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Abstract

Livestock farming is a significant contributor to global methane emissions, primarily through
enteric fermentation and manure management, with disproportionate impacts on agricultural
sustainability in developing regions like rural Kenya. This study addresses the critical gap be-
tween available mitigation strategies and their practical adoption by developing an Al advisory
system combining evidence-based research with machine learning.The system implements a
Retrieval-Augmented Generation (RAG) architecture utilizing three specialized components;
HuggingFace’s al1-MiniLM-L6-v2 model for 384-dimensional semantic embeddings of agri-
cultural literature, Meta’s L1ama3. 2: 1B model (deployed via Ollama) with constrained gener-
ation parameters (temperature=0, top_k=20) for reproducible outputs, and ChromaDB’s cosine
similarity indexing for context-aware retrieval. Document processing incorporates fuzzy dedu-
plication (90% similarity threshold) and semantic chunking (1000-character units with 100-
character overlap) to optimize knowledge representation.Performance evaluation on 20 repre-
sentative queries demonstrated 85% citation accuracy through manual Digital Object Identi-
fier (DOI) verification, with 75% of responses rated as technically sound in preliminary de-
veloper assessments. While current local deployment on consumer hardware (Intel 15, 16GB
RAM) yields 20-30 second response times, the architecture supports horizontal scaling through
cloud hosting or edge optimization for field deployment.This work contributes a modular frame-
work for climate-smart livestock management, demonstrating how lightweight Al systems can
bridge research and practice. Future integration pathways include Tier 3 emission methodolo-
gies and offline capabilities for connectivity-limited regions, advancing both climate targets and

agricultural equity.

Keywords:Greenhouse Gases Emissions, Generative Al, Enteric Emmisions, Machine Learn-

ing.
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Chapter 1: Introduction

1.1 Background
1.1.1 Dairy Farming’s Role in Global Emission

Livestock is a major contributor to Global greenhouse gas (GHG) emissions, primarily through
methane and nitrous oxide, which together account for approximately 14.5% of total global
GHG emissions, (Musa, 2020); (Hoque et al., 2022). GHG emissions from livestock farming are
primarily through enteric fermentation and manure management (Neethirajan, 2024);(Tamilsel-
van and Tyagi, 2024). Methane (CH4) is a by-product of enteric fermentation, a normal diges-
tive process in ruminants, where stomach microorganisms break down food (Cholewinska et al.,
2020); (Ungerfeld et al., 2023). Burping is the main way that CH4 is released.The IPCC states
that methane’s global warming potential is roughly 28 times greater than CO2 over a 100-year

period (Liu et al., 2021); (Dobson et al., 2023); (Parker, 2021).

Methane emissions from livestock have been increasing fourfold over the past 130 years, ris-
ing from 31.8 Tg CH4 in 1890 to 131.7 Tg CH4 in 2019(Zhang et al., 2022). This increase is
primarily driven by non-dairy cattle, with significant growth in regions like South Asia, trop-
ical Africa, and Brazil. Emissions have slowed in developed regions but continue to rise in
developing areas, influenced by livestock population growth and changing diets (Zhang et al.,
2022).The international trade of livestock products has amplified this issue, with emissions from
their production reaching 92.0 MT in 2017 (Wang et al., 2022). Within Canada’s dairy sector,
enteric fermentation is a significant contributor to greenhouse gas emissions. Strategies like re-
ducing fermentable substrates in the rumen by diet modifications and reducing methanogenesis
with feed additives like lipids or nitrates have been proposed as ways to limit these emissions

(Beauchemin et al., 2020); (Honan et al., 2021).

Manure management on dairy farms is a major contributor to greenhouse gas (GHG) emissions,
particularly methane and nitrous oxide (N20) (Rivera and Chard, 2021). Methane is generated
when manure is stored and handled under anaerobic conditions, whereas nitrous oxide, whose
global warming potential is 265 times that of CO2 is primarily released during manure storage
and field application (Costa et al., 2021); (Rotz et al., 2021). The production of N20O stems
from soil nitrification and denitrification processes, which are exacerbated by the application of

nitrogen-rich manure. Implementing improved manure management strategies, such as aerobic



composting and anaerobic digestion, can help reduce these emissions while also enabling the

conversion of manure into biogas, a renewable energy source (Khoshnevisan et al., 2021).

To address these challenges, various mitigation strategies have been proposed, including im-
proved manure management, enhanced diets to reduce enteric fermentation, more efficient fer-
tilizer use (Musa, 2020); (Hoque et al., 2022), feed and waste additives also show potential
for further reducing emissions (Peterson and Mitloehner, 2021). In addition the estimation of
livestock emissions is based on the Tier methodologies outlined by the IPCC (2019) which aids
in the estimation of livestock emissions using emission factors. Emerging technologies like
Big Data and Artificial Intelligence offer promising solutions for optimizing feed efficiency,
manure management, and energy utilization (Neethirajan, 2024). Current mitigation strategies
exist, but there is a gap in providing a platform for education and a data-driven Decision Support

System to guide livestock farmers in implementing these strategies effectively.

1.1.2  Precision Dairy Livestock Farming

Precision livestock farming (PLF) is an advanced livestock management approach that incor-
porates principles from process engineering (Wathes et al., 2008). It leverages innovations in
animal science alongside information and communication technologies to enhance livestock
production. A fundamental goal of PLF systems is the continuous and automated monitoring
of animals, enabling farmers to optimize key aspects such as feeding strategies, growth rate
management, and animal health (Berckmans, 2006). Ultimately, PLF aims to enhance farm
profitability, efficiency, and sustainability (Banhazi et al., 2012). Within the PLF framework,
precision livestock feeding ensures that animals receive the appropriate quantity and composi-
tion of feed at the right time. This approach can be applied at the group level (Parsons et al.,
2007); (Cangar et al., 2008); (Niemi et al., 2010) or customized for individual animals within
a herd (Pomar et al., 2009); (Andretta et al., 2014). Effective implementation of precision live-
stock feeding requires specialized technologies, including devices for monitoring feed intake
and animal weight, computational tools to estimate real-time nutrient requirements, and ad-
vanced feeding systems that deliver precise feed compositions to align with specific production

objectives.



1.1.3 The Role of Generative Al in Reducing Methane Emissions

Recent research highlights the potential of generative Al and Al-powered decision support sys-
tems in promoting sustainable agriculture. These technologies can enhance productivity, opti-
mize resource usage, and provide data-driven insights for farmers (al. Chhaya Narvekar, 2023);
(Asolo et al., 2024). Al applications in agriculture include resource optimization, crop yield
prediction, disease identification and soil analysis (al. Chhaya Narvekar, 2023). The integra-
tion of Al in agriculture addresses challenges such as climate change, resource limitations, and

increased food demand (al. Chhaya Narvekar, 2023); (Ray, 2023).

Recent research explores innovative approaches to reduce methane emissions in livestock farm-
ing using Al technologies. (Parmar et al., 2024) developed an Al-driven benchmarking tool for
Canadian dairy farms, utilizing machine learning to identify emission hotspots and forecast
trends. (Nejad et al., 2024) reviewed conventional and Al-powered methods for methane de-
tection, emphasizing the need for region-specific formulas. (Altshuler et al., 2023) used Al to
predict feed additive efficacy in dairy cows, demonstrating potential for a 27% reduction in

emissions through targeted strategies.

Various mitigation techniques were discussed by (Kroliczewska et al., 2023), including dietary
modifications, genetic selection, and feed additives. While chemical interventions have shown
promise, concerns about health and consumer acceptance persist. Genetic selection and bio-
logical feed additives emerge as promising approaches, though further research is needed to
validate their effectiveness in reducing methane production by ruminants (Kroliczewska et al.,

2023).

1.2 Problem Statement

Livestock production is a significant source of global greenhouse gas emissions, contributing
approximately 14.5% of total human-induced emissions (Musa, 2020); (Bekuma et al., 2018).
Methane and nitrous oxide are the primary greenhouse gases emitted by livestock (Musa, 2020).
Several mitigation strategies have been proposed to reduce these emissions. Dietary manipu-
lation, improved production efficiency, and genetic management can reduce enteric methane
emissions (Musa, 2020); (Bekuma et al., 2018). Manure management techniques, including

frequent removal, acidification, and anaerobic digestion, effectively reduce emissions during



storage and treatment (Yan et al., 2024). For manure application, shallow injection can signif-
icantly reduce ammonia emissions, though it may increase nitrous oxide emissions (Yan et al.,
2024). A combination of strategies—such as carbon pricing, feeding management, and breed-
ing management—is seen as the most feasible and sustainable approach to mitigating livestock
emissions (Kumari et al., 2019). However, the implementation of these strategies must take
into account mitigation efficiency, technical feasibility, local regulations, and cost-effectiveness

(Yan et al., 2024).

Capacity building for sustainable livestock management involves enhancing technical skills re-
lated to methane reduction practices, such as improved feed efficiency, manure management,
and animal nutrition, which are essential for reducing livestock-based greenhouse gas emis-
sions. In South Africa, enhancing the adaptive capacity of pasture-based livestock farmers
is essential for coping with climate-related events and production constraints (Oduniyi et al.,
2020). For women farmers in particular, who contribute significantly to livestock rearing, there
is a need for targeted capacity building programs to improve their knowledge and skills in mod-
ern livestock management practices (Pandey et al., 2020). In Nepal, strategies for sustainable
livestock production focus on improving animal nutrition, including enhancing feed digestibil-
ity, preserving seasonal forages, and developing novel protein sources for monogastric animals.
These efforts require strong policies supporting capacity building, research infrastructure de-

velopment, and collaboration between research and industry sectors (Khanal et al., 2022).

While various mitigation strategies have been proposed to reduce livestock emissions, their
widespread implementation remains limited, especially in developing regions where capacity-
building efforts have been insufficient. This study aims to address this gap by focusing on
targeted capacity building, with particular emphasis on empowering women farmers, to reduce
emissions through sustainable livestock management practices. By enhancing technical skills
in areas such as feed efficiency and manure management, this research could contribute sig-
nificantly to achieving climate goals and the United Nations Sustainable Development Goals
(Bloomfield et al., 2018). Additionally, the findings could influence policy recommendations
that support region-specific mitigation strategies and bolster resilience to climate change in

vulnerable communities (Khanal et al., 2022).



1.3 Research Aim

This study intends to develop a machine-learning-based advisory system offering personalized,
actionable recommendations for methane emissions reduction in dairy livestock farming.

1.4 Research Objectives

This research aimed to address the following objectives:

(a) To structure agricultural text data (research papers, surveys) into a retrieval-optimized

knowledge base using NLP techniques such as semantic chunking and embeddings.

(b) To develop a RAG based generative Al advisory system that provides optimized feeding

and manure practice recommendations to reduce methane emissions.
(c) To validate the advisory system’s recommendations through comparative benchmarking
against alternative NLP architectures, assessing accuracy and practical relevance.
1.5 Scope and Limitations of the Study
1.5.1 Scope

This study focuses on addressing methane emissions from livestock farming in rural Kenya, em-
phasizing enteric fermentation and manure management as primary contributors. It integrates
generative Al and local Large language models (LLMs) to develop a personalized, text-driven

advisory system for smallholder farmers.
The study will include the following key components:

(a) The use of local LLMs for generating tailored text-based recommendations, leveraging

machine learning for emissions predictions and optimization strategies.
(b) Incorporation of secondary data from surveys, field trials, and industry benchmarks, along
with textual agricultural guides and localized content for LLM training.
1.5.2 Limitations
Here are some of the limitations of this research work:

(a) Although local LLMs are tailored to Kenyan smallholder farmers, regional variations in



language use, livestock practices, and climate conditions may require further customiza-

tion for broader applicability.

(b) Local implementation of generative Al models may be resource-intensive, posing chal-

lenges for scalability without sufficient computational infrastructure.

(c) Adoption of generative Al-driven advisory tools may be constrained by limited digital

literacy, access to mobile devices, and internet connectivity in rural settings.

(d) While the system has undergone technical validation using established NLP evaluation
metrics, its effectiveness in real-world agricultural settings remains an open area for future

research.

1.6 Research Justification

Livestock farming, in particular, plays a significant role in global GHG emissions, contributing
substantial amounts of methane and nitrous oxide due to enteric fermentation and manure man-
agement processes, (Neethirajan, 2024). However, livestock farming is also key to achieving
sustainable development goals, including poverty reduction and food security. Various mit-
igation strategies, such as the adoption of bio-gas systems, pasture-based practices, improved
waste management, and optimized feed, can help reduce emissions. Moreover, providing exten-
sion support and education to livestock farmers is crucial for successfully implementing these

sustainable practices.

By exploring how generative Al models can be applied to methane emission tracking, this study
not only aims to address the significant challenge of methane emissions in livestock farming but
also to demonstrate how advanced Al tools can optimize farming practices through predictive
modeling and data integration. Factors like feed quality, animal genetics, and seasonal varia-
tions are critical in influencing methane output, and generative Al offers a novel approach to

consider these variables in a comprehensive and efficient manner.



Chapter 2: Literature Review

This chapter reviews both empirical and theoretical literature on the application of generative
Al and precision livestock farming in methane reduction strategies. With a focus on addressing
emissions from enteric fermentation and manure management, the review explores existing
frameworks, methodologies, and practical studies to establish the current state of knowledge,

identify research gaps, and uncover opportunities to develop farmer-oriented advisory solutions.

2.1 Theoretical Literature Review
2.1.1 Greenhouse gases overview

The Earth’s atmosphere contains various gases, including greenhouse gases like carbon dioxide
(CO2), methane (CH4), and nitrous oxide (N20), which play a crucial role in regulating global
temperature (Nakazawa, 2020). These gases absorb infrared radiation, trapping heat and warm-
ing the planet through the greenhouse effect (Jogdand, 2020). The greenhouse effect is essential
for sustaining life however, human activities have significantly increased greenhouse gas con-
centrations, leading to global warming and climate change (Reichle, 2020). As atmospheric
CO2 levels have increased from about 270 parts per million to over 415 parts per million over
the last 150 years, temperature, precipitation patterns, and carbon chemistry have all changed
(Reichle, 2020). One of the main sources of methane emissions in agriculture is livestock, es-
pecially ruminants (Patil et al., 2022). Despite being less prevalent than CO2, methane traps

thirty times more heat.

2.1.2 Precision Livestock Farming and Emission Management

Studies have shown that PLF technologies can indirectly reduce emissions by enhancing over-
all farm efficiency, with improvements in fertility and yield leading to significant reductions in
emissions per unit of product (Ferguson et al., 2024). The integration of PLF with computer
modeling, particularly the combination of concept-driven mechanistic models and data-driven
artificial intelligence, shows promise for optimizing production efficiency and sustainability
(Tedeschi et al., 2021). However, challenges remain, including data quality issues and analyt-
ical complexities associated with sensor data in PLF implementation (Thumba et al., 2021);

(Niloofar et al., 2021).



2.1.3 Generative Al and Large Language Models (LLMs)

Generative Al and LLMs have emerged as transformative technologies, revolutionizing numer-
ous sectors by leveraging vast datasets to generate human-like text and other media. Models
such as ChatGPT and DALL-E exemplify this innovation (Cobb, 2023). Recent advancements
in LLM technology include the development of specialized models like small LLMs (sLLMs),
designed to address hardware limitations, and techniques such as Reinforcement Learning with
Human Feedback (RLHF), which enhance model performance (Linkon et al., 2024); (Ferrag
et al., 2024).

2.1.4 Generative Al in Agriculture

Generative Al is increasingly being applied to decision support systems (DSS) in agriculture
to optimize crop management and improve sustainability. These systems leverage various Al
techniques, such as data mining, artificial neural networks, and Bayesian networks, to process
input data and provide actionable insights (Armstrong et al., 2020). Recent advancements in Al-
powered DSS integrate real-time data from digital and space-based technologies, incorporating
blockchain for data integrity and enhanced cybersecurity measures (Pechlivani et al., 2023).
These systems focus on improving precision information, generating accurate alerts, and deep-
ening the understanding of complex farm systems (Smith, 2020). Studies have identified 12
distinct Al techniques and 73 input variables employed in agricultural DSS, with climate vari-
ables being the most frequently used (Carranza et al., 2020). While some solutions automate
agricultural processes through actuators, others provide tailored recommendations to farmers,
demonstrating the broad scope of Al applications in agricultural decision-making, (Carranza

et al., 2020);(Smith, 2020).

2.1.5 Challenges and opportunities in livestock management

Livestock management faces numerous challenges globally, including climate change, poor vet-
erinary care, and inadequate breeding resources (Eeswaran et al., 2022); (Moller et al., 2023).
In West Africa and Bangladesh, specific issues like water scarcity and natural hazards further
complicate livestock farming (Eeswaran et al., 2022);(Moller et al., 2023). However, emerging
technologies offer opportunities for improvement. Unmanned Aerial Vehicles (UAVs) show

promise in animal monitoring, detection, and tracking, although their adoption faces environ-



mental, technical, and economic hurdles (Alanezi et al., 2022). Precision livestock farming
(PLF) technologies are transforming confined operations, with potential applications in exten-
sive systems like rangelands (Menendez et al., 2022). Successful implementation of PLF re-
quires a five-step process, emphasizing the need for precision system models (PSMs) to align
with management goals and avoid unintended consequences (Menendez et al., 2022). Address-
ing these challenges and leveraging technological opportunities could significantly enhance
livestock production systems worldwide. With the growing need for effective tracking and
mitigation strategies, emerging technologies such as generative Al offer promising tools for

improving methane emission monitoring

2.1.6 Ethical Implications of Al in Carbon Footprint Management

(Bhuiyan, 2024), The integration of Al in carbon footprint management introduces significant
ethical implications that must be addressed to promote social equity and environmental justice.
It is crucial to ensure that Al technologies do not disproportionately impact vulnerable commu-
nities, which have historically faced environmental injustices. Moreover, the potential for bias
in Al algorithms necessitates continuous scrutiny to guarantee fair resource distribution and ef-
fective emission reduction strategies. Transparency and explainability in Al decision-making
processes are vital, allowing stakeholders to understand and trust the outcomes of Al-driven ini-
tiatives. Finally, inclusive decision-making that incorporates diverse perspectives is essential

to creating equitable environmental policies.

2.1.7 Limitations of General-Purpose LL.Ms in Agricultural Advisory Systems

Recent advancements in artificial intelligence (Al) and natural language processing (NLP) have
led to the development of powerful LLMs such as GPT-4 (ope, 2024) and Llama 2 (Touvron
et al., 2023). These models have demonstrated exceptional performance across a range of do-
mains including coding, medicine, law, and psychology, often approaching human-level rea-
soning (Bubeck et al., 2023); (Nori et al., 2023). The integration of Al copilots powered by
LLMs is increasingly transforming business operations across diverse industries, assisting in
complex decision-making and streamlining data workflows. For example, in healthcare, Al
copilots help anticipate patient risks and enhance diagnostic accuracy, while in manufacturing,
they improve efficiency, reduce equipment downtime, and enhance product quality (Li et al.,

2023), (de Luis Balaguer et al., 2024).



2.2 Empirical Literature Review
2.2.1 Methane Emissions Reduction through Precision Livestock Farming (PLF)

In New Zealand, a key player in the dairy industry, methane emissions from enteric fermenta-
tion in cattle are a significant environmental concern. By adopting PLF technologies, includ-
ing sensors to monitor animal feeding and manure management, the country has seen a 10%
reduction in methane emissions per unit of product. This approach not only improves farm
sustainability but also aligns with New Zealand’s climate goals. Similarly, in Sweden, efforts
to reduce methane emissions from livestock farming have been successful with the integration
of Al-powered systems that monitor cattle feeding behavior. This solution has led to a 15%
reduction in methane emissions, improving both farm efficiency and sustainability, supporting

the country’s ambitious environmental targets (Ferguson et al., 2024); (Tedeschi et al., 2021).

In Denmark, where the agricultural sector is a major contributor to greenhouse gas emissions,
Al-based manure management systems have been introduced to optimize waste processing.
This initiative has successfully reduced methane emissions from manure by up to 20%. The
implementation of these technologies has allowed for greater environmental compliance and
economic benefits for farmers by enhancing manure management practices. Meanwhile, in
South Africa, PLF technologies integrated with Al systems have been applied in extensive
livestock operations, leading to a reduction in methane emissions by 8-10%. These systems
monitor grazing patterns and manage livestock behavior to minimize emissions while ensuring

better resource utilization (Smith, 2020); (Menendez et al., 2022).

2.3 Al and Generative Al for Farm Management

The role of Generative Al in agriculture is becoming more prominent, especially for decision
support systems (DSS) that optimize livestock management. In Brazil, generative Al models
have been used to predict methane emissions based on various factors, including feeding habits,
animal health, and environmental data. This approach has led to a 10-15% reduction in methane
emissions through optimized feed management and farm practices. Moreover, in India, the
integration of Al for feed optimization in the dairy sector has reduced methane emissions by
7%. The Al-based system enhances feeding efficiency, ensuring more sustainable practices in
dairy farming, thereby improving both farm profitability and environmental impact (Patil et al.,

2022); (Reichle, 2020).
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In New Zealand’s sheep farming sector, Al and IoT technologies have been integrated to mon-
itor feeding behavior and methane production in real time. This system has resulted in a 10%
reduction in methane emissions by optimizing the feed types and schedules. These advance-
ments highlight the growing importance of Al in improving farm practices and reducing GHG
emissions. Similarly, in Mexico, Al has been applied to monitor methane emissions in cat-
tle farming, allowing for more accurate real-time tracking and enabling better decision-making.
This has contributed to greater transparency in emission reduction efforts, aligning with national

climate policies (Pechlivani et al., 2023); (Thumba et al., 2021).

2.3.1 Innovative Technologies in Livestock Monitoring

The use of Unmanned Aerial Vehicles (UAVs) in livestock monitoring is becoming increasingly
popular due to their ability to provide real-time data on animal health and behavior. In Aus-
tralia, UAVs equipped with sensors have been used to monitor livestock and track emissions,
helping farmers detect high-emission animals and implement targeted interventions. This tech-
nology has significantly improved both livestock management and methane emission reduc-
tion, particularly in large-scale operations. Additionally, in Brazil, UAVs have been integrated
into livestock emission monitoring systems, allowing for efficient data collection and targeted
emission reductions. This method has enhanced emission tracking and the overall efficiency of
farm management practices, reducing methane emissions and improving sustainability (Alanezi

et al., 2022); (Menendez et al., 2022).

2.3.2 Impact of Al and Blockchain Integration in Emission Management

The integration of blockchain and Al for carbon footprint management has shown promising
results in Colombia, where livestock farming contributes significantly to methane emissions.
Blockchain’s ability to ensure data integrity and transparency, coupled with AI’s predictive ca-
pabilities, has allowed for more accurate monitoring and verification of methane emissions.
This solution not only enhances the efficiency of emission reduction strategies but also ensures
that farmers can meet international climate standards. The combination of these technologies
is also being explored in Argentina, where advanced machine learning models are used to pre-
dict and reduce methane emissions in beef production. The result has been a 20% reduction in
methane emissions through improved herd management practices and feed optimization (Car-

ranza et al., 2020); (Linkon et al., 2024).
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2.3.3 Machine Learning Models for Methane Emission Prediction

A study (Shadpour et al., 2022) explored the application of milk mid-infrared spectroscopy
(MIRS) data to estimate methane (CH4) emissions in lactating Canadian Holstein cows, aiming
to address the challenge of CH! | emission estimation in large cattle populations. The research
analyzed 181 weekly average CH4 measurements from 158 Canadian cows and 217 records
from 44 Danish cows, incorporating data on milk yield (MY), fat yield (FY), protein yield

(PY), and other production traits.

Various machine learning approaches were employed, including artificial neural networks (ANN),
partial least squares regression (PLS), and different predictor sets (e.g., MY, FY, PY, and
MIRS), with ANN models using nonlinear architectures and random cross-validation to assess
predictive accuracy. The study found that MIRS data alone, or combined with production traits,
provided superior predictions of CH4 emissions, with ANN models yielding the best perfor-
mance. The inclusion of MIRS resulted in higher prediction accuracy (r = 0.586-0.717, RMSE
=69.09-96.20) compared to other sets. Cross-validation using random sampling showed better
results than block cross-validation, highlighting the need for more data to refine the models for

large-scale prediction of CH4 emissions.

The study by (Zhang et al., 2020a), investigates the relationship between ruminal microbiota
composition and methane emissions in livestock, addressing the limitations of traditional lin-
ear models in accurately quantifying the effects of microbiota on methane emissions. Using
microbial operational taxonomic units (OTUs) and methane emissions data, the authors incor-
porated host genetic factors into their analysis. Employing a four-component Bayesian mixture
model, they classified microbial OTUs into four levels of effect sizes, providing a more flexible
estimation of microbiota impacts compared to linear models. The study found that microbiota
accounted for 7% of the variance in methane emissions, with host genetics explaining 24% and
the combined model explaining 31%. Notably, genera like Coriobacteriaceae were identified

as significantly associated with methane emissions (Zhang et al., 2020a).

2.3.4 Retrieval-Augmented Generation in Livestock Emission Monitoring

According to (Han et al., 2024), Retrieval-Augmented Generation (RAG) enhances large lan-
guage models (LLMs) by integrating real-time information retrieval, overcoming the limitations

of static, pre-trained knowledge. This framework consists of three primary processes: retrieval,
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which gathers relevant information from various sources; augmentation, which enriches the re-
trieved data with additional context; and generation, where the LLM produces the final response

based on the augmented content.

RAG-based LLMs hold significant potential for automating tasks such as data extraction, sum-
marization, research synthesis, and trend identification in systematic literature reviews (SLRs).
A proposed framework for automating SLRs using RAG-based LLMs consists of four stages:
literature search, literature screening, data extraction, and information synthesis. This approach
aims to enhance efficiency in knowledge synthesis and streamline the SLR process. However,
further research is needed to optimize the interplay between LLM selection, RAG method-
ologies, and prompt engineering. Key challenges include integrating domain-specific LLMs,

processing multimodal data, and utilizing diverse retrieval sources effectively.

Artificial Intelligence (AI) holds great promise for transforming healthcare by addressing chal-
lenges like supply-and-demand imbalances through innovations such as medical Al assistants,
chatbots, and robots. This paper by (Bora and Cuayahuitl, 2024), examines the integration of
RAG with fine-tuned LLMs to enhance performance in resource-constrained environments, par-
ticularly for medical data. The study evaluates open-source LLMs, including Flan-T5-Large,
LLaMA-2-7B, and Mistral-7B, fine-tuned with medical datasets like Meadow-MedQA and
MedMCQA.

It compares models using RAG and fine-tuning, alongside base models with or without these
techniques. The findings reveal that RAG and fine-tuning significantly improve performance,
with standard question answering (Type A) outperforming the language generation approach
with confidence scores (Type B). Among the models, Mistral-7B demonstrated the best accu-
racy, achieving 5% exact match accuracy in multiple-choice question evaluations when fine-
tuned with RAG. Although Flan-T5-Large was the fastest, its performance was lower, sug-
gesting it is better suited for speed-focused tasks. LLaMA-2-7B offered a balanced trade-off
between speed and accuracy. The study concludes that RAG-based LLMs have the potential to
support healthcare providers in answering medical queries efficiently and could be integrated
into clinical workflows and patient education. Future research should focus on real-world test-

ing and optimizing models for near real-time response generation (Bora and Cuayahuitl, 2024).
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2.3.5 RAG vs. Fine-Tuning: Empirical Insights from Agricultural Al

Recent empirical research has compared the effectiveness of Retrieval-Augmented Generation
(RAG) and fine-tuning for domain-specific LLM applications in agriculture. In benchmarking
LLaMA 2, GPT-3.5, and GPT-4, the study found that RAG improved accuracy by around five
percentage points when grounded in contextually relevant data, while fine-tuning added another
six points but required more data and computational effort. Fine-tuned models offered more
concise, domain-specific outputs, but RAG proved more flexible and cost-efficient, especially
for scenarios requiring frequent updates or local adaptations. The same work also introduced
a pipeline for generating agricultural Q&A datasets using GPT-4 and structured document pro-
cessing supporting modular, scalable systems like FarmerVICE. These findings reinforce the

choice of RAG in this study while identifying fine-tuning as a promising future enhancement.

2.4 Research Gap

Existing literature highlights the significant role of livestock farming in global methane emis-
sions, particularly from enteric fermentation and manure management. While various mitiga-
tion strategies have been proposed, their adoption remains limited in resource-constrained en-
vironments like rural Kenya due to insufficient capacity-building initiatives, a lack of tailored
solutions, and inadequate technical resources. Although machine learning has shown poten-
tial for enhancing emissions predictions and guiding climate-smart practices, current models
fail to provide context-specific, scalable tools suitable for smallholder farmers. This research
addresses these gaps by developing a machine-learning-based advisory system offering person-
alized, actionable recommendations for methane emissions reduction in livestock farming.The
study will be instrumental in advancing localized Tier 2 methane emissions estimation method-

ologies, contributing to ongoing research and fostering future innovations in the field.
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Chapter 3: Methodology

3.1 Research Design

This study follows a mixed-methods research design, integrating quantitative and qualitative
approaches to develop and evaluate an Al-powered farmer advisory system for methane re-
duction in cattle farming. The quantitative component applies the structured Cross-Industry
Standard Process for Data Mining (CRISP-DM) methodology to guide Al model development.
The CRISP-DM framework, enhanced with modern Large language model (LLM) practices,
is used to develop a farmer advisory system that leverages RAG architecture and the Llama
3.2-3B model. The qualitative component consists of expert consultations and iterative feed-
back from farmers and agricultural specialists to refine the system’s usability and relevance.
The implementation consists of seven integrated components (Figure 3.1), each addressing key
challenges in agricultural Al systems. This mixed-methods approach ensures that Al-driven

recommendations are both data-driven and contextually relevant.

Business Data
Understanding Understanding

Data
Preparation
Modeling

Deployment

wlu

Figure 3.1: CRISP-DM framework (Wikimedia Commons, 2020)

To make sure the model-building process is concentrated on the most relevant data for decision
making, the first two stages, business understanding and data understanding, are essential. To
address the identified research gap, Figure 3.4 (Conceptual Framework) illustrates how the pro-
posed Artificial Intelligence (Al)-powered farmer advisory system integrates data retrieval, gen-
erative Al processing, and farmer feedback loops to generate actionable recommendations for

methane emission reduction. This framework ensures that Al-generated insights are grounded
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in evidence-based research, enhancing transparency and interpretability.

3.2 Data Understanding
3.2.1 Data Collection from the CORE Repository

This study will utilize the CORE repository’s API to programmatically retrieve academic papers
and research articles. The CORE repository provides access to over 32 million full-text research
papers from nearly 11,000 institutional, preprint, and publisher repositories worldwide (Knoth
et al., 2023), making it an ideal resource for exploring contemporary advancements in livestock

methane emissions, Al-driven emission tracking, and mitigation strategies.

3.2.2 Sample Size Justification

For the initial phase, 100 research papers will be selected based on relevance, recency (2021—
present), and their credibility as open-access publications aggregated from institutional reposi-

tories and journal publishers in the CORE dataset.

Sample size is iteratively assessed. As model performance is evaluated, additional research
papers will be integrated to enhance coverage and accuracy. A purposive sampling approach,
using targeted queries and temporal filters, ensures that the dataset remains focused, relevant,
and expandable over time. Feedback from farmers and domain experts will further refine the

dataset to align with real-world agricultural challenges.

3.2.3 Data Processing

The API returns responses as JavaScript Object Notation (JSON) objects containing metadata
and full-text documents. These will be processed to extract key fields (title, abstract, publication

year) and stored in a structured format, a Pandas DataFrame for downstream analysis.

The study will employ targeted queries combining specific keywords and temporal filters (2021—
present) to retrieve relevant literature. Queries such as “livestock emissions year >2020 are
designed to identify trends and factors influencing methane emissions across key species, in-
cluding cattle, sheep, goats, and swine. “Livestock manure management year >2020 focuses
on recent innovations in manure handling practices aimed at emission reduction. Meanwhile,
’livestock emissions mitigation strategies year >2020” highlights emerging approaches, such as

dietary modifications, selective breeding, and the application of PLF technologies. To address
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policy dimensions, the query ”Paris Agreement year >2021” captures research on the accord’s
implications for livestock-related emission targets. Additionally, ”Precision Livestock Farming
>2021” examines advancements in data-driven management systems for sustainable operations,
while ”Carbon emissions >2021” provides broader insights into agricultural carbon footprints

and the sector’s contribution to climate change.

The study intends to start with a sample size of 5 and iteratively refined as the advisory sys-
tem is deployed. By leveraging CORE’s open-access infrastructure and targeted query design,
this approach ensures the dataset reflects the latest advancements in methane mitigation while

grounding the Al-driven advisory system in evidence-based research.

3.3 Data Preparation
3.3.1 Document Loading

The fetched JSON objects will be parsed to extract key fields, including title, abstract,
full_text, and publication_year. These fields will be loaded into a structured format, such
as a Pandas DataFrame, to facilitate pre-processing and analysis. This step ensures that the raw
data is transformed into a usable format, ready for downstream tasks such as text splitting and

storage.

3.3.2 Text Splitting

To preserve contextual integrity and capture nuanced information, the text will be split into
smaller chunks using LangChain’s ‘RecursiveCharacterTextSplitter‘. A chunk size of 2000
tokens with an overlap of 300 tokens will be employed to balance granularity and context re-
tention, ensuring that semantic relationships between chunks are maintained. This approach is
particularly effective for handling large documents while preserving the semantic relationships

between chunks.

3.3.3 Creating Embedding

This study will utilize embedding models to convert text into fixed-length numerical vectors,
capturing the semantic meaning of the text. These embeddings serve as numerical fingerprints,
enabling search systems to identify relevant documents based on semantic similarity rather than

keyword matching. Specifically, the study will employ LangChain’s OllamaEmbeddings li-
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brary, which is well suited for localized models and ensures efficient processing of domain-

specific text.

3.3.4 Storage

Once the embeddings are generated, the embeddings will be stored in a vector database. A
vector database stores data as high-dimensional vectors, which are numerical representations
of features or attributes. These vectors, often generated using embedding functions like machine
learning models or word embeddings, enable efficient similarity search and retrieval, making

them ideal for handling unstructured data such as text, images, and audio (Han et al., 2023).

This study aims to utilize the Chroma vector database for storage. Chroma is an open-source,
Al-native database designed to streamline the development of LLM-powered applications. Its
native metadata support and lightweight architecture make it an ideal choice for efficiently
storing and retrieving embeddings, while also enabling seamless integration of domain-specific

knowledge into LLMs.
3.4 Machine Learning Model

3.4.1 Transformer Architecture

It predicts text based on a given prompt, as seen in models like GPT and LLaMA. In this autore-
gressive setup, the model iteratively predicts the next token based only on previous tokens, a
process known as decoder-only generation. While there is a practical maximum context length,
we assume sequences of arbitrary length for simplicity (Frieder et al., 2024). In figure 3.2 we

can see that of a transformer model.
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Figure 3.2: Transformer Model Architecture (Raiaan et al., 2024)

We define the shorthand notation S* := |, S™ for a set S, which represents the set of se-
quences s = (s¥)", C S of any length n € N. For a function F' : S; — S,, we use
F*: S7 — S5 to denote the mapping applied entrywise, as follows:

n

F*(s) := (]7(3(")))1.:1 .
Tokenization K. To define tokens, we consider an injective mapping K : A* — T™, converting
a sequence of characters a = (a(?)Y | in an alphabet A to a sequence of tokens (¢()"_,, where
T :={1,2,..., M}. Rather than encoding each character individually (such as Unicode), sub-
word tokenization is often used in LLMs. This method creates a vocabulary by merging frequent

character sequences, balancing sequence length n and vocabulary size M. For example, GPT-4

tokenizes “discontinuity” into subwords: “dis,” “contin,” and “uity” (Frieder et al., 2024).

Embedding £. (Frieder et al., 2024) The transformer is a neural network 7 : £* — &£* that
converts a series of embeddings e to another sequence of the same length that is enhanced with
contextual information. In an autoregressive setting, the i-th element of 7 (e) is dependent on
all previous embeddings but independent of those that follow. A Euclidean space £ := R? is
used to map tokens (represented by subword indices) using an embedding function £ : T — &.

The distance ||€(t®) — £(¢())|| should illustrate the linguistic resemblance between subwords
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t@ and tY). The transformer model and the embedding are usually trained together, with the

embedding being initialized with random values.

Positional Encoding P. (Frieder et al., 2024) Since £ processes each token ¢*) independently,
it lacks positional information. To address this, we add positional encodings, represented by a

mapping P : £ — £*. A common choice is:

P(e)iy) = (e + p(i)iy
where p : N — £ can be a predefined injective function, such as a sinusoid, or learned during
training (similar to the embedding &).

In summary, tokenization K, followed by embedding £ for each token and positional encoding

P, transforms the text a € A* into a sequence of embeddings:
e:=(Po& oK)(a) € &”

where the length e depends on a and the tokenization algorithm.

Transformer 7. (Frieder et al., 2024) The transformer is a neural network 7 : £ — &*
that maps a sequence of embeddings e to another sequence of the same length, enriched with
contextual information. In an autoregressive setup, the i-th element of 7 (e) depends on all prior

embeddings but not on those after it.

Typically, the transformer consists of L € N blocks, each containing self-attention maps A",

normalizing layers N*4¢ N"M¢ and feed-forward multi-layer perceptrons M*:

T :

((Id+ Mj o NG, ) o (Id+ Ap o NG, )) o+
o ((Jd+ M oNi ) o ([d+ A o NG,)) (1)

Here, Id denotes the identity (residual) connection, and the addition is element-wise. Each layer

has its own distinct trainable parameters.
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3.5 Benchmarking

For this study, we used the Meta-provided benchmark evaluations for the LLaMA 3.21B model,
as . These evaluations are based on over 150 benchmark datasets covering a wide range of tasks,
including natural language understanding, image understanding and visual reasoning. Meta’s
benchmarks include both quantitative performance metrics and extensive human evaluations
comparing LLaMA to other competing models in real-world scenarios. LLaMA 3.21B was
chosen for this study due to its strong performance across diverse tasks, as shown in Meta’s
benchmarks, and its lightweight design, which enables efficient deployment in various settings

(AI 2025). In figure 3.3 presents the benchmark tests.

Categary Gemma 2 2B IT Phi-3.5 - Mini IT
Benchmark Llama 3.2 1B Llama 3.2 3B - P
49.3 63.4 57.8 9.0
MMLLU
S-shat)
416 401 3.2 34.5

Open-rewrite eval

TLDR* 18.8 19.0 13.9 12.8

test, 1-shot, raugel.

IFEval 595 77.4 61.9 59.2
444 777 62.5 86.2

306 48.0 238 442
' 59.4 78.6 76.7 87.4
ARC Challenge
GPOA 272 328 275 319
Hellaswag 412 69.8 611 B1.4
o 257 67.0 27.4 58.4
BFCL V2
Nexus 135 343 21.0 261
38.0 63.3 - 39.2
InfiniteBench/En.MC
InfiniteBench/En.QA 203 198 ns
NIH/Multi-needle 75.0 847 - 527
245 58.2 40.2 488

Figure 3.3: Lightweight Instruction Tuner Benchmarks (Al, 2025)

LLaMA 3.2-1B is suited for the methane emissions retrieval-augmented generation (RAG)

farmer advisory system, as it delivers a balanced combination of performance and efficiency
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across key benchmarks. The model achieves competitive scores in general knowledge (MMLU:
49.3, 5-shot) and scientific reasoning (ARC Challenge: 59.4, 0-shot; GPQA: 27.2), while out-
performing comparable models like Gemma 2B in tasks critical to our application—notably
summarization (TLDR9+: 16.8 vs. 13.9) and text simplification (Open-rewrite ROUGE-L:
41.6 vs. 31.2). These capabilities are essential for distilling complex methane research into
practical, farmer-friendly insights. Furthermore, LLaMA 3.2-1B demonstrates robust long-
context comprehension (InfiniteBench/En.QA: 38.0 at 128k tokens), enabling accurate extrac-
tion of information from lengthy scientific papers. Its lightweight 1B-parameter architecture
ensures cost-effective deployment, contrasting with larger models like Phi-3.5 Mini, which in-
cur higher computational overhead for marginal gains in reasoning tasks. Given these trade-
offs, LLaMA 3.2-1B represents an optimal choice for scalable, real-world agricultural advisory

systems, where accuracy, clarity, and resource efficiency are prioritized.

3.6 Machine Learning Model Evaluation and Optimization

The proposed farmer advisory system will be assessed through comprehensive evaluation us-
ing established metrics, including ROUGE (Recall-Oriented Understudy for Gisting Evalua-
tion) and BERTScore. ROUGE quantifies overlap between generated and reference summaries
(Chen et al., 2019), while BERTScore leverages contextual embeddings to measure semantic

similarity (Zhang et al., 2020b).

To gauge precision in question-answering systems, metrics such as accuracy, F1 score, and pre-
cision are employed, offering insights into their effectiveness. These tools enable quantitative
performance analysis, highlighting the system’s superiority over existing commercial solutions

in document processing and information retrieval tasks (Muludi et al., 2024).

3.6.1 Accuracy

Accuracy refers to the ratio of correct answers relative to the total number of responses evalu-
ated. It is determined by dividing the number of correct predictions by the total instances and
expressing the result as a percentage, as noted by (FIELDING and BELL, 1997). This met-
ric quantifies the system’s effectiveness in delivering accurate outcomes, calculated using the

formula presented in equation (2).
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Correct Predictions

Accuracy = ( ) x 100% (2)

Total Predictions

3.6.2 BERTScore

BERTScore is an automatic evaluation measure that uses contextual embeddings to evaluate
how similar each token in a reference sentence is to each token in a candidate sentence in
text generation tasks (Zhang et al., 2020b). In contrast to conventional embedding techniques,
BERTScore makes use of contextualized representations, which means that the embeddings
change based on the sentence structure. Because of this context awareness, BERTScore can

recognize sentences that are semantically similar even if their word order is different.

For recall computation, each token in the reference sequence is matched with the most similar
token in the candidate sequence, and the same applies to precision calculation. A greedy match-
ing algorithm is used to maximize the similarity score. The precision (see equation (4)), recall
(see equation (3)), and Fl-score (see equation (5)) for a reference sequence and a candidate

sequence are defined as follows:

T;ET

1 T~
Rpgrr = Bl Z max z; T; 3)
T, ET
The notation indicates selecting the most similar token for each and represents their cosine
similarity.

1
7]

PBERT = |— Z maxzx; € QTZIZ';FQATJ (4)
ZjET

where is the precision score, with the same notation as in Eq. (3). Here, selects the most similar

reference token for each candidate token.

2 X Pggrr - RBErr
F = 5
BERT Pgsgrr + Rpert )

The F1-score is calculated by taking the harmonic mean of recall and precision.

Although cosine similarity values theoretically range from, in BERTScore calculations, they
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are rescaled to lie within for practical applications.

3.6.3 ROUGE

The Recall-Oriented Understudy for Gisting Evaluation (ROUGE) is a widely adopted metric
for assessing text generation models by quantifying the overlap between generated (candidate)
text and human-written (reference) text (Lin, 2004). ROUGE encompasses multiple variants,
each focusing on different granularities of n-gram matches. Among these, ROUGE-L is the
most prevalent due to its reliance on the Longest Common Subsequence (LCS)—the lengthiest

contiguous or non-contiguous word sequence shared between the candidate and reference texts.

ROUGE-L computes two core metrics; Precision, the fraction of n-grams in the candidate text
that also appear in the reference text (Equation 6). Recall, the proportion of n-grams in the
reference text that are matched in the candidate text (Equation 7). These metrics are combined
into a harmonized F1-score (Equation 8), which balances precision and recall to provide a com-

prehensive evaluation of text quality.

LCS(candidate, reference)

ROUGE-L,cea) = : 6
A #words in reference ©)
LCS(candidate, reference)
ROUGE-L recision — . . 7
P #words in candidate )
2 x recall - precision
ROUGE'LFlfscore = (8)

recall 4 precision

The RAG system is evaluated through a multi-metric framework: ROUGE measures lexical
overlap for surface-level correctness, BERTScore uses contextual embeddings to assess seman-
tic faithfulness, and Accuracy tracks exact matches against references. Human evaluation com-
plements these by assessing fluency, factual accuracy, and cultural relevance, ensuring real-
world applicability. Together, these metrics provide a comprehensive toolkit for evaluating

technical performance and practical usability.
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3.7 Deployment

The deployment of the system integrates a user-friendly interface and scalable cloud infrastruc-

ture to ensure accessibility and robust performance.

3.7.1 User Interface

The User Interface (UI) is designed as a responsive web application using React.js, deployed
via Firebase Hosting to guarantee seamless access across both desktop and mobile platforms.
This interface enables farmers and researchers to input queries and view actionable insights, in-
cluding recommendations for feeding optimization, disease prevention, and other best practices

for precision livestock farming.

3.7.2 Model

The RAG backend will be deployed on cloud infrastructure to ensure scalability and enable real-
time processing. The model will be served via an API, using FastAPI along with ChromaDB as
the vector database for efficient retrieval. A PostgreSQL document store will be used to manage

both structured and unstructured data.

3.8 Conceptual Diagram
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Figure 3.4: Conceptual Diagram
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Chapter 4: System Design and Architecture

4.1 System Modeling

This chapter presents the architecture and design of, farmerVice, an Al-driven advisory sys-
tem for methane mitigation in Kenyan smallholder farming communities, combining Retrieval-
Augmented Generation RAG with the Llama 3.2-1B model to deliver context-aware recommen-
dations within typical rural infrastructure constraints (2G networks, shared low-end devices).
The resource-optimized design employs lightweight document retrieval (k=2 most relevant doc-
uments), Least Recently Used (LRU) caching for frequent queries, and webSocket streaming to
handle intermittent connectivity, implemented via a FastAPI backend with ChromaDB vector

storage and HuggingFace’s all-MiniLM-L6-v2 embeddings.

4.2 System Requirements

System requirements define the essential functionalities a system must provide and the opera-
tional constraints it must satisfy. This study’s requirements are designed to directly address the
critical capacity-building gap in methane mitigation identified in Chapters 1-2: while proven
strategies for manure management and feed optimization exist (Khoshnevisan et al., 2021;
Beauchemin et al., 2020), smallholder farmers in Kenya lack accessible, localized guidance

to implement these techniques effectively (Khanal et al., 2022; Yan et al., 2024).

4.2.1 Functional Requirements

The system operates as an Al-powered agricultural advisory chatbot that provides evidence-
based methane mitigation strategies to Kenyan smallholder dairy farmers through natural lan-
guage processing. Leveraging the CORE research repository, it analyzes user queries against
peer-reviewed literature to generate contextually appropriate recommendations, with particular
emphasis on manure management and feed optimization. The platform incorporates dynamic
Swahili translation capabilities that maintain scientific precision in agricultural terminology
while adapting content to local measurement systems and farming practices. Designed for op-
timal usability, the system delivers tiered implementation guidance with cost-efficiency indi-
cators, employing generalized best practices validated for typical smallholder operations rather

than requiring farm-specific data inputs.
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4.3 System Components
4.3.1 Data Ingestion and Processing

The system ingests peer-reviewed literature through a multi-stage pipeline, beginning with par-
allel API fetching, where the CORE repository is queried concurrently across multiple research
topics using Python’s ThreadPoolExecutor, ensuring efficient data retrieval and merging results
into a structured dataset. Next, in the text deduplication stage, raw documents undergo normal-
ization, including lowercase conversion and whitespace trimming, followed by near-duplicate
detection using fuzzy string matching (fuzzywuzzy library) with a similarity threshold of 90%
or higher to eliminate redundancy. Finally, in the semantic chunking process, documents are
segmented into 1000-character chunks with 100-character overlaps using RecursiveCharacter-
TextSplitter, preserving critical metadata such as titles, authors, and DOIs to maintain source

attribution and retain meaningful context.

4.3.2 Vector Database (ChromaDB)

Text chunks are transformed into dense vector representations using the all-MiniLM-L6-v2
model from HuggingFace, selected for its balance of accuracy and computational efficiency.
These vectors are then indexed in ChromaDB with disk persistence (./chroma langchain_db),
ensuring efficient retrieval, while batched insertion of 100 chunks per batch optimizes storage

performance.

4.3.3 RAG Pipeline

For retrieval, a similarity-based mechanism fetches the top two most relevant documents per
query, filtered by metadata fields such as field of study to enhance relevance. The system uti-
lizes a locally hosted OllamalLLM (Llama3.2 1B parameter variant) to generate responses with
controlled randomness (temperature = 0, top_k = 20) and repetition regulation (repeat_penalty
= 1.1). To ensure consistency, prompt engineering employs a structured template that standard-

izes output formatting as shown in Figure 4.1.
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custom_prompt = ChatPromptTemplate.from_templa
You are an expert in livestock farming and 15 reduction policies. Your task is to educate farmers on these topics in a clear and practical manner.

Vou will be given a set of queries related to livestock farming and emissions reduction policies:

Figure 4.1: Custom Prompt Template

4.3.4 API Endpoints (FastAPI)

The system implements a dual-interface API architecture to support both real-time interaction
and system administration. The primary WebSocket interface maintains session state through
a 5-message conversational history, enabling context-aware multi-turn dialogues while simul-
taneously streaming responses with complete source attribution (including author names, pub-
lication years, and verifiable DOI links). For system management, RESTful administrative
endpoints provide critical functionality: the ’/fetch-research’ endpoint initiates the complete
Extract Transform Load (ETL) pipeline (document acquisition, preprocessing, and vector em-
bedding), while the ’/db’ endpoint exposes database metadata, including document volume and
schema specifications, for monitoring and debugging purposes. This design ensures both in-
teractive responsiveness and system maintainability while preserving academic rigor through

complete source transparency.

4.3.5 Document Metadata Processing

The system ensures rigorous scholarly attribution through structured metadata processing, com-
bining a dedicated link parser that extracts actionable resources from CORE’s nested links field
(including PDF downloads and reader views) with standardized Authors (Year) Title citations
featuring hyperlinked DOISs (e.g., https://doi.org/10.1016/...). This integrated approach simulta-
neously enables verification through peer-reviewed source linking, supports reproducibility via
persistent identifiers, and facilitates farmer engagement through both human-readable citations

and machine-actionable links, thereby bridging academic rigor with practical usability.
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Figure 4.2 below is the diagrammatic representation of the farmerVICE.

r Data Processing N
Data Pipeline
Feteh CORE APT Documents
[ Remove Duplicates (Fuzzywuzzy >= 40) )
(e \l/
[ Chunk Texts 1000 chars, 100 overlap J
User L
[ Create Vector DB J
et
( Vector Database \
RAG Chain _é Chrowa Vector DB
/_ Enbeddings
Ollamalim - lama3.2-16 ChromaDB retriever
HuggingFaceEmbeddings
all-Minitm-L6-v2

Figure 4.2: farmerVICE System Architecture

4.4 System Workflow

The proposed architecture demonstrates a seamless integration of agricultural knowledge man-
agement and Al-driven analysis to deliver evidence-based methane mitigation guidance. This

end-to-end process operates as follows:

i. Research Ingestion: The system initiates knowledge acquisition through parallelized API
queries to CORE’s repository using ThreadPoolExecutor, targeting six key research do-

mains with year-filtered search strings:

Each query enforces publication year filters (2020+ for livestock studies, 2021+ for pol-
icy/technology) to prioritize recent evidence. The concurrent fetching process merges re-

sults into a unified corpus while preserving source metadata.

ii. Text Preprocessing: Retrieved documents undergo normalization (lowercase conversion,

whitespace trimming) and fuzzy deduplication (90% similarity threshold via fuzzywuzzy).
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Table 4.1: CORE API Query Parameters

Research Domain Search Query

Livestock Emissions "livestock emissions year>2020"
Manure Management "livestock manure management year>2020"
Mitigation Strategies "livestock emissions mitigation strategies year>2020"

Policy Context "The Paris Agreement year>2021"
Precision Farming "Precision Livestock Farming>2021"
Carbon Footprint "Carbon emissions>2021"

il

iv.

vi.

vii.

viii.

ix.

xi.

Semantic Chunking: A RecursiveCharacterTextSplitter segments documents into

1000-character units with 100-character overlaps, preserving metadata (titles, authors,

DOlIs).

Embedding Generation: Text chunks are encoded using HuggingFace’s al1-MiniLM-L6-v2

model (384-dimensional vectors), selected for its efficiency on agricultural text.

Vector Storage: Embeddings are indexed in ChromaDB with batched writes (100 chunks/batch)

to ./chroma_langchain_db.

Farmer Query Input: WebSocket interface accepts natural language queries (e.g., "How

to reduce enteric fermentation?’’) with 5-message conversation history.

Query Embedding: User prompts are vectorized using the same embedding model for

semantic search compatibility.

Context Retrieval: Top-2 relevant chunks are fetched based on cosine similarity, filtered

by field0fStudy metadata.

Response Synthesis: Local 011amal.LM (Llama3-1B) generates responses constrained by:
(a) Deterministic parameters (temperature=0, top_k=20)
(b) Structured prompt template (Figure 4.1)

Citation Augmentation: Responses include {Author (Year) Title} citations with DOI hy-

perlinks
Tiered Delivery: Recommendations categorized as:
(a) Basic/Advanced protocols

(b) Cost-efficiency labels
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xii. Administrative Oversight: REST endpoints provide:
(a) /fetch-research: Full pipeline re-execution

(b) /db: Collection metadata inspection
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Chapter 5: System Implementation and Testing

5.1 Introduction

This chapter details the development and validation of farmerVICE, an Al-driven advisory sys-
tem designed to expand access to methane mitigation strategies for smallholder dairy farmers in
Kenya. Addressing the shortcomings of traditional agricultural extension services—particularly
their lack of timely, localized, and evidence-based support, the system leverages a RAG frame-
work powered by the resource-efficient Llama 3.2-1B model, specifically optimized for low-
infrastructure settings with 2G networks and shared mobile devices. The implementation incor-
porates FastAPI for backend efficiency, ChromaDB for scalable vector storage, and Hugging-
Face’s all-MiniLM-L6-v2 embeddings to maintain semantic accuracy while minimizing com-
putational demands. Key innovations, such as dynamic Swabhili translation with scientific term
retention and tiered cost-efficiency recommendations, enhance its practicality for end users. In
addition to its technical execution, this chapter rigorously assesses the system’s effectiveness
through functional testing against agronomic standards and real-world usability trials, demon-
strating its ability to convert peer-reviewed research into actionable, context-specific guidance

that bridges the methane mitigation gap identified in earlier chapters.

5.2 User Interface Implementation
5.2.1 Homepage

The farmerVICE interface employs a dual-mode query initiation system, featuring four pre-
defined question cards addressing common livestock methane mitigation concerns (manure
management, funding access, feeding practices, and emission benefits) to scaffold user engage-
ment while maintaining an open text input field for specialized queries. This design combines
guided interaction, where the selection of predefined question cards automatically submits the
corresponding natural language query to the RAG pipeline. The simultaneous availability of
structured and open-ended input channels accommodates varying user expertise levels, from
farmers needing mitigation awareness to specialists requiring precise technical dialogue, while
the persistent input field maintains conversational continuity throughout multi-turn interactions.

Figure 5.1 presents the home page.
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farmerVICE login

Welcome to FarmerVICE: Your trusted guide to smarter, more
sustainable livestock farming!

Ids, and learn how ta reduce emissions while

What feeding practices can help What are the benefits of

reduce methane emissoins in reducing met issions in

ivestock? ivestock farming?

What would you like to learn today?

Figure 5.1: Homepage

5.2.2 Chat Query

The conversation interface implements a responsive dialog flow designed to maintain user en-
gagement across variable network conditions, featuring real-time WebSocket connection indi-
cators that display ”Thinking...” during query processing and ”Connected” upon establishing
stable links - particularly crucial for managing latency expectations on unreliable 2G networks.
During RAG pipeline execution, a typing simulation animation provides perceptible feedback
while the system retrieves the top-2 relevant documents and generates responses through the
local OllamalLLM instance. The interface preserves contextual continuity through persistent
chat logs that archive both user queries and system responses with complete academic cita-
tions, allowing farmers to review previous recommendations during subsequent sessions with-
out requiring network access. This combination of status visibility, simulated interactivity, and
offline-accessible history addresses three key usability challenges identified during field testing:
mitigating frustration from processing delays, maintaining trust through system transparency,
and supporting intermittent connectivity common in rural Kenyan farming operations. Figures

5.2 and 5.3 presents the chat sending and initalization.
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farmerVICE

Implementing these strategies can help farmers reduce their carbon
footprint, improve soil health, and promote more efficient and
sustainable agricultural practices. By working together to adept
sustainable agriculture practices, we can create a more environmentally
friendly food system that benefits both people and the planet.

View Sources (3)

w

what are livestock emissions?

Thinking...

o

Figure 5.2: Chat Section: Sending a prompt to the model

farmerVICE

How can i manage manure to lower methane emisisons?

Here's a comprehensive response that addresses the queries on manure
management, methane reduction, precision livestock farming, and carbon
emissions in farming.

<answer>

Manure Management & Methane Reduction

Why It Matters: Managing manure effectively reduces methane, which
contributes to climate change. Methane is a potent greenhouse gas witha
global warming potential 28 times higher than CO2 over a 100-year time
frame. Practical Tip: Cover manure storage areas to reduce methane
emissions by up to 50%. This simple step can make a significant
difference in reducing emissions and improving soil health.

Precision Livestock Farming

Why It Matters: Using sensors and Al can optimize feed, reducing
emissions. By monitoring animal behavior and feeding schedules, farmers
can identify areas for improvement and make data-driven decisions.
Practical Tip: Invest in precision feeding tools to cut feed waste and
emissions. For example, using drones or satellite imaging to monitor

Type your message here. B>

Figure 5.3: Chat Section Response

5.2.3 Response Presentation

The interface structures Al-generated recommendations into three distinct layers; a primary
text block presenting the core mitigation strategy in concise, actionable language, expandable
technical details accessible through progressive disclosure and a ”View Sources” button that

reveals academic references with persistent DOI links, enabling verification of evidence-based
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guidance. Displayed in figure 5.4, each response concludes with dual feedback mechanisms,
a thumbs-up and thumbs-down voting system that captures binary validity assessments from
farmers, creating a closed-loop validation process that informs model refinements. The de-
sign strategically positions these interactive elements, voting buttons, source toggle, and com-
ment prompt, beneath the generated text to maintain reading flow while emphasizing empirical
grounding, with visual differentiation between farmer-facing advice, highlighted as “Practi-
cal Tips” and academic citations, gray bordered reference cards, to accommodate varying user
literacy levels. This multi-modal presentation framework simultaneously supports immediate
implementation, scientific transparency, and continuous system improvement through partici-

patory farmer feedback.

farmerVICE

Tip: Adopt sustainable agriculture practices such as crop rotation,
composting, and integrated pest management. These methods can help
reduce synthetic fertilizer use, promote soil health, and support
biodiversity.

By implementing these strategies, farmers can reduce their carbon
footprint, improve soil health, and promote more efficient and
sustainable agricultural practices.

Additional Resources:

National Farmers Union: www.nfu.org

United States Department of Agriculture (USDA): www.usda.gov
International Federation of Organic Agriculture Movements (IFOAM):
www.ifoam.org

These resources provide valuable information on sustainable agriculture
practices, carbon emissions reduction, and more.

Conclusion:

Implementing these strategies can help farmers reduce their carbon
footprint, improve soil health, and promote more efficient and
sustainable agricultural practices. By working together to adopt
sustainable agriculture practices, we can create a more environmentally
friendly food system that benefits both people and the planet

View Sources (3)

e

Figure 5.4: Chat voting

5.2.4 Response Reference

The system delivers Al-generated recommendations through a structured output panel that first
displays the synthesized advice, followed by interactive elements for verification and feedback.
A prominently placed ”View Sources” button triggers a modal dialog (Figures 5.5, 5.7) display-
ing complete reference metadata, including author, publication date, and journal information,
with multiple access options to accommodate varying connectivity conditions: Web reader for
low-bandwidth scenarios, PDF download for offline study, and thumbnail previews for quick

verification. This modal preserves academic rigor while maintaining usability, allowing farm-
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ers to validate recommendations and access source material through their preferred modality.
Beneath each response, dual voting buttons (thumbs-up and thumbs-down) capture farmer as-
sessments of the advice’s practical applicability, creating a feedback loop that informs model
refinement while keeping the interface minimally intrusive. The design strategically layers
these elements; generated text, expandable academic sources, and binary feedback to balance
immediate actionability with scientific transparency, particularly crucial for building trust in
Al-generated agricultural guidance among smallholder farmers with varying literacy levels and

technical access.

Review On Environmental Impact Of Unsafe

Dairy Waste Disposal In Maychew Town Of
Southern Zone Of Tigray Ethiopia

By: Miglas, Haftom

Read Document Online

Download PDF

Figure 5.5: View references on modal
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Review On Environmental Impact Of Unsafe

Dairy Waste Disposal In Maychew Town Of

Publisher: Journal of Resources Development and Management

Read Document Online

Thumbnail:

https:/Jcore.ac.uk/download/591835334. pdf

Figure 5.6: Download references on modal

Review On Environmental Impact Of Unsafe
Dairy Waste Disposal In Maychew Town Of
Southern Zone Of Tigray Ethiopia

Read Document Online

3

Download PDF

https://core.ac.uk/reader/591835334

Figure 5.7: Read references on modal

5.3 Knowledge Base Construction

The system’s evidence base was populated through structured queries to the CORE repository
API, targeting six key research domains with publication year filters, year 2020 and above, to

ensure content recency. As implemented in the data ingestion pipeline, these queries combined
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domain-specific terminology with temporal constraints, as indicated in figure 5.8. Each query
would retrieve up to seventy documents, resulting in a total of approximately 420 documents.

TThe Python function used to perform these API requests is shown in Figure 5.9.

r0l1Id= E
":"Bearer "+API_KEY}

ASE_URL}?q={query}&limit={DC

Tesponse req et (f"{BASE_URL}?g={query}&lim
return response.js response.elapsed. total_seconds

Figure 5.9: function to make the query from CORE repository

5.4 Testing Methodologies

A thorough and systematic evaluation was conducted to ensure the RAG-powered farmerVICE
system met its intended design and functional specifications. This process was essential for
identifying and resolving potential issues, maintaining system reliability, and verifying that the

platform effectively retrieves and presents relevant agricultural information to farmers.

5.4.1 Functional Validation

The system’s validation process focused on two key dimensions: the accuracy of its advisory
content and the reliability of its technical implementation. To verify the quality of responses,
we conducted manual evaluations of 25 representative queries spanning core topics in methane
mitigation, including manure management, feed optimization, and emissions reduction. Each
generated response was cross-checked against the original research papers to ensure three crit-
ical criteria were met; fctual alignment with the cited study’s findings, preservation of domain-

specific terminology, and appropriate contextualization for smallholder farming contexts.

The system’s design inherently supports content integrity by sourcing exclusively from CORE
repository’s peer-reviewed publications and enforcing structured output templates. This ap-

proach ensures that all recommendations remain tied to their academic sources, with traceability
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maintained through complete citations, including DOIs, author names, and publication dates.

Technical validation confirmed consistent performance across expected usage scenarios. The
interface was tested on multiple platforms; desktop (Chrome, Firefox), tablet (Safari), and mo-
bile (Chrome for Android) with particular attention given to responsiveness, offline function-
ality, and interaction reliability. All critical components, including query submission, citation

display, and feedback mechanisms, operated as intended under varying network conditions.

This combined validation strategy ensures that the system delivers both academically grounded

advice and robust usability, fulfilling its role as a trusted advisory tool for farmers.

The farmerVICE system successfully integrates Al-driven recommendations into a user-friendly
interface optimized for smallholder farmers. Functional testing demonstrated its reliability
across various platforms, ensuring accurate, evidence-based advisory support. The next steps
involve refining response accuracy based on real-world farmer feedback to enhance usability

and trust.

5.5 System Architecture and Hardware Considerations

The system was initially developed and tested on a Lenovo laptop featuring an Intel Core 15-
10310U processor with 8 threads running at 1.70 GHz, 15.4 GB of RAM, and a 256 GB SSD.
It also utilizes Mesa Intel® UHD Graphics (CML GT2) for integrated graphics. While this
setup provided sufficient resources for the development phase and initial trials, its hardware
limitations—particularly the limited processing power and the absence of a dedicated GPU

restricted the system’s scalability.

The front end interface, however, is designed to remain lightweight and accessible on low-
resource end-user devices, including smartphones with as little as 3GB of memory. In produc-
tion, the backend will be deployed on cloud-based infrastructure, enabling access to scalable
computational resources. This will significantly enhance performance, support larger work-
loads, and allow the system to serve a broader user base efficiently—even those accessing it

through low-end mobile devices.
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Chapter 6: Discussion of Results

6.1 Dataset Loading and Ingestion

The dataset was assembled by programmatically querying the CORE repository—an aggrega-
tor of open-access academic papers, using its REST API. A set of targeted search terms related
to livestock emissions, manure management, and climate mitigation strategies yielded an initial
collection of papers. These were retrieved in batches via parallelized API calls (using Python’s
ThreadPoolExecutor for efficiency) and merged into a single Pandas DataFrame. Only docu-
ments containing the fullText field, which stores the complete body of each paper, were retained

for further processing.

6.2 Data Ingestion

To ensure data quality, the corpus underwent a rigorous deduplication process. Exact dupli-
cates were removed by comparing normalized versions of the title, abstract, authors, and full-
Text fields. Near-duplicates—papers with highly similar titles (> 90 % similarity, measured
using the Levenshtein distance via the the fuzzywuzzy library) were also filtered out. This step

reduced redundancy while preserving thematic diversity.

Subsequently, the papers were split into semantically coherent chunks using the Recursive Char-
acter Text Splitter from the LangChain library. Each chunk comprised 1,000 characters, with a
100 character overlap between consecutive segments to prevent context fragmentation at bound-
aries. This process generated 32,439 chunks, each annotated with metadata to maintain trace-

ability for downstream tasks like citation retrieval in the RAG system.

6.2.1 Word Cloud for Livestock Emissions

Figure 6.1 illustates a word cloud analysis of livestock emissions research. It highlights key
themes, emphasizing the role of livestock-related emissions, GHG, and their environmental im-
pact. Prominent terms such as “emission,” “’livestock”, animal”, ’systems,” and ”’production”
indicate a focus on livestock farming and its contribution to climate change. Words like ”ma-

nure,” “methane,” ”CO2,” and "nitrogen” highlight major emission sources, while “climate,”

2% 9 2 9

“carbon,” “change,” “’soil,” and “agriculture” reflect broader environmental concerns. Addi-
tionally, terms such as ”IPCC,” ”inventory,” and “assessment” align with climate policy and

sustainability efforts. Scientific and economic perspectives emerge through words like ’farm-
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2% 9 99 9

ing,” "feed,” ”grazing,” “crop,” “data,” “research,” ”value,” and “sector,” emphasizing mitiga-
tion strategies and industry implications. This analysis underscores the urgency of addressing
livestock emissions within sustainable agricultural practices and highlights ongoing research
efforts in scientific modeling, carbon accounting, and policy interventions. These findings re-
inforce the broader discussion in this thesis on machine learning and generative Al in carbon

footprint tracking within agricultural systems.

Word Cloud for Livestock Emissions
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Figure 6.1: word Cloud for Livestock Emissions
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6.2.2 Word Cloud for Livestock Manure Management

Figure 6.2 illustates word cloud analysis of livestock emissions and manure management re-

search reveals key themes surrounding emissions, nutrient cycles, and sustainable agricultural

99 99

practices. Prominent terms such as “manure,” “livestock,” ”’system,” “’soil,” and ”’production”

emphasize the central role of manure in nutrient management and environmental impact. Words

99 9.

like “nitrogen,” ’phosphorus,” organic,” fertilizer,” and “crop” highlight the integration of

29 99

manure into soil enrichment strategies. Additionally, terms such as “management,” “treat-

ment,” “waste,” ’biogas,” and “recovery” underscore efforts to mitigate environmental harm

2 9 2% 9

and enhance resource efficiency. The presence of words like ”climate,” ’carbon,” ”change,”

99 99

and “emission” reflects broader sustainability concerns, while ”economic,” ’value,” and “cost”
indicate financial considerations in manure management. These insights support the thesis dis-
cussion on leveraging machine learning and generative Al to optimize carbon footprint tracking
and improve manure utilization within sustainable agriculture.

Word Cloud for Livestock Manure Management
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Figure 6.2: word Cloud for Livestock Manure Management

6.2.3 word Cloud for Livestock Emissions Mitigation

Figure 6.3 illustates a word cloud analysis of livestock emissions, manure management, and
mitigation strategies reveals key themes related to emissions reduction, environmental impact,

and sustainable agricultural practices. Prominent terms such as “emission,” "livestock,” "’sys-
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29 9

tem,” “climate,” and “mitigation” emphasize the need for reducing greenhouse gas emissions

99 99

from livestock farming. Words like ”methane,” ”carbon,” ”change,” and “’global” highlight the

pressing issue of climate change and the role of livestock in contributing to greenhouse gases.

2% 9 2% 9

Additionally, terms such as “management,” ”adaptation,” “’strategies,” and “sustainable” un-
derscore ongoing efforts to develop effective mitigation measures. The presence of words like
”feed,” ”diet,” “manure,” and “production” points to the importance of optimizing livestock
nutrition and waste management to reduce emissions. Economic aspects are reflected in words

99 9

like value,” ’cost,” and "benefit,” indicating the financial implications of mitigation strategies.
These insights support the thesis discussion on leveraging machine learning and generative Al
to enhance emissions monitoring, optimize mitigation strategies, and promote sustainable live-
stock management practices.

Word Cloud for Livestock Emissions Mitigation
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Figure 6.3: word Cloud for Livestock Manure Management

6.2.4 Word Cloud for Livestock Emissions Mitigation

Figure 6.4 illustates a word cloud analysis of livestock emissions and the Paris Agreement, high-
light key themes in climate action. In livestock emissions, terms like “emission,” “’livestock,”
’climate,” and “mitigation” emphasize greenhouse gas reduction, while ”feed,” “manure,” and

”production” point to nutrition and waste management strategies. Economic factors appear

2 9

through “value,” “’cost,” and “benefit.” The Paris Agreement analysis focuses on climate ac-

29 9 29 99

carbon,

tion, energy transition, and emissions reduction, with words like ”energy, policy,”
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and ”investment” reflecting international commitments and industrial impact. These insights
support using machine learning and generative Al to enhance emissions tracking and sustainable

agriculture within global climate policies.

Word Cloud for Paris Agreement
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6.2.5 Word Cloud For All Documents

Figure 6.5 illustrates a word cloud analysis of emissions across various sectors highlights crit-

ical themes such as emissions reduction, climate impact, and sustainability. Key terms like

2 9

”emission,” “’climate,

29 9 29 99

energy,” ’production,” and “global” emphasize the urgency of green-
house gas mitigation and the transition to cleaner energy sources. The presence of words such
as “carbon,” "methane,” and ”CO2” underscores the role of different greenhouse gases in global

29 9 99 99

warming. Sector-specific terms like livestock,” ”agriculture,” manure,” ’soil,” ”farm,” and

“cattle” highlight the agricultural sector’s contribution to emissions, while words like ”policy,”

99 9

“investment,” “economic,” and “cost” reflect the financial and regulatory dimensions of emis-

99 99

sions management. The inclusion of ’technology,” ”model,” ”data,” and prediction” suggests
the growing role of advanced analytics, including machine learning and generative Al, in emis-
sions tracking and mitigation strategies. This analysis underscores the interconnectedness of
various industries in emissions generation and reduction, reinforcing the need for a comprehen-

sive approach to climate action and sustainability.
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Combined Word Cloud for All Queries
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Figure 6.5: word Cloud for all documents

Firgure 6.6, illustrates the top 10 words used to build the farmerVICE knowledge base. The
frequency analysis of key terms reveals that “emission” is the most dominant word, followed by

9 9

”production”, ”system” and “livestock,” indicating a strong association between emissions and

2 9

agricultural activities. In addition, terms such as climate,” energy,” and ’change” highlight
the broader environmental and policy implications. This reinforces the need for integrating data-

driven strategies to mitigate emissions, particularly in livestock and energy-intensive systems.
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Figure 6.6: Top 10 words in all documents

6.3 Generating and Storing Embeddings

Subsequent to the dataset loading and pre-processing phase involving academic papers sourced
from the CORE repository, the farmerVICE system proceeds to the crucial stage of embed-
ding generation and storage. This pivotal process comprises two fundamental operations: the
transformation of textual chunks into dense vector representations (embeddings) and their sub-
sequent persistence within a vector database. This strategic storage mechanism is essential
for enabling the efficient and semantically driven retrieval of pertinent information to support

farmerVICE, the farmer advisory system.

The processed text chunks underwent semantic embedding generation followed by structured
vector storage to enable efficient retrieval. This two-stage process transformed raw text into a

queryable knowledge base optimized for the RAG system.

6.4 Generating Embeddings

Each processed text chunk (n=32,439) was converted into a dense vector representation using
the all-MiniLM-L6-v2 embedding model from HuggingFace. This 384-dimensional sentence
transformer was selected for its balance between computational efficiency (6-layer architecture)

and semantic representation quality, having been trained on a diverse corpus of 1 billion+ text
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pairs. The model generates context-aware embeddings that preserve semantic relationships be-
tween agricultural concepts while maintaining compatibility with downstream similarity search

operations.

The embedding process employed several key design decisions; Batch Processing, chunks were
embedded in batches of 100 to optimize GPU memory utilization while maintaining through-
put;Metadata Preservation,all document metadata (title, authors, DOI, etc.) were retained and
associated with corresponding embeddings and Normalization, output vectors were L2-normalized

to ensure consistent similarity comparison metrics.

6.5 Storing Embeddings

The vector storage system utilized LangChain’s Chroma integration to persistently store em-
beddings with their associated metadata, initializing the database with a specified collection
name (“farm_advicer”), HuggingFace’s all-MiniLM-L6-v2 embedding function, and a local
persistence directory (”./chroma_langchain_db”). The implementation processed text chunks
in batches of 100, systematically attaching document metadata including titles, authors, and
publication details to ensure traceability. During retrieval, the system employed cosine simi-
larity for comparing embeddings, configured through LangChain’s abstraction layer to return
the two most relevant documents per query. This design prioritized practical functionality -
maintaining document provenance for agricultural advisory purposes while ensuring efficient
retrieval speeds without explicit low-level index tuning, relying instead on ChromaDB’s default
approximate nearest neighbor search implementation for scalable semantic search operations.
The complete corpus of 32,439 processed chunks was successfully indexed while preserving all

source metadata, enabling both semantic queries and filtered searches by document attributes.
6.6 Document Querying and Retrieval
6.7 Knowledge Base Visualization

6.7.1 Document Clusters: UMAP Projection with HDBSCAN Clustering

Figure 6.7 presents a visualization of document clusters derived from the Farm Advisor Corpus
(comprising 32,229 text chunks) using UMAP for dimensionality reduction and HDBSCAN for
clustering. This scatter plot maps the high-dimensional document data into a two-dimensional

space, where each point represents a document chunk and is colored according to its assigned
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cluster. The labels associated with certain clusters provide insights into the dominant themes
within those groups, such as climate, change, kenya” and "livestock, animals, cattle,” reflecting
key topics relevant to agricultural advice in the Kenyan context. This clustering analysis offers
a valuable overview of the thematic landscape of the knowledge base that underpins the farmer
advisory RAG system, revealing the distinct areas of information the system is designed to
address.

Document Clusters: UMAP Projection with HDBSCAN Clustering
(Farm Advisor Corpus: 32,229 chunks)
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Figure 6.7: Document Clusters: UMAP Projection with HDBSCAN Clustering

6.7.2 UMAP Projection of Document Embeddings: Revealing the Semantic Structure of

the Farm Adyvisor Corpus

Figure 6.8 illustrates the semantic landscape of the Farm Advisor Corpus, comprising 32,229
distinct text chunks, through a two-dimensional Uniform Manifold Approximation and Pro-
jection (UMAP). Prior to visualization, each document chunk was transformed into a high-

dimensional embedding vector using [mention the specific embedding model used, e.g., ’the
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all-MiniLM-L6-v2 model’], capturing the nuanced semantic relationships between documents.
The UMAP algorithm was subsequently applied to reduce these high-dimensional embeddings
into a two-dimensional space, preserving the global and local structure of the data. In the re-
sulting scatter plot, each point represents a document, and the spatial proximity between points
signifies the semantic similarity of the corresponding documents. The formation of discernible
clusters within the projection indicates inherent thematic groupings within the Farm Advisor
Corpus, suggesting that documents addressing related agricultural advisory topics are embedded
closer to one another. This visualization provides a crucial overview of the underlying seman-
tic organization of the knowledge base that informs the farmer advisory Retrieval-Augmented

Generation (RAG) system developed in this thesis.

Document Embeddings: UMAP Projection
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Figure 6.8: UMAP Projection (32,229 chunks from Farm Advisor Corpus)

The analysis of the FarmerVICE Corpus through both PCA clustering(6.9 and UMAP projection
(6.10 provides compelling evidence that the all-MiniLM-L6-v2 embeddings effectively capture

meaningful semantic structure within the data. The PCA plot demonstrates linear separability
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between groups of documents based on their most prominent features, revealing broad thematic
clusters. Complementarily, the UMAP projection confirms this underlying structure by uncov-
ering potentially more intricate, non-linear relationships and finer-grained groupings within the
embedding space. The observed consistency in the groupings identified by both methods fur-
ther reinforces the notion that the embeddings robustly represent the semantic organization of
the farmer advisory information relevant to the context of Nairobi, Kenya.

PCA Clustering of Document Embeddings (n_clusters=20)
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Figure 6.9: PCA Clustering of Document Embeddings (n_clusters=20)
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UMAP Dimension 2

UMAP Projection of Document Embeddings (Colored by PCA Clusters)
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Figure 6.10: UMAP Projection of Document Embeddings (Colored by PCA Clusters)

6.8 Structured Knowledge Delivery Pipeline

figure 6.11 manure management response with attached peer-reviewed sources.
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The FarmerVICE advisory system employs a RAG pipeline built with LangChain’s Conversa-
tionalRetrievalChain, combining semantic search with structured response generation. A cus-
tom prompt template enforces consistent output formatting, requiring responses to; Explain
agricultural concepts in farmer-accessible language, provide actionable mitigation strategies,
and cite sources using embedded metadata (title, authors, DOI). The WebSocket interface main-
tains five-turn conversational history (MAX HISTORY=5) while measuring real-time perfor-
mance via precision timers (perf counter), with queries returning both generated advice and
provenance documents in a standardized JSON format containing full bibliographic details.
The system retrieves exactly three relevant documents (k=3) per query through ChromaDB’s
similarity search, applying fuzzywuzzy deduplication (> 90% ) on title/DOI pairs to ensure
response diversity. Example outputs demonstrate the pipeline’s ability to synthesize techni-

cal research into practical recommendations while maintaining source traceability, as shown in
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Figure 6.11: API repsonse from fastAPI application

6.9 Deployment

The frontend application is implemented using React 18 with TypeScript, employing modern
web development practices to ensure maintainability and type safety. Tailwind CSS serves as
the utility-first styling framework, enabling rapid development of responsive interfaces while
maintaining a minimal bundle size - particularly crucial for users in low-bandwidth rural en-
vironments. For state management, the React Context API provides an efficient solution for
maintaining session persistence across component trees, ensuring uninterrupted user experience
even when network connectivity is intermittent. The component architecture follows atomic de-
sign principles, promoting reusability and testability of UI elements. The backend is built using
FastAPI, a high-performance Python framework known for its asynchronous capabilities, mak-
ing it well-suited for real-time Al applications. A key component of the backend architecture
is the Retrieval-Augmented Generation (RAG) pipeline, which integrates document retrieval
with language model capabilities to deliver accurate and contextually relevant agricultural rec-
ommendations. FastAPI’s native support for asynchronous request handling is leveraged to
effectively manage the variable latency associated with language model inference and docu-
ment retrieval operations. Additionally, Cross-Origin Resource Sharing (CORS) middleware

is integrated to enable secure and flexible communication between the frontend and backend.
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6.10 Comparison with Traditional Extension Services and Real-World Adoption Chal-

lenges

The Al-integrated agricultural advisory system offers transformative advantages over tradi-
tional extension services, including scalable real-time data processing, predictive analytics,
and hyper-personalized recommendations that enhance decision making efficiency and cost-
effectiveness. However, its real-world adoption faces critical barriers rooted in farmer trust and
sociotechnical constraints (Mhlanga and Ndhlovu, 2023). Ethical concerns over data privacy,
transparency gaps in algorithmic decision-making, and resistance to abandoning established
practices undermine confidence in Al systems compared to human-mediated service. Infras-
tructure dependencies such as connectivity and digital literacy further exacerbate disparities in
rural contexts, contrasting with traditional methods’ accessibility via low-tech, in-person inter-
actions. While Al promises precision and scalability, its success hinges on addressing these
sociocultural and infrastructural limitations to align with farmer needs and ethical expectations

(Sithole et al., 2024).
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Chapter 7: Conclusions, Recommendations and Future Work

7.1 Conclusions

This study developed FarmerVICE, an innovative Retrieval-Augmented Generation (RAG) sys-
tem that transforms academic research on livestock emissions into practical farming advice
through advanced machine learning and semantic search technologies. The system’s successful
implementation demonstrates its dual value as both an agricultural advisory tool and an en-
abler for IPCC Tier 3 methodology adoption, which requires localized, activity-specific emis-
sion data. Three key achievements emerged; Creation of a robust data pipeline processing
32,439 rigorously deduplicated and metadata-preserved text chunks from peer-reviewed litera-
ture, with thematic analysis confirming alignment with critical climate priorities including ma-
nure management and methane mitigation, development of an effective semantic organization
framework using all-MiniLM-L6-v2 embeddings and ChromaDB, evidenced by clear cluster-
ing patterns in UMAP visualizations (Figures 6.6-6.7) and deployment of a functional RAG
pipeline (FastAPI + React) delivering real-time, source-attributed recommendations that bridge
the research-practice gap. FarmerVICE’s unique capacity to contextualize scientific knowledge
for local conditions makes it particularly valuable for advancing Tier 3 emission inventories,
providing farmers with research-backed mitigation strategies while supporting the transition
from generic Tier 1 estimates to precise, system-specific models required for accurate green-

house gas accounting.

7.2 Recommendations

To fully realize FarmerVICE’s potential, three strategic actions are proposed. First, integra-
tion with national GHG inventory systems through partnerships with agricultural ministries
and research institutions would allow the system’s localized insights and documented sources to
enhance Tier 3 reporting frameworks while reducing estimation uncertainties. Second, farmer-
centric validation should be conducted via collaborations with agricultural cooperatives to com-
pare system recommendations against field measurements, ensuring methodological compli-
ance with Tier 3 requirements and practical applicability. Third, policy integration efforts
should advocate for formal recognition of Al-assisted tools like FarmerVICE in national cli-
mate action plans, particularly where Tier 3 adoption is encouraged under mechanisms such as

Article 6 of the Paris Agreement, thereby institutionalizing its role in evidence-based emission
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management.

7.3 Future Work

Three critical research directions emerge for advancing FarmerVICE. Tier 3 compatibility en-
hancements should focus on incorporating region-specific emission factors (e.g., enteric fer-
mentation rates for indigenous breeds) and IoT sensor integration for real-time data assimilation,
significantly improving measurement precision. Cross-border adaptation studies in compara-
ble livestock systems (e.g., Ethiopia, India) would evaluate the framework’s versatility across
diverse agricultural contexts while maintaining Tier 3 methodological rigor. Furthermore, im-
plementing automated knowledge-update mechanisms will ensure continuous alignment with
evolving IPCC guidelines by dynamically incorporating new emission measurement research.
These developments would solidify FarmerVICE’s position as a transformative tool for democ-
ratizing access to advanced emission knowledge, enabling the global agricultural sector’s tran-
sition from estimation to precision in climate action - a fundamental requirement for achieving

net-zero livestock production systems.

To further extend accessibility, especially in regions with low connectivity or limited smart-
phone penetration, future iterations of FarmerVICE will integrate USSD and SMS-based deliv-
ery channels. Through menu-driven USSD sessions and SMS query-response workflows, the
system’s core advisory functionality will be replicated for feature phone users. This enhance-
ment will ensure inclusive access to climate-smart livestock advisory services, regardless of

device capability or internet availability.

Milk production in Kenya is dominated by Holstein-Friesians, which account for around 80%
of the national dairy herd, with other breeds like Ayrshire, Jersey, and Sahiwal also contributing
(Kimitei, 2024). The central highlands, which include Nyeri County alongside Kiambu, Meru,
Nyandarua, and parts of Rift Valley such as Nakuru, Uasin Gishu, and Nandi, are responsi-
ble for about 80% of the country’s total milk production. This makes Nyeri an integral part
of Kenya’s dairy sector, offering an ecologically and socioeconomically ideal foundation for
piloting Al-based advisory systems. Given this central role, future deployment of FarmerVICE
will prioritize Nyeri and other high-production areas like Kiambu, Nakuru, and Uasin Gishu,
where biannual rainfall patterns, pasture availability, and dairy intensification provide optimal

conditions for scaling precision livestock advisory tools (Kimitei, 2024).
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Appendix C: Code Implementation
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¥
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Figure C.1.1: Conceptual Diagram

The following code snippets implement the core components of FarmerVICE as illustrated in

Figure

C.1: Data Ingestion from CORE

Implementation of the API client for fetching agricultural research papers:

&limit=

&limit=
1_seconds ()

rehension

query_results

dataframes =
combined_cor
return combined_corpus_df

ult in query_results]
, lignore_index=

1=true", header

rollld= ', headers=|

Figure C.1.2: Fetch documents

68



C.2: Document Preprocessing

Text cleaning and chunking implementation:

.strip()

combined_coxp t'] bi [pus. . tr.strip()
combined_corpus_df i e u 'ti tract' authors', 'fullTe

loc [z
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simple_metadata =
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int, T
simple_metadata[key] = value
if 1 1i

simple_metadata [k
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turn simple_metadata

Figure C.2.2: Filter metadata
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C.3: Embedding Generation

Creation of semantic embeddings using HuggingFace:

hunk_text(combined_corpus
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Figure C.3.2: Create and load vectorDB
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C.4: RAG Pipeline Construction

Implementation of the retrieval-augmented generation chain:

A string

A dict y with
parsed_links = []

if link links_str

parsed_lin [ast.1i . i ri item.endswith("}" st.1i val (item.st,
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Teturn_source_documents=
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Figure C.4.3: Initialize Chain
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C.5: Prompt Engineering

Custom prompt template for agricultural advice:

[custom_prompt = ChatPromptTemplate.from_template
re an expert in livestock i issi I ies. r 3 e farm ese ac r racti manner.

You will be giv

ps

d the Querie

*Why Tt Matters:* Using sensors and AI can optimize feed, reducing em
*Practical Tip:* Invest in precisi tools to cut f

Figure C.5.1: Create prompt template
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C.6: WebSocket API Endpoint

Real-time query interface implementation:

Figure C.6.1: Websocket endpoint
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