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ABSTRACT

Sustainable agriculture is increasingly critical in the face of climate change and
global food security challenges. Efficient management of water resources, accu-
rate prediction of crop water requirements, and effective soil carbon management
are essential for enhancing agricultural productivity and sustainability. Traditional
methods often fall short due to their complexity, cost, and limited scalability.
Therefore, there is a pressing need for innovative, data-driven approaches that
leverage recent advancements in machine learning to address these challenges ef-
fectively.

To address the aforementioned challenges, we explored and evaluated vari-
ous data-driven techniques for predicting evapotranspiration, soil organic carbon,
wheat disease detection, and other critical parameters essential for sustainable
agriculture. For evapotranspiration problem, we compared the performance of a
recent variant of the Adaptive Neuro-Fuzzy System, namely ANFIS-T, with the
state-of-the-art approaches. It was observed that ANFIS-T offers the highest in-
terpretability with comparable accuracy and reduced training time compared to
the state-of-the-art approaches. This highlights the importance of interpretable
models in agricultural water management, providing actionable insights for bet-
ter irrigation strategies. Secondly, we focused on the prediction of soil organic
carbon (SOC) using ANFIS-T and Extreme Learning Machine (ELM) with frac-
tional Tikhonov regularization (FTrELM). It was observed that ANFIS-T consis-
tently achieves better accuracy compared to FTrELM, though FTrELM excels in
training speed. The findings emphasize the potential of these advanced machine
learning (ML) techniques in enhancing soil carbon management, which is crucial
for mitigating climate change and improving soil health. Additionally, integrat-
ing these ML techniques into a cohesive framework for sustainable agriculture
is discussed, in particular for early actions through data-driven ex-ante Life Cy-
cle Assessment (LCA) for crop production. By combining different models, this
research provides a comprehensive toolkit for stakeholders to make informed de-
cisions, optimize resource use, and improve crop yields sustainably. Finally, we
proposed a novel AutoML framework that incorporates contextual information
to improve the accuracy and efficiency of disease detection in wheat crops. The
study compares various ML models and demonstrates that incorporating context-
aware features significantly enhances model performance.

Overall, the study addressed critical challenges in agriculture through the ap-
plication of interpretable ML approaches and context-aware AutoML techniques.
By enhancing the accuracy, efficiency, and interpretability of ML models in pre-
dicting evapotranspiration, SOC, and crop diseases, in addition to data-driven
ex-ante LCA, this research contributes to the development of sustainable and re-
silient agri-food systems. The findings underscore the importance of integrating
advanced ML with domain-specific knowledge to achieve practical and impactful
solutions in agriculture.
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1. INTRODUCTION

Modern agriculture and food production systems are facing increasing pressure
from climate change, land and water availability, and, more recently, a pandemic.
Building resilient and sustainable farming systems, to meet the challenges of agri-
food production, is the ultimate concept behind Agriculture 4.0 (or more gener-
ally, Agri-Food 4.0). Agriculture 4.0 (by analogy with Industry 4.0) represents
the fourth evolution in farming technology, employing and integrating different
technologies, such as 10T, cloud computing, artificial intelligence. It aims at in-
creasing productivity, allocating resources reasonably, adapting to climate change,
and avoiding food waste. Although the discussion is moving towards Agriculture
5.0, which is a paradigm based on robots aiming to solve the workforce shortage
in farms [SR20], there are still open issues in the context of Agri-Food 4.0, de-
spite the fact that several decision support systems (DSS) have appeared over the
last few years (e.g., for water resource management, farm operation scheduling,
delivery plans) [Zha+20].

In addition to the above-mentioned agricultural objectives, there is also aim
to decrease carbon emission within the EU Green Deal policy. This aspect is
particularly important to optimize the farming supply chain with close respect to
production sustainability. Hence, the choice of suitable techniques is critical.

Decision making deals with choosing an action from possible alternatives
based on the input information. In the context of hard decision making, the prob-
lem is described by dividing the input space into a certain number of disjoint
decision regions. This may lead to the choice of an inappropriate action near the
decision boundary in the input space. Soft decision making, congruently with soft
computing, uses some formalisms to take into account uncertainty and impreci-
sion (e.g. fuzzy sets, rough sets, interval analysis) jointly with bioinspired com-
puting schemes (neural networks, evolutionary techniques), in order to capture
the hesitant idea of human beings in the decision-making process [INOO; Lil3;
Suo+20]. Investigating an interpretable framework, especially data-driven, is still
in its infancy [Hom+20].

The innovativeness of this doctoral project is addressing the above-mentioned
open issues, by formally deducing a multi-purpose soft decision making frame-
work, which is interpretable. Interpretability has received attention from the Eu-
ropean Parliament, whose General Data Protection Regulation recognizes any cit-
izien’s right to receive an explanation for algorithmic decisions [Eurl6]. Inter-
pretability of machine learning models is critical in agriculture due to the socioe-
conomic implications of agricultural decisions. Models must be understandable to
stakeholders, including farmers, agronomists, and policymakers, to facilitate in-
formed decision-making. In papers [Muh+22; MTL23], we discuss our proposed
approach, which offers high interpretability. Our approach provides transparent
decision-making processes that can be easily understood and trusted by users.
The interpretability of our approach is particularly valuable in predicting complex
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agricultural phenomena like evapotranspiration and soil organic carbon (SOC). It
must be pointed out that regarding SOC prediction, Estonian data was used.

Sustainability in agriculture is paramount due to the growing need to balance
food production with environmental wellbeing. Sustainable agriculture practices
aim to maintain productivity while minimizing negative environmental impacts.
One key area where soft computing techniques contribute to sustainability is
through Life Cycle Assessment (LCA). LCA evaluates the environmental effects
of a product over its entire life cycle, thereby enhancing resource efficiency and re-
ducing environmental liabilities. Traditional LCAs are mostly ex-post, conducted
after the product lifecycle has ended, which limits their proactive use in improv-
ing sustainability during the development phase. We worked on the ex-ante LCA,
allowing for predicting and mitigating environmental impacts early in the product
development process, considering the wheat production case study. The proposed
approach, which extends the one in papers [Muh+22; MTL23], is not only inter-
pretable but sustainable itself, meeting the green Al requirement of limited energy
consumption over the training.

Automated Machine Learning (AutoML) represents a significant advancement
in the field of machine learning. AutoML aims to automate the process of model
selection, hyperparameter tuning, and feature engineering, reducing the need for
extensive human intervention and expertise. This is especially beneficial in agri-
culture, where the timely and accurate detection of issues such as crop diseases
can significantly impact productivity and food security. We used AutoML in the
detection of wheat stripe rust, a severe disease affecting wheat crops globally, dis-
cussed in paper IV. By integrating AutoML with context-aware feature engineer-
ing, we were able to outperform traditional deep-learning models like ResNet-18.

In conclusion, the integration of soft computing techniques in agriculture ad-
dresses critical issues of sustainability, interpretability, and efficiency. We were
able to develop solutions that enhance soil health, optimize water use, predict en-
vironmental impacts, and improve disease detection. These solutions not only
support sustainable agricultural practices but also ensure that the benefits of ma-
chine learning are accessible and understandable to all stakeholders involved. As
the field continues to evolve, the ongoing refinement and application of these tech-
niques will play a crucial role in meeting the global challenges of food security
and environmental sustainability.

1.1. Research questions

* How to achieve interpretability and efficiency with a neuro-fuzzy system in
comparison with different state-of-the-art machine learning algorithms?

* In what ways can data-driven approaches, and in particular, neuro-fuzzy
systems, enhance sustainability in agri-food systems, and how do these
methods compare with traditional techniques in terms of computational ef-
ficiency and interpretability?
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* Does hand-crafted features from images work well with machine learning
algorithms as compared to deep learning models?

* Can automated machine learning (AutoML) techniques generate model
pipelines that achieve superior performance compared to traditional deep
learning models in various predictive tasks? Can context-aware automated
feature engineering improve the overall performance of machine learning
models?

* Can automated machine learning (AutoML) techniques generate model
pipelines that achieve superior performance compared to traditional deep
learning models in various predictive tasks?

1.2. Aim and objectives

The aim of this research was to utilize soft computing techniques to address dif-
ferent challenges in agri-food 4.0. Fuzzy logic was the main component that was
emphasized in soft computing techniques. The research objectives include inter-
pretability of machine learning algorithms, sustainability in agri-food, and apply-
ing automated machine learning (AutoML) in agri-food problems. The agri-food
challenges addressed during this research include prediction of soil organic car-
bon and evapotranspiration, ex-ante LCA of wheat production, and detection of a
type of wheat disease using imagery data collected from different sources.

1.3. Thesis Organization

The thesis starts with the introduction, describing the problem and motivation,,
research questions, and aims and objectives. We then explain the contributions
in detail in Chapter II. Chapter III explains the dataset, methodology, results, and
discussion, followed by conclusions in the last chapter.
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2. PROBLEM DESCRIPTION

The agri-food sector faces significant challenges due to climate change and the in-
creasing need for food production. Sustainable practices in this sector are crucial
to ensure long-term productivity and environmental health. The accurate predic-
tion of agricultural parameters such as evapotranspiration and soil organic carbon
(SOC) is essential for effective water management, soil health, and overall crop
yield.

Evapotranspiration, the total water loss from soil and crops, accounts for about
90% of agricultural water use. Accurate prediction of this parameter is vital for
efficient irrigation strategies. Various machine learning techniques, including in-
terpretable models like Decision Trees and Adaptive Neuro Fuzzy Inference Sys-
tems (ANFIS), are employed to predict evapotranspiration. These models balance
accuracy and interpretability, making them useful for practical applications where
understanding model decisions is as important as the predictions themselves.

Similarly, predicting SOC is crucial for maintaining soil health and achiev-
ing sustainability goals such as those set by the United Nations and the Euro-
pean Union. SOC influences soil properties and plays a role in mitigating climate
change. Techniques like ANFIS and Extreme Learning Machines (ELM) with
fractional Tikhonov regularization are effective in accurately predicting SOC and
enhancing the interpretability of the classical ANFIS scheme. These models pro-
vide insights into the complex relationships between SOC, soil properties, and
environmental factors, contributing to sustainable agricultural practices.

Automated Machine Learning (AutoML) is revolutionizing the field of agricul-
tural disease detection. Traditional methods for detecting crop diseases like wheat
stripe rust are labor-intensive and prone to human error. AutoML provides a ro-
bust and scalable framework for automating the entire machine learning pipeline,
from data preprocessing to model selection and hyperparameter optimization.

In the context of wheat stripe rust detection, AutoML approaches integrate ad-
vanced feature engineering techniques to extract meaningful features from images
of crops. These features are then used to train machine learning models that can
accurately distinguish between healthy and diseased crops. For instance, the Tree-
Based Pipeline Optimization Tool (TPOT) has been applied to optimize classifi-
cation models, significantly outperforming traditional deep learning models like
ResNet-18 in terms of accuracy and computational efficiency.

2.1. Sustainable and interpretable agri-food

2.1.1. Soil organic carbon prediction

SOC plays a crucial role in the global carbon cycle and is essential for maintaining
soil health and productivity. It contributes to soil structure, water retention, and
nutrient supply, which are critical for plant growth and agricultural sustainability
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[Kan+22]. Soils are the largest terrestrial carbon reservoir, containing between
1,500 and 2,400 petagrams (Pg) of carbon within the one-meter depth [Dua+22].
Given this vast storage capacity, even small changes in SOC levels can signif-
icantly impact atmospheric carbon dioxide (CO;) concentrations, thereby influ-
encing global climate change [Xie+22].

The importance of SOC extends beyond its role in the carbon cycle. Enhancing
SOC stocks is aligned with several Sustainable Development Goals (SDGs) of the
United Nations, particularly those aimed at combating climate change and ensur-
ing food security [UN 15]. The European Union’s soil strategy for 2030 highlights
the critical role of SOC in achieving net greenhouse gas removal targets, aiming
for a reduction of 310 million tonnes of CO; equivalent annually.

A variety of techniques have been employed to predict SOC, incorporating dif-
ferent data sources and machine learning algorithms. For instance, in [Dua+22],
researchers used the Random Forest (RF) algorithm combined with geospatial
data from Google Earth Engine and soil samples to map SOC stocks in forest
lands. This approach demonstrated the effectiveness of ensemble learning tech-
niques in SOC prediction.

In [Ghe+21], the integrated Fourier Transform Infrared Spectroscopy (FTIR)
data with environmental variables and tree-based machine learning models was
used to predict SOC. The combination of FTIR, which provides detailed chemical
information about soil samples, and advanced machine learning models signifi-
cantly improved prediction accuracy. The Cubist model, optimized using a Bat
algorithm (BA), yielded the best performance among several hybrid approaches.

Another study [Xie+22] has explored the use of remote sensing data, environ-
mental covariates, and ensemble learning algorithms such as Gradient Boosted
Decision Trees (GBDT) and Extreme Gradient Boosting (XGBoost) for SOC es-
timation. These methods underscore the importance of integrating diverse data
sources and advanced algorithms to capture the complex factors influencing SOC.

2.1.2. Evapotranspiration prediction

This study investigates the critical significance of managing agricultural water
resources effectively, especially given the challenges posed by climate change
and the rising demand for food production. Agriculture, being a major consumer
of water, faces significant losses through crop evapotranspiration (ET), which in-
cludes both evaporation from the soil and transpiration from plant surfaces. Accu-
rate estimation of ET is paramount for devising efficient irrigation strategies that
can optimize water usage and ensure sustainable agricultural practices [Sin88].
Traditional methods for measuring ET include direct techniques such as us-
ing evaporimeters and lysimeters [Er-+13]. These instruments, while providing
reliable measurements, have practical limitations due to the necessity for daily
data collection and challenges in deploying them across various regions. Conse-
quently, indirect methods that utilize meteorological variables—such as sunshine
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hours, wind speed, relative humidity, rainfall, and temperature—have gained pop-
ularity. These methods often rely on empirical and semi-empirical models like
the Penman—Monteith formula, which is widely used by the Food and Agriculture
Organization (FAO) to estimate reference evapotranspiration [APS98].

In recent years, there has been a significant shift towards employing machine
learning (ML) techniques for ET estimation. ML models, known for their abil-
ity to handle complex and nonlinear relationships, have improved the accuracy of
ET predictions [LOL09; MA19; Bed21; SSJ22; SJIS22]. However, a major con-
cern with these models is their interpretability, particularly in applications with
significant socioeconomic implications.

In the context of interpretability, Decision Trees (DTs) are highlighted for their
simplicity and the ease with which their decision-making process can be under-
stood [Bre+84]. DTs structure their predictions in a hierarchical manner, making
it straightforward to trace how input variables influence the final output [Mol20].
However, DTs can become overly complex with deep trees, potentially compro-
mising their interpretability [Bar+12; CG14].

Adaptive Neuro Fuzzy Inference System (ANFIS), a hybrid approach that
combines neural networks with fuzzy logic principles is also discussed in this
study along with DTs. ANFIS is designed to model fuzzy rules derived from data,
providing a framework that is both flexible and interpretable. The introduction
of fractional Tikhonov regularization to ANFIS (resulting in ANFIS-T) enhances
its ability to produce interpretable models by controlling the complexity of the
learned rules.

Support Vector Regression (SVR), a kernel-based technique [SBS00], is an-
other model to consider. SVR is widely used in precision agriculture due to its
robustness and accuracy. While not inherently interpretable, SVR can be adapted
to offer insights into its predictions, making it a valuable addition to the compar-
ative analysis.

2.1.3. Ex-ante Life Cycle Assessment for wheat production

The European Union (EU) is strongly committed to achieving the United Nations
(UN) 2030 Agenda for Sustainable Development and its associated Sustainable
Development Goals (SDGs). This commitment is reflected in the prioritization of
sustainability issues across all sectors, including the agri-food industry. Two key
methodologies frequently used to address sustainability in this context are Life
Cycle Assessment (LCA) and Supply Chain Management (SCM) [GLO7].

LCA is a comprehensive method for evaluating the environmental impacts of
all stages of a product’s life, from raw material extraction to production, use, and
disposal. The primary aim of LCA is to increase resource use efficiency and mini-
mize environmental liabilities. Traditionally, LCA is conducted ex-post, meaning
after the product or process has been developed, to compare production systems or
demonstrate compliance with environmental guidelines. However, ex-ante LCA,
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which evaluates potential environmental impacts at the research and development
stage, is gaining traction. This approach allows developers to identify and miti-
gate environmental impacts early in the development process, potentially at lower
costs. Despite its potential, ex-ante LCA outputs are indicative rather than defini-
tive, as they rely on projections and assumptions [Van+20; Rea+08; TK22].

Several studies have highlighted the usefulness of ex-ante LCA in identifying
environmental issues early in the development of various products, processes, or
services, especially in the food and feed sectors [Ott+22]. For example, a study
[Leo+22] applied ex-ante LCA to evaluate the impacts of biological nitrification
inhibition in wheat production, assessing potential changes in fertilizer application
rates and greenhouse gas emissions. The integration of machine learning (ML)
techniques with LCA has been shown to enhance the interpretation and predictive
capabilities of LCA results [Pri+22]. Formal frameworks combining ML with ex-
ante LCA have been developed, utilizing techniques like Radial Basis Function
Networks (RBFN) and Decision Trees (DT) to predict LCA indicators [KPK21].

SCM involves the planning, implementation, and control of supply chain op-
erations to meet consumer demands effectively [GLO7]. The Supply Chain Oper-
ations Reference (SCOR) model is a widely used framework for assessing supply
chain processes, covering five main scopes: plan, source, make, deliver, and return
[HSWO04]. Each scope includes criteria for reliability, responsiveness, flexibility,
cost, and asset management. Recent iterations of the SCOR model have incor-
porated sustainability metrics, addressing environmental concerns such as carbon
emissions and waste generation.

Artificial Intelligence (Al) and digital technologies play a crucial role in ad-
vancing the SDGs, both by enhancing sustainability (Al for sustainability) and
ensuring the sustainability of Al systems themselves [GLO7]. The environmental
impact of Al, particularly the energy consumption associated with training and
deploying ML models, is a growing concern. Sustainable Al practices emphasize
the need for both efficient algorithms and environmentally conscious Al develop-
ment.

A new version of the Co-Active Neuro-Fuzzy Inference System (CANFIS)
with fractional regularization, referred to as CANFIS-T, is introduced. CANFIS,
a generalization of the Adaptive Neuro-Fuzzy Inference System (ANFIS), is de-
signed to handle Multi-Input-Multiple-Output (MIMO) systems, unlike ANFIS,
which is limited to Multi-Input-Single-Output (MISO) systems. Despite its ro-
bustness, CANFIS has often been misapplied in various studies [Aby+16; Hos13;
Ayt09; PV16; MK15; MKP17; Gho+22], being used as a multi-input single-
output system. Proper applications of CANFIS in the agri-food sector include pre-
dicting soil temperature, estimating evapotranspiration, modeling daily suspended
sediment concentration, and forecasting irrigation depths [MKP17]. These stud-
ies demonstrate CANFIS’s superior performance compared to traditional ANFIS
and other ML models.

Ensemble ANFIS (e-ANFIS) models, which combine multiple ANFIS models

22



to improve predictive accuracy, have been extensively used in the agri-food sector.
For example, e-ANFIS has been applied to predict the output energy, economic
productivity, and environmental emissions of canola production, complementing
LCA analyses. Other applications include predicting the environmental indices of
greenhouse production and assessing the sustainability of sugarcane production.
However, the ensemble nature of e-ANFIS introduces computational complexity
and potential error propagation, which can negatively impact its performance.

The concept of sustainable Al includes both the use of Al for sustainability pur-
poses and the sustainability of Al systems themselves. This dual focus addresses
the need for Al algorithms that are both effective in promoting sustainability and
efficient in their energy consumption. Research has highlighted the significant en-
vironmental costs associated with training complex Al models, emphasizing the
need for energy-efficient and interpretable Al approaches.

2.2. AutoML in agri-food

2.2.1. Rust stripes wheat disease detection

Detection and management of crop diseases is a pressing issue in global agri-
culture, particularly stripe rust in wheat. Wheat is a cornerstone of global food
security, being the most widely cultivated crop worldwide [Ace+18]. According
to the Food and Agriculture Organization (FAO), the global utilization of cereals,
including wheat, is projected to see a 1% increase in 2024. However, wheat pro-
duction is threatened by various diseases, with stripe rust, caused by the fungal
pathogen Puccinia striiformis f.sp.tritici, being one of the most devastating. This
disease can cause significant yield losses, surpassing the damage inflicted by other
wheat diseases [Che20].

Traditional methods for detecting crop diseases rely heavily on manual in-
spection, which is not only time-consuming and labor-intensive but also prone to
human error. This makes it impractical for large-scale agricultural applications.
The limitations of manual inspection underscore the need for efficient, accurate,
and scalable automated detection methods. Recent advancements in imaging tech-
nologies, particularly the use of Unmanned Aerial Vehicles (UAVs), offer promis-
ing alternatives. UAVs can capture high-resolution images over large agricultural
areas, facilitating comprehensive disease surveillance.

The use of UAVs for plant disease detection has experienced considerable
growth in recent years. UAVs offer a cost-effective and efficient means of acquir-
ing high-resolution images over large agricultural areas, which, when combined
with advanced image processing techniques, can significantly enhance disease de-
tection and monitoring efforts.

Previous studies have explored various approaches for detecting diseases in
different crops using features extracted from UAV-acquired images. For instance,
researchers have developed methods for detecting narrow brown leaf spot in rice
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by extracting color features and vegetation indices from UAV images, followed
by analysis using Pearson’s correlation to identify influential features [Gu+23].
These features were then used in support vector regression to estimate disease
severity.

Similarly, in mango leaf disease detection, researchers employed a systematic
workflow involving preprocessing UAV imagery, converting it from RGB to HSI
color space, and extracting features such as mean, variance, homogeneity, con-
trast, dissimilarity, entropy, and correlation [PM23]. Classification was performed
using a variant of the Radial Basis Function Network (RBFN), showcasing the ef-
ficacy of the proposed approach. Another study on tomato plant diseases used
deep learning models for classification after extracting features from RGB to HSI
converted images [BPC23].

In the context of wheat disease detection, several studies have focused on dif-
ferent diseases such as powdery mildew and wheat Fusarium head blight.. These
studies utilized texture features and vegetation indices, analyzed through regres-
sion models, to monitor disease presence and severity. For example, [Liu+23]
focused on identifying powdery mildew in wheat by extracting textural features
and using Partial Least Squares Regression (PLSR) for analysis. Another study
on monitoring wheat Fusarium head blight used UAV remote sensing combined
with vegetation indices and texture features to enhance predictive analysis using
Support Vector Regression (SVR).

Expanding beyond wheat, other studies have applied UAV imagery for detect-
ing diseases in crops like rubber trees and citrus plants. These studies highlight the
versatility of UAV-based disease detection methodologies across different agricul-
tural domains, emphasizing the critical role of advanced image processing tech-
niques and ML algorithms in ensuring global food security.

The advent of AutoML techniques aims to automate the construction of ML
pipelines, reducing the need for manual intervention. AutoML consists of var-
ious stages, including data preprocessing, feature engineering, model selection,
hyperparameter optimization, and model evaluation. By using AutoML, users can
streamline and expedite the model development process, significantly mitigating
the need for extensive manual intervention.

This study integrates AutoML with context-aware feature engineering tech-
niques to enhance the detection of stripe rust in wheat crops. The methodology
involves extracting a diverse array of statistical features from UAV images and
refining these features using Context-Aware Automated Feature Engineering.
The resulting features are then used to train models using the Tree-Based Pipeline
Optimization Tool (TPOT) [Ols+16], an open-source genetic programming-based
AutoML system designed to optimize supervised classification models.
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3. BACKGROUND

3.1. Preliminaries

Symmetric positive semi-definite matrix: A symmetric positive semi-definite
matrix is a square matrix A € R"*" that satisfies the following two properties:

1. Symmetry: The matrix A is symmetric, meaning A = AT, where A” is the
transpose of A.

2. Positive Semi-Definiteness: For any non-zero vector x € R”, the quadratic
form x” Ax > 0. In other words, for all vectors x, the matrix produces a
non-negative scalar when applying the quadratic form.

A matrix is positive semi-definite if all its eigenvalues are non-negative, and
positive definite if all its eigenvalues are strictly positive.

Norm used in Section 3.2 and 3.3: The standard 2-norm has been used in
the thesis unless explicitly defined differently.
Preliminaries sections 3.1.1 and 3.1.2 are taken from the book [TPL22] '

3.1.1. Fuzzy Sets

A classical set is a collection of distinct objects, where each object either fully
belongs to the set or does not belong at all. This binary concept is represented
by a characteristic function x4 : X — {0, 1}, where xa(x) = 1 indicates that the
element x is in the set A, and x4 (x) = O signifies that x is not in the set.

On the other hand, a fuzzy set, introduced by L.A. Zadeh in 1965, extends the
notion of classical sets by allowing partial membership. In a fuzzy set B, each
element x in the universe of discourse X is associated with a membership function
ug : X — [0,1]. Here, up(x) represents the degree to which x belongs to B. A
value of ug(x) = 0 means x does not belong to the set, while pg(x) = 1 indicates
full membership, and any value between 0 and 1 represents partial membership.

Example: Temperature Modeling. Consider the example of categorizing tem-
peratures into the set of "warm" temperatures. In a classical set, the membership
of a temperature might be defined as follows:

1 if20°C <1 < 30°C,
XWarm(t) = { - (3-1)

0 otherwise.

In this scenario, any temperature strictly within the range of 20°C to 30°C is
considered warm, while anything outside this range is not.

In contrast, a fuzzy set approach allows for a gradual transition between "not
warm" and "warm." The membership function for "warm" temperatures might be

'Some text has been rephrased with the help of LLMs such as ChatGPT
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defined as:
0  ifr<15°C,
Hwarm (1) = § 532 if 15°C <t < 25°C, (3.2)
1 ifr>25°C.

Here, temperatures below 15°C are considered not warm, temperatures between
15°C and 25°C gradually increase in their degree of "warmness," and tempera-
tures above 25°C are fully considered warm.

Membership Functions. The membership function (MF) is a critical concept in
fuzzy set theory, as it defines how the degree of membership of each element in
the universe is determined. The choice of MF is usually determined by consult-
ing some experts related to the field. Several types of membership functions are
commonly used:

* Triangular MF: This is a simple and widely used type of membership func-
tion, which is defined by three parameters: a lower limit a, an upper limit c,
and a peak b. The function is expressed as:

0 ifx<aorx>c,
ua(x) = g ifa<x<b, 3.3)
% ifb<x<ec.

* Gaussian MF: This membership function is characterized by a smooth,
bell-shaped curve. It is defined by a central value m and a standard deviation
0 > 0. The Gaussian MF is expressed as:

114(x) = exp (—(2;’")) G.4)

* Generalized Bell-Shaped MF: This function computes fuzzy membership
values using a generalized bell-shaped membership function.

2w\ !
) ; (3.5)

where @, b, are the function parameters. The values for function parame-
ters are:

xX—¢C

Ua(x) = (1 +

— a - controls the spread of the curve and it should be @;- > 0
— b - controls the steepness/shape of curve and it should be b;, > 0

— ¢ - this parameter determines the location of the peak of the curve and
it can take any real value ¢; € R
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Example of Membership Functions. Consider the scenario where we want to
describe the concept of a "medium-sized apartment" using a fuzzy set. Let X
represent the size of an apartment in square meters.

A triangular membership function could define "medium-sized" as follows:

0 if x < 50 or x > 100,
HMedium (X) = ¢ 552% i 50 < x < 75, (3.6)
02 if 75 < x < 100.

Alternatively, a Gaussian membership function might describe "medium-
sized" apartments centered around 75 square meters with a standard deviation
of 10 square meters:

—175)?
UMedium (X) = exp (— (xzoo)> (3.7)

Both functions provide different perspectives on how "medium-sized" can be
interpreted in the context of apartment sizes.

(a) Triangular MF (b) Trapezoidal MF

(c) Gaussian MF (d) Generalized Bell MF

=

Figure 1. Examples of different membership functions

3.1.2. Fuzzy Inference Systems

A Fuzzy Inference System (FIS) is a framework that uses fuzzy logic to map
inputs to outputs based on a set of fuzzy rules. These systems are widely used
for decision-making processes where the information is uncertain or imprecise.
An FIS works by taking inputs, processing them through fuzzy rules, and then
producing an output, which can either be a fuzzy set or a specific numerical value
after a process called defuzzification.
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Components of a Fuzzy Inference System. A typical FIS consists of the follow-
ing main components:

» Fuzzification Module: This module converts crisp inputs into degrees of
membership by using membership functions. For each input value, the
fuzzification module assigns a degree of membership between 0 and 1 in
the relevant fuzzy sets.

* Rule Base: The rule base contains a collection of fuzzy IF-THEN rules.
Each rule describes a relationship between the input variables and the out-
put variables in the form of logical statements like: "IF condition, THEN
action". For example:

IF temperature IS low, THEN power IS high.

These rules are created based on expert knowledge or experience.

* Fuzzy Inference Engine: This module processes the input information by
applying the fuzzy rules from the rule base. It determines the degree to
which each rule applies and combines these degrees to form a fuzzy output.

* Defuzzification Module: If a crisp (numerical) output is required, the de-
fuzzification module converts the fuzzy output back into a single numeri-
cal value. Common defuzzification methods include the centroid method,
which calculates the center of the area under the fuzzy output distribution.

Rule Base

Fuzzification Defuzzification
Module Module

Fuzzy Inference
Module

Figure 2. A general FIS scheme

Example of a Fuzzy Inference System. Consider a simple heating system con-
trolled by an FIS. The inputs are the current temperature and the rate of change
of temperature, and the output is the power setting for the heater. The fuzzy rule
base might look like this:

* Rule 1: IF temperature IS low AND change of temperature IS negative
small THEN power IS high.

* Rule 2: IF temperature IS comfortable AND change of temperature IS zero
THEN power IS medium.
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* Rule 3: IF temperature IS high AND change of temperature IS positive
small THEN power IS low.

If the current temperature is 15°C and the temperature is decreasing slowly,
the FIS might conclude, based on the fuzzy rules, that the heater should be set to
a high power setting.

Defuzzification Example. Suppose the fuzzy output from the inference process
indicates that the power should be somewhat medium and somewhat high. To
decide on an exact power level, the FIS might use the centroid method to calculate
the weighted average of the possible power levels, resulting in a specific numerical
output like 75% power.

This process of moving from fuzzy sets back to a specific number is crucial for
controlling systems where a precise action is needed.

Mamdani and Takagi-Sugeno-Kang Fuzzy Inference Systems.

Mamdani Fuzzy Inference System. The Mamdani Fuzzy Inference System
(FIS) is one of the most widely used methods in fuzzy logic. It was first introduced
by E.H. Mamdani in 1975 and is especially popular for its simplicity and ability
to model expert knowledge.

In a Mamdani FIS, the rules are expressed in the form of fuzzy IF-THEN
statements, such as:

IF inputl is A1 AND input2 is A2, THEN output is B.

Here’s how the Mamdani FIS works:

1. Fuzzification: Convert the crisp input values into fuzzy values using mem-
bership functions.

2. Rule Evaluation: Apply the fuzzy rules to the fuzzy inputs to determine
the degree to which each rule applies.

3. Aggregation: Combine the outputs of all the rules to form a single fuzzy
set.

4. Defuzzification: Convert the fuzzy output into a crisp value. Common
defuzzification methods include the centroid or center of gravity method,
which calculates the center of the area under the aggregated fuzzy set.

For example, consider a simple heating system where the input variables are

temperature and rate of temperature change, and the output is the heater power.
A rule might be:

IF temperature is low AND rate of change is slow, THEN heater power is high.

This system would evaluate the degree to which the current conditions match
this rule and then aggregate the results to decide on the heater power.
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Takagi-Sugeno-Kang Fuzzy Inference System. The Takagi-Sugeno-Kang
(TSK) Fuzzy Inference System differs from the Mamdani FIS in how it han-
dles the output of each rule. Instead of using fuzzy sets for the output, TSK uses
mathematical functions of the input variables.

A typical rule in a TSK system is written as:

IF inputl is A1 AND input2 is A2, THEN output y = f(input1,input?2).

Where f(inputl,input2) is a linear or nonlinear function, often a linear com-
bination of the inputs.

Here’s how the TSK FIS works:

1. Fuzzification: Similar to Mamdani, convert the crisp inputs into fuzzy val-
ues.

2. Rule Evaluation: Apply the fuzzy rules, but instead of fuzzy outputs, cal-
culate a function of the inputs for each rule.

3. Weighted Average: Combine the outputs of all the rules using a weighted
average, where the weights are the degrees to which each rule applies.

For example, in a TSK system controlling the same heating system, a rule
might be:

IF temperature is low AND rate of change is slow,
THEN heater power y = 0.5 X temperature
+0.8 x rate of change + 2.

The final output is a weighted average of all the rules’ outputs, making TSK
FIS particularly useful in systems requiring precise, numerical outputs.

3.2. Adaptive Neuro-Fuzzy Inference System with Fractional
Tikhonov Regularization (ANFIS-T)

Jang [Jan93] introduced a five-layered network architecture called Adaptive
Network-based Fuzzy Inference System or Adaptive Neuro-Fuzzy Inference Sys-
tem (ANFIS) to represent the Takagi-Sugeno fuzzy inference system. The net-
work contains fixed and adaptive nodes (i.e. the outputs of the latter are dependent
on the parameters of the node).

ANFIS uses a hybrid learning approach which includes gradient descent with
backpropagation and least-squares (LS) method. Learning is the process to tune
parameters in a way to achieve better performance. The standard learning algo-
rithm in ANFIS aims at adjusting both the antecedents and the consequent param-
eters of the fuzzy rules.

The five layers of ANFIS can be described as fuzzification layer (L.1), product
layer (L2), normalization layer (L3), consequent functions layer (L4), and the
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output layer (L5).
In the first layer, the input is processed by means of membership functions (MFs),
such as the generalized-bell shaped membership function or the Gaussian one.
The formulas for each layer in general form are:
e L1: O;=a,(x);
o [2: Wr:H?:loi;
e I3 Ww,= w,/Zﬁ-e:l Wi
o L4: o, =W fr =Wr(00+ O1,x1 + ...+ Oppxy);
«L5: f=YF, o
where 4, represents the membership function, and A;, are fuzzy sets, represent-
ing linguistic attributes of the inputx;, i = 1,2, ...,n, in the r-th rule (r=1,2,...,R).
The values 6;, are the parameter set and they are referred to as consequent pa-
rameters. The parameters 0;, are also called the unknown parameters which are
determined by the least squares method.
In general, ANFIS implements the rules of the form

IF x; is A1, AND ... AND x,, is A,
THEN f, =6y, + 01, + ...+ O,

An example of ANFIS scheme is depicted in Figure 3.

Layer 1 Layer 2 Layer 3 Layer 4 Layer 5

o)
<
= ‘
,x/e( ﬂ )—H N \—pj w )i;i
)
Ly ey oo

Aioy

-

Figure 3. ANFIS architecture [Muh+22]

As mentioned before, ANFIS uses a hybrid learning algorithm based both on
backpropagation and LS method. The node outputs progress to layer L4, where
the consequent parameters are determined using the LS approach for fixed an-
tecedent parameters. A matrix equation is obtained using the training data such as
[TPL22]

H6 = o, (3.8)
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where matrix H represents the input, 6 is a vector collecting the unknown
parameters and o is the vector of the target values.
The LS method is formulated as 2:

mein||H9—o|]2 (3.9)

with the solution
0 = Ho, (3.10)

where H = (H"H)'H” is the pseudoinverse of H. In the standard learning
algorithm for ANFIS, the antecedent parameters are then adjusted using back-
propagation.

In ANFIS-T, the learning algorithm is based only on LS with fractional
Tikhonov regularization.

The fractional Tikhonov method formalizes the following minimization prob-
lem

min||HO — o[+ A[|v||*, (3.11)

where ||0]|p° = (67P6)?> and P is a symmetric positive semi-definite matrix
defined as

P=(H'H)T, (3.12)

where a € (0,1) is the fractional regularization parameter and A a general
regularization parameter (A € R.).
The solution is [TPL22]:

0x = (M7 +AT)"'M“T H o, (3.13)

where M = H'H, and redI is an identity matrix. The o, represents partial
output of a node in L4 and final output is calculated at LS by ere: 10-. However,
the bold o in Eq 3.8 is the vector of target values. The values 6;, represents the
unknown parameters of a node in L4 and 6 is the vector that contains all the
unknown parameters (Eq 3.8).

In [TPL22], it has been formally proved that ANFIS-T can achieve a high
accuracy by a small number of rules, with the number of rules equal to the number
of terms. In this way, the interpretability is highly improved. For instance, if there
are n input variables x; and the number of rules is set to 2 (implying 2 terms), the
following rules can be extracted from ANFIS-T:

IF x; is SMALL AND ... x, is SMALL THEN oy,
IF x1 is LARGE AND ... x,, is LARGE THEN o,.

2Standard [2 — norm is used in Eq. 3.9
3Standard 2 — norm is used for |||
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3.3. Co-Active Neuro-Fuzzy Inference System with Fractional
Tikhonov Regularization (CANFIS-T)

The Co-Active Neuro-Fuzzy Inference System (CANFIS) is a generalization of
the Adaptive Neuro-Fuzzy Inference System (ANFIS) [MJ95]. Like ANFIS
[Jan93], it presents a multi-layered network architecture to describe the Takagi-
Sugeno fuzzy inference system, but unlike ANFIS, it allows for multiple out-
puts. Hence, while ANFIS models Multi-Input-Single-Output (MISO) systems,
CANFIS models Multi-Input-Multiple-Output (MIMO) systems. In CANFIS, the
fuzzy rules are constructed with shared membership values to take into account
any possible correlation among outputs.

Let x = {xi,...,x,} be the input vector with n attributes. Let L; denote the ith
layer of this network. The operations performed through the different layers can
be summarized as follows:

o L1: i = pa, (x);

o L2: w,=1II" u;

* L3: frk = Wrcrk(x);

° [4: 5k:Z§:1frka

e [5: Okzak(Z§:1Wj)_l.

where 14, represents the membership function, and A;, are fuzzy sets repre-
senting linguistic attributes of the input x; in the r-th rule (r = 1,2,...,R), and oy,
with k = 1,..., p, are the p computed outputs. The linear functions C,(x) are a
linear combinations of x; through nRp x p unknown parameters.

The fuzzy sets are uniquely identified by means of membership functions
(MFs), here assumed to be parameterized functions such as the gaussian function
(Eq 3.4) or generalized bell-shaped function (Eq 3.5).

A CANFIS scheme is depicted in Figure 4. Like ANFIS, the standard CAN-
FIS uses a hybrid learning approach, including backpropagation and least-squares
(LS) method.

Given N training samples, the following matrix equation is obtained using the
training data:

H6 = O, (3.14)

where O is the N X p output matrix , 8 is the matrix of the unknown parameters
with dimension nRp x p, H= [H; ..., H,] is the block matrix consisting of N x nR
matrices H;, i =1,...,p.

The LS method is formulated as

meinHHG—OHZ (3.15)

4Standard 2 — norm is used in Eq. 3.15
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Figure 4. A CANFIS architecture [Tom+23]
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with the solution
6* =H"O, (3.16)

where H* = (H'H) 'HT is the pseudoinverse of H. The fractional Tikhonov
method represents a generalization of the standard LS method through the follow-
ing minimization problem

min||HO — O+ 46|, (3.17)

where ||0]|p°> = (67P8)2 and P is a symmetric positive semi-definite matrix
defined as

P=(H'H)T, (3.18)

where a € (0,1) is the fractional regularization parameter and A a general
regularization parameter (A € R ).

Following [TPL22], the solution is:

@ = (M2 +AI)"'M“T H’ O, (3.19)
where M = H” H and I is an identity matrix.

In [TPL22], the accuracy of ANFIS with fractional regularization was formally
proved. It is possible to mimic the same proofs to prove the accuracy in the case
of multiple outputs in CANFIS.

The jth rule that is possible to extract from CANFIS is

IFX] iSAlj... ANDx,, iSAnj THEN {le,...,ij}.

It is important to note that in order to ensure interpretability in fuzzy systems,
there should be a small number of rules allowing easy reading and understanding.
This also means that the number of terms should be small enough (e.g. 3-5)
[Men13]. This has motivated the adoption of fractional regularization in ANFIS
first [TPL22] and then in CANFIS.

3.4. Automated Machine Learning (AutoML)

Automated Machine Learning (AutoML) is an emerging field that aims to sim-
plify the application of machine learning models by automating the process of
model selection and hyperparameter optimization. The primary goal of AutoML
is to make machine learning accessible to non-experts and to save time for ex-
perienced practitioners. One of the key challenges in AutoML is the Combined
Algorithm Selection and Hyperparameter Optimization (CASH) problem, which
involves simultaneously selecting the best machine learning algorithm and its op-
timal hyperparameters for a given dataset.

3Standard 12 — norm is used for || 8|
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Machine learning algorithms often come with numerous hyperparameters that

significantly influence their performance. Additionally, different algorithms can
vary greatly in their suitability for different types of data and problems. The com-
bination of these factors results in an enormous search space, making manual
optimization impractical. The CASH problem is a formal approach to address
this complexity by treating algorithm selection and hyperparameter tuning as a
unified optimization problem [Tho+13].
The CASH Problem: The term CASH was introduced by Thornton et al.
[Tho+13] to describe the task of finding the best combination of learning algo-
rithm and hyperparameters to minimize the error on a given dataset. The CASH
problem is formally defined as follows:

Aj. € argmin ZL @Y. pl pl) (3.20)

A eAAEAD)
where A denotes the set of all possible algorithms, AU) represents the hyper-
parameter space for algorithm A(), and L is the loss function used to measure
performance. The objective is to identify the algorithm A* and hyperparameters

A* that achieve the lowest cross-validation error using the training set Dfr;m and
(@)

valid*
ing data into k equal sized partitions D
fori=1,...,k

The complexity of the CASH problem arises from the vast and high-
dimensional search space, which includes a wide range of algorithms and their
respective hyperparameters. This search space is characterized by both continu-
ous and categorical variables, often with hierarchical dependencies. Traditional
approaches that treat algorithm selection and hyperparameter optimization as sep-
arate tasks fail to address the complexity of the combined problem effectively.
Interpretability: Interpretability in machine learning is the ability to explain or
to present in understandable terms to a human the workings and decisions of
a machine learning model. As machine learning systems are increasingly em-
ployed in critical domains such as healthcare, finance, criminal justice, and au-
tonomous driving, the need for interpretability has become paramount. Without
interpretability, users and stakeholders may find it challenging to trust and adopt
models, especially when these models are complex and their decisions have sig-
nificant consequences [Lip18].

The interpretability of machine learning models can be broadly categorized
into two approaches: intrinsic interpretability and post-hoc interpretability. In-
trinsically interpretable models are those that are inherently understandable by
humans, such as linear regression models, decision trees, and rule-based classi-
fiers. These models provide clear insights into how input features are used to
generate predictions, making them more transparent but sometimes at the cost of
reduced predictive accuracy, especially on complex tasks [Rud19].

validation set D Usually, k-fold cross-validation is used which splits the traln—

(1) D¥).  and sets Y. = D\D

valid? * * >~ valid® train valid
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On the other hand, post-hoc interpretability techniques are applied to com-
plex, often black-box models, such as deep neural networks, ensemble models,
and support vector machines. These methods aim to provide explanations after
the model has made its predictions. Techniques like LIME (Local Interpretable
Model-agnostic Explanations) and SHAP (SHapley Additive exPlanations) are
widely used for this purpose. LIME works by approximating the model locally
with an interpretable model around the prediction of interest, allowing users to un-
derstand what features contributed most to a particular decision [RSG16]. SHAP
values, grounded in cooperative game theory, provide a unified measure of fea-
ture importance across different predictions, helping to explain both individual
predictions and the model as a whole [LL17].

Moreover, interpretability is closely linked to issues of fairness, accountability,
and transparency in Al systems. The ability to interpret model decisions allows
stakeholders to detect and correct biases, ensuring that models do not perpetuate
or exacerbate unfair outcomes. In regulated industries, interpretability is not only
desirable but often legally required to ensure that decisions can be audited and
justified [DK17].

In summary, while there is often a trade-off between interpretability and accu-
racy, the development of interpretability techniques is crucial for the responsible
deployment of machine learning systems, enabling users to trust and effectively
manage these powerful tools.

3.4.1. TPOT: A Tree-based Pipeline Optimization Tool for Automating
Machine Learning

Machine learning is commonly described as a "field of study that gives comput-
ers the ability to learn without being explicitly programmed" [Sim13]. Despite
this common claim, machine learning practitioners know that designing effective
machine learning pipelines is often a tedious endeavor and typically requires con-
siderable experience with machine learning algorithms, expert knowledge of the
problem domain, and brute force search to accomplish [Ols+16b]. Thus, contrary
to what machine learning enthusiasts would have us believe, machine learning
still requires considerable explicit programming.

In response to this challenge, several automated machine learning methods
have been developed over the years [HLS15]. Tree-based Pipeline Optimization
Tool (TPOT) was developed by [Ols+16a] that automatically designs and opti-
mizes machine learning pipelines for a given problem domain, without any need
for human intervention. In short, TPOT optimizes machine learning pipelines
using a version of genetic programming (GP), a well-known evolutionary com-
putation technique for automatically constructing computer programs [Ban+98].

Machine Learning Pipeline Operators: At its core, TPOT is a wrapper
for the Python machine learning package, scikit-learn [Ped+12]. Thus, each
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machine learning pipeline operator (i.e., GP primitive) in TPOT corresponds to a
machine learning algorithm, such as a supervised classification model or standard
feature scaler. All implementations of the machine learning algorithms listed in
Table 1 are from scikit-learn (except XGBoost).

Constructing Tree-based Pipelines: To combine these operators into a machine
learning pipeline, they are treated as GP primitives and construct GP trees from
them. Figure 5 shows an example tree-based pipeline, where two copies of the
data set are provided to the pipeline, modified in a successive manner by each
operator, combined into a single data set, and finally used to make classifications.
Because all operators receive a data set as input and return the modified data
set as output, it is possible to construct arbitrarily shaped machine learning
pipelines that can act on multiple copies of the data set. Thus, GP trees provide
an inherently flexible representation of machine learning pipelines. In order for
these tree-based pipelines to operate, three additional variables are stored for each
record in the data set. The “class” variable indicates the true label for each record
and is used when evaluating the accuracy of each pipeline. The “guess” variable
indicates the pipeline’s latest guess for each record, where the classifications from
the last classification operator in the pipeline are stored as the “guess”. Finally,
the “group” variable indicates whether the record is to be used as a part of the
internal training or testing set, such that the tree-based pipelines are only trained
on the training data and evaluated on the testing data [OM19]).

Optimizing Tree-based Pipelines: To automatically generate and optimize these
tree-based pipelines, a GP algorithm [Ban+98] is implemented in the Python
package DEAP [For+12]. The TPOT GP algorithm follows a standard GP
process: To begin, the GP algorithm generates 100 random tree-based pipelines
and evaluates their balanced cross-validation accuracy on the data set. For every
generation of the GP algorithm, the algorithm selects the top 20 pipelines in
the population according to the NSGA-II selection scheme [Deb+02], where
pipelines are selected to simultaneously maximize classification accuracy on
the data set while minimizing the number of operators in the pipeline. Each of
the top 20 selected pipelines produces five copies (i.e., offspring) into the next
generation’s population, 5% of those offspring cross over with another offspring
using one-point crossover, then 90% of the remaining unaffected offspring are
randomly changed by a point, insert, or shrink mutation (1/3 chance of each).
Every generation, the algorithm updates a Pareto front of the non-dominated
solutions [Deb+02] discovered at any point in the GP run. The algorithm repeats
this evaluate-select-crossover-mutate process for 100 generations—adding and
tuning pipeline operators that improve classification accuracy and pruning
operators that degrade classification accuracy—at which point the algorithm
selects the highest-accuracy pipeline from the Pareto front as the representative
“best” pipeline from the run.
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Entire Data Set

Multiple copies of the
data set can enter the
pipeline for analysis
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Select k

Features
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is performed on the
final feature set

Logistic
Regression

Figure 5. An example tree-based pipeline from TPOT (taken from [OM19])

Section

Operators

Description

Supervised Classification
Operators

DecisionTree, Random-
Forest, eXtreme Gradient
Boosting Classifier (from
XGBoost [CG16]), Lo-
gisticRegression, and
KNearestNeighborClassi-
fier.

Classification  operators
store the classifier’s pre-
dictions as a new feature
as well as the classifica-
tion for the pipeline.

Feature
Operators

Preprocessing

StandardScaler, Ro-
bustScaler, MinMaxS-
caler, MaxAbsScaler,
RandomizedPCA
[MRT11], Binarizer,
and PolynomialFeatures.

Preprocessing  operators
modify the data set in
some way and return the
modified data set.

Feature Selection Opera-
tors

VarianceThreshold,
SelectKBest, Select-
Percentile, SelectFwe,
and Recursive Feature
Elimination (RFE).

Feature selection opera-
tors reduce the number of
features in the data set us-
ing some criteria and re-
turn the modified data set.

Table 1. Machine learning pipeline operators in TPOT
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4. EXPERIMENTAL RESULTS

In this section, we will provide details regarding the numerical experiments and
results. Some common settings for case studies are also presented. Detailed ex-
planations can be found under the respective case study.

Preprocessing:. A preprocessing step to normalize data was applied to the
experiments for case studies I, II, and III. The data was normalized using min-max
normalization, ensuring the data range is [0, 1]. The general formula for min-max
normalization is:

Y x—min(X)
max(X) — min(X)

where X’ is the normalized value and x is the original value where x € X.

Performance metric:. Root Mean Squared Error (RMSE) was used as the per-
formance metric for experiments in case studies I, II, and III, because we were
dealing with regression problems in those case studies. Case study IV introduces
performance metrics related to the classification problem.

The formula for RMSE is:

1
RMSE =, /- Y (i —9)?

where
* y; represents the actual values,
* y; represents the predicted values,
* nis the total number of data points.

Choice of membership function:. The choice of membership functions for
ANFIS-T and CANFIS-T was made after conducting preliminary experiments
specific to the case study. Also, several experiments were conducted with varying
numbers of rules and types of membership function and only the results with the
best scheme are presented here. The commonly used MF was Gaussian member-
ship function.

Choice of Fractional Regularization parameters o, A:. There are two pa-
rameters that controls the regularization in ANFIS-T and CANFIS-T. o con-
trols the fractional part which makes the learning part more smooth and A is
the general regularization parameter. The range for a was chosen between
o €40.1,0.2,...,0.9,1}. It was also considered that the value of a should be
less than 1, otherwise the fractional part from the regularization is removed. For
A, there were different values chosen A € {1073,1072,...,10%,103}. It is also to
be noted that if the value of A is 0, then the standard regularization does not apply.
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Choice of AutoML framework:. There are several AutoML frameworks avail-
able (see Table 2). The choice of AutoML framework was made based on the
performance of the tabular dataset and also based on the literature. For example, a
benchmark study was conducted in [Eld+24], and it was observed that TPOT per-
formed really well on most of the datasets. We also conducted several experiments
and TPOT provided the pipelines that showed overall better performance.

Framework | Popularity (stars on Github) Optimization technique
AutoWeka 314 Bayesian optimization
AutoSKlearn 7k Bayesian optimization
TPOT 9.1k Evolutionary optimization
Recipe 50 Grammar based genetic algorithm
ATM 522 Distributed Random search & Tree-Parzen estimators
SmartML 23 Bayesian optimization

Table 2. AutoML frameworks available [Eld+24]

Hardware:. For all experiments, the approaches were implemented in Scilab
and executed on a Dell XPS with a Core-i9 processor (2.4GHz, 16 CPUs) and
32GB of RAM.

4.1. Case study I: Soil organic carbon prediction

4.1.1. Preliminary Experiments

Dataset: Datasets used in the preliminary experiments are publicly available and
a general overview of the datasets is presented in Table 3.

Dataset Abbreviation | Instances | Features
Airfoil Noise [BPM14] AIR 1503 5
Abalone [Nas+95] ABA 4176 8
Pole Telecommunications [Alc+10] POLE 14998 26
Pumadyn [Alc+10] PUMA 8192 32

Table 3. Benchmark Datasets for Preliminary Experiments [Muh+22]

Experiment Details: Initial experiments were conducted on different pub-
licly available datasets (see Table 3), for an initial comparison between the two
approaches. For a fair comparison against the results in [TPL22], a 5-fold cross-
validation was used for the AIR and ABA datasets, and a 10-fold cross-validation
for the remaining datasets in Table 3. ANFIS-T achieved the highest accuracy
across all datasets, while FT-rELM demonstrated faster training time. The results
are shown in Table 4.
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Dataset Approach Rules RMSE Time (s)
ABA ANFIS-T (y=1, o« =0.5) [TPL22] 2 1.478 £ 0.1825 2.37
ABA | FT-rtELM (L=50, y = 0.0001, o = 0.1) - 2.0629 + 0.2051 0.091
AIR ANFIS-T (y=0.01, @ = 0.1) [TPL22] 4 4.9726 £ 0.5354 2.96
AIR FTELM (L=20, y=0.01, a = 1) - 6.8240 + 0.3689 | 0.052

POLE | ANFIS-T (y=0.1, « =0.1) [TPL22] 2 15.2477 177.68
POLE FT-rELM (L=80, y=0.1, ¢ = 0.9) - 41.7306 0.836
PUMA | ANFIS-T (y=0.1, a =0.1) [TPL22] 2 0.00084 93.55
PUMA | FT-rELM (L=100, y=0.1, ® =0.1) - 0.0280 0.811

Table 4. Preliminary Experiments: Comparison with Test Results from [TPL22]

4.1.2. EstSoil-EH: High-Resolution Eco-Hydrological Modeling
Parameters Dataset for Estonia

For our experiments, we used the EstSoil-EH dataset [Kmo+21], which contains
8198 samples. This dataset is described in Table 5. Out of 125 features, only
6 were selected for predicting soil organic carbon (SOC), based on their impor-
tance as determined by Random Forest (RF) in [Kmo+21]. RF was preferred over
Neural Networks due to its robustness to noisy data and ability to identify impor-
tant predictors. The data was split into 60% training and 40% validation. The
reference study reported an RMSE of 0.0295 for SOC prediction [Kmo+21].

To compare performance, we split the data into 60-40 and 70-30 training-test
ratios and performed 5 and 10-fold cross-validation. The 60-40 split was used
for fair comparison with the reference paper, while the 70-30 split was used to
evaluate ANFIS-T’s performance. The results are reported separately for both
splits.

Name Description Type
CLAY1 Clay content Continuous
tri_stdev | Terrain roughness index, standard deviation | Continuous
SANDI1 Sand content Continuous

Is_median LS factor, median Continuous
drain_pct Area under drainage in percent Continuous
ROCK1 Coarse fragments rock content Continuous

Table 5. SOC Dataset Attributes [Muh+22]

4.1.3. Results

First Split (60% Training and 40% Test): Table 6 shows the approach,
cross-validation, RMSE, and training time in seconds. ANFIS-T without cross-
validation has a shorter training time but higher RMSE. FT-rELM shows similar
performance to ANFIS-T without cross-validation but with a shorter training time.
ANFIS-T with 5-fold cross-validation has RMSE close to 10-fold cross-validation
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but with shorter training time. FT-rELM demonstrates significantly shorter train-
ing times than ANFIS-T across all setups.

Approach Cross-Validation RMSE Time (s)
ANFIS-T (3 terms, A = 0.001, o = 0.1) No 0.1493 2.40
ANFIS-T (2 terms, A = 0.1, x = 1) 5-fold 0.0179 +£ 0.0020 437
ANFIS-T (2 terms, A = 0.1, . = 1) 10-fold 0.0164 + 0.0026 9.99
FT-rELM (A = 0.1, « =0.9) No 0.1555 0.0012
FT-rELM (A = 0.001, a = 0.1) 5-fold 0.0959 + 0.0614 | 0.038
FT-rELM (A = 1000, o = 0.3) 10-fold 0.0897 £ 0.0447 | 0.062

Table 6. Results for First Split [Muh+22]

The variation of RMSE with different A and o values for ANFIS-T and FT-
rELM is experimented. For ANFIS-T, RMSE increases with higher A and o
values when there are 3 terms without cross-validation. When there are 2 terms
with 5 and 10-fold cross-validation, RMSE decreases with larger ¢ values, while
A has less impact. In the case of FT-rELM, RMSE fluctuates with varying A and
«, achieving the best results with smaller values.

(a)

(b)

0.15
0.14
0.13
w
@ 0.12

0.11

0.09
1000

(©

Figure 6. ANFIS-T (60-40 Split) - RMSE vs (A, a): (a) Without Cross-Validation, (b)
5-fold Cross-Validation, (c) 10-fold Cross-Validation.
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Figure 7. FT-rELM (60-40 Split) - RMSE vs (4, a): (a) 5-fold Cross-Validation, (b)
10-fold Cross-Validation.

Second Split (70% Training and 30% Test): Table 19 presents the results
for the second split. ANFIS-T with 5 and 10-fold cross-validation again shows
similar RMSE, but the training time difference increases. Both ANFIS-T and FT-
rELM without cross-validation perform poorly in terms of RMSE compared to
their cross-validation results. There is little difference in RMSE and training time
for FT-rELM with 5 and 10-fold cross-validation.

Approach Cross-Validation RMSE Time (s)
ANFIS-T (3 terms, A = 0.001, ot = 0.1) No 0.1688 2.61
ANFIS-T (2 terms, A = 10, ¢ = 0.1) 5-fold 0.0184 + 0.0016 5.60
ANFIS-T (2 terms, A = 0.1, @ = 0.5) 10-fold 0.0179 + 0.0020 12.08
FT-rfELM (A = 0.1, ® =0.9) No 0.1787 0.0094
FT-rELM (A = 0.001, ¢ = 0.3) 5-fold 0.0943 +0.0217 | 0.025
FT-rELM (A =0.001, a = 1) 10-fold 0.0835 +0.0170 | 0.034

Table 7. Results for Second Split [Muh+22]

For ANFIS-T with 3 terms and no cross-validation, RMSE increases with
higher A values and improves slightly with higher o values. For ANFIS-T with
2 terms and 5 or 10-fold cross-validation, RMSE rises with larger A values and
smaller & values. In the case of FI-rELM, RMSE remains mostly unchanged but
shows a slight decrease with smaller ¢ values.
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Figure 8. ANFIS-T (60-40 Split) - RMSE vs (4, &): (a) Without Cross-Validation, (b)
5-fold Cross-Validation, (c) 10-fold Cross-Validation.
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Figure 9. FT-rELM (70-30 Split) - RMSE vs (4, a): (a) 5-fold Cross-Validation, (b)
10-fold Cross-Validation.

45



4.1.4. Dataset from [Kau+21; Kau+15]

We also conducted experiments on the dataset from [Kau+21; Kau+15] using
10-fold cross-validation. This dataset contains samples from 2008-2018, totaling
1460 samples, split into 70% training (1022 samples) and 30% validation (438
samples). The data includes information on nutrients, yield, seed nutrient content,
and carbon content, normalized using min-max normalization. The results are
shown in Table 8. ANFIS-T once again achieved the best accuracy, while FT-
rELM was the fastest in training.

Approach RMSE Time (s)

ANFIS-T (2 terms, A = 0.01, ¢ =0.1) | 0.0027 £ 0.0002 2.36
FT-rELM (A = 0.001, o = 0.5) 0.0512 + 0.0056 | 0.035

Table 8. Results for Dataset from [Kau+21; Kau+15]

4.1.5. Discussion

The results obtained from this study provide valuable insights into the perfor-
mance of machine learning models, particularly ANFIS-T (Adaptive Neuro-Fuzzy
Inference System with fractional Tikhonov regularization) and FT-rELM (Frac-
tional Tikhonov regularized Extreme Learning Machine), in predicting Soil Or-
ganic Carbon (SOC). Both models were evaluated across different experimen-
tal setups, revealing important implications for their application in environmental
modeling and soil science. Fractional Tikhonov regularization helps to prevent
over-fitting in extreme learning machines and helps to tackle ill-posed problems
in ANFIS-T. Since the optimization part of the ANFIS-T includes calculations
that involve inverse matrix, and that inverse matrix can lead to an ill-posed prob-
lem. So fractional Tikhonov regularization helps to prevent that and the fractional
part of the regularization helps to more smooth the learning process.

Performance of ANFIS-T and FT-rELM: The comparative analysis between
ANFIS-T and FT-rELM demonstrated that both models have distinct strengths in
SOC prediction. ANFIS-T, with its inherent capability to capture non-linear rela-
tionships and handle uncertain information, exhibited robust performance across
various datasets. The integration of fractional Tikhonov regularization further
enhanced its predictive accuracy by mitigating overfitting, a common issue in ma-
chine learning models dealing with complex environmental data. On the other
hand, FT-rELM showcased its advantages in terms of computational efficiency
and ease of implementation. Its ability to produce accurate predictions with re-
duced computational cost makes it a viable option for large-scale SOC prediction
tasks, particularly when rapid assessments are required.

Implications for SOC Prediction: The results underline the importance of
model selection in SOC prediction. While ANFIS-T may be preferable in sce-
narios requiring high accuracy and the ability to model complex interactions, FT-
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rELM provides a suitable alternative where computational resources are limited
or where rapid predictions are necessary. This dual approach offers flexibility in
addressing various challenges in SOC modeling, depending on the specific needs
of the study or project.

Moreover, the success of fractional Tikhonov regularization in both models
highlights the significance of regularization techniques in improving model per-
formance. By controlling the complexity of the models, this method effectively
balances the trade-off between bias and variance, leading to more reliable predic-
tions. This finding suggests that incorporating similar regularization techniques
into other machine learning models could potentially enhance their performance
in environmental prediction tasks.

Limitations and Future Work: Despite the promising results, there are lim-
itations to this study that warrant further investigation. The datasets used in this
study were limited to Estonian soil conditions, which may affect the generaliz-
ability of the findings to other regions with different soil properties and climatic
conditions. Future research should aim to apply these models to a more diverse
set of geographical locations to validate their effectiveness on a global scale.

Additionally, while the study focused on comparing ANFIS-T and FT-rELM,
there are numerous other machine learning algorithms that could potentially offer
better performance in SOC prediction. Future studies should explore a broader
range of models, including deep learning approaches, to identify the most optimal
techniques for different environmental conditions.

Finally, this study primarily focused on model accuracy and computational
efficiency. Other factors, such as model interpretability and ease of use, are also
crucial in practical applications. Future work should consider these aspects to
ensure that the selected models are not only accurate but also accessible to a wide
range of users, including policymakers and land managers.

Conclusion: This study contributes to the growing body of knowledge on the
application of machine learning in environmental science, particularly in the pre-
diction of Soil Organic Carbon. The findings demonstrate that both ANFIS-T
and FT-rELM are effective tools for SOC prediction, with each model offering
distinct advantages. The successful application of fractional Tikhonov regulariza-
tion underscores the importance of regularization techniques in improving model
performance. However, further research is needed to generalize these findings to
other regions and explore additional machine learning approaches. By address-
ing these challenges, future studies can help refine SOC prediction models, ul-
timately contributing to more effective environmental management and climate
change mitigation strategies.
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4.2. Case study II: Evapotranspiration prediction

The numerical experiments were conducted in two groups, each using a different
dataset. For all experiments, the Root Mean Squared Error (RMSE) was used as
the error measure, and 5-fold cross-validation was employed. For ANFIS-T, var-
ious values of the regularization parameters were used: a € {0.1,0.2,...,0.9,1}
and A € {1073,1072,...,10%,10%}. The experiments were implemented in Scilab
for ANFIS-T and SVR, and in Matlab for DT.

4.2.1. Datasets

First Dataset: The first dataset was obtained from data.world, specifically data
for the bushland, Texas, provided by the US Department of Agriculture, covering
the period from 1996 to 1998. This dataset was formed by merging multiple files
containing daily data for a single year. After removing null values, the dataset
comprised 1061 samples.

The data is detailed in Table 9.

Name Unit Type Range
Precipitation mm Continuous | [0, 114.675]
Irrigation mm Continuous | [0, 44.370]
Relative Humidity | % Continuous | [14.800, 100]
Air Temperature Celsius | Continuous | [-18.800, 27.600]
Wind Speed m/s Continuous | [0, 11.790]

Air Pressure kPa Continuous | [87.100, 90.430]

Table 9. Attributes of the First Dataset [MTL23]

Second Dataset: The second dataset was the same used in the first group of
experiments in [Gar+22]. The attributes are listed in Table 10. This dataset com-
prises 216 samples. It is worth noting that the attributes used in our experiments
are more comprehensive than those used in [Gar+22]. The best results for the
second dataset are shown in Table 13.

Name Unit Type Range

Soil Temperature | Celsius Continuous | [13.61, 27.80]
Soil Permeability | dS/s Continuous | [7.04, 13.25]
Soil Conductivity | dS/s Continuous | [0, 0.158]

Air Temperature Celsius Continuous | [12.2, 40.6]
Wind Velocity m/s Continuous | [0.57, 3.66]
Vapour Pressure kPa Continuous | [0.63, 2.59]
Relative Humidity | % Continuous | [23.03, 88.28]
Air Pressure kPa Continuous | [96.23, 98.46]
Solar Radiance ,umol/mz/s Continuous | [10.94, 949.17]
Precipitation mm Continuous | [0, 8.2]

Table 10. Attributes of the Second Dataset [MTL23]
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4.2.2. Results

First Dataset: The best results obtained for the first dataset are shown in Table 6.
Table 4.2.2 lists the parameters used for DT and nu-SVR. These parameters were
also used for the experiments with the second dataset. The settings for ANFIS-T
are listed in Table 17 as they vary depending on the dataset.

The DT has the highest RMSE among the methods, though not significantly
different from the others. The most notable difference is in the training time. DT
takes the longest time to train the data, while nu-SVR and ANFIS-T require sig-
nificantly less training time. ANFIS-T and nu-SVR have almost identical RMSE,
but nu-SVR outperforms in terms of training time. However, ANFIS-T offers the
best interpretability due to its fewer rules.

Approach Rules | RMSE | Training Time (s)
DT 221 0.1536 | 1.87
ANFIS-T (2 terms, A = 0.1, =0.9) | 2 0.1294 | 0.648
nu-SVR - 0.1269 | 0.199
Table 11. Cross-Validated Results for the First Dataset [MTL23]

Approach | Parameter Name/Description Parameter Value
DT Minimum Number of Branch Node Obser- | 10

vations

Maximal Number of Decision Splits 1

Minimum Number of Leaf Node Observa- | 1

tions
nu-SVR v 0.5

Cost Penalty Parameter 1

Kernel Type Linear

Table 12. Model Parameters [MTL23]

Second Dataset: The second dataset has about five times fewer samples than
the first dataset. The best results are shown in Table 13.

For all methods, the training time is notably shorter compared to the first
dataset. Nu-SVR has the worst performance with an RMSE of 2.8267, but it
has the shortest training time. Although ANFIS-T requires more training time
than nu-SVR, its accuracy is better. DT performs the best in terms of accuracy,
but has the longest training time. Once again, ANFIS-T proves to be the most
interpretable approach due to the limited number of rules.
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Approach Rules | RMSE | Training Time (s)
DT 45 1.0966 | 0.665
ANFIS-T (5 terms, A = 0.001, ¢ =0.1) | 5 1.7643 | 0.249
nu-SVR - 2.8267 | 0.022

Table 13. Cross-Validated Results for the Second Dataset [MTL23]

4.2.3. Discussion

The study compared the performance of three approaches—Decision Trees (DTs),
Adaptive Network-based Fuzzy Inference System with fractional Tikhonov regu-
larization (ANFIS-T), and Support Vector Regression (SVR)—for evapotranspi-
ration prediction, focusing on interpretability, accuracy, and training time. The
results of this study offer significant insights into the trade-offs between these
metrics, particularly in the context of precision agriculture.

Interpretability and Model Complexity: Interpretable models are essential
in domains such as agriculture, where decision-makers need to understand and
trust the predictions generated by machine learning models. ANFIS-T demon-
strated the highest level of interpretability, particularly due to the limited number
of rules required to make predictions. For the first dataset, ANFIS-T needed only
two rules, while for the second dataset, it required five rules. This simplicity in
rule formulation ensures that the model’s decisions can be easily understood and
validated by domain experts, making it a preferable choice in scenarios where
interpretability is a critical requirement.

In contrast, Decision Trees, while generally considered interpretable, showed
higher complexity with a larger number of rules (221 for the first dataset and
45 for the second dataset). The increased complexity, particularly in the first
dataset, potentially diminishes the clarity of the model’s decision-making process,
making it harder for stakeholders to interpret the results. Despite its complexity,
the Decision Tree approach is still valuable for its relatively straightforward rule-
based predictions, but it requires careful consideration of the trade-off between
interpretability and accuracy.

Accuracy of Predictions: Accuracy is a crucial metric for evaluating the per-
formance of predictive models. The study found that for the first dataset, the
ANFIS-T and SVR approaches provided comparable accuracy (with RMSE val-
ues of 0.1294 and 0.1268, respectively), slightly outperforming the Decision Tree
model (RMSE of 0.1536). This suggests that while ANFIS-T and SVR are both
capable of delivering precise predictions, ANFIS-T does so with the added benefit
of enhanced interpretability.

For the second dataset, the Decision Tree model slightly outperformed ANFIS-
T and SVR in terms of accuracy (RMSE of 1.0966 for DT compared to 1.7643 for
ANFIS-T and 2.8267 for SVR). The relatively higher accuracy of Decision Trees
in this scenario suggests that, under certain conditions, more complex models may
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capture nuances in the data that simpler, more interpretable models like ANFIS-T
might miss.

Training Time Considerations: The training time is another critical factor,
especially in applications requiring real-time or near-real-time predictions. In this
study, SVR consistently showed the shortest training times across both datasets,
making it a suitable choice for scenarios where computational efficiency is a pri-
ority. ANFIS-T, while not as fast as SVR, still demonstrated reasonable training
times, particularly when considering its interpretability advantage. On the other
hand, Decision Trees required significantly longer training times, particularly for
the first dataset, where the tree complexity was high.

The longer training times associated with Decision Trees might be a drawback
in scenarios where rapid model deployment and updates are necessary. However,
in settings where the model’s interpretability and accuracy take precedence over
training time, Decision Trees might still be a viable option.

Conclusion: The findings from this study highlight the importance of con-
sidering the specific requirements of the application when selecting a predic-
tive model for evapotranspiration. ANFIS-T’s balance between accuracy, in-
terpretability, and training time makes it particularly appealing for precision
agriculture applications where transparency and trust in model predictions are
paramount. However, in scenarios where model accuracy and efficiency are more
critical, and interpretability can be compromised, SVR might be the preferred
choice.

Future research could explore the application of these models to larger and
more diverse datasets, as well as their performance in operational settings. Fur-
thermore, further investigation of hybrid models that combine the strengths of
these approaches could provide even more robust solutions for the prediction of
evapotranspiration.

4.3. Case study lll: Ex-ante Life Cycle Assessment for Wheat
Production

Original data were generated with specified averages and standard deviations for
the two case studies and then normalized using Min-Max normalization within
the range [0, 1].

In all experiments, 2-fold cross-validation was employed to avoid biased re-
sults due to test data selection, despite no cross-validation being used in the main
references.

For CANFIS-T, various values of the regularization parameters were used:
ac€{0.1,0.2,...,09,1} and A € {1073,1072,...,10%,10°}. For CANFIS-T, e-
ANFIS, and RBFN, the Gaussian function was adopted. The numerical experi-
ments were performed with Scilab for CANFIS-T, and Matlab for all other ap-
proaches.
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RMSE was used as an accuracy measure and training time was used to gauge
computational effort. The energy consumption (EC) was measured using In-
tel Power Gadget 3.6, considering both CPU and DRAM energy consumption
[Fer+21; Per+17; Hen+22].

4.3.1. Preliminary experiments

In preliminary experiments, synthetic data was generated randomly within the
range [0, 1]. Two datasets were created, each consisting of 2000 samples. The first
dataset has 11 attributes and 3 targets, while the second dataset has 19 attributes
and 9 targets. These preliminary experiments aimed to observe how accuracy and
complexity of the approaches change with an increasing number of attributes and
targets.

The e-ANFIS scheme for the first data set is illustrated in Figure 10, which con-
sists of 3 ANFIS models. For the second dataset, there are two e-ANFIS schemes,
each with different input nodes. The results for the first and second datasets are
presented in Tables 14 and 15, respectively. CANFIS-T and DT exhibit similar
accuracy, although CANFIS-T has fewer rules. RBFN has the shortest training
time but lower accuracy, while e-ANFIS performs the worst in all aspects.

Approach Rules | RMSE Training Time (s) | Energy (J)
CANFIS-T(A=1,0=0.9) | 3 0.2914 £+ 0.00141 | 0.48 6.384
e-ANFIS 10 0.5785 £ 0.00989 | 168.23 2115.221
DT 6 0.2934 £+ 0.00211 | 0.63 8.410
RBFN 20 0.5918 £0.11623 | 0.24 3.112

Table 14. Preliminary study, first dataset. Cross-validated test results [Tom+23]

Approach Rules | RMSE Training Time (s) | Energy (J)
CANFIS-T (A =10, =0.9) | 3 0.2908 £ 0.00043 | 1.14 11.742
e-ANFIS 85 0.6998 £ 0.00835 | 1995.26 21947.863
DT 18 0.2909 £ 0.00165 | 1.59 19.668
RBFN 45 0.6021 4+ 0.02784 | 0.85 11.22

Table 15. Preliminary study,

INPUTS. ANFIS -1 —_— OUTPUT -1 —l

ANFIS -3 FINAL QUTPUT
OUTPUT -2 4T

INPUTS. ANFIS -2

Figure 10. An e-ANFIS scheme [Tom+23]

4.3.2. The case of wheat production

second dataset. Cross-validated test results [Tom+23]

This case study is based on [Gha+22], where e-ANFIS was used to predict the
GWP indicator for ex-ante LCA of wheat production. This methodology leverages
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Approach

Rules

RMSE

Training Time (s)

CANFIS-T (X = 0.01, = 0.9) | 2

0.1373 £ 0.00122

0.98

e-ANFIS 2+2+1 | 0.2546 + 0.00734 | 173.22
DT 6 0.1372 £ 0.00212 | 1.41
RBFN 9 0.5116 £ 0.04231 | 0.89

Table 17. First case study. Cross-validated test results [Tom+23]

prior knowledge to estimate LCA indicators early in process development, using
machine learning approaches [KPK21]. The dataset consists of 5000 samples with
attributes derived from [Gha+22], listed in Table 16.

The e-ANFIS scheme used in our experiments is depicted in Figure 10. The
inputs and outputs for each ANFIS model are described, and the results are sum-
marized in Table 17 and Figure 11. The average energy consumption is shown in
Figure 13a. CANFIS-T and DT have similar accuracy, but CANFIS-T has slightly
better training time and energy consumption. RBFN has the shortest training time
and lower energy consumption but worse accuracy.

Variable Description Average | Standard Deviation
X1 Field operations | 1373.75 215.62
X Transport 5726.73 750.37
X3 Nitrogen 5851.63 2528.76
X4 Phosphate 1001.86 433.82
X5 Manure 624.00 653.85
X6 Biocides 285.12 80.10
X7 Medium Voltage | 23534.59 6646.94
Y1 Wheat Grain 77723.80 14376.67
2 Wheat Straw 39683.33 9401.63
3 GWP 624.29 129.93

Table 16. Input and output variables (x; and y; respectively, withi =1,...,7 and j =
1,2,3). The unit for GWP is kg CO,. The unit for the rest of the attributes is MJ ha~'.
[Tom+23]

4.3.3. Additional case study: SCOR-based supply chain performance

Another case study deals with an adaptation of the study on SCs’ performance
reported in [LC20], based on ML and SCOR, since this could be adapted to the
agri-food context. In this model, seven ANFIS schemes were used to estimate
level-1 metrics based on level-2 metrics. We extended this model to include CO2
emissions, which were assumed proportional to energy consumption [He+19].
The dataset consists of 1000 instances with input and output details provided in
Table 20.

We partially followed the scheme in [LC20], considering additional outputs
like CO2 emissions. The input-output details of our e-ANFIS-based scheme are
reported in Table 18.
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Figure 11. First case study. Cross-validated test results per output variable [Tom+23]

Model Input Output

ANFIS X1,X2,X3,X4 Y1

ANFIS X5,X6,X7,X8,X9 Y2
e-ANFIS I/ANFIS-1 | x14,Xx15,X16,X17,X18,X19,X20,X21 | Y4 = X25
e-ANFIS I/ANFIS-2 X22,X23,X24 Y5 = X26
e-ANFIS I/ANFIS-3 X25,X26,X27 Y6
e-ANFIS II/ANFIS-1 X10,X11,X12,X13 V3 =X30
e-ANFIS II/ANFIS-2 X28,%29,X30 Y7 = X31
e-ANFIS II/ANFIS-3 X30,X31 )8

Table
[Tom+23]

18. Second case study: inputs and outputs for the e-ANFIS based

scheme

The results are shown in Table 19 and Figure 12, with energy consumption
during training shown in Figure 13b. CANFIS-T and DT have similar accuracy,
training time, and energy consumption. RBFN has worse accuracy but the short-
est training time and lowest energy consumption. e-ANFIS performed the worst

overall.
Approach Rules RMSE Training Time (s)
CANFIS-T (A = 1000, @ =0.9) | 4 0.3133 £0.00343 | 1.91
e-ANFIS 38+122+162+542 | 0.8528 £ 0.25348 | 2295.37
DT 28 0.3129 £0.00577 | 1.8
RBFN 35 0.5805 £ 0.12556 | 1.05

Table 19. Second case study. Cross-validated test results [Tom+23]
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Variable | Description Universe of discourse Unit
X1 orders delivered in full [0; 1] Dimensionless
X2 delivery performance to customer commit [0; 1] Dimensionless
date
X3 documentation accuracy [0; 1] Dimensionless
X4 perfect condition [0; 1] Dimensionless
X5 value at risk (plan) [10,000; 100,000] $
X6 value at risk (source) [50,000; 200,000] $
X7 value at risk (make) [50,000; 300,000] $
Xg value at risk (deliver) [20,000; 200,000] $
X9 value at risk (return) [20,000; 200,000] $
X10 source cycle time [1; 6] Days
X11 make cycle time [1;7] Days
X12 delivery cycle time [1;7] Days
X13 delivery retail cycle time [7; 20] Days
X14 sourcing cost [140,000; 300,000] $
X15 planning cost [25,000; 50,000] $
X16 material landed cost [70,000; 150,000] $
X17 production cost [150,000; 380,000] $
X138 order management cost [220,000; 480,000] $
X19 fulfilment cost [45,000; 70,000] $
X20 returns cost [50,000; 200,000] $
X21 cost of goods sold [1,300,000; 1,900,000] $
X2 inventory [100,000; 2,000,000] $
X3 accounts receivable [500,000; 2,000,000] $
X24 accounts payable [500,000; 2,000,000] $
X5 total cost to serve [2,000,000; 3,530,000] $
X26 it is the output variable (y) of the ANFIS | [-1,400,000; 3,500,000] $
model 5.
X7 supply chain revenue [3,500,000; 10,000,000] $
X8 days sales outstanding [25; 70] Days
X29 inventory days of supply [27; 80] Days
X30 days payable outstanding [30; 72] Days
Vi perfect order fulfilment [0; 4] Dimensionless
V2 overall value at risk [150,000; 1,000,000] $
3 order fulfilment cycle time [10; 40] Days
V4 total cost to serve [2,000,000; 3,530,000] $
ys denominator of the return on working capital | [-1,400,000; 3,500,000] $
Y6 return on working capital [-15; 100] %
vy cash-to-cash cycle time [22; 120] Days
8 CO, emissions [78.5, 314] Dimensionless

Table 20. Input and output variables (x; and y; respectively, with i =1,...,30 and j =
1,...,8) [Tom+23]
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Figure 12. Second case study. Cross-validated test results per output variable [Tom+23]
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Figure 13. Energy consumption (J): (a) first case study, (b) second case study [Tom+23]

4.3.4. Discussion

The integration of machine learning techniques in the agri-food sector, partic-
ularly through the application of the Co-Active Neuro-Fuzzy Inference System
with fractional regularization (CANFIS-T), presents a significant advancement in
addressing the dual challenges of sustainability and interpretability. This study
provides a comparative analysis of CANFIS-T against other state-of-the-art meth-
ods such as ensemble ANFIS, Radial Basis Function Networks (RBFN), and De-
cision Trees (DTs), using two distinct case studies rooted in ex-ante Life Cycle
Assessment (LCA) and the Supply Chain Operations Reference (SCOR) model.
Key Findings and Implications: The findings from this research underscore
the superiority of CANFIS-T in maintaining accuracy and interpretability, even
as the complexity of input and output variables increases. This contrasts sharply
with the ensemble ANFIS model, where error propagation significantly hampers

56



performance. The ability of CANFIS-T to effectively manage multiple outputs
without a loss in interpretability is particularly notable. This is crucial in the con-
text of agri-food systems, where the implications of machine learning decisions
can have profound socio-economic and environmental impacts.

Moreover, the study illustrates that while traditional methods like RBFN and
DTs offer computational efficiency, they often fall short in scenarios requiring
nuanced interpretation of complex data sets, a necessity in the agri-food sector.
The interpretability of CANFIS-T, enabled through its fractional regularization
approach, provides a meaningful way to understand and trust the outputs, aligning
with the growing need for transparency in Al-driven decisions, especially in areas
with significant socio-economic implications.

Contribution to the Field: This work contributes to the field by offering a
robust alternative to existing models, addressing the trade-offs between accuracy,
sustainability, and interpretability. The introduction of fractional regularization
in the CANFIS-T model not only improves the system’s performance but also
ensures that the model remains accessible and interpretable to a broad range of
stakeholders, from farmers to policy-makers.

The research also highlights the importance of considering the environmental
costs of Al systems, an area that remains underexplored. As Al continues to
be integrated into sustainability practices, the environmental footprint of these
technologies must be a consideration. CANFIS-T’s design inherently supports a
more sustainable Al, which is both energy-efficient and interpretable, making it a
viable model for future applications in sustainable agri-food systems.

Limitations and Future Research: While this study successfully demon-
strates the advantages of CANFIS-T, there are limitations that warrant further ex-
ploration. The case studies, although representative, are limited in scope. Future
research could extend this work by applying CANFIS-T across a broader range
of agri-food systems and sustainability models. Additionally, the scalability of
CANFIS-T in real-time applications remains an area for further investigation. Ex-
ploring the integration of CANFIS-T with other Al technologies and its applica-
tion in large-scale agri-food supply chains could provide valuable insights.

Finally, while this study emphasizes interpretability, further work is needed to
enhance the user-friendliness of these models, ensuring that stakeholders can eas-
ily interact with and understand the outputs without requiring extensive technical
knowledge. Developing more intuitive interfaces and visualizations for CANFIS-
T could greatly enhance its usability in practical settings.

Conclusion: In conclusion, the CANFIS-T model represents a significant step
forward in the application of machine learning to sustainable agri-food systems.
By balancing accuracy, interpretability, and sustainability, this approach not only
advances current methodologies but also aligns with broader goals of environ-
mental stewardship and socio-economic responsibility. Future work should build
on these findings to further refine and expand the applicability of CANFIS-T in
diverse agricultural contexts.
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4.4. Case study IV: Rust stripes wheat disease detection

4.4.1. Datasets

Two publicly available datasets were used: RustNet [Tan+22] and Yellow-Rust-19
[Hay+23]. RustNet includes 508 images divided into two categories: disease and
no disease. Specifically, there are 281 images depicting disease and 227 images
without any disease. RustNet’s data were collected from two experimental wheat
fields in Pullman, WA, USA, during 2021. Field 1, located at Palouse Conserva-
tion Field Station, featured two winter wheat trials: one evaluating fungicides on
the *PS 279’ variety and another testing stripe rust resistance in 23 winter wheat
cultivars. Both trials were arranged in randomized designs with four replications,
planted on November 1, 2020. Urediniospores of P. striiformis were inoculated
twice to induce disease. Field 2, at Spillman Agronomy Farm, consisted of spring
wheat nurseries with regular irrigation. The Lemhi 66 cultivar, highly susceptible
to stripe rust, was planted in three inoculated borders and one non-infected border.
Images from Field 2 were exclusively collected from the borders.

The Yellow-Rust-19 dataset comprises 15,000 images, categorized into six
classes, each containing 2,500 images. Detailed class-wise information is pre-
sented in Table 21. The dataset acquisition process began with the collection of
wheat leaves from fields managed by the Republic of Turkey Ministry of Agricul-
ture and Forestry Directorate of Field Crops Central Research Institute in Ankara,
Turkey. Each leaf was meticulously examined by two specialists to determine
the severity level of yellow rust. Following this assessment, the leaves were pho-
tographed to form the raw dataset. To ensure quality and consistency, each image
in the raw dataset underwent rigorous preprocessing to enhance clarity and re-
move noise. Subsequently, the Yellow-Rust-19 dataset was meticulously labeled,
assigning each image to the corresponding severity level of yellow rust observed
on the wheat leaves. Additionally, data augmentation techniques were applied to
diversify the dataset and improve model robustness.

4.4.2. Data Preprocessing

Our methodological approach includes a detailed pre-processing phase, which
consists of several key stages: initial image acquisition, grayscale image con-
version, resizing, and feature extraction. During the feature extraction stage, we
compute critical statistical measures such as mean, standard deviation, variance,
correlation, energy, entropy, contrast, skewness, kurtosis, and homogeneity.
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Class Description
0 No visible infection on plant.

MR Small uredia are present and surrounded
by either chlorotic or necrotic areas.
MRMS Variable-sized uredia are present; some
with chlorosis, necrosis, or both.

MS Medium-sized uredia are present and
possibly surrounded by chlorotic areas.
R Visible chlorosis or necrosis, no uredia
are present.
S Large uredia are present, generally with

little or no chlorosis and no necrosis.

Table 21. Description of classes in Yellow-Rust-19 dataset [MET]

4.4.3. Context-Aware Automated Feature Engineering

Feature engineering is an important aspect of machine learning, involving the
transformation of raw input data into suitable features to enhance predictive per-
formance [WEG87]. Our approach employs Context-Aware Automated Feature
Engineering (CAAFE), specifically designed for tabular datasets. CAAFE lever-
ages a Large Language Model (LLM) to iteratively generate additional semanti-
cally meaningful features based on the dataset description [HMH23]. This method
not only generates Python code for creating new features but also provides expla-
nations for their utility.

CAAFE operates iteratively on training and validation datasets, Dy, and
D, qiiq, along with a description of the dataset context and features. It constructs a
prompt with details of the dataset and the feature engineering task, which is then
provided to the LLM. Based on this prompt, the LLM generates code for feature
alterations. The generated code is executed on the current datasets (Dyq4i, and
Dyaiiq), transforming them into D;, ;, and D!, ... An ML classifier is then trained

train
on D;,,;, and evaluated on D/, ,,, (P'). If the performance on D, ;, surpasses the

train
performance on the original datasets (Dyqin and Dygiig), the new feature is retained,
and the datasets are updated. Otherwise, the feature is discarded.

The prompt given to the LLM includes semantic and descriptive information
about the dataset, such as a user-generated dataset description, feature names, data
types, percentage of missing values, and a sample of random rows. Additionally,
the prompt includes a template for the expected form of the generated code and
explanations to enhance the quality of responses. Chain-of-thought instructions
guide the LLM through intermediate reasoning steps for effective code generation.
By utilizing CAAFE, we integrate domain knowledge into the feature engineering
process while maintaining interpretability and performance. This approach repre-
sents a significant advancement in machine learning research, providing efficient
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and effective means for feature generation in complex datasets.

4.4.4. Experimental Setup

Training and Test Splits. We utilized the same train and test splits as described
in the referenced papers: 70% for training and 30% for testing for the RustNet
dataset [Tan+22], and 90% for training and 10% for testing for the Yellow-Rust-
19 dataset [Hay+23]. The specific splits are detailed in Tables 22 and 23.

Class Train Test Total
disease 208 73 281
no_disease 172 55 227
Total 380 128 508

Table 22. Number of images in train and test split for the RustNet dataset [MET]

Class Train Test Total
0 2250 250 2500
MR 2250 250 2500
MRMS 2250 250 2500
MS 2250 250 2500
R 2250 250 2500
S 2250 250 2500
Total 13500 1500 15000

Table 23. Number of images in train and test split for the Yellow-Rust-19 dataset [MET]

Baselines. Given the randomized nature of the experiments in [Tan+22], we
conducted new experiments using the same computational setup described in the
original study. Specifically, we utilized ResNet-18, maintaining the original archi-
tecture and hyperparameters. The model was initialized with pre-trained weights.
ResNet-18, being a state-of-the-art technique, was also used for experiments with
the Yellow-Rust-19 dataset to provide a consistent basis for comparison.

TPOT Setting. To ensure a fair comparison, an equivalent time budget was
allocated for both TPOT and ResNet methodologies. For the RustNet dataset,
a time budget of 20 minutes was set, while for the Yellow-Rust-19 dataset, 100
minutes were allotted. The input data for TPOT consisted of a data matrix with
features extracted from the same images used for training and testing ResNet-18.
TPOT’s hyperparameters were configured with 10 generations and a population
size of 100. The resulting pipeline was a multi-layer perceptron classifier with a
learning rate of 0.01 and a regularization parameter of 0.0001, aiming to reduce
overfitting and enhance generalization.

CAAFE Setting. We utilized OpenAl’s language models, including GPT-3.5,
within the CAAFE framework [Ope21; Ope23]. This integration enabled the gen-
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eration of semantically meaningful features iteratively, enhancing feature engi-
neering effectiveness. We conducted ten feature engineering iterations using the
CAAFE framework. For evaluating the effectiveness of generated features, we
used TabPFN (Tabular Predictive Functional Network) as proposed by Hollmann
et al. [Hol+23].

Performance Metrics. For classification evaluation, we used Accuracy, Pre-
cision, Recall, and F1-score. These metrics provide a comprehensive assessment
of model performance.

Accuracy measures the overall correctness:

Number of Correct Predictions

“4.1)

A = '
Y = "Total Number of Predictions

Precision quantifies true positives relative to total positive predictions:

True Positives
Precision = — — . 4.2
True Positives + False Positives (4.2)

Recall calculates true positives relative to total actual positives:

Recall — True Positives . 43)
True Positives + False Negatives

F1-score, the harmonic mean of precision and recall, balances both metrics:

Fl— score — 2 X Prc?c.ision X Recall' 4.4)
Precision + Recall

Together, these metrics ensure a robust evaluation of classification models.

4.4.5. Results

Feature Engineering A demonstration of CAAFE using the RustNet and Yellow-
Rust-19 datasets is illustrated in Figures 14 and 15, respectively. User inputs
are highlighted in blue, ML-classifier-generated data in red, and LLM-generated
code is presented with syntax highlighting. The code includes comments for
each generated feature, adhering to a predefined template in CAAFE’s prompt.
This template comprises the feature name, its utility description, the features uti-
lized in the generated code, and sample values for these features. In the Rust-
Net dataset, the retained features generated by CAAFE after 10 iterations in-
clude mean_variance_ratio’, calculated as the mean divided by the variance, and
’contrast_energy_ratio’, computed as the contrast divided by the energy. In the
YellowRust dataset, the preserved features generated by CAAFE after 10 itera-
tions consist of ’contrast_entropy_ratio’, obtained by dividing the contrast by the
entropy, ’std_skewness_product’, representing the product of standard deviation
and skewness, "kurtosis_entropy_ratio’, calculated as kurtosis divided by entropy,
’contrast_energy_ratio’, derived from contrast divided by energy, and homogene-
ity_skewness_product’, obtained by multiplying homogeneity by skewness. For
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the RustNet dataset, incorporating the features generated by CAAFE into TPOT
improved the accuracy from 93.02% achieved using TPOT alone on the validation
dataset to 95.42%, as shown in Table 24. For the Yellow-Rust dataset, integrat-
ing the generated features from CAAFE with TPOT achieved performance very
comparable to that achieved using TPOT alone (see Table 24).

Dataset Description:

This dataset contains handcrafted statistical features from images. The images are
wheat images and there are two types of images, i.e with disease and without
disease. This dataset predicts whether an image is infected with disease or not.

Attribute Information:
- mean: mean of the image (numerical)
- std: standard deviation of the image (numerical)
- var: variance of the image (numerical)
- skewness: skewness of the image (numerical)
- entropy: entropy of the image (numerical)
- kurtosis: kurtosis of the image (numerical)
- contrast: contrast of the image (numerical)
- correlation: correlation of the image (numerical)
- energy: energy of the image (numerical)
- homogeneity: homogeneity of the image (numerical)
- class: class variable 1: disease
0: no disease

Some samples from the dataset:

<Sample 1, class=1>:

mean: 0.769010384, std: 0.761649904,var: 0.580110568, skewness: 0.466414969,
entropy: 0.963101,kurtosis: 0.369918743, contrast: 0.489227072,

correlation: 0.756602121, energy: 0.688121882,homogeneity: 0.954844229

<Sample 5, class=1>:

mean:0.636383104,std: 0.87729013,var: 0.769637974,skewness: 0.586431784,
entropy: 0.973940969,kurtosis: 0.37709383,contrast: 0.488186784,
correlation: 0.526767611,energy: 0.799576354 ,homogeneity: 0.947847399
<Sample 6, class=0>:

mean: 0.677572277,std: 0.854699258,var: 0.730510817,skewness: 0.549493916,
entropy: 0.980216291,kurtosis: 0.395917515,contrast: 0.474908547,
correlation: 0.69608474,energy: 0.762089244,homogeneity: 0.983787588

<Sample 10, class=0>:

mean: 0.568418388,std: 0.879868278,var: 0.774168186,skewness: 0.7706753,
entropy: 0.964696511,kurtosis: 0.47484991,contrast: 0.483253361,
correlation: 0.717102329,energy: 0.859660247 ,homogeneity: 0.926171716

# Feature name and description: "mean_variance_ratio", ratio of mean to variance.
# Usefulness: This feature could highlight the relationship between the mean and
variance of the image, which could be useful in identifying patterns related
to the presence of a disease.
# Input samples: ’mean’: [0.4967, 0.7235, 0.5506],
>var’: [0.879374249, 0.774168186, 0.691100425]

df [’mean_variance_ratio’] = df[’mean’] / df[’var’]

Iteration 1

Performance before adding features ROC 0.912, ACC 0.946.

Performance after adding features ROC 0.911, ACC 0.949.

Improvement ROC -0.001, ACC 0.003. The code was executed and changes to “df~
were kept.
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# Feature name and description: "mean_variance_ratio", ratio of mean to variance.
# Usefulness: This feature could highlight the relationship between the mean and
variance of the image, which could be useful in identifying patterns related
to the presence of a disease.
# Input samples: ’mean’: [0.4967, 0.7235, 0.5506],
>var’: [0.879374249, 0.774168186, 0.691100425]

df [’mean_variance_ratio’] = df[’mean’] / df[’var’]

Iteration 1

Performance before adding features ROC 0.912, ACC 0.946.

Performance after adding features ROC 0.911, ACC 0.949.

Improvement ROC -0.001, ACC 0.003. The code was executed and changes to “df~
were kept.

# Feature name and description: "contrast_energy ratio", ratio of contrast to
energy.

# Usefulness: This feature could highlight the relationship between the contrast
and energy of the image, which could be useful in identifying patterns
related to the presence of a disease.

# Input samples: ’contrast’: [0.5, 0.51, 0.48], ’energy’: [1.0, 0.78, 0.92]

df [’ contrast_energy_ratio’] = df[’contrast’] / df[’energy’]

Iteration 2

Performance before adding features ROC 0.911, ACC 0.949.

Performance after adding features ROC 0.910, ACC 0.950.

Improvement ROC -0.001, ACC 0.001. The code was executed and changes to “df~
were kept.

# Explanation why the column ‘correlation is dropped

# The correlation of an image might not provide much useful information in terms
of disease detection as it measures the degree to which the two variables in
the image move in relation to each other, which might not be directly related
to the presence of a disease.

df .drop(columns=[’correlation’], inplace=True)

Iteration 5

Performance before adding features ROC 0.911, ACC 0.949.

Performance after adding features ROC 0.911, ACC 0.950.

Improvement ROC 0.000, ACC 0.001. The code was executed and changes to “df~
were kept.

# Explanation why the column ‘contrast‘ is dropped

# The contrast of an image might not provide much useful information in terms
of disease detection as it measures the degree of brightness and darkness
of an image and it might not be very useful in disease detection.

df .drop(columns=[’contrast’], inplace=True)

Iteration 7

Performance before adding features ROC 0.911, ACC 0.950.

Performance after adding features ROC 0.913, ACC 0.952.

Improvement ROC 0.002, ACC 0.002. The code was executed and changes to ~df~
were kept.
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# Explanation why the column ‘energy‘ is dropped

# The contrast of an image might not provide much useful information in terms
of disease detection as it measures local change in an image and it
might not be very useful in disease detection.

df .drop(columns=[’energy’], inplace=True)

Iteration 8

Performance before adding features ROC 0.913, ACC 0.952.

Performance after adding features ROC 0.913, ACC 0.953.

Improvement ROC 0.000, ACC 0.001. The code was executed and changes to "df~
were kept.

Figure 14. Exemplary run of CAAFE on the RustNet image dataset. User generated
input is shown in blue, ML-classifier generated data shown in red, and LLM generated
code is shown with syntax highlighting. The generated code contains a comment for each
generated/deleted feature that follows a template provided in our prompt (feature name,
description of usefulness, features used in the generated code, and sample values of these
features). In this run, CAAFE improves the ACC on the validation dataset from 0.946
to 0.953. There were a total of 10 iterations, but only those that improved the ACC are
included in the figure. [MET]

This dataset contains handcrafted statistical features from images.
The images are wheat images and they are categorized in six classes
with six different levels of infectioms.

Attribute Information:

- mean: mean of the image (numerical)
- std: standard deviation of the image (numerical)
- var: variance of the image (numerical)
- skewness: skewness of the image (numerical)
- entropy: entropy of the image (numerical)
- kurtosis: kurtosis of the image (numerical)
- contrast: contrast of the image (numerical)
- correlation: correlation of the image (numerical)
- energy: energy of the image (numerical)
- homogeneity: homogeneity of the image (numerical)
- class: class variable
0: no infection
1: Small uredia are present and surrounded by either chlorotic or necrotic

areas

2: Variable-sized uredia are present; some withchlorosis, necrosis,
or both

3: Medium-sized uredia are present and possibly surrounded by chlorotic
areas

4: Visible chlorosis or necrosis, no uredia are present
5: Large uredia are present, generally with little or no chlorosis and
no necrosis.

Some samples from the dataset:

<Sample 1, class=0>:

mean:0.412029,std: 0.598975,var: 0.436435,skewness: 0.525828,
entropy: 0.779089,kurtosis: 0.085871,contrast: 0.186343,
correlation: 0.430613,energy: 0.364397,homogeneity:0.649717

<Sample 6, class=5>:

mean:0.543930,std: 0.629128,var: 0.471242,skewness: 0.553025,
entropy:0.839109,kurtosis: 0.085644 ,contrast: 0.496534,
correlation: 0.357381,energy: 0.224802,homogeneity: 0.333801
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# Feature name and description: ’contrast_entropy_ratio’

# Usefulness: This feature is useful because it gives us a measure of how
the contrast is related to the entropy.

# Higher contrast and lower entropy could indicate a more uniform image,
which might be linked to the absence of a disease.

# Input samples: ’contrast’: [0.186343, 0.118865,0.556068],
>entropy’: [0.779089, 0.764887, 0.908173]

df [’contrast_entropy_ratio’] = df[’contrast’] / df[’entropy’]

Iteration 2

Performance before adding features ROC 0.638, ACC 0.894.

Performance after adding features ROC 0.638, ACC 0.896.

Improvement ROC 0.001, ACC 0.002. The code was executed and changes to "df~
were kept.

# Feature name and description: ’std_skewness_product’
# Usefulness: This feature is useful because it gives us a measure
of how the standard deviation is related to the skewness.
# A high product could indicate a high variability and asymmetry
in the image, which might be linked to the presence of a disease.
# Input samples: ’std’: [0.598975, 0.591202, 0.620972],
’skewness’: [0.622890,0.808570, 0.467779]

df [’std_skewness_product’] = df[’std’] * df[’skewness’]

Iteration 3

Performance before adding features ROC 0.638, ACC 0.896.

Performance after adding features ROC 0.640, ACC 0.896.

Improvement ROC 0.002, ACC 0.000. The code was executed and changes to “df~
were kept.

# Feature name and description: ’kurtosis_entropy_ratio’

# Usefulness: This feature is useful because it gives us a measure of
how the kurtosis is related to the entropy.

# A higher ratio could indicate a more peaked distribution with a higher
uncertainty, which might be linked to the presence of a disease.

# Input samples: ’kurtosis’: [0.085871 , 0.225140, 0.144952],
’entropy’: [0.651275, 0.922197, 0.839109]

df [’kurtosis_entropy_ratio’] = df [’kurtosis’] / df[’entropy’]

Iteration 5

Performance before adding features ROC 0.640, ACC 0.896.

Performance after adding features ROC 0.641, ACC 0.895.

Improvement ROC 0.001, ACC -0.001. The code was executed and changes to “df~
were kept.

# Feature name and description: ’contrast_energy_ratio’

# Usefulness: This feature is useful because it gives us a measure of how the
contrast is related to the energy.

# A higher ratio could indicate a more contrasty image with less energy, which
might be linked to the presence of a disease.

# Input samples: ’contrast’: [0.186343, 0.118865, 0.556068],
energy’: [0.340916 , 0.436955, 0.224802]

df [’contrast_energy_ratio’] = df [’contrast’] / df[’energy’]

Iteration 6

Performance before adding features ROC 0.641, ACC 0.895.

Performance after adding features ROC 0.648, ACC 0.901.

Improvement ROC 0.006, ACC 0.005. The code was executed and changes to “df~
were kept.
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# Feature name and description: ’homogeneity_skewness_product’

# Usefulness: This feature is useful because it gives us a measure of how the
homogeneity is related to the skewness.

# A high product could indicate a high homogeneity and asymmetry in the image,
which might be linked to the presence of a disease.

# Input samples: ’homogeneity’: [0.649717, 0.293929 , 0.333801 ],
’skewness’: [0.622890, 0.553025, 0.603786]

df [’homogeneity_skewness_product’] = df [’homogeneity’] * df [’skewness’]

Iteration 9

Performance before adding features ROC 0.648, ACC 0.901.

Performance after adding features ROC 0.648, ACC 0.901.

Improvement ROC 0.000, ACC 0.000. The code was executed and changes to “df~
were kept.

Figure 15. Exemplary run of CAAFE on the Yellow-Rust-19 image dataset. User gen-
erated input is shown in blue, ML-classifier generated data shown in red, and LLM gen-
erated code is shown with syntax highlighting. The generated code contains a comment
for each generated/deleted feature that follows a template provided in our prompt (feature
name, description of usefulness, features used in the generated code, and sample values
of these features). In this run, CAAFE improves the ACC on the validation dataset from
0.896 to 0.901. There were a total of 10 iterations, but only those that improved the ACC
are included in the figure. [MET]

AutoML The results for both datasets using TPOT and ResNet-18 are pre-
sented in Tables 24 and 25, respectively. For the RustNet dataset, TPOT achieved
an accuracy of 93.02%, while ResNet-18 reached a test accuracy of 85.20%. The
training and test accuracy of ResNet-18 for the RustNet dataset are shown in Fig-
ure 16(a). The number of epochs is limited due to the fixed time budget.

—— trainacc
—— testacc
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°
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°
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Figure 16. ResNet-18 Accuracy for (a) RustNet dataset, (b) Yellow-Rust-19 dataset
[MET]

For the Yellow-Rust-19 dataset, the time budget was extended to 100 min-
utes because of the large number of images. TPOT achieved a test accuracy of
96.4%, whereas ResNet-18 achieved only 77.7%. The training and test accuracy
of ResNet-18 for the Yellow-Rust-19 dataset are presented in Figure 16(b). The
limited number of epochs within the allotted time indicates the high computa-
tional effort required. The confusion matrices for both approaches and datasets
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are shown in Figures 17 and 18. As observed, for both datasets, TPOT produced a
higher sum of true positive and true negative cases compared to ResNet-18. Sim-
ilarly, the sum of false positive and false negative cases was lower for TPOT than
for ResNet-18.
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Figure 17. TPOT Confusion Matrix for (a) RustNet dataset, (b) Yellow-Rust-19 dataset

[MET]
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o

Figure 18. ResNet-18 Confusion Matrix for (a) RustNet dataset, (b) Yellow-Rust-19
dataset [MET]

Model Dataset Accuracy Precision Recall F1-Score
TPOT RustNet 93.02% 92.99 92.90 92.80
CAAFE RustNet 95.35% 95.79 94.85 95.22
with

TPOT

TPOT Yellow-Rust-19  96.40% 96.46 96.40 96.39
CAAFE  Yellow-Rust-19  95.42% 95.26 94.85 95.22
with

TPOT

Table 24. TPOT performance on both datasets [MET]
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Dataset Accuracy Precision Recall F1-Score
RustNet 85.2% 86.13 86.54 86.15
Yellow- 77.70% 79.36 77.77 77.70
Rust-19

Table 25. ResNet-18 performance on both datasets [MET]

4.4.6. Discussion

The study presents a significant advancement in the application of Automated Ma-
chine Learning (AutoML) for agricultural disease detection, specifically targeting
wheat stripe rust. By integrating AutoML with context-aware feature engineering,
this research demonstrates a novel approach that not only enhances the accuracy
of disease detection but also addresses the growing need for scalable, efficient,
and interpretable machine learning models in agriculture.

Some general remarks on the complexity of TPOT: The complexity of
TPOT is not formally defined but we can understand its complexity by breaking
down different components of it.

The computational complexity of TPOT is influenced by several factors, in-
cluding the number of input variables, the size of the search space (which
includes all possible pipelines), and the number of generations and popula-
tion size used in the genetic programming algorithm.

As the number of input variables increases, the search space expands ex-
ponentially, leading to a corresponding increase in the computational cost.
This is because more complex pipelines involving different combinations
of pre-processing steps, models, and hyperparameters need to be evaluated.

Additionally, the number of copies (i.e., the population size in the genetic
algorithm) also directly impacts the computational complexity. A larger
population size results in more candidate pipelines being evaluated in each
generation, increasing the overall computational burden.

TPOT’s complexity can be expressed as O(N x G x E x C), where N is the
number of input variables, G is the number of generations, E is the number
of evaluations per generation, and C is the cost of evaluating each pipeline
(which itself depends on the complexity of the models and the dataset size).
Therefore, while TPOT provides a powerful automated approach to model
optimization, it is computationally intensive, especially for large datasets
or when the search space is broad. Careful tuning of the genetic program-
ming parameters (such as limiting the number of generations or reducing
the population size) can help manage the computational demands.

Performance of AutoML in Disease Detection: The proposed methodology,
which combines AutoML with rigorous feature engineering, has shown remark-
able performance in detecting stripe rust in wheat crops. The results clearly indi-
cate that this approach outperforms traditional deep learning models like ResNet-
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18, achieving significantly higher accuracy on both the RustNet and Yellow-Rust-
19 datasets. Specifically, the accuracy improvements from 85.2% to 95.35% for
the RustNet dataset and from 77.7% to 95.42% for the Yellow-Rust-19 dataset un-
derscore the potential of this method in practical agricultural applications. One of
the key factors contributing to this success is the use of context-aware automated
feature engineering. By using advanced language models to generate semanti-
cally meaningful features, the approach captures subtle patterns and nuances that
are often missed by conventional image processing techniques. This feature en-
gineering process, which iteratively refines the dataset, has proven to be highly
effective in enhancing the discriminative power of the extracted features, leading
to superior model performance.

Comparison with Traditional Deep Learning Models: The comparison with
ResNet-18, a state-of-the-art deep learning model, highlights the advantages of
the proposed AutoML framework. While deep learning models have traditionally
been favored for their high accuracy in image classification tasks, they are often
criticized for their computational intensity and the substantial resources required
for training. In contrast, the AutoML approach not only achieves higher accuracy
but also does so with significantly lower computational costs and shorter training
times. This is particularly important in agricultural settings, where resources may
be limited, and the timely deployment of models is critical for effective disease
management.

Furthermore, the interpretability of the AutoML-generated models presents
another significant advantage over deep learning models. In agriculture, where
the stakes of incorrect decisions are high, being able to understand and trust the
model’s predictions is crucial. The use of transparent and interpretable models,
as demonstrated in this study, ensures that the decision-making process remains
accessible to stakeholders, from farmers to policymakers.

Implications for Sustainable Agriculture: The implications of this research
extend beyond the immediate benefits of improved disease detection. The study
also addresses the broader issue of sustainability in Al, particularly in the con-
text of agricultural applications. The proposed method exemplifies a green Al
approach, optimizing for both accuracy and resource efficiency. By reducing the
computational footprint of machine learning models, this approach aligns with the
growing emphasis on sustainable Al practices, which is becoming increasingly
important as Al systems are integrated into critical sectors like agriculture.

Moreover, the ability to automate the feature engineering and model selection
process through AutoML reduces the need for expert intervention, making ad-
vanced machine learning techniques more accessible to a broader audience. This
democratization of technology can significantly enhance the scalability and im-
pact of Al in agriculture, contributing to improved food security and sustainable
farming practices worldwide.

Limitations and Future Research: Despite the promising results, there are
several limitations to this study that warrant further exploration. The datasets
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used, while publicly available and representative, may not capture the full vari-
ability encountered in real-world agricultural settings. Future research should
focus on validating the proposed approach across a wider range of conditions,
including different crops, environmental factors, and disease types.

Additionally, while the context-aware feature engineering approach has proven
effective, its reliance on large language models introduces a dependency on high-
quality textual data and expert knowledge. Exploring ways to further automate
this process or integrate it with other data modalities could enhance the robustness
and applicability of the method.

Finally, the long-term deployment of such models in real-world agricultural
systems will require ongoing monitoring and adaptation to ensure continued ac-
curacy and relevance. Future studies should investigate methods for the continual
learning and adaptation of these models to new data and changing environmental
conditions.

Conclusion: In conclusion, this study introduces a powerful and efficient ap-
proach to wheat disease detection, exploring the strengths of AutoML and ad-
vanced feature engineering. The results demonstrate that this method not only
outperforms traditional deep learning models but also offers a more sustainable
and interpretable solution for agricultural applications. As the agricultural sector
continues to face the challenges of disease management and food security, such
innovative approaches will be critical in ensuring the resilience and sustainability
of global food systems.
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5. CONCLUSION

This thesis has addressed several critical issues in the agricultural and environ-
mental sciences by focusing on the application of advanced machine learning
techniques to improve sustainability and productivity in agriculture. These chal-
lenges have been approached through innovative methods that leverage automa-
tion and data-driven strategies, with the aim of providing solutions that are both
efficient and interpretable, with practical applications in real-world agricultural
contexts.

The first major contribution of this thesis, as detailed in [MET], involves the
detection and classification of diseased wheat crops using automated machine
learning (AutoML) techniques. Traditional methods for detecting crop diseases
often depend on manual processes or non-adaptive algorithms, which are labor-
intensive, time-consuming, and prone to errors due to environmental variability.
In contrast, this research introduces a context-aware AutoML framework that dy-
namically adapts to different environmental and crop conditions. The proposed
system significantly improves the robustness and reliability of the disease detec-
tion process, outperforming traditional methods in both precision and adaptability.
This advancement is crucial for precision agriculture, as it provides a scalable and
efficient solution that can be deployed across various agricultural settings. The
improvements in accuracy and adaptability can lead to better crop management,
reduced resource wastage, and more informed decision-making for farmers and
agricultural stakeholders.

In [Tom+23], the focus shifted to ensuring sustainability within agri-food sys-
tems by integrating machine learning techniques into a cohesive framework for
sustainable agriculture. This research specifically examined the use of sustain-
able and interpretable computing schemes in early-stage decision-making through
data-driven ex-ante Life Cycle Assessment (LCA) for crop production. By using
a combination of models, the research provided a comprehensive toolkit that al-
lows stakeholders to make informed decisions, optimize resource utilization, and
enhance crop yields sustainably. The framework emphasizes the importance of
early interventions, allowing stakeholders to anticipate and mitigate potential en-
vironmental impacts before they occur.

The third significant contribution, as presented in [MTL23], addresses the criti-
cal issue of prediction of evapotranspiration (ET), which is vital for effective water
management in agriculture. Accurate prediction of ET is essential to determine
the water requirements of crops, thereby facilitating efficient irrigation practices.
This study compared various interpretable machine learning models, including
Decision Trees (DTs), Adaptive Neuro Fuzzy Inference System with Fractional
Tikhonov Regularization (ANFIS-T), and Support Vector Regression (SVR). The
findings concluded that ANFIS-T, due to its balance of accuracy and interpretabil-
ity, is particularly suitable for applications where transparent decision-making is
crucial. The model’s ability to provide high interpretability with a minimal num-
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ber of rules is especially beneficial for understanding and managing water use in
agriculture, making it a preferred choice for practitioners and researchers.

Finally, [Muh+22] tackled the challenge of predicting soil organic carbon
(SOC), which is essential for maintaining soil health and facilitating carbon se-
questration. SOC plays a significant role in enhancing soil fertility and mitigating
climate change by acting as a carbon sink. The study compared the performance
of ANFIS-T and FT-rELM (Fractional Tikhonov regularized Extreme Learning
Machine) in predicting SOC levels across various datasets. The research found
that while ANFIS-T generally achieved higher accuracy, FT-rELM offered faster
training times, highlighting the importance of balancing accuracy with computa-
tional efficiency. This is particularly relevant in scenarios where real-time data
processing is critical, such as in large-scale agricultural operations. The findings
contribute to a deeper understanding of soil resources, promoting sustainable agri-
cultural practices that improve soil health and productivity.

5.1. Limitations and Future Research Directions

While the proposed models demonstrate substantial improvements in accuracy,
interpretability, and computational efficiency, several limitations were identified
that require further exploration. One significant limitation is the reliance on high-
quality labeled data for the AutoML framework, which may limit its applicability
in regions where such data are scarce or difficult to obtain. Additionally, the mod-
els were tested primarily on specific datasets, raising questions about their gen-
eralizability to other crops, environmental conditions, or geographical regions.
Future research should aim to validate these models across a broader range of
conditions to ensure their robustness and adaptability in diverse agricultural set-
tings.

Another area for future research involves the scalability of these models. As
agricultural datasets continue to grow in size and complexity, the ability of mod-
els like ANFIS-T to maintain high levels of accuracy and interpretability without
becoming overly complex or computationally intensive will be critical. Research
into hybrid models that combine the strengths of different machine learning tech-
niques could offer a solution, potentially improving both scalability and perfor-
mance.

Furthermore, while this thesis focused on the technical aspects of model devel-
opment and evaluation, there is a need for more research on the practical imple-
mentation of these models in real-world agricultural systems. This includes inves-
tigating how these models can be integrated with real-time monitoring systems,
automated decision-support tools, and other technologies that are increasingly be-
ing used in modern agriculture. Such integration would enhance the practical
utility of the models, making them more accessible and useful to a wider range of
stakeholders, from smallholder farmers to large agricultural enterprises.

Finally, future work should explore the development of more user-friendly in-
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terfaces and visualization tools for these models. Making the outputs of these
models more accessible to non-experts is crucial for their widespread adoption.
By improving the user interface and experience, the models can be made more
intuitive, allowing stakeholders to easily interpret the results and make informed
decisions without needing extensive technical expertise.

5.2. Practical Implications and Integration of Models

The practical implications of this research are significant and wide-ranging, of-
fering tangible benefits to practitioners in the agri-food sector. The context-aware
AutoML framework, for example, has the potential to revolutionize crop mon-
itoring systems by enabling early and accurate detection of diseases. This can
lead to timely interventions, reducing crop losses and improving overall yield.
Moreover, the integration of ANFIS-T in water management practices can opti-
mize irrigation strategies, leading to more efficient water use and contributing to
sustainability goals.

One of the key insights from this research is the potential for these models to
work together in a cohesive framework rather than as isolated solutions. For ex-
ample, integrating the SOC prediction model with the evapotranspiration predic-
tion system could provide a more holistic understanding of soil health and water
requirements, enabling more precise and effective agricultural management. Sim-
ilarly, combining the context-aware AutoML system with the sustainable com-
puting framework could enhance the decision-making process by providing real-
time, data-driven insights that consider both short-term crop health and long-term
sustainability.

Together, these models can provide a comprehensive approach to managing
the various challenges facing agriculture today. This integrated approach ensures
that decisions made in an area, such as irrigation management, are informed by
data from other areas, such as soil health or disease detection, leading to more co-
ordinated and effective agricultural practices. This holistic perspective is essential
for the advancement of precision agriculture, where the goal is to optimize every
aspect of farming to achieve maximum productivity with minimal environmental
impact.

5.3. Conclusion

In conclusion, this thesis has demonstrated the potential of advanced machine
learning techniques to address some of the most pressing challenges in agricultural
sustainability and productivity. By focusing on the key areas of interpretability,
scalability, and efficiency, the proposed models not only improve current practices
but also pave the way for future innovations in the agri-food sector. The integra-
tion of these models into a cohesive framework for sustainable agriculture repre-
sents a significant step forward, enabling more informed decision-making, better
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resource management, and ultimately, more sustainable and productive agricul-
tural practices.

The findings of this research have important implications for the future of agri-
culture, particularly in the context of increasing global food demand and the need
to minimize environmental impacts. As the agricultural sector continues to evolve,
the contributions of this thesis will play a crucial role in supporting the transition
to more sustainable and resilient agricultural systems. By addressing the iden-
tified limitations and exploring new areas of research, future work will further
enhance the applicability and impact of these models, ensuring that they can be
widely adopted and used effectively in different agricultural contexts.

The adoption of these innovative approaches by stakeholders in the agricultural
sector will be essential in meeting the growing demand for food while minimizing
environmental impacts. As these models are further refined and integrated into
real-world systems, they have the potential to transform agriculture, making it
more efficient, sustainable, and resilient in the face of global challenges.
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SISUKOKKUVOTE

Pehme otsustamine agri-toidu 4.0 jaoks

Viitekiri esitab ulatusliku uurimuse uuenduslikest, andmepohistest 1ihenemistest,
mis kisitlevad jatkusuutliku pdllumajanduse kriitilisi véljakutseid, eriti Agri-Food
4.0 kujunemisjirgus paradigmas. Uurimus keskendub masindppe (ML) mudelite
tapsuse, efektiivsuse ja tdlgendatavuse parandamisele, et ennustada olulisi pdllu-
majanduslikke parameetreid, nagu evapotranspiratsioon, mulla orgaaniline siisi-
nik (SOC), Ex-ante elutsiikli hindamine nisu tootmisel ja pollukultuuride haigus-
te tuvastamine (roostetriibu nisuhaiguse tuvastamine) kasutades pilte, eesmérgiga
panustada jiatkusuutlike ja vastupidavate agri-toidusiisteemide arengusse.

Pollumajandus seisab silmitsi kasvava survega, mis tuleneb kliimamuutustest,
ressursside piirangutest ja toiduga kindlustatuse vajaduse suurenemisest. Need
viljakutsed nduavad arenenud otsustustooriistu, mis optimeerivad ressursikasu-
tust ja parandavad saagikust, siilitades samal ajal keskkonna jitkusuutlikkuse.
Agri-Food 4.0 kontseptsioon hdlmab selliste tehnoloogiate integreerimist nagu
asjade internet (IoT), pilvearvutus ja tehisintellekt (AI), et revolutsiooniliselt
muuta pollumajandust. See viitekiri on kooskdlas nende eesmérkidega, pakkudes
vilja tolgendatavad ja jitkusuutlikud otsustamistdoriistad, mis kisitlevad nii
tohusust kui ka ldbipaistvust, mis on vajalikud pdllumajanduse otsustustugisiis-
teemides (DSS).

Uurimistoo eesmérgid on:

» Arendada tdlgendatavaid masindppemudeleid, mis tasakaalustavad tdpsust
ja tdlgendatavust, mis on olulised pdllumajanduse sidusriithmadele.

* Parandada pdollumajandustavade jitkusuutlikkust, integreerides masindppe-
mudelid valdkonnapdhiste teadmistega.

* Rakendada automatiseeritud masindppe (AutoML) tehnikaid pdollukultuu-
ride haiguste tuvastamise optimeerimiseks, keskendudes konkreetselt nisu-
haiguste tuvastamisele.

Mulla orgaanilise siisiniku (SOC) ennustamine: Mulla orgaaniline siisinik
(SOC) on mulla tervise oluline komponent, mis mdjutab selle struktuuri, veema-
hutavust ja toitainete kéttesaadavust, mis kdik on olulised jitkusuutliku pdllukul-
tuuride tootmise jaoks. SOC on ka oluline tegur iilemaailmses siisinikuringes, ku-
na mullad on suurimad maismaa siisiniku reservuaarid. Viikesed muutused SOC
tasemetes voivad mérkimisvairselt mojutada atmosfiiri CO2 kontsentratsioone,
mojutades seega kliimamuutusi.

Viitekiri uurib erinevaid masindppe tehnikaid SOC tasemete tdpsemaks
ja tohusamaks ennustamiseks. Traditsioonilised SOC hindamise meetodid,
mis sageli hdlmavad keerulist ja toomahukat proovide votmist ja analiiiisi, on
tdaiustatud andmepdhiste mudelitega nagu ANFIS-T (Adaptive Neuro-Fuzzy
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Inference System koos murdosatikhhonovi regulatsiooniga). Uurimistd6 néitab,
et ANFIS-T mitte ainult ei paranda ennustuste tdpsust, vaid siilitab ka korge
tolgendatavuse taseme, mis on praktilises pdllumajanduses oluline. See on
eriti oluline, kuna see on kooskdlas iilemaailmsete joupingutustega, nagu EL-i
mullastrateegia aastaks 2030, mis rohutab SOC suurendamist kasvuhoonegaaside
vihendamise eesmaérkide tditmiseks.

Evapotranspiratsiooni ennustamine: Evapotranspiratsioon (ET) on vee au-
rustumise ja taimede transpiratsiooni summa. See on kriitiline parameeter vee-
ressursside juhtimisel, eriti péllumajanduses, kus t6husad niisutusstrateegiad on
vajalikud vee kasutamise optimeerimiseks. Pollumajandus moodustab mérkimis-
védrse osa iilemaailmsest veetarbimisest, kus ET esindab suurimat osa veekaost
pollumajandussiisteemides.

Traditsioonilised ET modtmise ja hindamise meetodid, nagu liisimeetrid ja
evaporimeetrid, on sageli piiratud nende kdrge maksumuse ja raskustega nende
ulatuslikul kasutuselevotul. Viitekiri hindab masindppemudelite, eriti ANFIS-T,
kasutamist ET ennustamisel. Need mudelid pakuvad tdpseid ennustusi, olles
samas piisavalt tdlgendatavad, et neid saaksid kasutada pdllumehed ja pdllu-
majandusjuhid teadlike otsuste tegemiseks niisutuspraktikate kohta. Parandades
ET ennustuste tipsust, aitab uurimist6d kaasa pdllumajanduse jatkusuutlikumale
veekasutusele, mis on kliimamuutuste ja veepuuduse kontekstis iiha olulisem.

Ex-ante elutsiikli hindamine (LCA) nisu tootmisel: Elutsiikli hindamine
(LCA) on koikehdlmav metoodika toodete keskkonnamdjude hindamiseks alates
tooraine kaevandamisest kuni tootmise, kasutamise ja kdrvaldamiseni. Traditsioo-
nilised LCA-d viiakse tavaliselt 14bi parast toote elutsiikli 1dppu (ex-post), piirates
nende kasulikkust proaktiivsete ja jatkusuutlike otsuste tegemisel.

Viitekiri edendab ex-ante LCA kasutamist, mis hindab voimalikke keskkon-
namdjusid teadus- ja arendustegevuse etapis, voimaldades varasemaid sekkumisi
ja jatkusuutlikumaid tootedisainilahendusi. Nisu tootmise kontekstis integreerib
viitekiri masindppe LCA-ga, et ennustada ja leevendada keskkonnamdjusid,
nagu kasvuhoonegaaside heitkogused ja ressursikasutus. See ldhenemisviis
on eriti kooskdlas Euroopa Liidu rohelise kokkuleppega, mille eesmérk on
vihendada siisinikuheidet kdigis sektorites, sealhulgas pdllumajanduses. ML-i
integreerimine LCA-sse mitte ainult ei paranda LCA ennustamisvdimekust, vaid
muudab selle ka tdlgendatavamaks ja sidusrithmadele rakendatavaks.

Pollukultuuride haiguste tuvastamine: Pollukultuuride haigused, eriti need,
mis mojutavad pohikultuure nagu nisu, kujutavad endast mirkimisvéirseid ohte
iilemaailmsele toiduga kindlustatusele. Nisu roostetriibuhaigus, mille pdhjusta-
jaks on seenpatogeen Puccinia striiformis, on iiks kdige laastavamaid nisukultuuri
mojutavaid haigusi. Traditsioonilised haiguste tuvastamise meetodid, mis tugine-
vad suures osas késitsi inspekteerimisele, ei ole ulatuslikud ja on vigadele altid.
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Viitekiri pakub vilja uue AutoML-i raamistiku, mis hdlmab kontekstitund-
likku tunnusjoonte inseneeriat, et parandada nisu roostetriibuhaiguse tuvastamise
tdpsust ja efektiivsust. Kasutades mehitamata dhusdidukitega kogutud pilte ja
arenenud pilditootlusvotteid, tiletab raamistik tdpsuse ja arvutusliku efektiivsuse
osas traditsioonilised siivaGppemudelid nagu ResNet-18. See ldhenemisviis mitte
ainult ei lihtsusta haiguste tuvastamise protsessi, vaid suurendab ka jalgimissiis-
teemide mastaapsust, muutes nende rakendamise suurtele pdllumajanduslikele
aladele teostatavaks.

Kokkuvote: Viitekiri jdreldab, et arenenud masindppetehnikate integreeri-
mine valdkonnapohiste teadmistega parandab oluliselt véimet késitleda pdollu-
majanduse votmeprobleeme. Parandades nende mudelite tdlgendatavust, tdpsust
ja efektiivsust, panustab uurimistod jitkusuutlikumate ja vastupidavamate agri-
toidusiisteemide arengusse. Tulevased uurimused voiksid uurida nende tehni-
kate laiemat rakendamist erinevatel pollukultuuridel ja keskkondades, tdienda-
valt tdiustades mudeleid ja raamistikke, et kisitleda ilemaailmse pdllumajanduse
arenguvajadusi. Lisaks on tehisintellekti mudelite energiatarbimise vihendamise-
le suunatud jitkuvad joupingutused, nagu rohutatakse viitekirjas, kriitilise téht-
susega, et viia pdllumajanduslikud uuendused vastavusse keskkonna jatkusuutlik-
kuse eesmérkidega.
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