E+01 9.80E+00 2.03E+01
Phosphate 1.89E+01  3.95E+00 190E+01 154E+01  2.24E+01 123E+01 2.57E+01
Potassium 259E+01 540E+00 259E+01 211E+01 3.09E+01 1.70E+01  3.49E+01
FYM 3.85E+02 7.96E+01 3.79E+02 3.15E+02 4.60E+02 2.49E+02 5.15E+02
Pesticides 394E+00 7.84E-01 398E+00 3.31E+00 4.61E+00 259E+00 5.36E+00
Fungicides 452E+00 9.64E-01 452E+00 368E+00 5.31E+00 2.93E+00 6.15E+00
Diesel fuel 8.18E+00 1.74E+00 8.26E+00 6.68E+00 S.62E+00 5.35E+00 1.11E+01
Yield 450E+02 9.29E+01 4.44E+02 3.76E+02 5.41E+02 2.86E+02 5.96E+02

! Missing values: 180 in Electricity

Table 9 represents the values of descriptive statistics of the input variables and yield for tea
production. The total number of observations (N) is 230.

Tea production requires high labor input, with an average of 6620 hours, 1370 hours standard
deviation and small IQR that shows the similarity among labor force required. This table
represents a production system with a relatively high demand for human labor, compared with
products 1,3 and 4. However, the variation in inputs suggests some impact in those results as
the presented tea orchard does not require phosphate or electricity.

Yield averages 10524.34 kg/ha, with a standard deviation of 2060.98 kg/ha. The
interquartile range (8851.97 — 12250.15 kg/ha) indicates that most of the production values
are concentrated in this range, with a minimum of 6840.05 and a maximum of 14078.48

kg/ha, reflecting moderate variability in productivity.
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Table S. Descriptive statistics of the input variables and yield for tea.

Standard First Third

Variable Mean Median Minimum  Maximum

Deviation quartile quartile
(25%) (75%)

Human labor 6.62E+03 1.37E+03 6.62E+03  5.40E+03 7.79E+03 4.30E+03 8.92E+03

Agricultural

machinery 1.25E+01 267E+00  1.26E+01 1.00E+01 1.49E+01 8.16E+00 1.70E+01
Lubricatingoil  2.28E+00 4.54E-01 229E+00 1.89E+00 2.67E+00 149E+00 3.08E+00
Nitrogen 3.55E+02 7.14E+01 355E+02 293E+02 4.12E+02 232E+02 4.79E+02
Potassium 6.64E+01 1.30E+01 6.69E+01 552E+01 7.68E+01 4.35E+01 9.05E+01
FYM 3.51E+02 6.99E+01 350E+02 291E+02 4.10E+02 228E+02 4.72E+02
Pesticides 1.54E+00 3.15E-01 1.56E+00 1.27E+00 1.81E+00 100E+00 2.12E+00
Fungicides 1.78E+00 3.58E-01 1.78E+00 148E+00 2.09E+00 114E+00 235E+00
Diesel fuel 2.47E+01 5.05E+00  2.45E+01 2.03E+01 292E+01 159E+01 3.31E+01
Yield 1.05E+04 2.06E+03  1.04E+04  8,85E+03 123E+04 6.84E+03 141E+04

! Missing values: 230 in Phosphate and Electricity

There is a variation in human labor across the products. Citrus and tea demand higher labor
input than the other products. This could indicate that these products are more labor-intensive
or require more manual harvesting.

Hazelnut has the lowest mean machinery use. This could imply either more manual processes
or smaller-scale operations for certain products. The low variance suggests consistent
agricultural machinery usage, but the range still shows differences across products.

Citrus and tea have the highest nitrogeninputs, which might be attributed to the need for higher
soil fertility or larger crop yields. The same products require higher levels of potassium and
organic manure, for optimal growth. In contrast, hazelnut uses less FYM.

Table 10 provides descriptive statistics for the LCI variables corresponding to emissions
related to the input variables in the dataset. The total number of observations is 865. The table
includes key metrics such as minimum, maximum, mean, and standard deviation for each
variable. These statistics provide a general analysis, offering insight into the dataset's

characteristics before further modeling.
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Table 10. Descriptive statistics of the remaining variables of the dataset.

Variable Mean >tandard Minimum Maximum
Deviation
NH; (B.1) 1.52E-03 111E-03 1.56E-04 3.84E-03
CeHe (B.1) 5.56E-04 4.05E-04 5.70E-05 1.40E-03
Benzo(a)pyrene (B.1) 2.00E-06 2.00E-06 0.00E+00 6.00E-06
Cd(B.) 1.00E-06 1.00E-06 0.00E+00 2.00E-06
CO,fossil (B.1) 2.37E+02 1.73E+02 2.43E+01 6.00E+02
CO fossil (B.1) 4.47E-01 3.26E-01 457E-02 113E+00
Cr(B.) 4.00E-06 3.00E-06 0.00E+00 1.00E-05
Cu(B.) 1.29E-04 9.40E-05 1.30E-05 3.26E-04
N,O (B.1) 9.14E-03 6.67E-03 9.35E-04 2.31E-02
Heat waste (B.1) 3.46E+03 2.52E+03 3.53E+02 8.73E+03
CH, fossil (B.1) 9.84E-03 7.18E-03 1.01E-03 2.49E-02
Ni (B.1) 5.00E-06 4.00E-06 1.00E-06 1.30E-05
Nox (B.1) 2.97E+00 2.17E+00 3.03E-01 7.49E+00
NMVOC (B.1) 1.61E-01 118E-01 1.65E-02 4.08E-01
PAH (B.1) 2.50E-04 1.82E-04 2.60E-05 6.30E-04
Particulates <2,5um
@1 3.77E-01 2.75E-01 3.86E-02 9.53E-01
Se(B.1) 1.00E-06 1.00E-06 0.00E+00 2.00E-06
S02(B.1) 7.54E-02 5.50E-02 7.71E-03 1.91E-01
Zn(B.) 7.60E-05 5.60E-05 8.00E-06 1.92E-04
Cd(B.2) 1.40E-05 1.00E-05 1.00E-06 3.40E-05
Pb(B.2) 6.00E-05 4.40E-05 6.00E-06 1.51E-04
Zn(B.2) 3.78E-02 2.76E-02 3.87E-03 9.56E-02
N,O (B.3) 3.47E+00 1.73E+00 1.03E+00 7.89E+00
NH; by chemical
fertilizers (B.3) 2.79E+01 1.88E+01 119E+00 6.92E+01
NH; by FYM (B.3) 5.23E+00 4.60E+00 1.1E+00 1.71E+01
N, 0 by chemical
fertilizers (B.4) 3.61E-01 2.44E-01 1.54E-02 8.96E-01
N,O by FYM (B.4) 6.77E-02 5.95E-02 1.43E-02 2.21E-01
Nitrate (B.5) 2.93E+01 1.46E+01 8.67E+00 6.67E+01
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Cd(B.7) 7.64E+03 5.54E+03 1.36E+03 1.87E+04

Cu(B.7) 4 43E+04 3.37E+04 8.50E+03 1.31E+05

Zn(B.7) 1.98E+06 1.69E+06 4 49E+05 6.01E+06
Pb (B.7) 5.70E+04 4 84E+04 1.30E+04 1.73E+05
Ni (B.7) 3.01E+03 2.56E+03 3.36E+02 9.39E+03
Cr(B.7) 2.70E+05 1.79E+05 110E+04 5.77E+05
Hg (B.7) 1.63E+03 1.1E+03 2.97E+01 3.87E+03
€0, (B.8) 1.56E+03 1.94E+03 8.02E+01 6.24E+03

1 Missing values: 0

Analysis of Figure 11 shows the relationship between diesel fuel consumption (kg/ha) and
average NH; and N,0 emissions. The line representing the average value of N,O emissions
shows an increase in emissions as diesel consumption increases. Although the blue line also
shows an increase in NH3 emissions as diesel consumption increases it is less pronounced
compared to N,O. The graph shows that N,O emissions increase much faster than NH;
emissions as diesel consumption increases. As these are polluting gases, the high value of
emissions associated with agricultural practices suggests implementing strategies to reduce
the use of diesel and more sustainable practices in the application of fertilizers, pesticides, and
insecticides to reduce them. Figure 12 analysis is very similar to Figure 11 as the diesel fuel
consumption (kg/ha) leads to more CO, fossil emissions and more heat waste. In addition to
the increase in CO, emissions, the contribution to the loss of heat waste is related to the
increase indiesel consumption. Variables Heat Waste and N,0 show more pronounced growth
compared to the other two variables shown in Figures 11and 12. These graphs aim to show the
behavior of the variables and that although they are similar, not all emissions grow at the same

rate depending on the increase in inputs, in this case, the use of diesel.
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Figure 12. Diesel fuel consumption (Kg/Ha) and average CO, emissions and heat waste.

Figure 13 shows the amount of diesel fuel needed across the production of the different
products, considering the yield output. Citrus and Kiwi have higher values, with the median

around 100 kg/ha. In comparison, watermelon presents an intermediate value of diesel fuel
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consumption, around 70 kg/ha, and the highest yield. Hazelnut is the product with the worst

performance in harvest results.
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Figure 13.Diesel fuel use and yield relationship across the different products.

Figure 14 represents the quantity of agricultural machinery required for the different types of
crops. Watermelon has the highest median and the widest range, indicating variability in
machinery use.

Citrus has a relatively low median, with a smaller spread. Hazelnut and tea crops have the
lowest and most consistent usage, with medians below 15 kg/ha and narrow interquartile
ranges.

This form of representation makes it easier to interpret the data to quickly understand which

products require the least use of agricultural machinery.
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Figure 14. Agricultural machinery required across the different crops.

Figure 15 is a visual representation of fungicides applied to different crops. Hazelnut has the
highest median value, demonstrating a higher need for fungicides in the production process.

Citrus and Kiwi have close and lower values compared with hazelnut. Watermelon and tea
have the lowest and most consistent usage, with medians around 2 kg/ha and relatively

smaller interquartile ranges.
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Figure 15. Fungicides required across the different crops.
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Figure 16 illustrates the relationship between variables. This scatter plot visually represents
how yield varies with pesticide use across different crops. Each product is color-coded
according to the label presented in Figure 16.

Citrus, kiwi, watermelon, and tea data points are clustered, suggesting a more consistent
relationship between pesticide use and yield. Hazelnut data points are more scattered,
indicating variability in yield with different pesticide use levels. For each of these products,
there are two notable groups which may be an indicator that it would be feasible to work on
clusters to find out more about the behavior of the variables

Crops with more clustered points (like tea) may have more predictable outcomes, while those

with widely spread points (like citrus) may have more variable results.
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Figure 16. Pesticides use and yield relation considering the different products.

The relationship between FYM and yield is presented in Figure 17. Except from citrus and kiwi,
the other products differ in their use of FYM and resulting yields. Citrus and kiwi are precisely
the products that seem to depend more on FYM to present higher productivity results.

The low FYM usage for Hazelnut and Tea suggests that these products either do not require
much FYM or there are other factors influencing their yield.

The scatter plot in Figure 17 provides hints about possible clusters on the dataset.
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Figure 17. FYM application and yield considering the different crops.

In Figure 18 hazelnut and tea are not presented because, as mentioned before, there is no
electricity consumption registered for these two products. Each crop seems to form two
different groups.

Citrus appears to cluster at the lower end of electricity consumption (around 100 kWh), with
yields ranging up to 30000 kg. Kiwiis scattered over acomparatively wider range of electricity
usage (from 200 to almost 500 kWh) and generally produces yields similar to citrus.
Watermelonis mostly found in the 100-300 kWh consumption range, presenting higher yields
when compared to the other crops.

This plot can be useful for analyzing the energy efficiency of different crops concerning yield

output.
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Figure 18. Electricity consumption and yield considering the different crops.

4.2. Performance Evaluation and Comparison of Models

The following paragraphs present the results obtained in DT and ANN models. As RMSE may
be affected by outliers it is important to combine other performance metrics. MAE is an
example of a more robust method. NAE allows for comparison across the full range, giving a
relative measure of error and a more balanced comparison.

Performance metrics of a decision tree model without pre-pruning and depth 6 are presented
in Table 11. After testing models at various depths, it became clear that between 6 and 10 there
were smaller differences in performance results for most variables. As the aim is to obtain
simplified models that do not fit the data too closely and are therefore easier to generalize, itis
recommended to opt for the one with the least depth.

Almost all the results are indicators of good model accuracy. Some examples are the label
variables NH; (B.1) and CsHs (B.1) which show low RMSE, indicating good model accuracy.

For many variables, the absolute error is minimal, such as Benzo(a)pyrene (B.1) and Cd (B.1).
Most of the variables have a NAE around 0.03 or lower. Some variables like Cd (B.1) and Se (B.1)
demonstrate higher values, indicating the model has more difficulty in predicting those,

comparatively with the other variables.
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For most variables, the correlation is extremely close to one, showing a high correlation,

representing strength and direction between two variables, leading to a stronger model

performance.

Benzo(a)pyrene (B.1), Cd (B.1), and Se (B.1) have zero absolute errors but higher normalized

absolute errors, unveiling the relative performance of the model.

This table shows that, without pre-pruning, the DT model generally performs with high

correlation and low errors.

The average execution time of the DT modelis close to zero seconds.

Table 11. Decision Tree Models Results without pre-pruning.

Root Mean
Label variable Squared Absolute Error Normalized Correlation
Absolute Error
Error
NH; (B.1) 4.20E-05 2.70E-05 2.79E-02 9.99E-01
CeHe (B.1) 1.50E-05 1.00E-05 2.80E-02 9.99E-01
Benzo(a)pyrene (B.1) 0.00E+00 0.00E+00 114E-01 9.91E-01
Cd(B.1) 0.00E+00 0.00E+00 3.86E-01 9.01E-01
CO2 fossil (B.1) 6.56E+00 4.25E+00 2.81E-02 9.99E-01
CO fossil (B.1) 1.23E-02 7.96E-03 2.79E-02 9.99E-01
Cr(B1) 0.00E+00 0.00E+00 9.81E-02 9.94E-01
Cu(B.) 4.00E-06 2.00E-06 2.82E-02 9.99E-01
N,O (B.1) 2.52E-04 1.62E-04 2.78E-02 9.99E-01
Heat waste (B.1) 9.51E+01 6.16E+01 2.80E-02 9.99E-01
CH4 fossil (B.1) 2.71E-04 1.76E-04 2.80E-02 9.99E-01
Ni (B.1) 0.00E+00 0.00E+00 8.32E-02 9.95E-01
Nox (B.1) 8.19E-02 5.31E-02 2.81E-02 9.99E-01
NMVOC (B.1) 4.45E-03 2.88E-03 2.81E-02 9.99E-01
PAH (B.1) 7.00E-06 4.00E-06 2.81E-02 9.99E-01
Particulates < 2,5um (B.1) 1.04E-02 6.71E-03 2.79E-02 9.99E-01
Se(B.1) 0.00E+00 0.00E+00 3.86E-01 9.01E-01
S02(B.1) 2.05E-03 1.34E-03 2.78E-02 9.99E-01
Zn(B.) 2.00E-06 1.00E-06 2.87E-02 9.99E-01
Cd(B.2) 0.00E+00 0.00E+00 3.59E-02 9.99E-01
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Pb(B.2)

Zn(B.2)

N,0(B.3)

NH; by chemical fertilizers
(B.3)

NH; by FYM (B.3)

N, 0 by chemical fertilizers
(B.4)

N,O by FYM (B.4)

Nitrate (B.5)

Cd(B.7)

Cu(B.7)

Zn(B.7)

Ph(B.7)

Ni (B.7)

Cr(B.7)

Hg (B.7)

C02(B.8)

2.00E-06
1.05E-03
1.33E-01

5.76E-01

2.84E-01

7.45E-03

3.52E-03
113E+00
2.29E+02
1.59E+03
4.28E+04
1.25E+03
1.12E+02
1.37E+04
5.93E+01
3.81E+01

1.00E-06
6.77E-04
9.55E-02

4.15E-01

1.60E-01

537E-03

2.03E-03
8.11E-01
1.55E+02
1.07E+03
2.96E+04
8.62E+02
6.90E+01
8.65E+03
3.85E+01
2.37E+01

2.86E-02
2.81E-02
7.02E-02

2.62E-02

3.98E-02

2.62E-02

3.89E-02
7.04E-02
3.06E-02
3.92E-02
1.95E-02

1.99E-02

3.16E-02

5.54E-02
4.03E-02
1.48E-02

9.99E-01
9.99E-01
9.97E-01

1.00E+00

9.98E-01

1.00E+00

9.98E-01
9.97E-01
9.99E-01
9.99E-01
1.00E+00
1.00E+00
9.99E-01
9.97E-01
9.99E-01
1.00E+00

The DT in Figure 19 represents a part of the model that predicts N, 0 (B.3). The nodes represent

adecisionbased on a certain variable thatis considered to predict the outcome variable. Figure

19 begins with a decision based on the fungicides variable. If the fungicide value is greater than

1.7750, the tree splits to the left; otherwise, it splits to the right. After this split, decisions are

made based on Nitrogen and FYM until the value predicted to N,0 (B.3) is presented.
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Fungicides
> 1.7750

Nitrogen

£1.7750
>410.1700 < 410.1700

FYM EYM

= 4121200 =4121200 > 415.0650 < 415.0650

Nitrogen Nitrogen EYM Nitrogen
> 46508250 = 460.8250 >443.0950 = 4430950 > 4551450 = 455.1450 >376.2250 =376.2250

7.7029 7.3196 7.0963 6.8343 7.2034 6.8925 6.5221 6.2277

Figure 19. Partial example of decision tree structure to predict N,O (B.3).

Tables 12 and 13 present the results of the same neural network model, varying the label to
predict environmental emissions associated with production inputs. Performance metrics
include Root Mean Squared Error, Absolute Error, Normalized Absolute Error, Squared Error,
and Squared Correlation, allowing for an assessment of the prediction accuracy.

RMSE of variables such as NH; (B.1) and CsHs (B.1) suggest extremely low RMSE, indicating
high precision in these predictions. In contrast, variables like Cd (B.7), and Cu (B.7) have much
higher RMSE, suggesting greater errors in these predictions.

A low absolute error, such as in NH; (B.1), demonstrates more accurate predictions, while
higher values, like Zn (B.7), indicate larger deviations in the predictions.

For variables like Zn (B.7), Cr (B.7), Pb (B.7) and Cu (B.7), the RMSE values are comparatively
higher. On the contrary, present lower NAE. The models for these variables may be facing
challenges in making accurate predictions due to the intrinsic variability of the data. This
justified the need to also compare the models using the NAE.

Correlation is presented to measure how well the predicted values follow the trend of the
actual values. Values close to 1, indicate that the modelis capturing the data pattern well. Most
variables show a high correlation, suggesting that the models are appropriately fitted.

The average execution time of the model ANN1is 12.61 seconds.
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Table 12.Performance of Neural Network 1 model varying the label variable.

Label variable RMSE Absolute Error Normalized Squared Error Squared
Absolute Error Correlation
NH; B.1 8.40E-05 6.30E-05 6.41E-02 0.00E+00 9.94E-01
CeHe (B1) 3.10E-05 2.30E-05 6.41E-02 0.00E+00 9.94E-01
Benzo(a)pyrene 0.00E+00 0.00E+00 6.41E-02 0.00E+00 9.94E-01
(8.1)
Cd(B.) 0.00E+00 0.00E+00 6.41E-02 0.00E+00 9.94E-01
CO2 fossil (B.1) 1.31E+01 9.84E+00 6.41E-02 1.74E+02 9.94E-01
CO fossil (B.1) 2.47E-02 1.85E-02 6.41E-02 6.15E-04 9.94E-01
Cr(B.) 0.00E+00 0.00E+00 6.41E-02 0.00E+00 9.94E-01
Cu(B.) 7.00E-06 5.00E-06 6.41E-02 0.00E+00 9.94E-01
N,O (B.1) 5.06E-04 3.79E-04 6.41E-02 0.00E+00 9.94E-01
Heatwaste (B.1)  191E+02 1.43E+02 6.41E-02 3.68E+04 9.94E-01
CH4 fossil (B.1) 5.45E-04 4.08E-04 6.41E-02 0.00E+00 9.94E-01
Ni (B.1) 0.00E+00 0.00E+00 6.41E-02 0.00E+00 9.94E-01
Nox (B.1) 1.64E-01 1.23E-01 6.41E-02 2.71E-02 9.94E-01
NMVOC (B.1) 8.93E-03 6.69E-03 6.41E-02 8.00E-05 9.94E-01
PAH (B.1) 1.40E-05 1.00E-05 6.41E-02 0.00E+00 9.94E-01
Particulates < 2.09E-02 1.56E-02 6.41E-02 439E-04 9.94E-01
2.5um (B.1)
Se(B.1) 0.00E+00 0.00E+00 6.41E-02 0.00E+00 9.94E-01
S02(B.1) 417E-03 3.13E-03 6.41E-02 1.80E-05 9.94E-01
Zn(B.) 4.00E-06 3.00E-06 6.41E-02 0.00E+00 9.94E-01
Cd(B.2) 1.00E-06 1.00E-06 6.41E-02 0.00E+00 9.94E-01
Pb(B.2) 3.00E-06 2.00E-06 6.41E-02 0.00E+00 9.94E-01
Zn(B.2 2.09E-03 1.57E-03 6.41E-02 4.00E-06 9.94E-01
N.OB.3 3.12E-01 2.46E-01 1.80E-01 9.79E-02 9.68E-01
NH; by chemical 1.44E+00 113E+00 7.03E-02 2.08E+00 9.94E-01
fertilizers (B.3)
NH; by FYM(B3) 2.75E-01 1.99E-01 491E-02 7.63E-02 9.96E-01
N.O by chemical 1.86E-02 1.46E-02 7.03E-02 3.48E-04 9.96E-01
fertilizers (B.4)
N,ObyFYM(B.4) 3.56E-03 2.58E-03 491E-02 1.30E-05 9.96E-01
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Nitrate (B.5) 2.69E+00

Cd(B.7) 3.94E+02
Cu(B.7) 1.95E+03
Zn(B.7) 9.77E+04
Ph(B.7) 2.77E+03
Ni (B.7) 1.66E+02
Cr(B.7) 118E+04
Hg (B.7) 9.22E+01
C02(B.8) 9.85E+01

2.12E+00
2.77TE+02
1.45E+03
7.21E+04
2.04E+03
112E+02
9.40E+03
7.12E+01
7.65E+01

1.83E-01

5.45E-02
5.29E-02
4.73E-02
4.69E-02
5.10E-02
5.97E-02
7.43E-02
4.71E-02

7.28E+00
1.56E+05

3.80E+06
9.63E+09
7.74E+06
2.78E+04
1.40E+08
8.54E+03
9.73E+03

9.66E-01
9.95E-01
9.97E-01
9.97E-01
9.97E-01
9.96E-01
9.96E-01
9.93E-01
9.97E-01

Figure 20 represents the Neural Network 1 for the Benzo(a)pyrene (B.1) variable. It gives an

Input

N\

\-

080 Q0RO OCLO®

Hidden 1

example of the structure of the ANN with only 1 hidden layer.

Output

Figure 20. Neural Network 1for the Benzo(a)pyrene (B.1) variable.

Generally speaking, and comparing Tables 12 and 13, the variables with the lowest NAE and

RMSE are not the same in Tahle 13.

The average execution time of the model ANN2 is 1.86 seconds.

Analyzing Table 13 these are the variables with higher RMSE, values are higher than 1: NH3 by
chemical fertilizers (B.3), Nitrate (B.5), CO, fossil (B.1), Hg (B.7), CO, (B.8), Ni (B.7), Heat waste
(B.1), Cd (B.7), Cu(B.7), Ph(B.7), Cr (B.7), Zn(B.7). But, as mentioned above, due to the order of
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magnitude of the values of the variables, itis prudent to also evaluate the NAE. Top performers
in NAE are N20 by FYM (B.4) and Ni (B.7) with approximately 0.07. The highest correlations
are found in N20 by FYM (B.4) and Ni (B.7).

On the other hand, models like Cd (B.1) and Zn (B.1) show higher errors and lower correlations,

suggesting room for improvement.

Table 13. Performance of Neural Network 2 model varying the label variable.

Normalized
Label variable RMSE Absolute Absolute >quared >quared
Error Error Correlation
Error

NH; B.1 290E-04 248E-04 254E-01 0.00E+00  9.81E-01
CeHs (B.1) 7.90E-05 6.20E-05 1.75E-01 0.00E+00  9.79E-01
Benzo(a)pyrene (B.1) 1.00E-06 0.00E+00  3.01E-01 0.00E+00 9.78E-01
Cd(B.) 0.00E+00 0.00E+00  1.94E-01 0.00E+00  S.76E-01
CO2 fossil (B.1) 1.82E+01 1.51E+01 9.82E-02 3.89E+02 9.95E-01
CO fossil (B.1) 3.60E-02 2.86E-02 9.96E-02 1.38E-03 9.94E-01
Cr(B.) 0.00E+00 0.00E+00 156E-01 0.00E+00  9.80E-01
Cu(B.) 2.00E-05  1.70E-05 2.00E-01 0.00E+00  9.78E-01
N.O (B.1) 9.42E-04  7.51E-04 1.27E-01 1.00E-06  9.87E-01
Heat waste (B.1) 2.60E+02 2.03E+02 9.03E-02 8.12E+04  9.94E-01
CH4 fossil (B.1) 7.45E-04  5.77E-04  9.11E-02 1.00E-06  9.94E-01
Ni (B.1) 1.00E-06  1.00E-06  2.48E-01 0.00E+00  9.73E-01
Nox (B.1) 2.43E-01 1.96E-01 1.03E-01 6.81E-02  9.93E-01
NMVOC (B.1) 1.22E-02 1.00E-02  9.60E-02 1.62E-04  9.93E-01
PAH (B.1) 430E-05 3.60E-05 2.19E-01 0.00E+00  S.77E-01
Particulates < 2.5um (B.1) 3.18E-02 253E-02  1.03E-01 1.49E-03 9.91E-01
Se(B.1) 0.00E+00 0.00E+00  2.36E-01 0.00E+00  9.72E-01
S02(B.1) 7.09E-03  5.85E-03  1.20E-01 5.70E-05  9.92E-01
Zn(B.) 120E-05  1.00E-05  1.94E-01 0.00E+00  9.79E-01
Cd(B.2) 2.00E-06 100E-06  166E-01 0.00E+00  9.81E-01
Pb(B.2) 1.00E-05  8.00E-06 2.12E-01 0.00E+00  9.79E-01
Zn(B.2 2.88E-03 233E-03  9.45E-02 9.00E-06  9.94E-01
N.OB.3 3.12E-01 2.47E-01 1.80E-01 1.01E-01 9.72E-01
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NH; by chemical fertilizers
(B.3)

NH; by FYM (B.3)

N, O by chemical fertilizers
(B.4)

N,O by FYM (B.4)

Nitrate (B.5)

Cd(B.7)

Cu(B.7)

Zn(B.7)

Pb(B.7)

Ni (B.7)

Cr(B.7)

Hg (B.7)

C02(B.8)

1.81E+00

4.87E-01

2.17E-02

4.80E-03
2.72E+00
5.33E+02
4.09E+03
1.69E+05
4 61E+03
1.99E+02
2.40E+04
1.49E+02
1.59E+02

1.51E+00

3.73E-01

1.81E-02

3.76E-03
2.13E+00
4.40E+02
3.40E+03
1.32E+05
3.68E+03
1.62E+02
1.89E+04
1.23E+02
1.27E+02

9.35E-02

9.20E-02

8.72E-02

7.14E-02
1.82E-01
8.64E-02
1.25E-01
8.57E-02
8.63E-02
7.33E-02
1.20E-01
1.28E-01
7.87E-02

3.73E+00

3.09E-01

4.85E-04

2.50E-05
7.85E+00
3.24E+05
1.88E+07
3.24E+10
2.28E+07
4.37E+04
6.63E+08
3.01E+04
2.81E+04

9.95E-01

9.92E-01

9.96E-01

9.97E-01
9.77E-01
9.96E-01
9.96E-01
9.93E-01
9.95E-01
9.97E-01
9.88E-01
9.90E-01
9.96E-01

The results of the Friedman and Wilcoxon tests are presented below to see if there are any

differences between the distribution of the three models. Table 14 presents the descriptive
statistics of the Decision Tree Model Absolute Error (DT NAE), Artificial Neural Network 1
Normalized Absolute Error (ANN1NAE), and Artificial Neural Network 2 Normalized Absolute

Error (ANN2 NAE). The values represent the mean and corresponding standard deviation of

the NAE obtained for the different variables and N=36.

Table 14. Descriptive Statistics of the samples.

Metric Mean Standard Deviation
DT NAE 5.77E-02 8.38E-02
ANN1NAE 6.79E-02 2.87E-02
ANNZ2 NAE 1.41E-01 6.13E-02

Being the Friedman test p-value <0.001 which is lower than o («=0.05) indicates that there is

a statistically significant difference in the NAE values among at least one of the models
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compared (DT, ANN1, and ANN2). The results of the Wilcoxon test for the three comparisons
(ANN1 vs. DT, ANN2 vs. DT, and ANN2 vs. ANN1), the p-values <0.001 are lower than o
(=0.05) This means to reject the null hypothesis for all comparisons, indicating that there are

significant differences in NAE among these models.
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5. Discussion and research limitations

In this chapter, the study hypothesis formulated initially is answered: "DT and ANN models can
estimate emissions, learn from data, and effectively predict datain the LCl phase?”

The results of this study show that DT, in the context of LCl, can be applied to estimate
emissions. By training a DT it was possible to overcome the uncertainty around the calculation
methods and equations used by the most common LCA software. In the future, with optimized
models, it is expected to be possible to predict LCl variables based on similar input features.
The developed DT allows to know the estimated emissions values associated with certain
inputs.

DT provides insightinto which features are most influential in determining emissions. This can
help in understanding key variables in emissions calculations.

The work done in this study reunites validated trustworthy equations from open sources and
recommended methodologies instead of using paid software that lacks transparency. The DT
is important for gathering the data needed for the LCI phase. Now, those DT models can be
applied to new data without requiring as much time for analysis, reducing manual data entry
and speeding up the process.

Citrus emerges as the most environmentally friendly crop due to its strategic importance and
efficient input use, while hazelnut production lags due to inefficiencies in input utilization and
yield (78).

Citrus production highlights key areas where improvements can be made, particularly in
resource usage and environmental efficiency. Furthermore, enhancing life cycle inventories,
especially with regionalized datasets for inputs and improved water usage models, could lead
to more accurate assessments and ultimately more sustainable practices. LCI data must be
representative of different climates, soil types, farming practices, pesticides, and fertilizer use,
among others. This aligns with literature findings that emphasize the need for regionally
representative data and the inclusion of biodiversity and water scarcity impacts in
assessments (95).

Kiwi production demonstrates a higher resource intensity compared to other crops. This could
be attributed to factors like irrigation or more intensive pest management practices, frequently
necessary for maintaining consistent production levels. Previous studies in the literature
reveal that soil organic matter increased N,O emissions and the availability of nitrogen and

carbon in soil. Depending on the composition of the soil, this may or may not influence water
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retention. Soils that tend to retain more water are more susceptible to higher N,O emissions
due to denitrification? In addition, meteorological conditions also influence pollution resulting
from the production process (20). For example, precipitation can promote the penetration of
nutrients through soil layers and lead to leaching® and runoff*. It is important then that it is
considered in LCA. In a study by Pergola et al., kiwi orchard direct and indirect CO, emissions
were greater than those observed in peach production (16). This supports the possibility that
characteristics inherent to the kiwi production process influence LCA.

Compared to other products, watermelon production requires greater Nitrogen application.
Similar conclusions can also be found in the literature, including a study in the province of
Guilan, which indicates that better agricultural managementin terms of nitrogen application
can lead to watermelon production with lower GHG emissions (98).

The low variability in yield and input use suggests that hazelnut cultivation is stable but less
productive. In this study, hazelnut production performs worse in pesticide and fungicide
application, when compared to the other products studied. Some studies in the literature
concluded that it is reasonable to reduce or replace diesel fuel, pesticides, and agricultural
machinery in hazelnut orchards. Ashkan et al. concluded that diesel fuel contributed the largest
(33.84%) to the total CO, emissions in hazelnut production, followed by machinery at 26.54%,
and nitrogen at 24.76%, highlighting the need for optimized machinery use, proper
maintenance, and soil analysis to reduce CO, emissions and chemical fertilizer consumption
(99,100).

Tea production in this study stands out for its high demand for human labor. This reflects the
labor-intensive nature of tea cultivation, highlighting the potential for future mechanization or
labor-saving technologies to enhance productivity without compromising quality (101,102).
Despite this work not including regional features, climate conditions, or geographical data,
according to the literature, DT models may capture specific patterns and relationships relevant
to a certain region or condition (20). For example, one model could be trained for urban areas

while another for rural areas. These adaptations enable the decision trees to better capture

2 Denitrification is a key microbial process in the nitrogen cycle, whereby nitrate (NO3~) is reduced to gaseous
forms of nitrogen, such as nitric oxide (NO), nitrous oxide (N,0), and dinitrogen (N.). The process is influenced by
factors such as soil moisture, temperature, and organic matter availability. It is carried out by facultative anaerobic
bacteria, such as Pseudomonas, Paracoccus, and Bacillus, that use nitrate as an alternative electron acceptor in
the absence of oxygen during cellular respiration. (96)

3 Leaching occurs when chemicals are excessively applied or too much rainwater or irrigation occurs in a short
period. It is when the chemicals flow into or out of the soil (97).

4 Runoff is when chemical flow in the surface of the soil occurs due to precipitation (97).
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and predict regional variations, leading to more accurate and relevant insights tailored to
specific geographic locations or climate conditions.

One of the limitations of this work is that LCA and ML analytical models are expensive and
depend on alarge amount of structured training data. Computational cost and training time are
otherimportant parameters related to the accuracy of the results.

The study's reliance on data collected from Guilan province in northern Iran may not capture all
the variability in emissions across different soil types and climatic conditions and even distinct
agricultural practices.

The relationship between input levels and yields is evident, with more resource-intensive
products yielding higher outputs, which could help in decision-making regarding cost

efficiency and resource allocation.
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6. Conclusions and Future Work

The present dissertation aimed to explore the potential of ML, specifically DT and ANN to
estimate environmental emissions in the LCI phase, particularly for the production of kiwi,
watermelon, citrus, tea, and hazelnut, in Iran. The study focused on whether these models can
learn from existing data, predict emissions effectively, and compare their performance.

After developing and testing both DT and ANN models, it was found that both could
successfully estimate emissions, meeting the study’s objectives.

The DT model performed best when the depth was set between 6 and 10. The RMSE obtained
with depth 6 was 1664.84 and NAE 1124.7S. When depth was set to 10, RMSE was 877.98
and NAE 533.52. A lower-depth model was favored as it generalizes better, avoiding
overfitting while maintaining a balance between good performance results and ensuring the
model's applicability to new datasets. It was found that the DT model can adapt itself
depending ontherelevantvariables to predict the outcome of the variable selected as the label.
Overall, ANN1presented lower errors, mean NAE of 0.07, when compared to ANN2, mean NAE
of 0.14. The ANN1 model was particularly accurate in predicting variables like NH3 and C¢He,
with RMSE close to zero and high correlation values, indicating high precision and fit to the
data. However, variables such as Cd, Cu, and Zn, presented greater challenges reflected in
higher RMSE values.

Both the DT and ANN models demonstrated the capability to estimate emissions effectively,
confirming that ML can be applied to LCI phase to automate prediction tasks and learn from
data. ANN1was preferable to ANN2 as increasing the number of hidden layers did not resultin
a significant improvement in error reduction.

The relationship between diesel fuel consumption and emissions such as N,0, NH3, and CO,,
confirmed the ability of the models to predict emissions based oninput variables. As expected,
N.0 emissions increased with diesel consumption, while NH3 and CO, emissions also rose but
at different rates, demonstrating the models' ability to capture varying behaviors.

Data analysis also revealed natural clusters which can be further explored using clustering
algorithms.

The application of ML in the LCI phase has the potential to reduce the effort, time, and costs
typically associated with manual data collection.

However, it should be noted that while the models were generally successful, there were still

some challenges with accurately predicting certain variables, such as Zn and Cu, which may
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require further model adjustment or additional data to improve prediction accuracy. Despite
these issues, the overall performance of the models supports the conclusion that ML can aid
the LCl phase by providing emission estimations.

In conclusion, the integration of Decision Trees and Artificial Neural Networks into the LCI
phase shows promise for automating emission estimations. While both models performed
wellin most scenarios, the ANN models displayed superior prediction accuracy in many cases.
On the other hand, the DT model provided a simpler, more interpretable approach that still
offered good predictive power. For practical implementation, a balance between model
simplicity and accuracy is ideal, depending on the specific requirements of the study.

Future research could explore the environmental impacts of agricultural activities across
different regions, considering varying soil and climatic conditions. The potential of ANN and
other ML techniques could be further explored by building new algorithms, evaluating their
performance, and comparing them with the performance of the algorithms developed in this
study.

Despite the Pesticide Model found in Appendix Il of Agri-footprint 6 the variables B.S, B.10, and
B.11 - biocide emissions - were not considered for this work as explained before. Future work
could address the emissions of pesticides. It might be helpful to focus on these variables in
future work to build a robust model and estimate those missing values.

Another recommendation is to gather data not only on the amount of fertilizers applied to
crops but also on the chemical composition of these fertilizers, in order to be able to calculate
the emissions resulting from the use of these chemicals more accurately.

This study did not account for variable related to water use, waste, or consumption. Given that,
water is a crucial resource in agriculture. Future research could focus on databases with
information on water consumption in crops.

Future work may involve group producers by their production process profile, conducting a
comparative analysis of environmental indicators to identify differences and similarities in
their environmental performance. This approach would help promote strategies to reduce
pollution and waste in agriculture, thus reducing the ecological footprint and enhancing food
quality for human health. This way, producers can align their practices with broader
environmental goals, contributing to achieving sustainable objectives established, particularly

at the European level.
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