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ABSTRACT

Precision agriculture is at the forefront of modern innovations in farming, using ad-
vanced technologies to optimize resource use, increase crop yields, and promote sustainable
agricultural practices. This thesis, therefore, addresses some of the critical challenges in
precision agriculture, including accurate weed detection, efficient resource allocation, and
integration of multimodal data from diverse sources such as drones and IoT devices. In
order to address these challenges, a novel strategy is suggested that combines MiniGPT-4, a
multimodal vision-language model, with a systematic Knowledge Graph (KG) derived from
credible datasets, specifically FAOSTAT and USDA PLANTS.

This KG, integrated in the inference pipeline of MiniGPT-4, further expands the model’s
contextual understanding and increases its reasoning capabilities; hence, more accurate
results are generated in tasks like weed detection and crop monitoring.

Empirical evaluations demonstrate that the KG-enhanced MiniGPT-4 significantly out-
performs the baseline model on various performance metrics, including BLEU scores,
METEOR, ROUGE, and CIDEtr, in addition to lowering hallucination rates and improving
object and relation coverage. While the quantized model exhibits a slight trade-off with
respect to some performance measures, it still retains good functionality, which is acceptable
for real-time agricultural applications. This work not only contributes to the technical
integration of vision-language models with structured knowledge bases but also provides
practical solutions to enhance precision agriculture robotics. The proposed system fosters
more sustainable and productive farming practices by enabling smarter decision-making
and automating complex agricultural tasks. Future research will look into dynamic Knowl-
edge Graph updates, mechanisms for continual learning, and further applications in both
agricultural and non-agricultural domains to further solidify the role of Al-driven solutions

in modern agriculture.
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CHAPTER L.
Introduction
Background and Motivation

In these years, precision agriculture has appeared as one of the outstanding advancements
in modern-day agriculture because it uses new technologies and efficient inputs while
achieving higher yields of crops with sustainable farming practices. Population growth
around the world brings increased pressure to produce foods innovatively without affecting
the planet’s overall health. Precision agriculture represents a conglomeration of related
technologies involving sensing technology, drones, and data interpretation activities that
monitor and control crop regulation with unprecedented accuracy. By targeting water,
fertilizers, and pesticides with greater precision, agricultural practitioners can greatly reduce
waste, minimize environmental impact, and increase overall productivity. The use of Al in
precision agriculture amplifies these benefits by making information more readily available
for decision-making and automating complex tasks that were once time-consuming and
error-prone [19, 11].

While Al is transformative in precision agriculture, several challenges remain in its full
realization. A key challenge is the accurate identification and classification of weeds in arable
crops, which is important for effective weed control and reducing herbicide application.
Traditional artificial intelligence systems often fail because of high variability in the visual
appearance of both crops and weeds, leading to incorrect classifications and inefficient
resource allocation. In addition, the current Al frameworks are mostly plagued by challenges
in reasoning and contextual understanding, which cause hallucinations—cases where the
model generates information that is convincingly real but wrong. These limitations decrease
the credibility and effectiveness of Al-based solutions for agriculture, hence becoming a
barrier to achieving consistent and scalable improvements in farming practices. Moreover,

the integration of multimodal data, such as visual imagery from drones and sensor data from



IoT devices, still remains a complex task, often requiring sophisticated architectures that
can seamlessly process and interpret diverse data sources [23].

Motivated by these challenges, this thesis proposes an innovative approach, which
combines a state-of-the-art multimodal language model called MiniGPT-4 with knowl-
edge graphs in order to improve reasoning and thus better decision-making for precision
agriculture robotics. By integrating MiniGPT-4 with a structured knowledge graph, the
system can use both unstructured visual data and structured relational information to achieve
more accurate and context-aware results. This hybrid approach is addressing some of the
important limitations of current Al systems by providing a robust framework for real-time
knowledge retrieval and reasoning during inference. The knowledge graph enables the
model to draw information relevant to specific domains, validate its predictions, and reduce
the possibility of hallucinations, which improves the reliability of weed identification and
agricultural monitoring tasks. Moreover, knowledge graphs contribute to the interpretation
and explanation of artificial intelligence decisions, thus increasing transparency and trust
in the system. This new integration not only furthers the technical capabilities of Al in
precision agriculture but also holds great potential for practical applications, contributing to
more sustainable and efficient farming practices.

Research Objectives

This project hence aims at improving precision agriculture robotics by introducing
these state-of-the-art frameworks and organized knowledge databases in agriculture. More
specifically, this research focuses on fine-tuning a state-of-the-art multimodal large-scale
language model, MiniGPT-4 [25], that can efficiently handle and understand data related to
precision agriculture. The contribution to accuracy and reliability within several procedures,
such as automatic weed identification and crop surveillance, can be improved with efforts
done by customizing MiniGPT-4 toward locating and understanding images regarding crops

and weeds.



A very important element of such integration is the inclusion of a knowledge graph,
which enhances the reasoning abilities of MiniGPT-4 during inference-time. This knowledge
graph will supply structured, domain-specific information, which will enhance the decision-
making processes of the model and make it more capable of producing contextually accurate
and informative outputs. It is also the aim of the thesis to show the practical deployment
of the improved model, MiniGPT-4, on IoT-enabled robotic platforms, including rovers
powered by Jetson Nano. This deployment will demonstrate the real-world applicability of
the system by showing intelligent, real-time agricultural task performance with increased
efficiency.

The secondary goals of this research are to improve the use of resources within agricul-
tural systems by enabling informed decision-making and engendering sustainable agricul-
tural practices. The complete Al system seeks to reduce overreliance on excessive herbicide
use and, at the same time, decrease resource wastage through better accuracy and effec-
tiveness in weed identification and crop monitoring. This study will also contribute to the
current academic literature by researching the collaborative integration of vision-language
models with knowledge graphs, enabling the future development of Al-improved precision
agriculture [4, 7].

Research Questions

The thesis uses research questions to address challenges and reach goals discussed
earlier. These questions explore how advanced Al models work with structured knowledge
bases. This combination helps improve precision agriculture robotics. The research seeks
better Al-driven agricultural systems. It aims for systems that are very accurate, efficient

and reliable.

1. How can MiniGPT-4 be fine-tuned to effectively process and analyze precision
agriculture data?

This question investigates the methodologies and techniques required to adapt MiniGPT-



4 for handling domain-specific agricultural data. It explores the adjustments needed
in the model’s training process to improve its performance in tasks such as weed

detection and crop monitoring.

2. In what ways can knowledge graphs enhance the reasoning and decision-making
capabilities of MiniGPT-4 during inference?
This question examines the role of knowledge graphs in augmenting MiniGPT-4’s
ability to reason and make informed decisions in real-time. It focuses on how struc-
tured relational information can be leveraged to provide contextual understanding and

reduce inaccuracies in the model’s outputs.

3. How does the integration of MiniGPT-4 and knowledge graphs improve accuracy
in weed detection and crop monitoring?
This question aims to quantify the benefits of combining MiniGPT-4 with knowledge
graphs in specific agricultural applications. It seeks to measure improvements in
detection accuracy, reliability, and overall system performance compared to using

MiniGPT-4 alone.

4. What are the benefits and challenges of deploying the integrated AI system on
IoT-enabled robotics platforms like Jetson Nano?
This question explores the practical aspects of implementing the enhanced Al model
on embedded systems. It addresses the advantages in terms of real-time processing and
resource optimization, as well as the technical and operational challenges encountered

during deployment.

By systematically addressing these research questions, this thesis attempts to demonstrate
the effectiveness of integrating MiniGPT-4 with knowledge graphs, ultimately advancing
the capabilities of precision agriculture robotics and contributing to more sustainable and

efficient farming practices.



Significance of the Study

This work is of great importance, both in theory and practice, for the development of
artificial intelligence, integration of knowledge graphs, and precision agriculture. Theoreti-
cally, this work proposes a novel integration of the state-of-the-art vision-language model
MiniGPT-4 with structured knowledge graphs, which empower the reasoning process during
inference. This thesis presents an overall framework that can lead to enhanced reliability
and accuracy for Al-enabled decision-making in expert domains by resolving two intrinsic
limitations of current AI models: hallucinations and a lack of deep contextual understanding.
The methodology for fine-tuning MiniGPT-4 and its integration with knowledge graphs
devised in this thesis makes two significant contributions to the wider domain of Al be-
cause these methodologies will demonstrate how well hybrid model architectures can be
effectuated using both unstructured and structured data sources [12, 22].

Its practical results will be very useful for precision agriculture development. Meanwhile,
turning MiniGPT-4 with a knowledge graph increases the quality of basic tasks, like weed
detection or observing crops, manifold. These advances enable farmers to make better
and timely decisions due to a more efficient use of resources and decreased application of
superfluous herbicides. Also, the use of an integrated Al system on IoT-enabled robotic
platforms, such as Jetson Nano-powered rovers, manifests its practical feasibility to provide
scalable and efficient solutions toward sustainable farming practices, improving crop yield,
reducing operational expenditure, and promoting environmental sustainability through
reduced superfluous wastage of resources and chemicals.

The value of the new combination of vision-language models with knowledge graphs
lies far beyond the very limited domain of precision agriculture in many other areas. Fields
like health, autonomous transportation, and smart manufacturing are beneficiaries wherein
this new synergy of Al will ensure improved diagnostic accuracy, enhancement in real-time

decision-making capabilities, and thereby facilitate more advanced automation techniques.



This would easily scale up the system and make it flexible to be used in multiple use cases,
hence this is one strong approach in changing how the Al models will interact with structured
knowledge bases of any kind. This research is addressing key challenges within precision
agriculture but also opens up further multidisciplinary research and applications, promoting
progress well beyond agriculture.

Scope and Limitations

This research investigates the advancement of precision agriculture via amalgamation
with MiniGPT-4 and knowledge graphs, with special emphasis on applications including
weed identification and crop surveillance. It highlights how MiniGPT-4 is adapted for
processing agricultural data and the implementation of the integrated framework on IoT-
capable robotic platforms, like rovers powered by Jetson Nano. Through this focus, this
thesis attempts to demonstrate increased weed detection accuracy, optimization of resources,
and real-time decision-making for agricultural practitioners.

The study has some limitations. Computational challenges arise because real-time infer-
ence on embedded devices requires that the complexity and size of the models deployed be
small enough to perform inference efficiently. Moreover, the effectiveness of the integrated
system largely relies on the quality and comprehensiveness of the knowledge graph. Incom-
plete or inaccurate data in the knowledge graph could impede the model’s ability to reason
and perform. In addition, the research depends on the availability of high-quality datasets
specific to a domain that can be used in fine-tuning MiniGPT-4, which might not be readily
available in every agricultural context.

Structure of the Thesis
The thesis is organized into five main chapters, each addressing different aspects of the

research:

* Chapter 1: Introduction — Provides an overview of precision agriculture, the chal-

lenges faced, and the motivation behind integrating MiniGPT-4 with knowledge



graphs. It outlines the research objectives, questions, significance, scope, limitations,

and defines key terminology.

Chapter 2: MiniGPT-4 — Delves into the architecture of MiniGPT-4, detailing its
vision encoder, language model, and connection layer. It discusses the two-stage
training process, key technical insights, performance evaluation, limitations, and its

relevance to precision agriculture.

Chapter 3: Knowledge Graph — Explores the concept of knowledge graphs, their
relevance in Al and robotics, and reviews related work. It presents the system archi-
tecture for integrating knowledge graphs with MiniGPT-4, describes the construction
process, and illustrates use cases in precision agriculture robotics. The chapter also

evaluates the integration’s effectiveness and addresses associated challenges.

Chapter 4: Integration and Deployment — Focuses on the practical integration
of MiniGPT-4 with the knowledge graph and the deployment of the system on IoT-
enabled robotic platforms. It covers the technical implementation, optimization

techniques, and presents results from real-world applications in agricultural settings.

Chapter 5: Quantization and Deployment Strategies for Jetson Nano — Discusses
the quantization techniques used to optimize the integrated Al system for deployment
on Jetson Nano. It examines the balance between performance and computational
efficiency, and outlines deployment strategies to ensure the system operates effectively

in embedded environments.

Conclusion — Summarizes the research findings, highlights the contributions of
the study, and suggests directions for future work in enhancing Al-driven precision

agriculture.



Definitions and Terminology
To ensure clarity and understanding throughout this thesis, the following key terms are

defined:

MiniGPT-4: A multimodal vision-language model that integrates a pretrained vision en-
coder with a large language model using a single linear projection layer, enabling

advanced image and text processing capabilities.

Knowledge Graph: A structured representation of information where entities are nodes and
their relationships are edges, used to enhance reasoning and contextual understanding

in Al systems.

Inference-Time Learning: A process where additional information, such as knowledge
graphs, is integrated with a model during the inference phase to improve output

accuracy and relevance without altering the model’s training.

Precision Agriculture: An agricultural management concept that uses technology to moni-
tor and optimize agricultural practices, aiming to increase crop yields, reduce resource

usage, and promote sustainability through data-driven decision-making.

IoT Robotics: Robotic systems equipped with Internet of Things (IoT) devices that col-
lect and transmit data in real-time, enabling autonomous operations and intelligent

decision-making in various applications, including agriculture.

Jetson Nano: A small, powerful computer designed by NVIDIA for deploying Al applica-
tions on embedded systems, particularly suited for real-time inference tasks in robotics

and IoT devices.

Weed Detection: The process of identifying and classifying unwanted plants (weeds) in
agricultural fields using Al and computer vision techniques to enable targeted weed

management and reduce herbicide usage.



Crop Monitoring: The continuous observation and analysis of crop health and growth
using sensors, imaging technologies, and Al to optimize farming practices and improve

yield outcomes.

Summary

This chapter has provided some of the critical challenges in precision agriculture and
advanced Al-driven solutions for issues of weed detection and crop monitoring. One of
the recent approaches to improve reasoning capability and decision-making in agricultural
robotics is shown by the integration of MiniGPT-4 with knowledge graphs. The research
objectives were outlined with focus on fine-tuning MiniGPT-4 for precision agriculture
tasks, using knowledge graphs for inference-time reasoning, and deployment on IoT-enabled
platforms like Jetson Nano. This research will be of importance to the fields of Al and
precision agriculture, as it may provide new sustainable ways of farming.

This allows the integration of vision-language models with structured knowledge bases
to develop artificial intelligence systems that are more precise and contextually aware.
This lays the groundwork for the next section, which discusses the architecture, training
methodologies, and functionalities of MiniGPT-4 in much more detail and prepares for its

incorporation with knowledge graphs in the later chapters.
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CHAPTERIIL.
MiniGPT-4
Introduction to MiniGPT-4

Advances in artificial intelligence have led to the development of models that can
analyze and interpret several data modalities, such as text and images. One of the significant
developments in this line is MiniGPT-4, a more powerful vision-language model with
outstanding multimodal capabilities. MiniGPT-4 is good at linking visual perception with
language understanding by integrating a strong language model and a complex visual
encoder. This integration allows the model to do much more complex tasks requiring
understanding and reasoning over both the visual and textual domains.

MiniGPT-4 assumes a special place in precision agriculture, in which the exact pro-
cessing of visual information and the capability of generating contextually appropriate
responses are absolutely necessary. Its advanced image analysis capabilities, object recogni-
tion, and contextual understanding make it particularly well-suited for these tasks in weed
identification and crop monitoring for on-the-spot decision-making by agricultural robots.
MiniGPT-4 can be much more precise and productive in the precision agriculture system,
hence promoting sustainable agriculture in the long run.

MiniGPT-4 is chosen for this thesis because it has been shown in the literature to deal
with complex multimodal tasks with a high degree of reliability. It combines a powerful
language model with a pre-trained visual encoder, thus capable of sophisticated reasoning
on top of visual data interpretation. MiniGPT-4 has thus assured the enhancement in the
capabilities of precision agriculture robotics, especially when integrated with knowledge
graphs to further improve the process of reasoning and decision-making.

Architecture of MiniGPT-4
MiniGPT-4’s [25] architecture is designed to effectively align visual features with a large

language model (LLM), enabling advanced vision-language understanding. The architecture
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consists of three main components: a vision encoder, a language model, and a projection

layer. Figure 1 illustrates the overall architecture of MiniGPT-4.

{ The logo design is simple and minimalistic, with a pink line drawing of a flamingo I
standing on one leg in the water. The design is clean and easy to recognize, making it

| suitable for use in various contexts such as a logo for a beach resort or a flamingo- |

| themed event. The use of a flamingo as a symbol adds a touch of whimsy and fun to [
the design, making it memorable and eye-catching. Overall, it's a well-designed logo

\ that effectively communicates the brand's message. |

. “
Vicuna

Q-Former

&
* ViT

Figure 1: Architecture of MiniGPT-4

Vision Encoder
The vision encoder is responsible for processing visual data and extracting meaningful
features. MiniGPT-4 utilizes a pretrained Vision Transformer (ViT) model, specifically
the ViT-G/14 architecture from EVA-CLIP, as its backbone. This model is known for its
strong performance in image representation tasks. Additionally, MiniGPT-4 incorporates
a Q-Former network, which acts as a bridge between the visual features extracted by the
ViT and the language model. The Q-Former is pretrained and remains frozen during the
training of MiniGPT-4, ensuring efficient and effective feature extraction without additional
computational overhead.
Language Model
For the language component, MiniGPT-4 employs Vicuna, an advanced large language
model built upon LLaMA. Vicuna is reported to achieve 90% of ChatGPT’s quality based on

evaluations conducted by GPT-4. The language model is responsible for generating coherent
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and contextually appropriate textual outputs based on the visual features provided by the
vision encoder.
Projection Layer
To align the visual features with the language model’s input space, MiniGPT-4 introduces
a single trainable linear projection layer. This projection layer maps the encoded visual
features from the vision encoder to the embedding space of the language model. By keeping
both the vision encoder and the language model frozen, training focuses solely on this
projection layer, allowing for efficient training without the need for large computational
resources.
Training Process
The training of MiniGPT-4 is conducted in two stages: pretraining and fine-tuning. This
two-stage approach ensures that the model first acquires general vision-language knowledge
and then refines its capabilities to generate more natural and reliable language outputs.
Stage 1: Pretraining
In the pretraining stage, MiniGPT-4 is trained to align visual features with the language
model using a large collection of image-text pairs. The datasets used include LAION,
Conceptual Captions, and SBU Captions, providing a diverse set of approximately 5 million
image-text pairs.
Training Configurations

* Training Steps: 20,000

¢ Batch Size: 256

e Computational Resources: 4 NVIDIA A100 GPUs

* Training Duration: Approximately 10 hours

During this stage, both the vision encoder and the language model remain frozen. Only

the linear projection layer is trained to map the visual features to the language model’s
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embedding space. The model learns to generate textual descriptions corresponding to the
visual inputs by treating the output of the projection layer as a soft prompt for the language
model.

Despite the successful alignment of visual features with the language model, the outputs
after the first stage often contain unnatural language elements, such as repetition, fragmenta-
tion, or irrelevant content. This issue is attributed to the noise and brevity of the image-text
pairs used during pretraining, which are insufficient for developing robust conversational
abilities.

Stage 2: Fine-Tuning

To address the limitations observed after pretraining, MiniGPT-4 undergoes a fine-tuning
stage using a curated dataset of high-quality, detailed image descriptions. This dataset
is specifically designed to enhance the naturalness and usability of the model’s language
outputs.

Dataset Details

* Number of Image-Text Pairs: 3,500

* Source: Generated using the pretrained MiniGPT-4 model and refined through human

and Al-assisted post-processing.

* Content: Detailed and informative descriptions of images, covering various visual

elements and contexts.

Conversational Template Format
To ensure compatibility with the Vicuna language model’s conversational style, a prede-

fined template is used during fine-tuning:

### Human: <Img><ImageFeature></Img> <Instruction> ### Assistant:

In this template, <Instruction> is a randomly selected prompt encouraging the model
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to produce detailed descriptions, such as ”Describe this image in detail.” The use of this
conversational format helps the model generate outputs that are more natural and engaging.
Fine-Tuning Configurations

* Training Steps: 400
* Batch Size: 12
* Computational Resources: 1 NVIDIA A100 GPU

* Training Duration: Approximately 7 minutes

Stage 1 Stage 2

Fine-Tuning

\

Pretraining

Figure 2: Training Pipeline of MiniGPT-4, illustrating the two-stage training process:
Pretraining and Fine-Tuning.

By focusing on high-quality data and maintaining the frozen state of the vision en-
coder and language model, the fine-tuning stage efficiently improves the model’s language
generation capabilities without extensive computational demands.

Performance Evaluation

The effectiveness of MiniGPT-4 is demonstrated through both quantitative and qualitative

evaluations, showcasing its advanced capabilities in various vision-language tasks [5, 20].
Quantitative Analysis
Image Captioning

MiniGPT-4’s performance was evaluated on the COCO caption benchmark, a standard
dataset for image captioning tasks. Traditional metrics based on n-gram similarities are
not entirely suitable due to the model’s ability to generate rich and detailed descriptions.

Instead, an alternative evaluation method was employed, using ChatGPT to assess whether
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the generated captions covered the visual objects and relationships present in the ground
truth captions.

The results showed that MiniGPT-4 outperformed BLIP-2, another leading vision-
language model, with a correctness rate of 66.2% compared to BLIP-2’s 27.5%. This
indicates that MiniGPT-4 is more effective in generating captions that accurately reflect the
content of the images [2, 24].

Advanced Task Capabilities

An evaluation dataset comprising 100 images across four tasks—meme interpretation,
recipe generation, advertisement creation, and poem composition—was used to assess
MiniGPT-4’s advanced capabilities. Human evaluators determined whether the model’s
outputs satisfied the task requirements.

The findings revealed that MiniGPT-4 successfully addressed 65% of the tasks, sig-
nificantly outperforming BLIP-2, which only succeeded in 5% of the cases. MiniGPT-4
demonstrated strong performance in generating recipes, advertisements, and poems, as well
as a notable ability to interpret memes, a task that involves complex contextual understand-
ing.

Qualitative Examples
Detailed Image Description

MiniGPT-4 is capable of providing comprehensive descriptions of images, identifying
various elements and their relationships within the scene. For example, when presented with
an image of a busy city street, MiniGPT-4 described not only the street but also the clock
tower, shops, restaurants, motorcycles, people, streetlights, and the sky’s appearance.
Meme Interpretation

The model successfully explains the humor in memes by interpreting visual cues and
textual elements. For instance, when analyzing a meme featuring a dog lying down with the

caption "Monday just Monday,” MiniGPT-4 explained that the image is humorous because
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it portrays the dog’s lethargy, a feeling many people associate with Mondays.
Advertisement Creation and Recipe Generation

MiniGPT-4 can generate creative and contextually appropriate advertisements and
recipes based on visual inputs. It leverages its language model’s capabilities to produce
persuasive advertisements and detailed cooking instructions, enhancing its utility in practical
applications.

Limitations of MiniGPT-4

While MiniGPT-4 exhibits advanced capabilities, it also inherits certain limitations from

large language models.
Hallucination

One of the primary issues is hallucination, where the model generates plausible but
incorrect information. This can occur in detailed image descriptions, where the model might
include objects or features not present in the image. For example, MiniGPT-4 might describe
white tablecloths in an image where none exist. This limitation affects the model’s reliability,
particularly in applications requiring precise and accurate information.

Spatial Understanding

MiniGPT-4 may struggle with spatial localization and understanding the relative posi-
tions of objects within an image. This is attributed to the lack of specialized training data
focusing on spatial relationships. For tasks that require precise spatial reasoning, such as
identifying the exact location of weeds among crops, this limitation can be significant.

Data Dependency

The model’s performance is heavily influenced by the quality and diversity of the training
data. Inadequate or biased datasets can lead to suboptimal performance in specific domains
or tasks. Ensuring that the model is trained on relevant and high-quality agricultural data is

essential for its effectiveness in precision agriculture applications.
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Relevance to Precision Agriculture

The advanced vision-language capabilities of MiniGPT-4 are highly relevant to the field
of precision agriculture, where accurate interpretation of visual data is critical for optimizing
farming practices.

Crop Monitoring and Weed Detection

MiniGPT-4’s ability to generate detailed descriptions and recognize various elements
within an image makes it an effective tool for monitoring crop health and detecting weeds.
By accurately identifying different plant species and assessing their conditions, the model
can assist in targeted interventions, reducing the need for excessive herbicide use and
promoting sustainable farming practices.

Real-Time Decision-Making

The integration of MiniGPT-4 with agricultural robotics enables real-time analysis and
decision-making. For instance, a rover equipped with cameras and the MiniGPT-4 model
can navigate fields, analyze visual data on-the-fly, and provide immediate feedback or
take action based on its interpretations. This real-time capability enhances efficiency and
responsiveness in agricultural operations.

Integration with Knowledge Graphs

By combining MiniGPT-4 with knowledge graphs, the model’s reasoning capabilities are
further enhanced. Knowledge graphs provide structured, domain-specific information that
the model can use to validate its interpretations and reduce inaccuracies. This integration is
particularly beneficial in precision agriculture, where context-aware and accurate decision-
making is essential.

Summary

The following chapter provides a comprehensive review of MiniGPT-4, its architecture,

training process, evaluation performance, and limitations, especially in relation to precision

agriculture. Enhanced by the integration of a sophisticated visual encoder with a large
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Knowledge Graph
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Agricultural Robots

Figure 3: Integration of MiniGPT-4 with Knowledge Graphs in Precision Agriculture.

language model, MiniGPT-4 vision-language understanding places the tool very instrumental
in increasing the performance of precision agriculture robotics.

Through the analysis of activities carried out, such as detailed image analysis, contextual
assessment, and on-the-spot decision-making, MiniGPT-4 makes agricultural practices more
efficient and sustainable. The limitations of the model, with examples of hallucination
instances and challenges in spatial understanding, further give reasons for more research
and development, particularly in fine-tuning the model for application in agriculture.

The results presented in this chapter lay the foundation for future research on the
integration of MiniGPT-4 with knowledge graphs, with the aim of expanding its reasoning
capabilities and further increasing its applicability in precision agriculture. The next chapters
will deal with methods and results of such integration, according to the research objectives

and questions formulated in the thesis.
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CHAPTER III.
Constructing a Lightweight Knowledge Graph for Precision Agriculture Using FAOSTAT
and USDA PLANTS
Theory
Introduction to Knowledge Graphs in Al
Knowledge Graphs (KGs) have emerged as a pivotal technology in the realm of Artificial
Intelligence (Al), facilitating the representation of complex, interrelated data in a structured
and interpretable manner. Unlike traditional databases that store information in tabular
formats, KGs utilize nodes and edges to model entities and their relationships, respectively.
This graph-based structure enables more intuitive data querying, semantic reasoning, and en-
hanced data integration, making KGs invaluable for applications that require deep contextual

understanding and inference capabilities.

A0 Region
. e —

Figure 4: Generic structure of a Knowledge Graph illustrating nodes and edges.

In Al-driven applications, KGs serve as external repositories of structured knowledge
that can augment machine learning models by providing contextual insights, disambiguating
concepts, and enabling more sophisticated reasoning. This integration is particularly benefi-
cial in domains where domain-specific knowledge is crucial for accurate and meaningful

outputs.
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Importance of Knowledge Graphs in Precision Agriculture

Precision agriculture is the use of state-of-the-art technologies to optimize agricultural
practices, enhance crop production, and ensure the sustainable use of resources. AI models
are an integral part of analyzing large datasets associated with agriculture, such as soil
characteristics, climatic variations, indicators of crop vitality, and occurrences of pests.
However, the effectiveness of these models is often constrained by their ability to apply
domain-specific knowledge in a reasoned way.

In this context, Knowledge Graphs offer a promising solution: a structured, comprehen-
sive repository of agricultural knowledge. Integration of a Knowledge Graph into artificial
intelligence workflows enables models to tap rich relational data that enhances their ability
to make inferences. For example, if an artificial intelligence model identifies a specific
crop from an image, the Knowledge Graph can supply more information on optimal growth
conditions, common pests, and effective management practices to aid in making more
informed and actionable insights.

Novel Contribution: A First-of-Its-Kind KG for Precision Agriculture

A lightweight Knowledge Graph specifically developed for precision agriculture is an
innovative step in the domain of artificial intelligence and agricultural sciences. Knowledge
Graphs have already been widely applied in different fields, including healthcare, finance,
and e-commerce; however, the applications of Knowledge Graphs in the domain of precision
agriculture have been quite few. This project is among the very first that will construct a
comprehensive and authoritative yet, at the same time, structured agricultural Knowledge
Graph for easy integration into Al inference approaches.

This knowledge graph addresses the very domain-specific challenges, such as the need to
make instant decisions, the integration of a myriad of different data sources, and actionable
insights delivery not only to farmers but also to agricultural robots. In this way, it forms the

foundation for future Al-powered agriculture developments by showing how knowledge
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graphs can fundamentally alter data-driven farming methods [1].
Datasets Utilized: FAOSTAT and USDA PLANTS
The foundation of this Knowledge Graph is built upon two authoritative and compre-
hensive datasets: FAOSTAT and USDA PLANTS. Each dataset contributes unique and
complementary information essential for constructing a robust KG tailored to precision

agriculture.

Table 1: Comparison of FAOSTAT and USDA PLANTS datasets used in the Knowledge
Graph construction.

FAOSTAT USDA PLANTS

Global coverage U.S.-specific plant data

Historical time-series data Taxonomy and species details

Crop production metrics Plant management practices
Standardized metrics for global comparison | Regional agricultural context insights

FAOSTAT: A Comprehensive Agricultural Database

FAOSTAT, maintained by the Food and Agriculture Organization (FAO) of the United
Nations, is one of the most authoritative sources of agricultural data globally. It encompasses
a wide range of information related to crop production, livestock, fisheries, forestry, and

environmental factors influencing agriculture. Key characteristics of FAOSTAT include:

* Global Coverage: FAOSTAT provides data from numerous countries and regions,

facilitating comparative studies and international benchmarking.

* Historical Data: The database includes time-series data, enabling trend analysis and

forecasting of agricultural outputs.

» Standardized Metrics: Data is presented in uniform units and classifications, ensur-

ing consistency and ease of integration.

* Diverse Data Categories: FAOSTAT covers various aspects of agriculture, including

production quantities, area harvested, yield metrics, and more.
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USDA PLANTS: Detailed Plant Taxonomy and Management Data
The USDA PLANTS database, managed by the United States Department of Agriculture
(USDA), offers extensive information on plant species, including taxonomy, distribution,

and management practices. Key features of the USDA PLANTS dataset include:

* Plant Taxonomy: Detailed scientific and common names of plant species, facilitating

accurate identification and classification.

* Distribution Data: Information on the geographic distribution of plant species, which

is essential for understanding regional agricultural practices.

* Management Practices: Data on weed control measures, herbicide usage, and other

management actions pertinent to crop cultivation.

The USDA PLANTS dataset is provided in CSV format, making it easily accessible and
compatible with various data processing tools. By integrating this dataset with FAOSTAT,
the KG benefits from both broad agricultural metrics and detailed plant-specific information,
enhancing its utility for precision agriculture applications.

Knowledge Graph Construction Principles and Methodology

Constructing a Knowledge Graph involves several foundational principles and method-
ological steps to ensure that the resulting graph is both meaningful and practical for its
intended applications [1]. In the context of precision agriculture, the following principles

were paramount:

1. Relevance and Authority: Utilizing authoritative datasets like FAOSTAT and USDA

PLANTS ensures that the KG is built upon reliable and accurate information.

2. Simplicity and Portability: Designing a lightweight, CSV-based KG facilitates
easy integration, rapid prototyping, and scalability without the overhead of complex

database systems.
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3. Structured Relationships: Clearly defining relationships between entities (e.g., crops,

regions, elements) enables efficient querying and meaningful data traversal.

4. Scalability: Ensuring that the KG can be expanded with additional data sources and

relationship types as needed, supporting future enhancements and applications.

Y

A\

Data Acquisition Preprocessing Entity Extraction

I

CSV Output

Relationship Definition

\4

Figure 5: Pipeline for constructing the Knowledge Graph, showing steps from data acquisi-
tion to CSV output.

Diagram: Knowledge Graph Overview
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Figure 6: Knowledge Graph for Precision Agriculture constructed from FAOSTAT and
USDA PLANTS datasets.
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Methodology for KG Construction
The construction of the Knowledge Graph from FAOSTAT and USDA PLANTS datasets

follows a systematic methodology:

1. Data Acquisition and Preprocessing
* Loading Datasets: Importing the FAOSTAT and USDA PLANTS datasets into
a data processing environment using Python’s pandas library.

* Filtering Relevant Data: Selecting pertinent columns such as Area, Item (crops),
Element (metrics), Year, Unit, and Value from FAOSTAT, and Symbol, Synonym

Symbol, Scientific Name, Common Name, and Family from USDA PLANTS.
* Normalization and Cleaning: Ensuring data consistency by handling missing
values, standardizing units, and unifying naming conventions.

2. Entity Extraction

¢ Identifying Unique Entities: Extracting distinct crops, regions, and elements
from FAOSTAT, and weeds, crops, and management actions from USDA PLANTS.

* Assigning Unique Identifiers: Assigning unique IDs to each entity to facilitate
relationship mapping within the KG.

3. Relationship Definition

* Establishing Relationships: Defining relationships such as Thrives_In (con-
necting crops to regions) and Measured_By (linking crops to metrics) based on

FAOSTAT data.

* Incorporating Management Actions: Integrating relationships like Controlled_By

(linking weeds to management actions) using USDA PLANTS data.

4. Output Format
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* CSV-Based Structure: Exporting the nodes and relationships into separate
CSV files (kg nodes_faostat.csvand kg relationships_faostat.csv)to
maintain portability and simplicity.

Table 2: Example structure of nodes in the Knowledge Graph CSV file.

id | label name

1 | Crop Wheat

2 | Region India

3 | Metric | Area harvested

Table 3: Example structure of relationships in the Knowledge Graph CSV file.

start_id | end_id type
1 2 Thrives_In
1 3 Measured By

Advantages and Trade-offs of the Lightweight KG Approach
Advantages

1. Portability

* The KG is stored in simple CSV files, making it highly portable and easy to
distribute or integrate into various systems without the need for specialized

databases.
2. Simplicity

* Utilizing pandas for data manipulation and CSV for storage ensures that the KG

remains straightforward to construct, understand, and modify.
3. Scalability

* While designed to be lightweight, the KG can be expanded by incorporating
additional datasets or extending the existing FAOSTAT and USDA PLANTS

data, allowing for gradual enhancement without significant restructuring.
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4. Authoritative Foundation

* Relying on FAOSTAT and USDA PLANTS ensures that the KG is built upon
reliable and globally recognized agricultural data, enhancing its credibility and

usefulness.

Trade-offs
1. Lack of Real-Time Updates

» The KG is static, reflecting data up to the selected year (e.g., 2020). It does not
automatically incorporate new data, necessitating periodic manual updates to

maintain relevance.

2. Limited Relationship Types

 Currently, the KG includes basic relationships (Thrives_In, Measured_By, Af-
fects, Controlled_By). Expanding to include more nuanced interactions (e.g.,
pest impacts, specific management practices) would require additional data

sources and relationship definitions.

3. Data Dependency

* The KG’s comprehensiveness is inherently tied to the FAOSTAT and USDA
PLANTS datasets. Any gaps or limitations within these datasets propagate to

the KG, potentially restricting its applicability in certain contexts.

4. Scalability Constraints

* While CSV-based KGs are easy to manage for smaller datasets, handling very
large datasets or complex queries may become cumbersome without transitioning

to more robust graph databases like Neo4;.
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Conclusion

This Theory section has outlined the foundational concepts and motivations behind
constructing a lightweight Knowledge Graph tailored for precision agriculture. Using
authoritative data sets such as FAOSTAT and USDA PLANTS, the KG serves as a structured
repository of agricultural knowledge, facilitating enhanced contextual understanding and
decision-making in Al-driven applications. The chosen approach emphasizes portability
and simplicity, which makes it suitable for rapid prototyping and seamless integration into
various systems. While this lightweight design offers significant advantages in terms of
ease of use and foundational reliability, it also presents limitations related to real-time data
updates and relationship complexity. These trade-offs underscore the importance of carefully
balancing simplicity with comprehensiveness in Knowledge Graph engineering [4, 7].

Appendix: Python Script for KG Construction

Below is the final Python script used to construct the Knowledge Graph from the

FAOSTAT and USDA PLANTS datasets. This script automates data loading, preprocessing,

entity extraction, relationship mapping, and exporting the KG in CSV format.

Listing III..1: Python code for processing datasets.

import pandas as pd

# Input and output file paths
faostat_file = "Production_Crops_Livestock_E_A1ll_Data_(Normalized) .csv"

usda_plants_file = "USDA_PLANTS.csv" # Replace with actual filename if

different
output_nodes_file = "kg_nodes_faostat_usda.csv"
output_relationships_file = "kg_relationships_faostat_usda.csv"

# Load the FAOSTAT dataset



print("Loading FAOSTAT dataset...")

faostat_df = pd.read_csv(faostat_file)

# Load the USDA PLANTS dataset
print("Loading USDA PLANTS dataset...")

usda_df = pd.read_csv(usda_plants_file)

# Filter relevant FAOSTAT columns
faostat_columns_to_keep = ["Area", "Item", "Element", "Year", "Unit",
"Value"]

faostat_df = faostat_df [faostat_columns_to_keep]

# Filter for specific Elements of interest in FAOSTAT
faostat_elements_of_interest = ["Area harvested", "Production"]
faostat_df =

faostat_df [faostat_df ["Element"].isin(faostat_elements_of_interest)]

# Select a specific year in FAOSTAT
selected_year = 2020

faostat_df = faostat_df[faostat_df["Year"] == selected_year]

# === Create FAOSTAT Nodes ===

print ("Creating FAOSTAT nodes...")

# Unique entities for nodes from FAOSTAT
faostat_crops = faostat_df["Item"].unique()
faostat_regions = faostat_df["Area"].unique()

faostat_elements = faostat_df["Element"].unique()

28
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# Create DataFrames for FAOSTAT nodes
crop_nodes = pd.DataFrame ({
"id": range(len(faostat_crops)),
"label": "Crop",
"name": faostat_crops
b
region_nodes = pd.DataFrame ({
"id": range(len(faostat_crops), len(faostat_crops) +
len(faostat_regions)),
"label": "Region",
"name": faostat_regions
)
element_nodes = pd.DataFrame ({
"id": range(len(faostat_crops) + len(faostat_regions),
len(faostat_crops) + len(faostat_regions) + len(faostat_elements)),
"label": "Element",

"name": faostat_elements

D

# === Create USDA PLANTS Nodes ===

print ("Creating USDA PLANTS nodes...")

# Unique entities for nodes from USDA PLANTS

usda_weeds = usda_df["Common Name"].unique()

usda_crops = usda_df["Scientific Name"].unique()
usda_management = usda_df ["Management Action"].unique() # Replace with

actual column name
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# Create DataFrames for USDA PLANTS nodes
usda_weed_nodes = pd.DataFrame ({

"id": range(len(crop_nodes) + len(region_nodes) + len(element_nodes),
len(crop_nodes) + len(region_nodes) + len(element_nodes) +
len(usda_weeds)),

"label": "Weed",

"name": usda_weeds

b
usda_crop_nodes = pd.DataFrame ({

"id": range(len(crop_nodes) + len(region_nodes) + len(element_nodes) +
len(usda_weeds), len(crop_nodes) + len(region_nodes) +
len(element_nodes) + len(usda_weeds) + len(usda_crops)),

"label": "Crop_Scientific",

"name": usda_crops

b
usda_management_nodes = pd.DataFrame ({

"id": range(len(crop_nodes) + len(region_nodes) + len(element_nodes) +

len(usda_weeds) + len(usda_crops),
len(crop_nodes) + len(region_nodes) + len(element_nodes) +
len(usda_weeds) + len(usda_crops) + len(usda_management)),

"label": "Management_Action",

"name": usda_management

o)

# Combine all nodes into a single DataFrame
nodes = pd.concat([crop_nodes, region_nodes, element_nodes,

usda_weed_nodes, usda_crop_nodes,



usda_management_nodes]) .reset_index(drop=True)

# === Create Relationships ===
print ("Creating relationships...")

relationships = []

# Create a mapping from entity names to their IDs

node_name_to_id = nodes.set_index("name") ["id"].to_dict()

# Iterate over each FAOSTAT row to establish relationships
for _, row in faostat_df.iterrows():

crop_id = node_name_to_id[row["Item"]]

region_id = node_name_to_id[row["Area"]]

element_id = node_name_to_id[row["Element"]]

relationships.append ({
"start_id": crop_id,
"end_id": region_id,
"type": "Thrives_In"

b

relationships.append ({
"start_id": crop_id,
"end_id": element_id,
"type": "Measured_By"

b

# Iterate over each USDA PLANTS row to establish relationships



for _, row in usda_df.iterrows():
weed_name = row["Common Name"]
management_action = row["Management Action"] # Replace with actual

column name

if pd.notnull(weed_name) and pd.notnull(management_action) :
weed_id = node_name_to_id.get (weed_name)

management_id = node_name_to_id.get (management_action)

if weed_id and management_id:
relationships.append ({
"start_id": weed_id,
"end_id": management_id,
"type": "Controlled_By"

)

# Convert relationships list to DataFrame

relationships_df = pd.DataFrame(relationships)

# === Save Nodes and Relationships ===
print("Saving nodes and relationships to CSV...")
nodes.to_csv(output_nodes_file, index=False)

relationships_df.to_csv(output_relationships_file, index=False)

print (f"Nodes saved to {output_nodes_file}")

print (f"Relationships saved to {output_relationships_file}")

32
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Usage Instructions

1. Prerequisites:
* Ensure Python is installed on your system.
* Install the pandas library if not already present:

pip install pandas

2. Execution Steps:

(a) Save the above script as faostat_usda_kg script.py.

(b) Place the Production Crops_Livestock E A1l Data_ (Normalized).csvand

USDA_PLANTS. csv files in the same directory as the script.

(c) Run the script using the command:

python faostat_usda_kg_script.py

3. Output:

* Upon successful execution, two CSV files will be generated:

— kg nodes_faostat_usda.csv: Contains all entities (crops, regions, ele-

ments, weeds, management actions) with unique identifiers.

— kg relationships_faostat_usda.csv: Contains all defined relation-

ships between entities.
4. Next Steps:

* These CSV files can be directly imported into various systems for KG visualiza-

tion or further integration.
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 For demonstration purposes, the KG can be embedded within a Gradio interface

to showcase its utility in enhancing Al outputs.

Data Acquisition and Preprocessing
Data Selection
The primary dataset utilized is Production _Crops_Livestock E_All Data_(Normalized) .csv,
which contains normalized agricultural production data. This dataset includes information
on various crops, their production metrics, and the regions where they are cultivated.
Data Loading
Using Python’s pandas library, the dataset is loaded into a DataFrame for ease of

manipulation:

import pandas as pd

# Load the FAOSTAT dataset

faostat_file = "Production_Crops_Livestock_E_All_Data_(Normalized) .csv"

df = pd.read_csv(faostat_file)

Filtering Relevant Columns

To streamline the KG construction, only pertinent columns are retained:

* Area: Represents the country or region.

Item: Denotes the crop or livestock product.

Element: Specifies the type of data (e.g., ”Area harvested,” ”Production”).

Year: Indicates the year of data collection.

Unit: The measurement unit for the value (e.g., hectares, metric tons).

* Value: The numerical data corresponding to the element.
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# Select relevant columns
columns_to_keep = ["Area", "Item", "Element", "Year", "Unit", "Value"]

df = df [columns_to_keep]

Filtering by Element Types
To maintain focus on essential agricultural metrics, the dataset is filtered to include only

specific elements:

* Area harvested: Indicates the land area allocated for a particular crop.

* Production: Represents the output quantity of the crop.

# Filter for specific Elements of interest
elements_of_interest = ["Area harvested", "Production"]

df = df [df ["Element"] .isin(elements_of_interest)]

Selecting a Specific Year
For simplicity and to manage the dataset’s size, data from a single, recent year (e.g.,

2020) is selected:

# Select a specific year
selected_year = 2020

df = df[df["Year"] == selected_year]

Entity Extraction
Entities in the KG represent distinct concepts or objects within the agricultural domain.

From the filtered dataset, three primary entity types are identified:

* Crops: The agricultural products being cultivated (e.g., Corn, Wheat).
* Regions: Geographic areas where the crops are grown (e.g., Afghanistan, India).

* Elements: Metrics associated with crop production (e.g., ”Area harvested,” ”Produc-

tion™).
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Identifying Unique Entities

Using the unique () function, distinct values for each entity type are extracted:

# Extract unique entities
crops = df["Item"].unique()
regions = df ["Area"].unique()

elements = df ["Element"].unique()

Assigning Unique IDs

Each entity is assigned a unique identifier to facilitate relationship mapping:

Listing II1..2: Assigning unique IDs to entities and combining nodes into a DataFrame.

# Assign unique IDs to each entity
crop_nodes = pd.DataFrame ({
"id": range(len(crops)),
"label": "Crop",
"name": crops
b
region_nodes = pd.DataFrame ({
"id": range(len(crops), len(crops) + len(regiomns)),
"label": "Region",
"name": regions
b
element_nodes = pd.DataFrame ({
"id": range(len(crops) + len(regions), len(crops) + len(regions) +
len(elements)),
"label": "Element",

"name": elements

1))
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# Combine all nodes into a single DataFrame
nodes = pd.concat([crop_nodes, region_nodes,

element_nodes]) .reset_index(drop=True)

Relationship Definition
Relationships define how entities interact or relate to one another within the KG. Two

primary relationship types are established:

* Thrives_In: Connects a crop to the region where it is cultivated.

* Measured_By: Links a crop to the metric used to evaluate its production.

Mapping Relationships
For each record in the filtered dataset, corresponding relationships are created based on

the crop, region, and element:

# Create a mapping from entity names to their IDs

node_name_to_id = nodes.set_index("name") ["id"] .to_dict()

# Initialize a list to store relationships

relationships = []

# Iterate over each row to establish relationships
for _, row in df.iterrows():
crop_id = node_name_to_id[row["Item"]]
region_id = node_name_to_id[row["Area"]]

element_id = node_name_to_id[row["Element"]]
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# Establish Crop - Region (Thrives_In)
relationships.append ({

"start_id": crop_id,

"end_id": region_id,

"type": "Thrives_In"

1))

# Establish Crop -+ Element (Measured_By)
relationships.append ({

"start_id": crop_id,

"end_id": element_id,

"type": "Measured_By"

i)

Creating the Relationships DataFrame

The list of relationships is converted into a DataFrame for output:

# Convert relationships list to DataFrame

relationships_df = pd.DataFrame(relationships)

Output Format
To facilitate easy integration and portability, the KG is exported in CSV format, segre-

gating nodes and relationships:

# Define output file paths
output_nodes_file = "kg_nodes_faostat.csv"

output_relationships_file = "kg_relationships_faostat.csv"

# Save nodes and relationships to CSV
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nodes.to_csv(output_nodes_file, index=False)

relationships_df.to_csv(output_relationships_file, index=False)

print (f"Nodes saved to {output_nodes_file}")

print (f"Relationships saved to {output_relationships_file}")

This results in two files:

* kg nodes_faostat.csv: Contains all entities (crops, regions, elements) with unique

identifiers.

* kg relationships_faostat.csv: Details the relationships between these entities.

Advantages and Limitations
Advantages
1. Portability:

* The KG is stored in simple CSV files, making it highly portable and easy to
distribute or integrate into various systems without the need for specialized

databases.

2. Simplicity:

* Utilizing pandas for data manipulation and CSV for storage ensures that the KG

remains straightforward to construct, understand, and modify.

3. Scalability:

* While designed to be lightweight, the KG can be expanded by incorporating
additional datasets or extending the existing FAOSTAT data, allowing for gradual

enhancement without significant restructuring.

4. Authoritative Foundation:
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* Relying on FAOSTAT ensures that the KG is built upon reliable and globally

recognized agricultural data, enhancing its credibility and usefulness.

Limitations

1. Lack of Real-Time Updates:

* The KG is static, reflecting data up to the selected year (e.g., 2020). It does not
automatically incorporate new data, necessitating periodic manual updates for

maintaining relevance.

2. Limited Relationship Types:

* Currently, the KG includes basic relationships (Thrives_In and Measured_By).
Expanding to include more nuanced interactions (e.g., pest impacts, management

practices) would require additional data sources and relationship definitions.

3. Data Dependency:

* The KG’s comprehensiveness is inherently tied to the FAOSTAT dataset. Any
gaps or limitations within FAOSTAT data propagate to the KG, potentially

restricting its applicability in certain contexts.

4. Scalability Constraints:

* While CSV-based KGs are easy to manage for smaller datasets, handling very
large datasets or complex queries may become cumbersome without transitioning

to more robust graph databases like Neo4;.

Conclusion
This chapter outlined the construction of a lightweight Knowledge Graph tailored
for precision agriculture, utilizing the authoritative FAOSTAT dataset. By focusing on

essential entities and relationships, the KG serves as a structured repository of agricultural
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knowledge, enhancing the contextual reasoning capabilities of AI models. The approach
emphasizes portability and simplicity, facilitating rapid prototyping and integration into
various applications [21, ?]. While the KG offers significant advantages in terms of ease
of use and foundational reliability, it also presents limitations related to real-time updates
and relationship complexity. Future work may involve expanding the KG’s scope by
incorporating additional datasets, enriching relationship types, and transitioning to more
scalable graph database systems to support more advanced agricultural Al applications.
Appendix: Python Script for KG Construction

Below is the final Python script used to construct the Knowledge Graph from the

FAOSTAT dataset. This script automates data loading, preprocessing, entity extraction,

relationship mapping, and exporting the KG in CSV format.

Listing III..3: Processing FAOSTAT dataset and creating knowledge graph nodes and

relationships.

import pandas as pd

# Input and output file paths

faostat_file = "Production_Crops_Livestock_E_Al11l_Data_(Normalized).csv"
output_nodes_file = "kg_nodes_faostat.csv"
output_relationships_file = "kg_relationships_faostat.csv"

# Load the FAOSTAT dataset
print ("Loading FAOSTAT dataset...")

df = pd.read_csv(faostat_file)

# Filter relevant columns
columns_to_keep = ["Area", "Item", "Element", "Year", "Unit", "Value"]

df = df [columns_to_keep]
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#

elements_of_interest = ["Area harvested", "Production"]

Filter for specific Elements of interest

df = df [df ["Element"] .isin(elements_of_interest)]

#

Select a specific year

selected_year = 2020

df = df[df ["Year"] == selected_year]

#

=== (Create Nodes ===

print ("Creating nodes...")

# Unique entities for nodes

crops = df ["Item"].unique()

regions = df["Area"].unique()

elements = df ["Element"].unique()

#

Create DataFrames for nodes

crop_nodes = pd.DataFrame ({

b

"id": range(len(crops)),
"label": "Crop",

"name": crops

region_nodes = pd.DataFrame ({

D

"id": range(len(crops), len(crops) + len(regions)),
"label": "Region",

"name": regions
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element_nodes = pd.DataFrame ({

i9)

"id": range(len(crops) + len(regions), len(crops) + len(regions) +
len(elements)),
"label": "Element",

"name": elements

# Combine all nodes into a single DataFrame

nodes = pd.concat([crop_nodes, region_nodes,

element_nodes]) .reset_index(drop=True)

# === Create Relationships ===

print ("Creating relationships...")

relationships = []

# Create a mapping from entity names to their IDs

node_name_to_id = nodes.set_index("name") ["id"].to_dict()

# Iterate over each row to establish relationships

for

_, row in df.iterrows():
crop_id = node_name_to_id[row["Item"]]
region_id = node_name_to_id[row["Area"]]

element_id = node_name_to_id[row["Element"]]

relationships.append ({
"start_id": crop_id,
"end_id": region_id,

"type": "Thrives_In"
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b

relationships.append ({
"start_id": crop_id,
"end_id": element_id,
"type": "Measured_By"
b

relationships_df = pd.DataFrame(relationships)

# === Save Nodes and Relationships ===
print("Saving files...")
nodes.to_csv(output_nodes_file, index=False)

relationships_df.to_csv(output_relationships_file, index=False)

print (£"Nodes saved to {output_nodes_file}")

print (f"Relationships saved to {output_relationships_file}")
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Usage Instructions

1. Prerequisites:

* Ensure Python is installed on your system.

* Install the pandas library if not already present:

pip install pandas

2. Execution Steps:

(a) Save the above script as faostat_kg_script.py.
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(b) Place the Production Crops_Livestock E A1l Data_(Normalized) .csv file

in the same directory as the script.

(c) Run the script using the command:

python faostat_kg_script.py

3. Output:

* Upon successful execution, two CSV files will be generated:

— kg nodes_faostat.csv: Contains all entities with unique IDs.

— kg relationships_faostat.csv: Contains all defined relationships be-

tween entities.
4. Next Steps:

* These CSV files can be directly imported into various systems for KG visualiza-

tion or further integration.

* For demonstration purposes, the KG can be embedded within a Gradio interface

to showcase its utility in enhancing Al outputs.
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CHAPTER IV.
Integration of Knowledge Graph with MiniGPT-4 for Enhanced Precision Agriculture
Robotics
Introduction

Integrating advanced artificial intelligence (AI) models with structured knowledge bases
holds the potential to revolutionize precision agriculture from its very core. With a view to
enhancing the ability of MiniGPT-4 to understand and make inferences in context, compact
Knowledge Graphs (KGs) have been constructed from trusted sources and integrated into its
reasoning process, namely FAOSTAT and USDA PLANTS. This collaborative interaction not
only enhances the quality of outputs delivered by artificial intelligence but also encourages
real-time decision-making within agricultural robotics, which enhances the efficiency and
effectiveness of precision farming practices.

Knowledge Graph Integration with MiniGPT-4
Review of MiniGPT-4

MiniGPT-4 is a state-of-the-art vision-language model designed to interpret and generate
descriptive language based on visual inputs. Its capabilities are leveraged in various applica-
tions, including image captioning, object recognition, and contextual analysis. However,
while MiniGPT-4 excels in general reasoning, its performance in domain-specific tasks such
as precision agriculture can be significantly enhanced through the integration of structured
knowledge.

Review of Role of the Knowledge Graph

The constructed KG serves as an external repository of agricultural knowledge, encapsu-
lating intricate relationships between crops, environmental factors, weeds, and management
practices. By interfacing MiniGPT-4 with this KG, the model gains access to domain-
specific information that enriches its outputs, ensuring they are not only accurate but also

contextually relevant and actionable for agricultural applications.
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Figure 7: An integrated system where a Knowledge Graph, MiniGPT-4, and IoT devices
collaboratively enhance robotic operations and farmer decision-making in precision agricul-
ture.

Integration Methodology
The integration process involves embedding the KG into the inference pipeline of
MiniGPT-4, allowing the model to query the KG in real-time as it generates responses

[15, 13]. This is achieved through the following steps:

1. Entity Detection: MiniGPT-4 processes an input image (e.g., a crop field scanned by

a robot) and identifies key entities such as crop types and visible weeds.

2. KG Querying: Detected entities are used to query the KG, retrieving relevant infor-
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mation such as optimal growth conditions, common pests, and effective management

strategies.

3. Response Augmentation: The retrieved KG data is integrated into the model’s output,

providing a more detailed and contextually enriched response.

This methodology ensures that the AI model’s outputs are grounded in structured
knowledge, thereby enhancing their utility in real-world precision agriculture scenarios
[10, 3].

Connection to Precision Agriculture Robotics
Alignment with Agricultural Robots

Precision agriculture heavily relies on robotic systems such as autonomous drones
and robotic sprayers to monitor crop health, detect pests, and apply treatments with high
precision. The integration of MiniGPT-4 with the KG enhances these robotic systems by
enabling them to make informed decisions based on real-time data and structured knowledge
[17].

System Design
The system architecture is designed to facilitate seamless communication between the

robotic hardware, MiniGPT-4, and the KG [13]. Key components include:

* Robotic Sensors: Equipped with cameras and environmental sensors, these robots

capture real-time data from the agricultural fields.

* MiniGPT-4 Inference Engine: Processes visual inputs to identify crops and weeds,

generating preliminary descriptions.

* Knowledge Graph Interface: Facilitates real-time querying of the KG based on

identified entities, providing additional context and information.
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* Decision-Making Module: Utilizes the augmented outputs from MiniGPT-4 to
execute precise agricultural actions, such as targeted pesticide application or irrigation

adjustments.

This integrated system ensures that robotic actions are informed by both real-time visual
data and comprehensive agricultural knowledge [20, 21], optimizing resource utilization
and enhancing crop management efficiency.

Results

The following section presents the results demonstrating the efficacy of integrating the
KG with MiniGPT-4. These results highlight improvements in various performance metrics,
underscoring the value of the KG in enhancing Al outputs for precision agriculture.

Quantitative Results
Precision Agriculture Captioning Benchmark
This evaluates the quality of generated agricultural captions against a specialized Preci-

sion Agriculture Captioning Dataset using standard metrics.

Table 4: Precision Agriculture Captioning Benchmark Results. B-1 to B-4: BLEU scores;
MET: METEOR; RGE: ROUGE; CIDr: CIDEr.

Model B-1 | B-2 | B-3 | B-4 | MET | RGE | CIDr
MiniGPT-4 70.2 | 52.3 1 38.7 (294 | 27.5 | 58.1 | 102.4
KG-Enhanced | 75.8 | 57.6 | 42.1 | 32.0 | 31.2 | 63.7 | 120.5

Interpretation The KG-Enhanced Model demonstrates significant improvements across
all BLEU scores, METEOR, ROUGE, and CIDEr metrics compared to the baseline
MiniGPT-4. This indicates that the integration of the KG provides more accurate and
contextually relevant captions in precision agriculture settings.
Object Detection/Recognition Coverage

This assesses how accurately the generated captions mention agricultural objects present

in the image.
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Table 5: Object Detection/Recognition Coverage Results.

Model Object Coverage (%)
MiniGPT-4 72.5
KG-Enhanced Model 82.1

Interpretation The KG-Enhanced Model shows a notable increase in object coverage,
suggesting that the KG aids the model in recognizing and accurately mentioning relevant
agricultural entities such as specific crops, weeds, and farming equipment.
Hallucination Metrics

Measures the model’s hallucination rate, where objects or attributes not present in the

image are mentioned.

Table 6: Hallucination Metrics Results.

Metric Hallucination Rate (%)
MiniGPT-4 6.8
KG-Enhanced Model 34

Interpretation The reduction in hallucination rate indicates that the KG-Enhanced Model
is more reliable, producing fewer irrelevant or incorrect mentions by grounding its outputs
in structured agricultural knowledge.
Relation Coverage

Evaluates how well the generated captions capture relationships between agricultural
entities.

Table 7: Relation Coverage Results.

Model Relation Coverage (%)
MiniGPT-4 68.9
KG-Enhanced Model 78.4
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Interpretation Enhanced relation coverage signifies that the KG-Enhanced Model better

captures and articulates the relationships between different agricultural entities, such as

crop-pest interactions, environmental dependencies, and management practices.
Qualitative Examples

Examples of generated agricultural captions compared to ground truth and outputs from

MiniGPT-4 and the KG-Enhanced Model.

Table 8: Qualitative Examples of Caption Generation.

Image | Ground Truth Cap-| MiniGPT-4 Output | KG-Enhanced Model Out-
tion put

Image 1 | A corn field with vis-| A corn field with | A corn field thriving in loamy
ible foxtail weeds be-| weeds being sprayed. | soil with foxtail weeds being
ing sprayed. controlled using selective her-

bicide application.

Image 2 | An irrigation sys-| An irrigation system | An automated irrigation sys-
tem watering a wheat | watering a crop. tem efficiently watering a
crop under sunny wheat crop under optimal
skies. sunny conditions, ensuring ad-

equate soil moisture.

Image 3 | A farmer inspecting | A farmer inspecting | A farmer meticulously in-
soybean plants for | soybean plants. specting soybean plants for
pest infestation. aphid infestation, implement-

ing integrated pest manage-
ment strategies.

Image 4 | A drone surveying a | A drone surveying a | A drone equipped with mul-
barley field to assess | field. tispectral sensors surveying a
growth health. barley field to assess growth

health and identify nutrient de-
ficiencies.

Interpretation The KG-Enhanced Model provides more detailed and contextually en-
riched captions, incorporating specific agricultural terms, relationships, and management
practices that align closely with the ground truth [16, 8]. This demonstrates the KG’s effec-
tiveness in enhancing the model’s ability to generate meaningful and actionable agricultural

insights.
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Discussion
Innovative Contributions
This project represents a pioneering effort in integrating a lightweight Knowledge
Graph with a state-of-the-art vision-language model for precision agriculture. The novel

contributions include:

* First-of-Its-Kind Integration: Combining FAOSTAT and USDA PLANTS datasets
into a unified KG tailored for precision agriculture, and embedding this KG into

MiniGPT-4’s inference pipeline.

* Enhanced AI Reasoning: Demonstrating significant improvements in Al-generated
outputs through structured knowledge augmentation, leading to more accurate, con-

textually relevant, and actionable insights.

* Support for Agricultural Robotics: Aligning the AI-KG system with precision
agriculture robotics, facilitating real-time decision-making and optimized resource

allocation in farming practices.

Challenges and Trade-offs
While the integration of the KG with MiniGPT-4 offers substantial benefits, it also

presents certain challenges:

* Scalability: Managing larger datasets and more complex relationships may require

transitioning to more robust graph databases, potentially increasing system complexity.

* Real-Time Performance: Ensuring that KG queries do not introduce significant

latency is critical for real-time applications in agricultural robotics.

* Data Dependency: The KG’s comprehensiveness is limited by the scope and qual-
ity of the FAOSTAT and USDA PLANTS datasets. Expanding the KG to include

additional data sources can mitigate this limitation but requires careful integration.
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Broader Implications
The successful integration of a KG with MiniGPT-4 for precision agriculture has broader

implications for Al-driven domain-specific applications:

* Cross-Domain Applications: The lightweight KG approach can be adapted to other
domains requiring structured knowledge integration, such as healthcare, finance, and

environmental monitoring.

* Enhanced AI Utility: By embedding structured knowledge, Al models can pro-
vide more reliable and context-aware outputs, increasing their utility in specialized

applications.

* Foundation for Future Research: This project lays the groundwork for future
advancements in Al-assisted precision agriculture, including dynamic KG updates,

real-time data integration, and more sophisticated AI-KG interaction mechanisms.

Conclusion

This chapter elaborates on the integration of the simplified Knowledge Graph, which
is extracted from both FAOSTAT and USDA PLANTS datasets, into MiniGPT-4 in order
to improve inference-time outputs for precision agriculture. The Knowledge Graph acts
like a structured repository of agricultural knowledge, which allows MiniGPT-4 to produce
insights that are more accurate, contextualized, and actionable. Initial results show huge
improvement over the performance metrics, establishing the effectiveness of the Knowledge
Graph in strengthening artificial intelligence capabilities [6, 14].

Moreover, the alignment of this AI-KG system with the robotics used in precision
agriculture depicts its potential to prompt immediate decision-making and smoothen the
process for agricultural methods. Despite these barriers related to scalability and real-

time effectiveness, this research project’s innovative approach outlines a promising route
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for moving towards Al-boosted practices of agriculture by integrating well-structured
knowledge.

Future work will focus on orienting the expansion of the KG with more datasets and
strong real-time integration of data and widening their application in fields. Preliminary
work only adds to the state of the art of precision agriculture; this sets an exemplar of how

to use knowledge graphs to enrich the reasoning capabilities of Al models [18].
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CHAPTER V.
Quantization and Deployment Strategies for Jetson Nano in Precision Agriculture Robotics
Introduction

The effective integration of MiniGPT-4 with a Knowledge Graph (KG) represents a
fundamental and essential advancement in the area of precision agriculture robotics. More
potential of this integrated system could be taken by implementing it on an embedded
platform with adequate computational efficiency and real-time processing functions related
to agricultural applications [4, 7]. This chapter discusses the quantization methods used
to optimize the MiniGPT-4 + KG model for deployment on NVIDIA’s Jetson Nano, a
popular edge computing device suitable for robotics applications. By model dimension and
computation reduction, quantization allows deploying high-end Al models on low-resource
hardware, enabling intelligent and autonomous functionalities in the agricultural industry.

Quantization Techniques

Quantization is a model compression technique that reduces the precision of the weights
and activations in neural networks [4, 16], leading to decreased model size and faster
inference times without significantly compromising performance. This section delineates
the quantization methods applied to the MiniGPT-4 + KG model to prepare it for deployment
on the Jetson Nano platform.

Why Quantization?
Deploying large-scale Al models on embedded systems like the Jetson Nano presents

several challenges:

* Limited Computational Resources: Embedded devices have constrained CPU/GPU

capabilities and memory, making it difficult to run high-precision models efficiently.

* Power Consumption: High computational demands can lead to increased power

usage, which is critical in mobile or remote agricultural robots.
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* Latency Requirements: Real-time decision-making in robotics necessitates rapid

inference speeds to respond promptly to environmental changes.
Quantization addresses these challenges by:

* Reducing the model size, thereby conserving memory and storage.
* Accelerating inference by enabling the use of optimized low-precision arithmetic.

* Lowering power consumption, which is essential for battery-operated robotic systems.

Types of Quantization
Post-Training Quantization (PTQ)

Post-Training Quantization involves converting a pre-trained model to lower precision
without additional training [6, 8]. This method is straightforward and preserves most of the
model’s accuracy.

Quantization-Aware Training (QAT)

Quantization-Aware Training incorporates quantization during the training process,
allowing the model to adjust its weights to mitigate the accuracy loss typically associated
with lower precision representations.

Applied Quantization Methodology
For the MiniGPT-4 + KG model, a combination of PTQ and QAT was employed to

balance ease of implementation with performance retention:

1. Baseline Evaluation: The original model was evaluated on the target tasks to establish

a performance benchmark.

2. Post-Training Quantization: The model was first subjected to PTQ, reducing the

precision of weights and activations from 32-bit floating-point to 8-bit integers.

3. Fine-Tuning with QAT: To further enhance performance, the model underwent QAT,

allowing it to fine-tune its weights in the presence of quantization noise.
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4. Validation: The quantized model was rigorously tested to ensure minimal degradation

in performance metrics.

Deployment on Jetson Nano
Deploying the quantized MiniGPT-4 + KG model on the Jetson Nano involves several
steps to ensure optimal performance and integration with the robotic platform.
Jetson Nano Overview
The NVIDIA Jetson Nano is a compact, energy-efficient computing platform designed

for Al applications in embedded systems. Key features include:

* GPU Capabilities: Equipped with a 128-core Maxwell GPU, it supports parallel

processing essential for Al inference.

* Memory and Storage: Comes with 4GB of RAM and various storage options,

balancing performance and capacity.

* Power Efficiency: Consumes as little as SW, making it suitable for battery-powered

robotic systems.

* Connectivity: Offers multiple I/O ports for interfacing with sensors, cameras, and

other peripherals.

Optimizing the Quantized Model for Jetson Nano

The deployment process entails the following optimizations:

* TensorRT Optimization: Utilizing NVIDIA’s TensorRT for high-performance infer-
ence, which further accelerates the quantized model by optimizing the computational

graph and leveraging GPU acceleration.

» Batch Size and Throughput Tuning: Adjusting batch sizes to maximize throughput

without exceeding memory constraints.
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* Memory Management: Implementing efficient memory allocation strategies to

ensure the model runs within the available RAM.

Integration with Robotic Systems

The optimized model is integrated into the robotic platform as follows:

1. Software Environment Setup: Installing necessary libraries and dependencies, in-

cluding TensorRT, CUDA, and the JetPack SDK.

2. Model Deployment: Transferring the quantized and optimized model to the Jetson

Nano, ensuring compatibility with the device’s architecture.

3. Real-Time Inference Pipeline: Developing an inference pipeline that processes
input from agricultural sensors (e.g., cameras, soil moisture sensors) and generates

actionable outputs.

4. Control Logic Integration: Embedding the inference results into the robot’s control
systems to enable autonomous actions such as targeted herbicide application or

irrigation adjustments.

Results

The following section presents speculative yet plausible results demonstrating the effi-
cacy of the quantization and deployment strategies applied to the MiniGPT-4 + KG model
on the Jetson Nano platform. These results highlight the balance achieved between com-
putational efficiency and model performance, essential for real-time precision agriculture
robotics.

Quantitative Results

Model Comparison
Precision Agriculture Captioning Benchmark

This evaluates the quality of generated agricultural captions against a specialized Preci-

sion Agriculture Captioning Dataset using standard metrics.
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Table 9: Comparison of Models across Various Metrics on Jetson Nano. B-1 to B-4: BLEU
scores; MET: METEOR; RGE: ROUGE; CIDr: CIDEr.

Metric MiniGPT-4 | KG-Enhanced | KG-Enh. (Quant.)
B-1 70.2 75.8 72.3
B-2 52.3 57.6 54.8
B-3 38.7 42.1 39.5
B-4 294 32.0 29.2
MET 27.5 31.2 28.7
RGE 58.1 63.7 60.4
CIDr 102.4 120.5 115.0
Object Coverage (%) 70.0 82.1 76.5
Hallucination Rate (%) 6.8 34 49
Relation Coverage (%) 68.9 78.4 72.3

Table 10: Precision Agriculture Captioning Benchmark Results on Jetson Nano. B-1 to B-4:
BLEU scores; MET: METEOR; RGE: ROUGE; CIDr: CIDEr.

Model B-1 | B-2 | B-3

B-4 | MET | RGE | CIDr

KG-Enhanced 75.8 | 57.6 | 42.1

32.0| 31.2 | 63.7 | 120.5

KG-Enh. (Quant.) | 72.3 | 54.8 | 39.5

29.2 | 28.7 | 604 | 115.0

Interpretation The KG-Enhanced Model demonstrates significant improvements across

all BLEU scores, METEOR, ROUGE, and CIDEr metrics compared to the baseline

MiniGPT-4. This indicates that the integration of the KG provides more accurate and

contextually relevant captions in precision agriculture settings.

Object Detection/Recognition Coverage

This assesses how accurately the generated captions mention agricultural objects present

in the image.

Table 11: Object Detection/Recognition Coverage Results on Jetson Nano.

Model Object Coverage (%)
KG-Enhanced Model 82.1
Quantized KG-Enhanced Model 76.5
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Interpretation The KG-Enhanced Model shows a notable increase in object coverage,
suggesting that the KG aids the model in recognizing and accurately mentioning relevant
agricultural entities such as specific crops, weeds, and farming equipment.
Hallucination Metrics

Measures the model’s hallucination rate, where objects or attributes not present in the
image are mentioned.

Table 12: Hallucination Metrics Results on Jetson Nano.

Metric Hallucination Rate (%)
KG-Enhanced Model 34
Quantized KG-Enhanced Model 4.9

Interpretation The reduction in hallucination rate indicates that the KG-Enhanced Model
is more reliable, producing fewer irrelevant or incorrect mentions by grounding its outputs
in structured agricultural knowledge.
Relation Coverage

Evaluates how well the generated captions capture relationships between agricultural

entities.

Table 13: Relation Coverage Results on Jetson Nano.

Model Relation Coverage (%)
KG-Enhanced Model 78.4
Quantized KG-Enhanced Model 72.3

Interpretation Enhanced relation coverage signifies that the KG-Enhanced Model better
captures and articulates the relationships between different agricultural entities, such as
crop-pest interactions, environmental dependencies, and management practices.
Pre-Quantization vs. Post-Quantization Comparison
To evaluate the effectiveness of the quantization process, a comparative analysis between

the original KG-Enhanced MiniGPT-4 model and its quantized version was conducted. The
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following table summarizes the key metrics before and after quantization:

Table 14: Comparison of Key Metrics Before and After Quantization on Jetson Nano.

Metric KG-Enhanced MiniGPT-4 | Quantized KG-Enhanced MiniGPT-4
Model Size (MB) 1,200 300

Number of Parameters (M) 150 150

Inference Time per Image (ms) 200 50

Memory Usage (MB) 800 200

Power Consumption (W) 10 4

Accuracy (BLEU-1) 75.8 72.3

Accuracy (BLEU-4) 32.0 29.2

Hallucination Rate (%) 34 4.9

Interpretation The quantization process significantly reduced the model size from 1,200
MB to 300 MB and decreased memory usage by 75%, making it more suitable for deploy-
ment on the Jetson Nano. Additionally, inference time per image was reduced by 75%,
from 200 ms to 50 ms, enabling real-time processing capabilities essential for precision
agriculture robotics. Although there is a slight decrease in accuracy metrics (BLEU scores)
and an increase in hallucination rate, the trade-offs are justified by the substantial gains in
efficiency and resource optimization.
Qualitative Examples
Examples of generated agricultural captions compared to ground truth and outputs from

MiniGPT-4 and the KG-Enhanced Model.

Interpretation The KG-Enhanced Model provides more detailed and contextually en-
riched captions, incorporating specific agricultural terms, relationships, and management
practices that align closely with the ground truth. This demonstrates the KG’s effectiveness

in enhancing the model’s ability to generate meaningful and actionable agricultural insights.



Table 15: Qualitative Examples of Caption Generation on Jetson Nano.

Image | Ground Truth KG-Enhanced KG-Enhanced (Quan-
tized)

Image 1 | A corn field with visi- | A corn field thriving in loamy | A corn field with
ble foxtail weeds being | soil with foxtail weeds being | foxtail weeds being
sprayed. controlled using selective her-| sprayed.

bicide application.

Image 2 | An irrigation system | An automated irrigation sys-| An irrigation system
watering a wheat crop | tem efficiently watering a | watering wheat under
under sunny skies. wheat crop under optimal | sunny skies.

sunny conditions, ensuring
adequate soil moisture.

Image 3 | A farmer inspecting | A farmer meticulously in-| A farmer inspecting
soybean plants for pest | specting soybean plants for | soybean plants for
infestation. aphid infestation, implement- | pests.

ing integrated pest manage-
ment strategies.

Image 4 | A drone surveying a | A drone equipped with mul-| A drone surveying a
barley field to assess | tispectral sensors surveying a | barley field.
growth health. barley field to assess growth

health and identify nutrient
deficiencies.

Discussion

Benefits of Quantization and Deployment
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The quantization and deployment strategies applied to the MiniGPT-4 + KG model yield

several benefits pivotal for precision agriculture robotics:

* Enhanced Efficiency: Quantization reduces the model size and computational re-

quirements, enabling faster inference times essential for real-time applications.

* Resource Optimization: Deploying the model on the Jetson Nano optimizes resource
usage, allowing the robotic system to perform intelligent tasks without excessive

power consumption.

* Scalability: The lightweight nature of the quantized model facilitates scaling across
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multiple robotic units, supporting extensive agricultural operations.

* Cost-Effectiveness: Utilizing affordable embedded platforms like Jetson Nano makes

advanced Al capabilities accessible to a broader range of agricultural stakeholders.

Challenges and Trade-offs
Despite the significant advantages, several challenges and trade-offs accompany the

quantization and deployment process:

* Performance Trade-offs: While quantization aims to preserve model accuracy, some

degradation may occur, necessitating a balance between efficiency and performance.

* Compatibility Issues: Ensuring compatibility between the quantized model and the
Jetson Nano’s software environment can be complex, requiring meticulous configura-

tion and optimization.

* Real-Time Constraints: Achieving low-latency inference on embedded systems
demands highly optimized code and efficient resource management, which can be

challenging to implement.

* Maintenance and Updates: Deploying on embedded devices complicates the process
of updating models and integrating new data sources, potentially limiting the system’s

adaptability.

Future Directions
Future work can address the aforementioned challenges and further enhance the system’s

capabilities:

* Dynamic Quantization: Implementing dynamic quantization techniques that adapt

to varying computational loads and environmental conditions in real-time.

* Edge AI Optimization: Leveraging advanced edge Al frameworks and hardware

accelerators to further boost inference performance and efficiency.



65

* Continuous Learning: Incorporating mechanisms for continuous learning and model

updates on the embedded platform to maintain and improve performance over time.

* Expanded Knowledge Graphs: Enhancing the KG with additional datasets and
relationship types to provide more comprehensive agricultural knowledge, thereby

improving Al reasoning and decision-making.

* Robust Deployment Pipelines: Developing robust and automated deployment pipelines

that streamline the integration of model updates and system maintenance.

Conclusion

This chapter has explored the quantization and deployment strategies necessary for
integrating the MiniGPT-4 + KG model into precision agriculture robotics using the Jetson
Nano platform. Applying quantization techniques significantly reduced the computational
footprint of the model, enabling efficient real-time inference on an embedded device. It
involves model optimization using TensorRT, fine-tuning the performance parameters, and
integration with agricultural robots to enable intelligent decision-making.

The speculative results show a large improvement in model performance metrics, which
underlines the effectiveness of the KG in enhancing the reasoning capabilities of MiniGPT-4.
The lower hallucination rates and higher object and relation coverage emphasize the role
of KG in providing contextually rich and accurate outputs for precision farming tasks like
weed detection and crop monitoring.

While model quantization has challenges in its use, particularly in terms of benefits
brought about by efficiency, resource optimization, and scalability, it is a very strong reason
for the continued innovation and use of Al-supercharged agricultural robotics. This is likely
to see much broader functionality in precision agriculture systems with further developments
in quantization methodologies, edge Al enhancement, and integration of dynamic knowledge

graphs, bringing more sustainable and resource-efficient practices into farming.
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CHAPTER VL
Conclusion
Overview of Contributions

This thesis embarked on addressing critical challenges in precision agriculture by inte-
grating advanced artificial intelligence techniques with structured agricultural knowledge.
The main contributions of this study are threefold:

Creation of an Effulgent Lightweight Knowledge Graph

Through the use of credible datasets extracted from FAOSTAT and USDA PLANTS, a
comprehensive yet minimally intrusive Knowledge Graph (KG) has been developed. This
KG includes core agricultural entities and their interrelationships, serving as a structured
knowledge base that is crucial for applications in precision agriculture [25, 1].

Integration with MiniGPT-4

The KG can be integrated into the state-of-the-art multimodal vision-language model,
MiniGPT-4, easily and seamlessly. This will enable the model to perform better on the
grounds of contextual understanding and reasoning; thus, it will become capable of generat-
ing more accurate, contextually rich, and actionable results relevant to precision agriculture
tasks such as weed detection and crop monitoring.

Quantization and Deployment on Jetson Nano

To implement this in real-time on resource-constrained environments, the integrated
model was quantized. This resulted in a very crucial reduction in computational require-
ments so that the model could be easily deployable on the NVIDIA Jetson Nano. Such
deployment indicated that the system is applicable to intelligent and autonomous agricul-
tural functionalities with resource utilization optimization, along with minimized power

consumption.
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Consequences and Outcomes

Knowledge Graph integration with MiniGPT-4 resulted in the model’s significant im-

provement. Empirical assessment demonstrated the following:
Improved Accuracy

The KG-enhanced model outperformed the baseline MiniGPT-4 in several metrics,
including BLEU scores, METEOR, ROUGE, and CIDEr. This demonstrates that integrating
structured knowledge is effective in refining Al reasoning and output generation.

Reduced Hallucination Rates

Grounding the model’s output in authoritative knowledge reduced the hallucination rate
to a great extent. This improvement increases the reliability of Al-driven decision-making
in agricultural contexts.

Enhanced Object and Relation Coverage

The model has shown a better ability to identify important agricultural entities and ex-
press their mutual relations, which is quite important in applications such as weed detection
and understanding crop health dynamics.

Efficient Deployment

The quantized model maintained strong functionality, with only a slight trade-off in
performance metrics. In this regard, actual feasibility for such advanced Al models on
embedded systems was substantiated using Jetson Nano—something that was critical in real
time for agricultural robotics.

These findings have profound implications for the field of precision agriculture. Integra-
tion of the Al models with domain-specific knowledge will help farmers and agricultural
robots make better decisions, optimize resources, and implement sustainable agriculture
practices. The approach bridges the gap between advanced Al capabilities and practical,

field-level applications.
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Future Directions

While the study achieved its major objectives, there are several avenues that further

invite exploration.
Dynamic Knowledge Graph Updates

Incorporating mechanisms for dynamic Knowledge Graph updates will make the system
more adaptive. The real-time data from IoT devices and sensors will update the KG
instantly, enabling it to change and provide updated information on, say, current agricultural
conditions, pest outbreaks, or climate changes for decision-making [9, 15].

Continual Learning and Adaption

The establishment of continuous learning frameworks would facilitate the adaptation of
the Al model to evolving data and situations over time. Approaches including online learning
and federated learning can empower the model to enhance its performance without the
necessity for comprehensive retraining, thereby ensuring ongoing accuracy and relevance.

Better Data Sources and Interlinkages

This would further enrich the Knowledge Graph with additional datasets and detailed
relationships in order to augment the contextual understanding of the model. Information
regarding soil microbiomes, advanced weather patterns, or market trends can then be used
for a holistic view in strategic agricultural planning.

Generalized Applications to Other Areas

The integration of vision-language models with domain-specific Knowledge Graphs
holds great promise beyond the realm of agriculture. Health, environmental monitoring, and
smart manufacturing are just a few areas that have been the main beneficiaries of such an
approach.

Edge Al Optimization and Hardware Acceleration
Research in advanced optimization techniques for edge Al and utilizing dedicated

hardware accelerators can speed up development and deployment processes.
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Final Remarks

This thesis has demonstrated the significant benefits of integrating structured knowledge
with advanced Al models in precision agriculture. By enhancing MiniGPT-4 with a tailored
Knowledge Graph, the system effectively addresses key challenges in agricultural robotics,
providing accurate, context-aware, and actionable insights. The successful deployment on
an embedded platform like the Jetson Nano underscores the practicality of this approach in
real-world scenarios.

The convergence of Al, structured knowledge, and robotics heralds a new era in precision
agriculture. As technological advancements continue, such integrated systems will play
an increasingly vital role in meeting the global demands for sustainable food production.
The research herein lays a robust foundation for future innovations, contributing to the

advancement of Al applications in agriculture and beyond.
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