
Generative Diffusion Models for Agricultural AI:
Plant Image Generation, Indoor-to-Outdoor

Translation, and Human Preference Alignment

by

Da Tan

A Thesis submitted to the

Faculty of Graduate and Postdoctoral Studies

of the University of Manitoba

in partial fulfillment of the requirements of the degree of

Master of Science

Department of Computer Science

University of Manitoba

Winnipeg

Copyright © 2025 by Da Tan



Thesis advisor Author

Christopher Henry Da Tan

Generative Diffusion Models for Agricultural AI: Plant

Image Generation, Indoor-to-Outdoor Translation, and

Human Preference Alignment

Abstract

The success of modern agricultural artificial intelligence (AI) depends heavily on

access to large-scale, diverse, and annotated plant image datasets. However, collecting

such datasets in real-world field conditions is costly, labor-intensive, and constrained

by seasonal and environmental variability. This thesis investigates the use of diffusion-

based generative modeling to address these challenges through plant image synthesis,

indoor-to-outdoor translation, and human preference-aligned fine-tuning.

First, a Stable Diffusion model (SD-1.4) was fine-tuned with curated indoor and

outdoor plant imagery to generate realistic, text-conditioned images of canola and

soybean plants. Quantitative evaluation using Inception Score (IS) and Fréchet In-

ception Distance (FID), along with downstream experiments on phenotype classifica-

tion, demonstrated that synthetic images can effectively augment training data and

improve model performance.

Second, we explored image translation to bridge the gap between high-resolution

indoor plant datasets and limited outdoor field imagery. By combining DreamBooth-

based text inversion with image-guided diffusion, indoor plant structures were pre-
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served while environmental contexts such as lighting, soil, and stress conditions were

rendered according to outdoor semantics. Translated images were evaluated in a weed

detection and classification task using YOLOv8, showing consistent improvements as

synthetic data ratios increased.

Finally, a preference-guided fine-tuning framework was developed to align gen-

erative outputs with expert judgments of quality and botanical realism. A reward

model, trained on manually annotated scores, was integrated into a reward-weighted

supervised fine-tuning procedure. The resulting preference-aligned model achieved

higher subjective quality and stability, albeit with trade-offs in traditional objective

metrics such as FID.

Overall, this work demonstrates that diffusion models can generate, translate, and

refine plant images in ways that address data scarcity and domain gaps in agricultural

AI. By coupling generative pipelines with expert feedback, this thesis introduces a

pathway toward data-efficient and user-centered agricultural machine learning sys-

tems.
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Chapter 1

Introduction and Motivation

1.1 Introduction

In recent years, image generation technology has made rapid progress. High-

quality synthetic images can now be produced at relatively low cost, often guided

directly by natural language prompts. Leading this advancement are diffusion mod-

els, such as denoising diffusion probabilistic models (DDPM) [1] and latent diffusion

models like Stable Diffusion [2], which have achieved state-of-the-art results in gener-

ating diverse, high-resolution images. These models offer more flexibility and higher

quality than earlier approaches like generative adversarial networks (GANs) [3].

Despite this progress, the use of diffusion models in scientific fields, especially

plant science and agriculture, remains limited. In these areas, high-quality and

diverse images are essential for tasks such as phenotyping, disease diagnosis, and

crop-performance modeling. However, collecting large, well-annotated outdoor field

datasets is time-consuming, expensive, and not as straightforward as scraping images

1
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from the internet for other computer vision tasks. Synthetic image generation offers a

promising way to overcome these challenges by providing controlled and customizable

alternatives to manual data collection.

This thesis explores how fine-tuned diffusion models can help meet three goals: (1)

generating realistic plant images from text descriptions; (2) translating indoor plant

images (e.g., from greenhouse environments) into realistic outdoor field scenes; and

(3) stabilizing the generative model by aligning it with user preferences through fine-

tuning. The overall aim is to narrow the gap between lab-grown and real-world agri-

cultural data, making synthetic images more useful for downstream machine learning

applications in plant research.

1.2 Motivation

Plant imaging is constrained by limited access to labeled data and high annotation

costs. Indoor greenhouse imaging setups often fail to represent the complexity of

outdoor settings such as lighting variation, soil texture, pest damages and plant-weed

interactions. This domain gap limits the generalization of computer vision models

trained only on indoor datasets of plants [4; 5].

Generative models fine-tuned for plant-specific contexts offer a more flexible al-

ternative. By conditioning on descriptive prompts, these models may generate large

and diverse image sets that reflect phenotypic traits, growth stages, and different

environments. Furthermore, image-to-image translation from indoor greenhouse to

outdoor field domains can serve as a data augmentation tool, which may improve the

robustness of downstream models for plant segmentation, detection, and classification
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[6; 7].

Our work addresses the current lack of generative frameworks for plant imaging.

By building on top of diffusion models’ excellent generation quality and controllability,

we aim to support plant science research with synthetic data tools that are flexible

and domain-relevant.

1.3 Problem Statement

This thesis addresses the lack of high-quality, controllable, and domain-adapted

synthetic plant images that can support agricultural research. Specifically, it tackles

two key challenges:

1. Domain-Specific Text-to-Image Generation: Existing diffusion models

are not optimized to generate biologically realistic plant images from scientific

text prompts. For example, a prompt like “a canola leaf showing early signs

of chlorosis under drought stress” often produces irrelevant or distorted out-

puts without proper fine-tuning. This is mainly due to the mismatch between

general-language training data and scientific context.

2. Indoor-to-Outdoor Image Translation: Models trained on controlled in-

door plant images often fail to generalize to outdoor field conditions due to

domain shift. Current unpaired translation methods, such as GAN-based mod-

els [8; 9; 10], tend to produce unstable results and often lose fine structural

details, which are critical for tasks such as plant disease phenotyping. There is a

clear need for a method that can translate images of indoor plants into realistic
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outdoor scenes while preserving the accuracy of the plant’s appearance.

By addressing these problems, the work aims to produce controllable synthetic

datasets that augment plant image data and enhance the robustness of downstream

machine learning models used in agriculture. Specifically, this thesis integrates three

components into a unified workflow (Figure 1.1). First, we fine-tune a Stable Diffusion

model for domain-specific text-to-image generation of crop imagery, and performed

classification tasks with the augmented synthetic data. Second, we extend this capa-

bility to indoor-to-outdoor image translation, addressing the gap between controlled

lab data and variable field conditions, and validate the methodology with a weeds-

detection task using both real and translated images. Finally, we further improved

the quality of the generated images by incorporating a preference-aligned fine-tuning

strategy, where expert feedback is encoded into a reward model to guide the generative

process toward more stable outputs. Together, these components establish a cohe-

sive framework for data-efficient and user-aligned generative modeling in agriculture,

which will be detailed in Chapters 4 through 6.

1.4 Contributions

This thesis presents a unified framework that advances the use of generative dif-

fusion models for agricultural image synthesis, translation, and expert-aligned refine-

ment. The key contributions are summarized as follows:

1. Diffusion-based Plant Image Generation: We develop a text-conditioned

diffusion pipeline capable of generating high-fidelity indoor and outdoor plant
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Figure 1.1: Overall workflow of the thesis. The framework integrates three major
components as highlighted: (1) text-to-image generation using fine-tuned Stable Dif-
fusion, (2) indoor-to-outdoor image translation via DreamBooth and image-guided
diffusion, and (3) preference-aligned fine-tuning with reward modeling. Together,
these components provide a cohesive pipeline for generating, adapting, and aligning
plant imagery for agricultural applications.

images. Through dataset curation, captioning, and diffusion model fine-tuning,

we demonstrate that synthetic images can effectively augment training datasets

and improve downstream classification performance.

2. Indoor-to-Outdoor Image Translation: We propose both text-guided and

image-guided translation approaches that preserve plant structure while adapt-

ing lighting, backgrounds, and environmental context. Experiments show that

translated images enhance performance in agricultural tasks such as weed de-

tection and classification.



6 Chapter 1: Introduction and Motivation

3. Preference-Guided Diffusion Model Fine-tuning: We introduce a preference-

aligned fine-tuning framework that integrates a reward model and best-of-N se-

lection strategy to align image generation with expert visual preferences. This

improves the stability and realism of generated images beyond traditional ob-

jective metrics.

1.5 Thesis Structure

The remainder of this thesis is organized to progressively build from theoretical

foundations to practical implementation and evaluation. Chapter 2 reviews related

work on synthetic image data generation, diffusion models, and generative AI in

agriculture. Chapter 3 presents the theoretical preliminaries, covering variational

autoencoders, diffusion models, latent diffusion, and DreamBooth personalization.

Chapter 4 introduces the text-conditioned plant image generation pipeline, including

dataset preparation, captioning, model fine-tuning, evaluation and downstream crop

diseases phenotyping. Chapter 5 extends this work to text-guided and image-guided

indoor-to-outdoor translation and examines its benefits for downstream weed detec-

tion. Chapter 6 presents a preference-aligned fine-tuning framework that integrates

reward modeling to enhance human-perceived image quality. Finally, Chapter 7 con-

cludes the thesis. In summary, the thesis follows a coherent progression from theory

to application: it begins by establishing the necessary mathematical and conceptual

background, then develops and evaluates three generative AI pipelines for agricultural

text-to-image generation, image translation, and preference-guided refinement, and

concludes with key findings, limitations, and future research opportunities.



Chapter 2

Background and Related Work

2.1 Deep Learning for Image Generation

Image generation is a fundamental problem in computer vision and has seen rapid

progress with the advancing of deep learning. The ability to synthesize realistic images

from random noise, structured conditions, or textual prompts has not only advanced

creative applications but also enabled practical benefits such as data augmentation

for downstream machine learning tasks. Early research was dominated by GAN-

based models [8], which pioneered adversarial training for realistic image synthesis.

Subsequent innovations addressed the limitations of GANs and introduced diffusion-

based models [11; 1], which now represent the state-of-the-art in controllable and high-

quality image generation. These approaches form the foundation for recent advances

in image-to-image translation and editing, which are central to this thesis.

7
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2.1.1 GAN-based Models for Image Generation

GANs [8] have been a cornerstone in the development of deep learning mod-

els for image generation. GANs consist of two neural networks, a generator and a

discriminator, trained simultaneously in a minimax game: the generator aims to syn-

thesize realistic images, while the discriminator learns to distinguish between real and

generated samples. This adversarial training paradigm has been highly effective in

producing high-quality images.

Early advances such as the deep convolutional GAN (DCGAN) [12] demonstrated

the feasibility of generating natural images with convolutional architectures, providing

a strong foundation for subsequent improvements. Conditional GANs (cGANs) [13]

extended the framework by conditioning the generator on additional information such

as class labels, thereby allowing controlled synthesis of specific image categories.

Further innovations, including progressive growing of GANs (PGGAN) [9], im-

proved stability and enabled the generation of high-resolution images. CycleGAN

[10] introduced a novel cycle-consistency loss that enabled unpaired image-to-image

translation, facilitating tasks such as translating between different visual domains

without paired training data. This capability has been particularly useful in appli-

cations where aligned datasets are scarce, such as medical imaging and agricultural

plant phenotyping.

2.1.2 Diffusion Models for Image Generation

When introduced in 2015, diffusion models started to emerge as a state-of-art tools

in generative modeling. Inspired by nonequilibrium thermodynamics, DDPMs [1]
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generate data by reversing a gradual noising process. Unlike GANs, which often suffer

from mode collapse and training instability [14], diffusion models achieve improved

stability and image diversity by modeling the data distribution more directly through

iterative refinements.

A key advancement is the introduction of latent diffusion models (LDMs), which

reduce the computational burden of DDPMs by operating in a compressed latent

space [2]. This makes high-resolution generation more feasible and scalable. The

flexibility of diffusion models also allows conditioning on a variety of modalities,

including images, semantic maps, and textual prompts. Recent variants, such as

ControlNet [15], further enhance controllability by introducing structural constraints

during generation. In ControlNet, an additional network branch receives a structural

input, such as an edge map, segmentation mask, or depth map, and this branch

guides the denoising process so that the generated image preserves the spatial layout,

or object shapes encoded in the input.

2.1.3 Text-to-Image Synthesis

Text-to-image generation is a task where a model generates images from natural

language descriptions, enabling controllable content creation. This capability is a key

aspect to models such as DALL·E [16], Imagen [17], and Stable Diffusion [2], which

leverage pretrained text encoders like CLIP [18] to embed semantic meaning from

prompts. The use of large-scale vision-language paired-data for training allows these

models to generalize across diverse prompts, and achieve strong alignment between

text and image content. However, their performance in out-of-training domains is
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limited by the nature of the training data. For example in plant science, prompts

describing botanical attributes (e.g., “canola with yellowing leaves under drought

stress”) often fall outside the distribution of the training corpus, leading to artifacts,

inaccuracies, or out-of-domain features in the generated images.

To address this, domain-adaptive fine-tuning techniques, such as DreamBooth [19]

or LoRA [20], have been introduced to specialize large generative models using small,

focused datasets. These methods preserve the core generative capacity while adapting

to new concepts, styles, or domains. In this work, we fine-tune a latent diffusion model

using curated plant image datasets. This enables the model to synthesize realistic

plant images guided by text prompts specific to agricultural research.

2.1.4 Alternative Generative Models for Text-to-Image Syn-

thesis

While diffusion models have recently become the dominant approach for text-to-

image generation, several alternative and complementary techniques have been pro-

posed to enhance or control generative processes. These methods offer different trade-

offs in terms of data requirements, training complexity, and generalization. Textual

inversion [21] enables personalization of generative models by learning pseudo-token

embeddings (e.g., “plantX”) that capture the visual identity of a new concept using

only a few reference images. This method fine-tunes only the text encoder, leaving

the image generator unchanged. It is useful for integrating rare or unseen objects into

a pretrained model without full retraining. Another text inversion-based approach,

plug-and-play [22], proposes a training-free framework for text-guided image-to-image
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translation that uses a pre-trained text-to-image diffusion model. By directly inject-

ing spatial features from a guidance image into the generation process, this method

enables fine-grained control over structure while modifying the content according to a

target text prompt. Another example comes from SDEdit [23], which allows localized

or guided edits to generated images without full re-sampling. This approach modifies

intermediate representations (e.g., cross-attention maps) to steer generation toward

new prompts or user constraints. More recently, Shi et. al. introduced InstantBooth

[24], a fast and scalable method for text-guided image personalization that eliminates

the need for test-time finetuning. It encodes input images into textual tokens using a

learnable image encoder and preserves fine visual details through lightweight adapter

layers integrated into a pre-trained text-to-image model, achieving high-quality re-

sults faster than prior approaches.

2.2 Deep Learning for Image-to-Image Transla-

tion

Image-to-image translation has emerged as an important task in computer vi-

sion, aiming to learn mappings between two visual domains while preserving seman-

tic structure. Typical applications include colorization, style transfer, semantic-to-

realistic image conversion, and adapting across environmental domains (e.g., plant

images from indoor to outdoor scenes). The field has evolved through several stages of

methodological development. Early approaches relied on supervised translation with

paired training data, enabling direct mappings between aligned domains. To address
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the difficulty of obtaining such pairs, unsupervised translation frameworks were intro-

duced, learning correspondences from unaligned data. More recently, diffusion-based

translation has gained prominence, providing improved stability and image fidelity

over GAN-based methods. In parallel, specialized advances in image editing and in-

painting have extended translation frameworks to localized transformations, offering

fine-grained control of image content. The following subsections review each of these

directions in turn.

2.2.1 Supervised Image Translation

Image-to-image translation refers to learning a mapping between two visual do-

mains, such as transforming grayscale images to color. Classical supervised ap-

proaches rely on paired datasets, where corresponding images from source and target

domains are available. For example, Pix2Pix [25] introduced a conditional GAN

framework that learns mappings from paired training data, producing high-quality

outputs across a variety of tasks such as semantic label to photo translation and im-

age colorization. While effective, these models are constrained by the need for aligned

data, which is costly and often infeasible to obtain in many real-world applications.

2.2.2 Unsupervised Image Translation

To overcome the scarcity of paired data, unsupervised approaches have been de-

veloped. CycleGAN [10] introduced the concept of cycle-consistency loss to enforce

that an image translated from source to target and back should recover the original.

This framework enabled translation across unaligned domains such as horses and ze-
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bras, Monet paintings and photographs, and seasonal landscape changes. Subsequent

work such as DualGAN [26] and UNIT [27] further advanced this direction, demon-

strating strong results in style transfer. These methods significantly expanded the

applicability of image translation but still faced challenges with training stability and

mode collapse, common to GAN-based frameworks.

2.2.3 Diffusion-Based Image Translation

Recent advances in diffusion models have provided new opportunities for image-to-

image translation, offering improved image quality and more stable training compared

to GAN-based methods. Palette [28] formulates image translation as a conditional

diffusion process, enabling tasks such as colorization, inpainting, and segmentation

map translation with impressive fidelity. SDEdit [23] leverages stochastic differential

equations to guide image editing and translation by injecting controlled noise into the

input and denoising under conditional guidance.

2.2.4 Image Editing and Inpainting

Beyond full-domain translation, image-to-image frameworks have also been ex-

tended to localized editing and inpainting tasks. These approaches allow modifying

or filling specific image regions while maintaining global coherence. Classical methods

like DeepFill [29] employed GANs with attention mechanisms to generate realistic in-

painted content. More recently, diffusion-based inpainting methods such as those in

SD pipelines [2] have enabled high-quality editing by conditioning on masked regions

and text prompts. These advances expand the scope of image translation beyond



14 Chapter 2: Background and Related Work

rigid source-to-target mappings, enabling more flexible and controllable editing.

2.3 Supervised Image Refining with Human Feed-

back

Pre-trained generative models can produce visually realistic images, yet the out-

puts often fail to capture the subtle semantic or aesthetic qualities valued by end-

users. This has motivated the development of methods that incorporate expert feed-

back or preference signals to better align model outputs with user expectations. In

this section, we review the most relevant approaches including reinforcement learn-

ing, differentiable ranking, and best-of-N sample–based fine-tuning that refine image

generation through preference-guided optimization.

2.3.1 Reinforcement Learning with Human Feedback

One of the most widely adopted paradigms for preference alignment is RLHF.

Originating from natural language processing [30; 31], reinforcement learning with

human feedback (RLHF) has been successfully adapted to diffusion models. For ex-

ample, Black et al. [32] applied proximal policy optimization (PPO) to fine-tune dif-

fusion models for aesthetic preferences, demonstrating improvements over supervised

baselines. Similarly, Lee et al. [33] explored preference-conditioned diffusion, showing

that reinforcement signals can guide image generation toward user-specified quality

dimensions. While effective, RLHF is computationally expensive and often unstable

when applied to high-dimensional image data, motivating exploration of more direct
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and stable alternatives.

2.3.2 Differentiable Ranking and Direct Preference Optimiza-

tion

To alleviate the instability of full reinforcement learning pipelines, differentiable

ranking and direct preference optimization have been proposed. DRaFT (Differen-

tiable Ranking Fine-Tuning) [34] directly optimizes a diffusion model by backprop-

agating through a differentiable ranking objective, allowing gradient-based updates

toward preferred generations without the complexity of policy optimization.

2.3.3 Best-of-N Selection and Supervised Fine-Tuning

A simpler but highly practical approach is to exploit rejection sampling and super-

vised fine-tuning on preferred subsets of generated data, this is a paradigm often re-

ferred to as best-of-N selection. In this framework, the model generates N candidates

per prompt, a reward model or human ranks the outputs, and the top-k candidates

are adopted as pseudo-targets for supervised fine-tuning. Recently, preference opti-

mization approaches such as direct preference optimization (DPO) [35] have gained

traction in the language domain and inspired adaptations for vision models, where

pairwise preferences are used to directly adjust the model distribution toward user-

preferred samples. This best-of-N strategy has been employed in more recent works

on diffusion alignment such as [36], and is theoretically connected to policy optimiza-

tion frameworks such as PPO via rejection-based fine-tuning [37]. Compared to full

RL approaches, this method trades off some theoretical optimality for greater sim-
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plicity, leveraging the natural ability of diffusion models to generate multiple diverse

samples per prompt.

2.4 Generative Methods for Agricultural Applica-

tions

Synthetic data plays a crucial role in data augmentation, particularly in scientific

domains that face data scarcity and class imbalance. In agriculture, collecting high-

quality, annotated images of crops, weeds, or diseased plants under field conditions is

expensive, labor-intensive, and often limited by seasonal or environmental constraints

[38].

Early applications of deep learning in agriculture predominantly focused on image-

based analysis tasks. The majority of studies centered on image classification and

object identification, aiming to recognize crops, detect obstacles in the field [39; 40],

or count fruits from visual imagery [41; 42]. Beyond visual recognition, a smaller

number of works explored predictive modeling, such as forecasting crop yield [43], es-

timating soil moisture content [44], and predicting weather parameters [45]. In terms

of application domains, the majority of studies targeted crop-related problems, while

the remaining efforts were distributed across weed detection, land-cover classification,

soil property estimation, livestock monitoring, obstacle detection, and weather pre-

diction [38]. These secondary areas were comparatively underexplored, reflecting an

early-stage research trend in which deep learning methods were primarily used for

visual perception and classification tasks.
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With the rise of deep generative models, researchers began applying GANs to

agricultural imagery. For example, several studies synthesize or translate plant images

to enrich datasets [6; 46]. However, GANs have limitations in capturing fine-grained

variation, and they lack the fine semantic controllability offered by diffusion-based or

text-conditioned models [14; 2].

Broad reviews of generative augmentation in farming underscore both promise

and challenges [47; 48]. One IEEE review of GAN-based augmentation in farming

highlights its adoption for tasks such as disease detection, weed removal, and yield

prediction, while also noting difficulties in model stability, mode collapse, and domain

generalization [47]. Another review [48] emphasizes that many generative approaches

in agriculture remain at early stages, constrained by small-scale datasets, narrow

crop domains, and limited evaluation of downstream utility (e.g., for classification or

detection).

In sum, while prior work has begun to leverage GANs for agricultural image syn-

thesis, challenges remain in realism, diversity, and control. In contrast, this thesis

situates diffusion-based models (with text and translation conditioning) as a more

flexible and high-fidelity alternative, capable not only of generating and translating

realistic plant images but also of aligning with downstream tasks and human prefer-

ence signals.



Chapter 3

Theoretical Preliminaries

This chapter outlines the theoretical foundations underlying the proposed gener-

ative frameworks used throughout this thesis. Modern diffusion-based models build

upon two key principles: variational inference and iterative denoising. Variational au-

toencoders provide a probabilistic latent representation that enables efficient encoding

and reconstruction of high-dimensional data, while diffusion models learn to gener-

ate realistic samples by reversing a gradual noising process. Latent diffusion models

combine these two paradigms by performing the diffusion process in a learned latent

space rather than directly in pixel space, achieving high-quality synthesis at reduced

computational cost. Finally, DreamBooth extends this framework for subject-specific

fine-tuning, enabling personalized generation and translation of plant images with

minimal data.

18
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3.1 Variational Autoencoders

Variational autoencoders (VAEs) [49] are generative models that combine deep

neural networks with variational inference to learn latent variable representations of

data. They provide a probabilistic framework for encoding data into a latent space

and decoding samples back into the input domain, forming a key theoretical foun-

dation for latent diffusion models. Throughout this section, we follow the notational

conventions and VAE formulation presented in Understanding Deep Learning [50].

In our framework, we adopted a VAE rather than a standard Autoencoder (AE) [51;

52] because VAEs provide a continuous Guassian-like latent space that is essential

for image generation via sampling. While an AE simply learns to map images to

arbitrary latent codes deterministically, it does not impose any constraints on the

distribution of the latent space, which often lead to disconnected latent regions that

prevent from sampling and interpolation. Input of random vectors in the latent space

therefore will result in meaningless output images. In contrast, the VAE regularizes

the latent space by enforcing a distribution shape through a KL divergence term [53].

This constraint results in a smooth latent space where new samples can be drawn

by random sampling, and sampling interpolation will generate similar images. Ad-

ditionally, the probabilistic nature of VAEs enables output variations and prevents

the model from memorizing training data. These features make VAEs more suitable

than AEs as the latent foundation for our latent diffusion model.
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3.1.1 Latent Variable Models

Latent variable models are probabilistic frameworks that assume the observed

data x is reconstructed from an underlying set of latent variables z. These latent

variables capture the hidden structure or semantics of the data, providing a compact

and continuous representation that enables generation. The generative process is

formalized through the marginal likelihood:

pϕ(x) =

∫
pϕ(x | z) p(z) dz, (3.1)

where pϕ(x | z) is the likelihood function (decoder) parameterized by neural network

parameters ϕ, and p(z) is a prior distribution, typically chosen as a standard normal

N (0, I). This integral expresses how the data distribution arises from all possible

configurations of latent variables, weighted by their prior probabilities.

In essence, latent variable models define two key directions:

• Inference: Estimating z given x by approximating a latent inference model

qθ(z | x), which enables feature extraction or encoding.

• Generation: Sampling z ∼ p(z) and decoding x ∼ pϕ(x | z), which allows new

data synthesis.

This leads to the structure of the VAE, which learns both a generative model pϕ(x | z)

and an approximate inference model qθ(z | x) using neural networks trained jointly

under a probabilistic objective.
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3.1.2 Variational Approximation and the Evidence Lower Bound

To train the VAE model, we aim to maximize the log-likelihood of the observed

data {xi}Ni=1 with respect to the model parameters ϕ:

ϕ̂ = arg max
ϕ

[
N∑
i=1

log pϕ(xi)

]
, (3.2)

where the likelihood of each data point is defined as

pϕ(xi) =

∫
pϕ(xi|z) · p(z)dz. (3.3)

The term pϕ(x), often called the evidence, requires integration over all possible

latent variables and is computationally intractable. Instead of evaluating this term

directly, we aim to maximize it indirectly. Starting from the marginal log-likelihood:

log pϕ(x) = log

∫
pϕ(x, z) dz, (3.4)

we introduce the latent inference distribution qθ(z) to approximate the true poste-

rior. By multiplying and dividing by qθ(z) inside the integral and applying Jensen’s

inequality, we obtain:

log pϕ(x) = log

∫
qθ(z)

pϕ(x, z)

qθ(z)
dz (3.5)

≥
∫

qθ(z) log
pϕ(x, z)

qθ(z)
dz. (3.6)

The right-hand side defines the evidence lower bound (ELBO):

LELBO(θ, ϕ) = Eqθ(z|x)[log pϕ(x, z) − log qθ(z)] . (3.7)

Expanding the joint term pϕ(x, z) = pϕ(x | z)p(z), the ELBO can be rewritten as:

LELBO(θ, ϕ) = Eqθ(z|x)[log pϕ(x)] − KL(qθ(z) ∥ p(z)) . (3.8)
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Since the KL term is non-negative, the ELBO indeed provides a lower bound on

the data likelihood. This formulation justifies the name “evidence lower bound,” as

it bounds the evidence log pϕ(x) from below. And this decomposition provides an

intuitive interpretation:

• The first term, Eqθ [log pϕ(x)], represents the reconstruction accuracy, which

encourages the decoder to generate data close to the input.

• The second KL term acts as a regularization penalty, which ensures the latent

distribution remains close to the prior p(z).

Thus, the ELBO can be interpreted as a trade-off between reconstruction quality and

latent regularity:

LELBO = Reconstruction Loss − KL Divergence. (3.9)

In practice, the reconstruction loss is often implemented as a mean squared error

for continuous data like images, while the KL divergence can be computed when both

qθ(z | x) and p(z) are Gaussian. By maximizing this objective, the model learns both

a meaningful latent representation and a generative process capable of synthesizing

realistic samples.

3.1.3 The Variational Autoencoder and Reparameterization

Trick

The VAE [49] operates variational inference using deep neural networks. As men-

tioned in earlier sections, VAE consists of two key components: an encoder network
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that parameterizes the approximate posterior distribution qθ(z | x), and a decoder

network that models the likelihood pϕ(x | z). Together, they learn to encode input

data into a continuous latent space and decode samples from this latent space to

reconstruct the original data. The VAE is optimized by maximizing the ELBO as

defined in Equation 3.8. An overview of its architectural components is illustrated in

Figure 3.1.

Figure 3.1: Variational Autoencoder architecture, reproduced and adapted from Un-
derstanding Deep Learning [50], p. 337. The encoder g[x, θ] maps a training example
x to the parameters (µ,Σ) of the variational distribution q(z | x, θ). A latent vector
z is then sampled from this distribution and passed to the decoder f [z, ϕ] to recon-
struct the data x. The model is trained by minimizing the negative evidence lower
bound, which balances the reconstruction accuracy of x and the regularization term
that enforces similarity between q(z | x, θ) and the prior p(z).

Reparameterization Trick. A challenge in training VAEs is that direct sampling

from qθ(z | x) prevents gradients from propagating through stochastic nodes. The

reparameterization trick resolves this by expressing z as a deterministic function of
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the encoder outputs and an auxiliary random variable:

z = µθ(x) + σθ(x)ϵ, where ϵ ∼ N (0, I). (3.10)

This transformation makes the sampling process differentiable with respect to θ, en-

abling standard backpropagation.

Training Objective. The overall training objective is to maximize the ELBO,

equivalently minimizing the negative ELBO loss:

LVAE(θ, ϕ) = Eqθ(z|x)[− log pϕ(x | z)]︸ ︷︷ ︸
Reconstruction Loss

+ KL
(
qθ(z | x) ∥ p(z)

)︸ ︷︷ ︸
KL Regularization

. (3.11)

The first term encourages accurate reconstruction of the data, while the second en-

forces latent regularization by keeping the learned posterior close to the prior distri-

bution, usually a standard normal N (0, I).

Implementation. In practice, both the encoder and decoder are parameterized by

CNNs for image data, allowing the model to capture spatial hierarchies and fine-

grained texture information. Once trained, the decoder can be used as a generative

model: sampling z ∼ N (0, I) and decoding through fϕ(z) produces new, realistic

images.

3.2 Foundations of Diffusion Models

Diffusion models constitute a class of generative models that learn to synthesize

data by reversing a gradual noising process. They have recently emerged as a pow-

erful alternative to GANs, offering improved training stability and state-of-the-art
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performance in high-fidelity image generation [1; 54]. This section introduces the

theoretical foundations of diffusion models, including the convolutional neural net-

work backbone, the U-Net architecture, and the mathematical formulation of the

forward and reverse diffusion processes that underpin the DDPM.

3.2.1 Convolutional Neural Networks and the U-Net Archi-

tecture

Convolutional neural networks (CNNs) [55] form the structural foundation of mod-

ern diffusion-based architectures. Their capacity to capture hierarchical spatial cor-

relations through localized convolutional kernels makes them particularly effective for

modeling visual data, where both low-level textures and high-level semantics must

be represented. Building upon this principle, the U-Net architecture [56] extends

the CNN design by introducing an encoder–decoder framework with symmetric skip

connections, as illustrated in Figure 3.2.

In diffusion models, the U-Net serves as the backbone of the denoising network

that predicts and removes noise from corrupted images at each diffusion step. The

encoder progressively downsamples the noisy input, capturing high-level semantic and

contextual information by increasing feature channels while reducing spatial resolu-

tion. The decoder performs the inverse operation, upsampling the latent features to

reconstruct fine image details. Skip connections directly link corresponding encoder

and decoder layers, enabling the network to transfer fine-grained spatial information,

such as texture and edge details, lost during downsampling.

Through this hierarchical structure, the U-Net effectively combines global context
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from deeper layers with local precision from shallower ones, allowing the model to

iteratively refine image representations during the denoising process. A single U-Net

is reused across all diffusion timesteps, conditioned by a sinusoidal time embedding

injected into each block to guide the denoising at different noise levels.

Figure 3.2: U-Net architecture used in diffusion models for images. The network pre-
dicts the noise added to the image at each diffusion step. It comprises an encoder that
progressively reduces spatial resolution while increasing the number of feature chan-
nels, and a decoder that performs the inverse operation, restoring resolution while
reducing channels. Encoder feature maps are concatenated with their correspond-
ing decoder counterparts through skip connections. Adjacent layers are connected
by residual blocks. A single network is reused across all time steps by injecting a
sinusoidal time embedding, processed by a shallow neural network, into the channels
at every stage of the U-Net.

3.2.2 Encoder (Forward Process)

In diffusion-based generative modeling, the encoder corresponds to the forward

diffusion process, which progressively transforms an input image x into a sequence of
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noisy latent representations z1, z2, . . . , zT through stochastic transitions:

z1 =
√

1 − β1 x +
√

β1 ϵ1,

zt =
√

1 − βt zt−1 +
√

βt ϵt, ∀ t ∈ {2, . . . , T},
(3.12)

where ϵt ∼ N (0, I) is Gaussian noise drawn independently at each step, and βt ∈ [0, 1]

controls the noise variance at timestep t. The first term in each equation attenuates

the contribution from the previous state, while the second term introduces additional

Gaussian perturbation. The sequence {βt}Tt=1 defines the noise schedule, determining

how quickly the signal is blended with noise over time. Unlike conventional neural

encoders, this process is fixed with no learnable parameters. At each timestep t,

Gaussian noise is incrementally added according to {βt}Tt=1, gradually converting the

structured input x into nearly pure noise zT .

The encoder performs this transformation via a sequence of Gaussian perturba-

tions governed by the noise schedule {βt}Tt=1. Formally, the forward process defines a

Markov chain of latent variables {zt}Tt=1 as:

q(zt | zt−1) = N
(
zt;

√
1 − βt zt−1, βtI

)
. (3.13)

Starting from z0 = x, the clean data sample, the encoder gradually destroys

the signal content of the image over T steps, such that zT approaches an isotropic

Gaussian distribution N (0, I). A closed-form expression for directly sampling zt from

x is:

q(zt | x) = N
(
zt;

√
ᾱt x, (1 − ᾱt)I

)
, (3.14)

where ᾱt =
∏t

s=1(1− βs) is the cumulative product of the noise schedule parameters.



28 Chapter 3: Theoretical Preliminaries

This closed form enables efficient sampling at arbitrary timesteps without explicitly

simulating all intermediate steps.

Intuitively, each step in the forward process can be viewed as encoding higher

levels of uncertainty and abstracting the data representation into a progressively

noisier latent space. By the end of the process (t = T ), the latent variable zT retains

no observable structure of the original image, serving as a compressed and randomized

latent encoding.

The role of the reverse process (decoder), described in the next subsection, is to

learn how to invert this stochastic encoding by reconstructing x from zT through a

learned denoising process.

3.2.3 Decoder (Reverse Process)

The decoder in a diffusion model corresponds to the reverse denoising process,

which reconstructs realistic images by inverting the forward (encoding) diffusion pro-

cess. Starting from a noise sample zT ∼ N (0, I), the decoder learns to iteratively

remove noise and recover a clean data sample x. This process can be interpreted as

learning a series of probabilistic mappings from the latent variable zT to zT−1 to zT−2

and so on, until we reach the data z0 = x. Formally, the reverse process is modeled as

another Markov chain parameterized by a neural network with learnable parameters

θ:

pθ(zt−1 | zt) = N (zt−1; µθ(zt, t), Σθ(zt, t)) , (3.15)
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where µθ and Σθ represent the predicted mean and variance of the denoised estimate

at each timestep. The decoder is typically implemented as a U-Net conditioned on

the timestep t and the input prompt embedding in text-to-image models.

Because the true reverse conditional distribution q(zt−1 | zt) is analytically in-

tractable, the neural network approximates its mean by predicting the added Gaus-

sian noise ϵt used in the forward process. Following the formulation of Ho et al. [1],

the mean of the reverse distribution can be expressed as:

µθ(zt, t) =
1√

1 − βt

(
zt −

βt√
1 − ᾱt

ϵθ(zt, t)

)
, (3.16)

where ϵθ(zt, t) is the model’s predicted noise at step t. Given this, the decoder

reconstructs the previous latent variable zt−1 using a sampled Gaussian perturbation:

zt−1 = µθ(zt, t) + Σ
1/2
θ (zt, t) ϵ, ϵ ∼ N (0, I). (3.17)

Through this iterative denoising, the decoder transforms a sample of pure noise

zT into an image x that follows the learned data distribution. In practice, this

reverse process is implemented as a sequence of T neural function evaluations, each

refining the intermediate latent representation by predicting and removing a portion

of the noise. During inference, the denoising trajectory can often be accelerated using

fewer timesteps (e.g., 20–50 steps) with improved sampling methods [57; 54], greatly

reducing computation.

Intuitively, the decoder acts as the generative core of the model: while the encoder

progressively destroys structure to obtain a simple Gaussian prior, the decoder learns

to reconstruct structured, semantically meaningful data from that prior distribution.



30 Chapter 3: Theoretical Preliminaries

When conditioned on textual or multimodal embeddings, this process becomes a

controllable generator capable of synthesizing images aligned with human-provided

prompts.

3.2.4 Training Objective and Loss Function

Training a diffusion model involves learning the parameters θ of the decoder net-

work so that the reverse process accurately reconstructs clean data samples from noisy

latent variables. The goal is to approximate the true reverse conditional distribution

q(zt−1 | zt) with a parameterized model pθ(zt−1 | zt) by minimizing the divergence

between them. This can be achieved by optimizing a variational lower bound on the

log-likelihood of the data distribution pθ(x):

log pθ(x) ≥ Eq

[
log

pθ(x, z1:T )

q(z1:T | x)

]
. (3.18)

Ho et al. [1] showed that this bound can be simplified to a denoising objective

where the model learns to predict the Gaussian noise ϵ that was added to x during

the forward process. Specifically, the loss function becomes:

LDDPM = Et,x,ϵ

[∥∥ϵ− ϵθ(zt, t)
∥∥2
]
, (3.19)

where ϵθ(zt, t) denotes the model’s predicted noise at timestep t. Intuitively, the

model learns to reverse the corruption process by estimating the exact noise added

at each step. Once this noise is predicted accurately, the network can recover the

underlying clean data sample x by inverting the forward diffusion equations.
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3.2.5 Implementation Algorithm

The training and inference of diffusion models follow a structured iterative pro-

cedure, which alternates between adding and removing Gaussian noise. The overall

workflow consists of two primary stages: (1) the forward diffusion training process,

where the model learns to predict added noise, and (2) the reverse sampling process,

where the model generates new data by progressively denoising random noise. Both

procedures are outlined below.

Algorithm 1 Diffusion Model Training

Require: Training dataset x, noise schedule {βt}Tt=1

Ensure: Trained model parameters θ

1: repeat

2: for each mini-batch xi ∈ B do

3: Sample timestep t ∼ Uniform{1, . . . , T}

4: Sample noise ϵ ∼ N (0, I)

5: Compute noised sample: zt =
√
ᾱtxi +

√
1 − ᾱtϵ

6: Compute loss: Li = ∥ϵ− ϵθ(zt, t)∥2

7: Accumulate losses and update θ via gradient descent

8: until convergence
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Algorithm 2 Sampling from the Trained Diffusion Model

Require: Trained model ϵθ, noise schedule {βt}Tt=1

Ensure: Generated image sample x

1: Sample initial noise zT ∼ N (0, I)

2: for t = T, T − 1, . . . , 2 do

3: Predict mean: µθ(zt, t) = 1√
1−βt

(
zt − βt√

1−ᾱt
ϵθ(zt, t)

)
4: Sample noise ϵ ∼ N (0, I)

5: Update latent: zt−1 = µθ(zt, t) + σtϵ

6: return Reconstructed sample x = z0

In the training phase (Algorithm 1), the model learns to predict the Gaussian

noise added to each data sample across randomly selected diffusion timesteps. The

optimization minimizes the mean-squared error between the predicted and true noise

values, enabling the network to learn the conditional denoising distribution pθ(zt−1 |

zt).

During inference (Algorithm 2), image generation begins from a sample of pure

Gaussian noise zT . The trained model is applied iteratively in reverse order of

timesteps, producing progressively less noisy images until the final synthetic image

z0 is obtained. This iterative denoising can be interpreted as a learned generative

process that maps a simple prior into complex visual data.
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3.3 Latent Diffusion Models

Latent Diffusion Models (LDMs) [2] integrate the strengths of VAEs and diffusion

models into a unified generative framework. While diffusion models excel at high-

fidelity image synthesis through iterative denoising, their operation directly in pixel

space is computationally expensive. LDMs address this limitation by performing the

diffusion process in a compact latent space learned by a VAE. The VAE encoder

compresses the image into a lower-dimensional latent representation that preserves

perceptually meaningful features, while the diffusion model learns to denoise within

this space. This combination enables efficient training and inference without com-

promising visual quality, forming the backbone of many modern image generative

models, including Stable Diffusion.

3.3.1 Model Architecture and Latent Space

The key insight of LDMs is to introduce an autoencoder that compresses the

high-dimensional image x ∈ RH×W×3 into a lower-dimensional latent representation

z ∈ Rh×w×c, where h ≪ H and w ≪ W . The autoencoder consists of an encoder E

and a decoder D, such that:

z = E(x), x̂ = D(z). (3.20)

The latent space z captures the semantic and structural information of the image

while discarding pixel-level redundancy. Diffusion is then applied in this compact

latent space, which drastically reduces the computational overhead and memory re-

quirements of training.
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3.3.2 Connection between VAE and Latent Diffusion

The latent autoencoding stage of LDMs is conceptually rooted in VAEs [49; 58].

The encoder E and decoder D are trained with a reconstruction loss and a KL di-

vergence regularization, as in standard VAEs. Once the latent space is learned, the

diffusion model operates directly on z instead of x. This integration ensures that the

latent space is both expressive enough to preserve semantic details and structured

enough to support stable diffusion processes. Thus, LDMs can be viewed as a two-

stage generative pipeline: (1) a VAE for learning a compact latent representation,

and (2) a diffusion model for generative sampling in this latent domain.

3.3.3 Diffusion in Latent Space and Denoising Objective

Instead of applying noise directly to pixels, LDMs apply the forward and reverse

diffusion processes to latent variables zt. The forward process adds Gaussian noise:

q(zt | zt−1) = N
(
zt;

√
1 − βtzt−1, βtI

)
, (3.21)

while the reverse process is parameterized by a neural network ϵθ, which predicts the

noise added at each step. Similar to diffusion models, the training objective of LDMs

reduces to predicting the noise ϵ added to the latent representation zt:

LLDM = Et,z0,ϵ

[
∥ϵ− ϵθ(zt, t, y)∥2

]
, (3.22)

where z0 is the clean latent code, ϵ ∼ N (0, I), and y denotes optional conditioning

information such as text embeddings. The decoder D then maps the final latent z0

back into the pixel domain to obtain the generated image.
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3.3.4 Text-Conditioning in the Denoising Process

An innovation of LDMs [2] lies in their ability to condition the denoising process

on textual descriptions. This conditioning mechanism enables semantic control over

the generation process by aligning linguistic information with visual representations

at each denoising step. This is achieved by injecting text-derived embeddings into

the U-Net denoiser through cross-attention layers, as illustrated in Figure 3.3

Figure 3.3: Cross-attention mechanism in text-conditioned denoising. The
U-Net denoiser operates on noisy latent features zt at each timestep t. Intermediate
image feature maps are projected into query vectors Q, which attend over key (K)
and value (V ) projections of text embeddings derived from a transformer-based text
encoder.

Text Embedding Representation

Given a text prompt y, a pre-trained language model such as CLIP [18] or a

transformer-based text encoder converts the prompt into a sequence of contextual
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embeddings:

T = Etext(y) = [t1, t2, . . . , tL], (3.23)

where ti ∈ Rd represents the i-th token embedding in the dimension of d, Etext is

the text encoder, and L is the sequence length. These embeddings encapsulate both

semantic and syntactic information and serve as conditioning signals for the diffusion

U-Net.

Cross-Attention Mechanism

During denoising, the U-Net operates on the noisy latent representation zt and

generates a cleaner version zt−1 conditioned on zt, the time step t and the text prompt

y. To incorporate textual information, cross-attention layers [59] are inserted in the

U-Net’s residual block after the convolutional layers [56]. In this way, the cross-

attention layers enable the latent visual features to attend to the text embeddings.

A cross-attention layer works by computing how strongly each latent image feature

should align with each token in the text embedding, where the latent image features

act as queries (the part being updated), and the text embeddings act as keys and

values. The attention weights determine how much semantic information should be

incorporated from each text token, and therefore, every region of the image becomes

aware of the corresponding part of the prompt. For example, a canola flower in the

image will attend words such as “yellow petal” in the prompt, while it will ignore

irrelevant text.

The attention mechanism is denoted as:
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Attention(Q,K, V ) = softmax

(
QK⊤
√
dk

)
V, (3.24)

where Q, K, and V denote the query, key, and value matrices, respectively.

In the context of text-conditioning:

Q = WQ himg, (3.25)

K = WK T, (3.26)

V = WV T, (3.27)

where himg are (flattened) intermediate visual features of the U-Net, and WQ,WK ,WV

are learnable projection matrices. Thus, image features act as queries that attend

over text embeddings (the keys and values), effectively transferring semantic context

from language to vision. The attended output h′
img is then computed as:

h′
img = Attention(WQhimg,WKT,WVT). (3.28)

Here, the learned attention weights (WQ, WK and WV ) quantify how much each image

location (query) should attend to each token embedding (key), and the result is an

attended representation H′
img that encodes text-guided information relevant to each

spatial region in the image.

Integration into the Denoising Network

The attended feature H′
img is not used to replace the original image feature di-

rectly; rather, it is fused with it via a residual connection [60]:

Hfused = Himg + H′
img. (3.29)
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This ensures that the network maintains spatial structure from the latent image

while incorporating global semantic context from the text. These fused features are

then propagated through convolutional and normalization layers within the U-Net to

predict the denoised latent zt−1.

Training Dynamics and Sampling Behavior

During training, the model learns to minimize the expected denoising error (equa-

tion 3.22) under random timesteps t. At each step, the entire sequence of token

embeddings T is available to the cross-attention layer. This means that each spatial

feature in the latent representation attends to all token embeddings in the prompt.

During inference, the same mechanism applies: the denoising trajectory starts

from Gaussian noise zT ∼ N (0, I) and iteratively refines it into a coherent image

guided by the text embeddings. Thus, the cross-attention layers act as the seman-

tic interface that translates textual meaning into spatially structured visual features

throughout the generation process.

3.3.5 Image-Conditioning in the Denoising Process

Beyond text conditioning, diffusion models can be guided by an input image to per-

form structure-preserving transformation, enabling image-to-image translation. This

technique was formalized in SDEdit [23], which demonstrated that meaningful edits

can be achieved by adding controlled noise to an input image and then denoising it

with a diffusion model. Stable Diffusion extends this principle to the latent space, en-

abling efficient image-conditioned generation [2] that preserves the semantic structure
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of the input image while adapting it to the domain learned by the diffusion model,

optionally guided by a text prompt.

Given an input (guide) image x, the image-conditioning process begins by encod-

ing it into the latent space through the VAE encoder E(·):

z0 = E(x) ∈ RC×H×W . (3.30)

Rather than starting the reverse diffusion process from pure noise, a noisy latent

representation is obtained by sampling at an intermediate timestep t ∈ {0, . . . , T}:

zt =
√
αt z0 +

√
1 − αt ϵ, ϵ ∼ N (0, I), (3.31)

where the noise level is controlled by the timestep t (or equivalently, the “strength”

parameter in Stable Diffusion’s Img2Img pipeline). A small t preserves more structure

from x, while a large t allows more freedom for semantic changes.

The reverse denoising process then reconstructs a new image from zt, optionally

guided by a text prompt c through cross-attention:

zt−1 = zt −
√

1 − αt ϵθ(zt, t, c), (3.32)

iterating until z0 is reached. ϵθ is the nueral network that predicts the added noise

ϵθ(zt, t, c). The final output image is obtained by decoding the latent representation

with the VAE decoder D(·):

x̂ = D(z0). (3.33)

This mechanism provides a controllable balance between structural preservation

and generative freedom. When t is small, the model performs subtle edits that retain

fine-grained details; when t is large, the model can produce substantially altered im-

ages while maintaining semantic consistency. This makes image-conditioned diffusion
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suitable for tasks such as indoor-to-outdoor plant translation, which is explored in

Chapter 5.

3.4 DreamBooth for Personalized Image Transla-

tion

DreamBooth [19] is a fine-tuning technique designed to personalize large text-

to-image diffusion models with only a few example images. By injecting subject-

specific knowledge into the generative process, DreamBooth enables the translation

of new inputs into semantically consistent outputs that preserve the identity of the

target subject while adapting to different contexts. This section reviews its training

objective, model architecture, and loss formulations.

3.4.1 Translation Objective and Model Architecture

The goal of DreamBooth is to adapt a pre-trained latent diffusion model (e.g.,

Stable Diffusion) to generate personalized instances of a given subject. Given a small

set of example images {xi}Ni=1 and an associated rare identifier token s∗ (e.g., “sks

canola plant”), the objective is to fine-tune the model such that prompts containing

s∗ generate faithful depictions of the subject.

The fine-tuning process retains the original LDM architecture [2], consisting of:

(1) a VAE for latent encoding/decoding, (2) a U-Net denoising network with cross-

attention for text conditioning, and (3) a text encoder (e.g., CLIP [18]) for embedding

the prompts.
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During training, DreamBooth modifies the weights of the U-Net (and optionally

the text encoder) to align the rare token s∗ with the subject’s identity while preserving

the generative prior of the original model.

3.4.2 Subject Reconstruction Loss

To ensure the fine-tuned model reproduces the subject accurately, DreamBooth

employs a reconstruction loss that minimizes the difference between the denoised

latent ẑ0 and the true latent z0 of the subject image:

Lrec = Et,z0,ϵ

[
∥ϵ− ϵθ(zt, t, ys∗)∥2

]
, (3.34)

where ϵθ is the noise prediction network conditioned on the subject-specific prompt

ys∗ . This encourages the model to associate the rare token s∗ with the visual features

of the target subject.

3.4.3 Class Prior Preservation Loss

A challenge in subject-driven fine-tuning is overfitting, where the model forgets

the general class (e.g., “canola plant”) while over-specializing to the specific instance

(e.g., “sks canola plant”). To mitigate this, DreamBooth introduces a class prior

preservation loss by generating synthetic class images using the original model with

prompts like “a photo of a canola plant”. Formally, the objective is:

Lclass = Et,zcls0 ,ϵ

[
∥ϵ− ϵθ(z

cls
t , t, ycls)∥2

]
, (3.35)

where zcls0 are latents of class images and ycls is the class prompt. This ensures that

the model retains the ability to generate diverse instances of the general class while
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incorporating subject-specific details.

3.4.4 Total Loss Function

The overall DreamBooth objective combines the subject reconstruction loss with

the class prior preservation loss into a single weighted objective. The total training

loss can be expressed as:

Ltotal = Lrec + λLclass, (3.36)

where Lrec denotes the subject reconstruction loss, Lclass is the class prior preservation

loss, and λ is a weighting hyperparameter controlling the trade-off between subject

fidelity and generalization. A larger λ strengthens class-level preservation at the cost

of subject specificity, while a smaller λ increases subject fidelity but risks overfitting.

This weighted combination allows DreamBooth to balance accurate personalization

of the subject with the generative model’s expressive capacity.

Chapter Summary

In this chapter, we reviewed the theoretical underpinnings of the generative models

applied throughout this thesis. We first examined VAEs, which provide a probabilis-

tic framework for latent representation learning. We then introduced the foundations

of diffusion models, emphasizing the roles of convolutional neural networks and the

U-Net architecture in the iterative denoising process. This is followed by describing

how the combination of VAE and diffusion mechanisms gives rise to LDMs. Fi-

nally, we discussed DreamBooth as an extension of diffusion models for personalized,
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subject-specific fine-tuning and image translation. Together, these components es-

tablish the theoretical groundwork for the methodologies developed in the following

chapters. Chapters 4 and 5 build upon these concepts by detailing the experimental

design, pipeline architectures, and fine-tuning strategies for plant image generation

and indoor-to-outdoor translation tasks.



Chapter 4

Image Generation

4.1 Introduction

In this chapter, we describe the methodology and results of fine-tuning Stable

Diffusion-v1.4 (SD-v1.4) for plant image generation. Our focus is on adapting the

model to the agricultural domain and systematically evaluating the utility of the

generated images in downstream classification tasks. This provides insight into the

potential of generative models as data augmentation tools for advancing agricultural

machine learning.

A high-level flowchart of the image generation pipeline is illustrated in Figure 4.1.

The pipeline consists of three main components: caption generation, model fine-

tuning, and text-to-image synthesis, as highlighted in Figure 4.1. In the first

stage (1), image captions are generated automatically using a multimodal large lan-

guage model ChatGPT-4o [61], which describes visual and contextual attributes of

plant images, such as species, growth stage, and environmental conditions. These

44
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captions form paired text–image datasets used to condition the diffusion model. In

the second stage (2), a pretrained SD-v1.4 model is fine-tuned using the curated plant

image–caption pairs. Only the U-Net denoiser is updated during training, while the

VAE and text encoder remain frozen. In the final image inference stage (3), user-

defined prompts are fed into the fine-tuned model to generate new images.

Figure 4.1: Overview of the image generation pipeline. The workflow consists of
three components: (1) caption generation using a multimodal LLM, (2) fine-tuning
of Stable Diffusion on plant image–caption pairs, and (3) text-conditioned image
synthesis for generating realistic crop images.
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4.2 Materials and Methods

4.2.1 Datasets

Indoor Plant Images

Our indoor dataset was generated using the EAGL-I system developed by Beck

et al. [62], which captures high-resolution images of crop plants such as canola and

soybean. Representative examples are shown in Figure 4.2. The images were collected

in a controlled laboratory environment with standardized lighting and a uniform

blue background to reduce visual variability. Each image is accompanied by detailed

metadata describing the plant species, growth stage, and camera parameters such as

angle and distance. For this study, we focus specifically on canola and soybean as

representative crop species.

Figure 4.2: Examples of indoor canola and soybean images in different growth stages
or conditions.
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Outdoor Field Plant Images

Outdoor images were obtained from the TerraByte research group [63], featuring

crop scenes captured at EMILI’s Innovation Farm in Grosse Isle, Manitoba, Canada.

These images reflect the complexity of real-world field conditions, including variabil-

ity in lighting, background, occlusion, and weather. Data collection was conducted

using GoPro cameras connected on a tracker boom. Some images exhibit noise such

as motion blur, background machinery, harsh shadows, or empty field, requiring pre-

processing to filter out low-quality samples (as illustrated in Figure 4.3). The dataset

covers diverse growth stages and environmental conditions for both canola and soy-

bean.

Figure 4.3: Examples of low-quality outdoor canola images across different growth
stages and conditions, illustrating representative challenges such as motion blur, back-
ground machinery, harsh shadows, and empty fields.
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Caption Generation using ChatGPT-4o

To enable text-conditioned training of Stable Diffusion, image-caption pairs were

required. Both indoor and outdoor canola plant images were captioned using the

multimodal large language model ChatGPT-4o [61], leveraging its image-to-text ca-

pability. Several captioning models were initially considered, including BLIP-2 [64],

LLaVA [65], and ChatGPT-4o, with the latter chosen for its superior accuracy in de-

scribing plant features. The accuracy of the captioning was determined subjectively

by human inspection using a representative sample of images across all models.

Prompt engineering was applied to guide caption generation, with emphasis on

growth stage, species, and experimental conditions (e.g., whether the image was cap-

tured indoors or in the field). An example prompt, input image, and resulting cap-

tion are shown in Figure 4.4. Descriptive captions were generated to highlight visible

traits, such as: “Young canola seedling, showing mild yellowing of leaves consistent

with nutrient deficiency.” These captions provide domain-specific conditioning sig-

nals that guide the denoising process during fine-tuning, improving controllability on

generation of plant phenotypes.

Preprocessing: Resizing, Filtering, and Data Splits

The preprocessing pipeline consisted of image quality control, resizing, and dataset

partitioning. Low-quality samples (e.g., images with blur or harsh shadows) were

removed to ensure consistency. The curated dataset was then randomly divided into

training and test sets using a 90/10 ratio. This dataset served as the foundation for

fine-tuning the text-to-image generation model as well as for subsequent indoor-to-
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Figure 4.4: Example of the prompt template and caption generation process using
ChatGPT-4o. Shown are sample indoor and outdoor canola plant images alongside
their automatically generated captions. The prompt was designed to highlight plant
species, growth stage, and environmental context, ensuring informative conditioning
text for fine-tuning Stable Diffusion model.

outdoor translation experiments. The training set contained a total of around 8,000

canola plant images. Before training, all images were resized to a fixed resolution of

512 × 512 pixels.
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4.2.2 Diffusion Model Fine-Tuning for Text-to-Image Gener-

ation

To generate realistic plant images from textual prompts, we fine-tuned a pre-

trained LDM on a domain-specific dataset of plant images paired with textual de-

scriptions. Our implementation is based on the SD-v1.4 architecture [2]. By adapting

the model to agricultural imagery, the framework is able to capture visual and se-

mantic characteristics unique to canola plants, including morphology, color variation,

and environmental context. The fine-tuned model is conditioned on text prompts

that describe plant attributes, stress conditions, or growth stages (e.g., “A photo of

canola plant with yellowing leaves under nutrient stress.”).

Base Model Architecture

We begin with SD-v1.4, originally trained on the large-scale LAION-5B dataset

[66]. The architecture consists of three main components: (1) a VAE [49], which

encodes images into a compact latent space and reconstructs them back to pixel space;

(2) a U-Net-based denoising model [56], which performs iterative noise removal during

the reverse diffusion process; and (3) a CLIP-based text encoder [18], which converts

input prompts into conditioning vectors.

Fine-Tuning Strategy

For domain adaptation, we fine-tune only the U-Net backbone of the latent dif-

fusion model, while keeping the autoencoder and text encoder frozen. This strategy

reduces computational cost and prevents catastrophic forgetting of the general vi-
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sual and linguistic knowledge encoded in the pretrained components. Training is

performed using paired image–caption samples from our curated canola dataset. We

adopt the standard DDPM objective, where the network learns to predict the Gaus-

sian noise added to latent image representations. Conditioning is provided via text

embeddings generated by the CLIP encoder. The model architecture details are men-

tioned in Chapter 3.

Sampling

To generate a new image, one samples from a standard Gaussian prior zT ∼

N (0, I), and iteratively denoises using the learned reverse diffusion process [2]. Then

the final latent z0 is decoded into pixel space using the VAE decoder:

x̂ ≈ DecVAE(z0). (4.1)

An illustration of details of the model training and inferences is shown in Figure

4.5.

Fine-Tuning Setup

The fine-tuning was performed on three NVIDIA A100 GPUs at the University

of Manitoba. Training was conducted on the curated training set for a total of 3,000

steps. We used a batch size of 20 with gradient accumulation over 4 steps to effectively

increase the batch size without exceeding GPU memory limits. The learning rate was

fixed at 1 × 10−5, and the input resolution was standardized to 512 × 512 pixels.

Early stopping was guided by qualitative inspection: at every 200 training steps, the
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Figure 4.5: Fine-tuning and inference process in our text-to-image pipeline. The top
row illustrates model fine-tuning using our curated dataset of canola plant images
and corresponding captions. The bottom row depicts the inference phase, where the
fine-tuned model generates realistic plant images conditioned on user-provided text
prompts.

model generated samples from fixed prompts from the validation set, which were then

evaluated for diversity, realism, and consistency with the prompt descriptions.

Sampling Parameters

During inference phase, text prompts from the test dataset were used to condi-

tion the image generation process. To optimize the quality of generated images, we

conducted a grid search over key sampling parameters:

• Guidance Scale: Controls the trade-off between fidelity to the text prompt

and visual diversity. Higher values enforce stronger alignment with the prompt

but can reduce diversity, while lower values allow more variety at the expense
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of semantic accuracy.

• Number of Inference Steps: Refers to the number of denoising iterations

during sampling. More steps generally improve image quality but increase com-

putational cost.

Through visual inspection of generated samples, we found that a guidance scale of

1.5 and 70 inference steps provided the best balance between prompt fidelity, image

realism, and computational efficiency.

4.2.3 Evaluation Metrics, Baseline Models Comparison, and

Results

Evaluation Metrics

To assess the quality of generated images, we employ two widely used metrics

in generative modeling: the Fréchet inception Distance (FID) [67] and the Inception

Score (IS) [68]. FID measures the similarity between the distribution of generated

images and real images by comparing the mean and covariance of features extracted

from a pre-trained inception network. A lower FID score indicates that the generated

images are closer in distribution to real images, reflecting higher fidelity and diversity.

The IS score, on the other hand, evaluates both the diversity and quality of

generated samples by computing the KL divergence between the conditional label

distribution and the marginal distribution predicted by the inception network[68]. A

higher IS score indicates that the generated images are both meaningful (high confi-

dence predictions) and diverse across classes. These metrics provide a complementary
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evaluation of realism and variety in synthetic imagery.

Baseline Models

For benchmarking, we compare our fine-tuned SD-v1.4 model against three state-

of-the-art generative models.

• Imagen is a diffusion-based text-to-image model that achieves photorealistic

quality through large-scale training and hierarchical generation. Although it

sets a strong baseline for natural image synthesis, Imagen has not been explicitly

trained in agricultural domains [17].

• DALL·E is a transformer-based generative model that integrates discrete vari-

ational autoencoders with autoregressive modeling. It is capable of producing

diverse images from natural language descriptions but may lack fine control over

structural details [16].

• GigaGAN represents a recent advancement in GAN-based image generation.

It is designed for large-scale high-resolution synthesis. However, GAN-based

models are often less stable than diffusion-based approaches and may produce

artifacts in domains with high structural variability [69].

Results

Figure 4.6 presents examples of generated canola plant images under both indoor

and outdoor environmental settings. The indoor samples exhibit high visual fidelity

and diversity, capturing fine-grained details such as leaf texture, lighting variations

and growth stages. Meanwhile, the outdoor samples demonstrate strong realism
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and controllability, with image semantics modulated through text prompts. The

generation process can capture distinct growth stages, such as those corresponding

to June 2, June 21, July 4, and July 22, illustrating the model’s ability to synthesize

temporally consistent plant development under varying field conditions.

Figure 4.7 and Table 4.1 summarize the performance comparison across indoor

and outdoor canola plant datasets. For the IS score, our model achieves the highest

score of 3.29 on indoor images, outperforming Imagen (3.04), DALL·E (2.89), and

GigaGAN (2.44). On the outdoor dataset, Imagen slightly outperforms our model

(2.72 vs. 2.60), while DALL·E (2.21) and GigaGAN (2.06) achieve significantly lower

scores. The overall trend indicates that indoor images yield higher IS values than

outdoor images, likely due to the reduced complexity and controlled conditions of

laboratory settings.

For FID, our model consistently achieves the best results in both domains. On

the indoor dataset, we obtain a score of 83.4, compared to Imagen (118.2), DALL·E

(103.9), and GigaGAN (98.4). On the outdoor dataset, our approach again performs

best with 127.6, followed by GigaGAN (133.1), DALL·E (129.2), and Imagen (149.1).

Although all models show higher FID values for outdoor images—indicating increased

difficulty in modeling field variability—our fine-tuned diffusion model demonstrates

clear advantages in both fidelity and diversity.

4.3 Downstream Machine Learning Task

To further validate the effectiveness of our image generation model, we designed

a downstream machine learning task in which synthetic images are used for data
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Figure 4.6: Examples of generated indoor and outdoor canola plant images. The
results highlight the flexibility of the fine-tuned Stable Diffusion model in capturing
plant morphology, color variation, growth stage and environmental context. The
generated samples also demonstrate controllability through prompt design.
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Figure 4.7: Evaluation results of fine-tuned Stable Diffusion compared with baseline
models. Performance is reported for both indoor and outdoor canola datasets using
Inception Score (IS) and Fréchet Inception Distance (FID). Higher IS and lower FID
indicate better generative performance.

Table 4.1: Comparison of IS and FID across models for indoor and outdoor canola
plant datasets. Best results are highlighted in bold.

Model
IS ↑ FID ↓

Indoor Outdoor Indoor Outdoor

Imagen 3.04 2.72 118.20 149.10

GigaGAN 2.44 2.06 98.44 133.06

DALL·E 2.89 2.21 103.89 129.21

Ours 3.29 2.60 83.40 127.60

augmentation. The objective was to assess whether the inclusion of generated images

improves the performance of phenotype classification models compared to training

solely on real data.

4.3.1 Benchmark Datasets for Phenotype Classification

We employed two benchmark datasets commonly used in plant disease recognition:

• PlantVillage dataset [70]. This dataset consists of leaf images from three
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species—tomato, potato, and bell pepper—covering a wide range of healthy

and diseased phenotypes. Tomato leaves include ten phenotypes, potato in-

cludes three, and bell pepper includes two. The distribution of training and

test samples for each phenotype is shown in Table 4.2.

• CropDisease dataset [71]. This dataset includes leaf images from maize,

cashew, and cassava, with seven, five, and five phenotypes respectively. Details

of the training and test set sizes are provided in Table 4.3.

For both datasets, we adopted a training/test split of 70/30 to ensure balanced

evaluation across phenotypes. Classification models were trained independently for

each species, enabling a direct assessment of the impact of synthetic image augmen-

tation on diverse crops and phenotypic classes.

4.3.2 Experiment Setup

The experimental design for the downstream machine learning tasks consisted of

four main stages:

1. Stable Diffusion Fine-Tuning. A pre-trained SD-v1.4 model was fine-tuned

using the PlantVillage and CropDisease datasets. This process followed the

same text-to-image generation pipeline described in Section 4.1, with the main

difference being the choice of captioning model. Here, image captions were gen-

erated using llava-1.5-13b-hf (Llava-1.5)[65], an open-source vision–language

model. LLaVA-1.5 was selected because the captioning requirements for these

datasets are relatively simple, and the model provides strong captioning accu-

racy while remaining computationally efficient and free from token-based usage
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Table 4.2: Number of images in the training and test sets for tomato, potato, and
bell pepper phenotypes in the PlantVillage dataset.

Tomato phenotypes Train Test Total

Healthy 1012 434 1446

Tomato mosaic virus 259 111 370

Leaf mold 630 270 900

Early blight 689 296 985

Target spot 1031 442 1473

Spotted spider mite 1180 506 1686

Septoria leaf spot 1200 515 1715

Late blight 1377 590 1967

Bacterial spot 1512 648 2160

Yellow leaf curl virus 2230 957 3187

Potato phenotypes

Healthy 117 50 167

Early blight 648 277 925

Late blight 739 317 1056

Bell pepper phenotypes

Healthy 1056 453 1509

Bacterial spot 761 326 1087

costs. The resulting image–caption pairs were then used to fine-tune pre-trained

SD-v1.4 model with the same hyperparameter settings described earlier in Sec-

tion 4.1.
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Table 4.3: Number of images in the training and test sets for maize, cashew, and
cassava phenotypes in the CropDisease dataset.

Maize phenotypes Train Test Total

Healthy 121 52 173

Fall armyworm 196 84 280

Grasshopper 484 207 691

Leaf beetle 609 261 870

Steak virus 645 277 922

Leaf blight 711 305 1016

Leaf spot 860 369 1229

Cashew phenotypes

Healthy 988 424 1412

Gummosis 280 120 400

Leaf miner 968 415 1383

Red rust 1194 513 1707

Anthracnose 1226 526 1752

Cassava phenotypes

Healthy 760 326 1086

Green mite 875 375 1250

Mosaic 885 380 1265

Brown spot 1032 442 1474

Bacterial blight 1697 728 2425
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2. Synthetic Image Generation. After fine-tuning, synthetic images were gen-

erated from the captions corresponding to the test set. To ensure fair evaluation,

the original test set was further divided into a 60/40 split. Synthetic images

were generated from captions in the 60% portion, while the final evaluation

of the classification models was performed exclusively on the remaining 40%,

which contained only real images. For each caption, multiple synthetic images

were generated to increase diversity.

3. Phenotype Classification Model. For each crop species, we trained a clas-

sification model using the same backbone architecture, a custom CNN. The

network was designed specifically for balancing depth and efficiency to suit

small-to-medium-sized agricultural datasets. As summarized in Table 4.4, the

model consists of four convolutional blocks, each followed by batch normaliza-

tion, ReLU activation, and downsampling. The first three convolutional layers

use 3 × 3 kernels with padding, followed by 2 × 2 max pooling layers that pro-

gressively reduce the resolution from 224 × 224 to 28 × 28. The final block

expands the number of filters to 256 and applies an adaptive average pooling

layer. Extracted features are flattened and passed through a fully connected

classifier with dropout (0.5) for regularization, followed by a final linear layer

mapping to the number of target classes.

4. Model Training and Data Augmentation Design. To assess the contri-

bution of synthetic data, we evaluated the classification model under different

levels of data augmentation. Specifically, we tested synthetic-to-real ratios of

{0%, 50%, 100%, 200%, 300%, 400%}. At 0%, the model was trained only on
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real images. At 50%, synthetic images were added equal to half the size of the

real dataset. For higher ratios, the number of synthetic images was progres-

sively increased while keeping the set of images from the lower ratio fixed. For

example, the 100% condition added additional 50% synthetic images relative

to the 50% case, and the same rule was applied for 200–400%. All synthetic

images were sampled from the generated pool corresponding to the 60% split

of the test set, ensuring consistency and fairness across augmentation levels.

Table 4.4: Summary of CNN architecture used as the downstream machine learning
task to assess synthetic image quality.

Stage Configuration

Input 3 × 224 × 224 RGB image

Feature extractor Conv(32, 3 × 3) → BN → ReLU → MaxPool(2)

Conv(64, 3 × 3) → BN → ReLU → MaxPool(2)

Conv(128, 3 × 3) → BN → ReLU → MaxPool(2)

Conv(256, 3 × 3) → BN → ReLU → AdaptiveAvgPool(1)

Classifier Flatten → Dropout(0.5) → Linear(256 → num classes)

4.3.3 Generated Images for Each Phenotype

To qualitatively assess the performance of our fine-tuned SD-v1.4 model, we com-

pared generated images with real samples across different phenotypes. Representative

examples are shown in Figure 4.8 for tomato leaves and Figure 4.9 for maize leaves. As

illustrated in Figure 4.8, the synthetic tomato leaves capture diverse disease pheno-

types with realistic textures, color variations, and lesion patterns that closely resemble
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their real counterparts. Similarly, Figure 4.9 demonstrates that the generated maize

leaves reflect characteristic traits of different phenotypes with convincing fidelity.

Overall, the generated images are of high visual quality and in many cases are

difficult to distinguish from real images. Minor imperfections are occasionally ob-

served, such as unnatural lighting artifacts or slight distortions in pest structures

on the leaf surface. Nevertheless, the synthetic images provide strong evidence that

the fine-tuned diffusion model can effectively learn phenotype-specific features and

generalize across different crop species.

Figure 4.8: Comparison of generated and real tomato leaf images across phenotypes.
The fine-tuned Stable Diffusion model produces synthetic leaves with realistic mor-
phology and disease-specific patterns that align closely with real samples.

4.3.4 Evaluation and Results

The performance of the phenotype classification models was evaluated in terms

of classification accuracy across varying levels of synthetic data augmentation. The
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Figure 4.9: Comparison of generated and real maize leaf images across phenotypes.
The generated samples demonstrate strong fidelity in reproducing key visual traits of
maize phenotypes.

classification accuracy was evaluated exclusively on real images.

PlantVillage dataset. Figure 4.10(a) illustrates the classification accuracy on the

PlantVillage dataset across different synthetic-to-real ratios. A general upward trend

is observed, with accuracy improving as more synthetic images are incorporated into

the training set. The models achieve their highest performance when the synthetic ra-

tio reaches 400% for all three species. Among the crops, tomato consistently exhibits

lower accuracy compared to potato and bell pepper. This discrepancy arises be-

cause tomato classification is inherently more challenging, involving ten phenotypes,

whereas potato and bell pepper classification involves only three and two phenotypes,

respectively.

Another key observation is that the performance curves tend to plateau at higher
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synthetic ratios, suggesting that model capacity or noise in the dataset imposes an

upper bound on achievable accuracy. Detailed classification results are provided in

Table 4.5.

CropDisease dataset. A similar trend was observed on the CropDisease dataset

(Figure 4.10(b), Table 4.5). Classification accuracy improves steadily as synthetic im-

ages are added, although the rate of improvement decreases at higher ratios. Overall,

performance on CropDisease is lower than on PlantVillage. This can be attributed

to both the lower quality of images in the dataset (see Figure 4.6) and the greater

difficulty of the classification task, which requires distinguishing not only between vi-

ral and bacterial infections but also between pest-induced damage and abiotic stress

symptoms.

Summary. Across both datasets, the addition of synthetic images consistently en-

hances classification performance, supporting our hypothesis that text-conditioned

image generation can serve as an effective form of data augmentation. While dimin-

ishing returns are observed at higher ratios, the results demonstrate that synthetic

data improves generalization, particularly in settings with limited real data. This

finding highlights the practical potential of diffusion-based image generation for en-

hancing machine learning pipelines in agriculture.
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Figure 4.10: Classification accuracy of the custom CNN model with different
synthetic-to-real data ratios. (a) Results for the PlantVillage dataset. (b) Results for
the CropDisease dataset. Accuracy generally increases with the addition of synthetic
images, with diminishing returns at higher ratios.

4.4 Discussion

4.4.1 Strengths of SD Fine-Tuning for Agricultural Data

Our experiments demonstrate that fine-tuning Stable Diffusion on agricultural

datasets offers several notable advantages. First, the model effectively captures

phenotype-specific features such as disease lesions, discoloration, and pest-induced

damage, producing images that are often indistinguishable from real samples. This

fidelity enables the use of synthetic data for visualization and training augmenta-

tion where collecting field images is expensive or impractical. Second, the text-

conditioning capability of the fine-tuned model provides flexibility and controllability,

allowing users to generate targeted images of crops under specified conditions (e.g.,

nutrient deficiency, pest infection, or particular growth stages). Finally, downstream

evaluations validate the utility of this approach: incorporating synthetic data con-
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Table 4.5: Classification accuracies of the custom CNN model on two benchmark
datasets (PlantVillage and CropDisease) under varying synthetic data ratios.

Dataset / Crop 0% 50% 100% 200% 300% 400%

PlantVillage

Bell pepper 0.9295 0.9359 0.9679 0.9872 0.9776 0.9844

Potato 0.9186 0.9496 0.9574 0.9380 0.9496 0.9729

Tomato 0.7788 0.8139 0.8208 0.8223 0.8381 0.8425

CropDisease

Cassava 0.6016 0.7358 0.7281 0.7336 0.7592 0.7647

Cashew 0.6925 0.7762 0.7913 0.8287 0.7975 0.8150

Maize 0.5455 0.5742 0.6922 0.6667 0.6823 0.7002

sistently improved classification accuracy across multiple benchmarks, highlighting

the potential of generative augmentation to enhance machine learning in agricultural

contexts.

4.4.2 Limitations on Domain Bias

Synthetic images from field conditions generally exhibited higher FID values than

indoor images, reflecting the greater complexity and variability of outdoor environ-

ments. These biases underscore the need for continued curation of training datasets

and prompt engineering, especially in outdoor agricultural settings.
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4.4.3 Lessons Learned for Image Generation and Downstream

Machine Learning Tasks

Several lessons emerged from this part of study. First, high-quality captions are

critical for successful fine-tuning, as the alignment between textual descriptions and

visual traits directly influences model controllability. Our visual comparisons between

different captioning models confirm that careful prompt engineering and captioning

model selection significantly impact generative performance.

Second, while synthetic images reliably improved classification accuracy, perfor-

mance gains tended to plateau at higher augmentation ratios. This suggests that

beyond a certain point, model capacity or dataset noise constrains the benefits of

synthetic data. Therefore, an optimal balance between real and synthetic samples is

necessary to maximize downstream performance.

Finally, our findings emphasize the importance of domain adaptation for gener-

ative models in agriculture. While general-purpose models such as Stable Diffusion

provide a powerful foundation, tailoring them to agricultural datasets is essential

to capture the subtle but critical details of plant phenotypes. Future work should

explore related approaches that combine synthetic data with active learning from hu-

man feedback, further reducing dependence on costly real-world data collections and

annotations.
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Image Translation

5.1 Introduction

Plant image translation from controlled indoor environments to natural outdoor

field conditions addresses a critical gap in agricultural machine learning. While large

collections of high-resolution indoor plant images are available, outdoor crop images

remain comparatively scarce due to the challenges of field data collection, including

variable lighting, weather, and field complexity. This imbalance limits the develop-

ment of robust deep learning models for real-world agricultural applications.

To mitigate this issue, we propose an image translation approach that leverages

the generative diffusion model fine-tuned in Chapter 4. Building upon the Stable

Diffusion architecture, we introduce a translation component capable of adapting

indoor plant imagery to realistic outdoor scenes. This strategy allows us to expand

training datasets with synthetic field-like images while preserving plant morphology,

thereby improving the generalizability of downstream models for agricultural tasks.

69
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5.2 Materials and Methods

5.2.1 Overview of the Image Translation Task

The image translation component builds upon the fine-tuned diffusion model de-

veloped in Chapter 4. Since the model has already been adapted to the agricultural

domain using curated image–text pairs, it is capable of associating plant structures

with textual semantics. By leveraging this property, we aim to translate indoor plant

images into outdoor field scenes by conditioning the denoising process on outdoor-

related keywords such as “TerraByte field,” “natural lighting,” and “moist soil.” The

fine-tuned model’s ability to generate realistic outdoor backgrounds, textures, and

lighting enables us to create images that preserve the morphology and growth stage

of the original indoor plant while embedding it in natural outdoor contexts.

The objective is to retain the structural integrity of the indoor plant (e.g., shape,

growth stage, and phenotype) while adapting the surrounding environment to outdoor

conditions. This includes environmental variations such as lighting, soil characteris-

tics, and stress conditions (e.g., drought or pest infection). Because the translation

process is text-conditioned, it remains controllable by user prompts, allowing cus-

tomized simulations of diverse field environments.

For this task, we adopt a text-inversion strategy within a DreamBooth fine-tuning

framework. As illustrated in Figure 5.1, we introduce a rarely used token (e.g., sks)

to anchor the semantics of the target plant. The token sks was selected because

it is not an English word and not associated with existing semantic meaning in the

model’s vocabulary, minimizing interference with pretrained language concepts. This
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token is learned to represent the structural features of the plant in the latent diffu-

sion model. At inference time, prompts combine the rare token with outdoor envi-

ronment keywords—for example: “A sks canola plant grows in the TerraByte field,

several weeks old and healthy, with moist soil beneath it.” In this way, the indoor

plant structure is reconstructed based on the rare token, while the outdoor back-

ground is rendered according to the environmental semantics encoded in the prompt.

The text-conditioning mechanism provides strong controllability, enabling flexible

and user-driven customization of the translation process. The overall workflow can

be summarized in four stages:

1. Input Stage (Indoor Data). Indoor canola plant images are collected under

controlled laboratory conditions. Each image is associated with the rare token

sks, which is introduced into the text encoder’s vocabulary.

2. Training Stage (DreamBooth Fine-Tuning). Indoor plant images paired

with prompts containing sks are used to fine-tune the latent diffusion model.

Cross-attention layers in the U-Net bind sks to the plant’s structural semantics,

while a prior preservation pathway simultaneously trains on generic “canola

plant” prompts to prevent overfitting and maintain generalization.

3. Conditioning Stage. At inference, prompts are constructed using both sks

(structural semantics) and environment-related tokens such as TerraByte.

4. Translation Stage (Output). The fine-tuned model generates images in

which the plant structure is preserved, but the environment is adapted to out-

door field conditions, resulting in translations of indoor-to-outdoor images.
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Figure 5.1: Workflow of DreamBooth-based text-conditioned image translation. In-
door canola plant images are paired with the identifier token sks, which encodes
the structural semantics of the plant. During DreamBooth fine-tuning, the latent
diffusion model binds the sks token to plant structure via cross-attention, while a
prior preservation loss maintains generalization to the broader “canola plant” class.
At inference, prompts combine sks (structural semantics) with TerraByte (outdoor
environment semantics). The model then generates translated images where indoor
plant structures are preserved but embedded in realistic outdoor field conditions.

5.2.2 Datasets

As introduced in Chapter 4, our indoor dataset is derived from the study by

Beck et al. [62], which provides high-resolution images of crop plants such as canola,

soybean, and wheat. For the image translation task, we focus specifically on canola

as the target crop species.

Each plant image requires preprocessing before being used in the translation

pipeline. This step is necessary because the rare token sks must be associated
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exclusively with the structural semantics of the plant itself, rather than unrelated

background elements such as pots or soil. To achieve this, we applied plant seg-

mentation prior to DreamBooth training. Since the indoor images were collected

under controlled laboratory conditions with a uniform blue background, a simple

color-thresholding approach was sufficient. We implemented segmentation using the

open-source Python toolkit PlantCV [72], which is widely used in plant phenotyp-

ing research. PlantCV provides modular functions for image analysis, enabling re-

searchers to build customized pipelines for extracting quantitative traits such as leaf

area, shape, and color.

For DreamBooth training, it is recommended to use a small set of images (typ-

ically 3–5) of the target object captured from different perspectives. To meet this

requirement, our preprocessing pipeline consisted of: (1) segmenting and cropping

the target plant to remove the background; (2) applying spatial transformations such

as flipping to augment the dataset to produce five distinct input images. These pre-

processed images were then used to fine-tune the DreamBooth model, with the rare

token sks serving as the textual representation of the target plant.

5.2.3 DreamBooth for Text-Conditioned Image Translation

DreamBooth is a fine-tuning technique originally developed to personalize large

pre-trained text-to-image diffusion models. It enables the model to associate a rare

identifier token (e.g., sks) with the visual appearance and structural semantics of a

specific subject, while preserving the generalization capabilities of the base model.

In our application, the identifier sks was introduced to encode the structural fea-
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tures of canola plants imaged under controlled indoor conditions. At inference time,

this subject-specific token was combined with an environmental descriptor token (e.g.,

TerraByte), which encodes the outdoor field domain. This dual conditioning allows

the model to retain the plant’s intrinsic structure while adapting the surrounding

scene to outdoor environments. As a result, the translation process generates im-

ages where indoor plant morphologies are realistically embedded into our target field

settings, controlled by text prompts.

5.2.4 DreamBooth Adaptation

The base model for DreamBooth is a LDM. DreamBooth modifies this process

by injecting a rare token identifier wsks into the text vocabulary and associating it

with images of the target plant. During training, text prompts y are augmented with

wsks, so that the cross-attention layers in the U-Net and text encoder bind the plant

structure to this token. The optimization loss function becomes:

LDB(θ) = Ez,ϵ,t

∥∥∥ϵ− ϵθ(zt, t, τθ(y ∪ wsks))
∥∥∥2

2
. (5.1)

This enforces the alignment of the sks token with the semantic and structural fea-

tures of the canola plant, allowing it to be recalled and re-contextualized in new

prompts. To avoid catastrophic forgetting of the base model’s general visual knowl-

edge, DreamBooth training interleaves two strategies, the subject-specific fine-tuning

and the class-specific prior preservation, as mentioned in Chapter 3.
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5.2.5 Text-Conditioned Translation for Outdoor Adaptation

Once trained, the DreamBooth model associates sks with the canola structure.

During inference, prompts of the form “a sks plant growing in the TerraByte field.”

guide the model to reconstruct indoor plants within specific outdoor contexts. Here,

TerraByte acts as a domain keyword capturing the environmental semantics of our

target outdoor dataset, while sks ensures the translated plant retains its structural

integrity. The translation is therefore not a direct pixel-level mapping (as in Cy-

cleGAN [10]), but rather a semantic conditioning in the diffusion process, yielding

high-fidelity images with controlled structure–environment interaction.

5.2.6 Model Training Setup

The DreamBooth-based fine-tuning for image translation was conducted on three

NVIDIA A100 GPUs at the University of Manitoba. The model was trained on

the curated indoor canola dataset. Each input plant was cropped, segmented, and

augmented into five images. Training was performed for 400 steps, with standard

DreamBooth hyperparameters adapted for stable convergence [19]. The VAE and

text encoder were frozen during training, while the U-Net backbone and the newly

introduced subject-specific token embedding related to sks were fine-tuned to align

the rare token sks with plant structural features.

At inference time, prompts were designed to flexibly customize the translated

output according to user requirements. As shown in Figure 5.2, the fine-tuned model

preserves the morphology of the input indoor plant while adapting the environment

to field conditions. Through prompt engineering, the user can specify details such
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as soil characteristics, pest-infected leaves, number and arrangement of plants in the

field, or even developmental stage (e.g., translating a plant in a vegetative stage into

its flowering stage). This controllability highlights the advantage of text-conditioned

translation for generating diverse, user-specific agricultural scenarios.

Figure 5.2: Examples of translated canola plant images from indoor to outdoor.
Indoor plant images with blue backgrounds were cropped and augmented into five
inputs, which were then translated into outdoor field scenes. Prompts enable cus-
tomization of environmental conditions (e.g., soil type, pest infection, plant density,
growth stage), allowing flexible user control over the translation process.

5.2.7 Evaluation Metrics and Results

The quality of the translated images was evaluated using the FID and IS, con-

sistent with the evaluation metrics described in Chapter 4. Figure 5.3 presents the

quantitative results. On average, the translated canola images achieved an FID score

of 162.1 and an IS score of 2.48. As expected, these scores are lower than those of the
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purely generated images reported in Chapter 4. This difference is reasonable because

the translation task inherently depends on the generative model to adapt an existing

indoor plant structure into a new outdoor environment, which introduces additional

sources of variability. Nevertheless, both FID and IS values indicate that the trans-

lated images are of reasonably high quality. This observation is further supported by

the visual inspection of sample translations shown in Figure 5.2, where plant struc-

tures are well preserved and outdoor environments are realistically rendered. While

translation scores are lower than those achieved by direct image generation, they

remain sufficiently strong to support downstream agricultural tasks.

Figure 5.3: Quantitative evaluation of translated canola images. The results are
reported in terms of Fréchet Inception Distance (FID) and Inception Score (IS). Lower
FID and higher IS values correspond to better generative quality.

5.3 Downstream Machine Learning Tasks

To further validate our image translation approach, we designed a downstream

machine learning experiment to assess whether translated images can improve the

performance of an object detection and classification model through data augmenta-

tion. Specifically, we evaluated the impact of using translated indoor soybean images
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(converted into outdoor scenes) to complement real field images for weed detection

and classification.

5.3.1 Datasets for Weed Detection and Classification

Three datasets were employed in this task:

• Outdoor soybean field images. A benchmark dataset consisting of 10,371

high-quality field images of soybean plants was used as the primary training

and evaluation source [62]. These images capture natural variability in back-

ground, lighting, and occlusion conditions typical of real-world agricultural en-

vironments.

• Indoor soybean plant images. Approximately 68,000 images of soybean

plants grown under controlled indoor conditions were available. These images,

captured by the EAGL-I system [62], served as the basis for generating trans-

lated outdoor-like soybean images using our translation pipeline.

• Weed images. Cropped images of three common weed species—foxtail, pig-

weed, and kochia—were included. These images, also collected in the study

by Beck et al. [62], were overlaid onto both real and translated soybean field

images to construct labeled datasets for weed detection and classification.

5.3.2 Experiment Setup

Since the text-conditioning approach is less suitable for preserving the structural

semantics of multiple objects within a single image[2], it was not ideal for the down-
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stream machine learning task, where multiple soybean plants must be translated

simultaneously from indoor to outdoor scenes. To address this, we adopted an image-

based conditional generation strategy, as introduced in Chapter 3. This approach

leverages the input image itself as structural guidance during the denoising process,

ensuring that spatial arrangements and object-level consistency are retained while

the environmental appearance is adapted to outdoor field conditions.

Since our indoor soybean dataset primarily consists of single plants imaged under

controlled laboratory conditions, additional preprocessing steps were necessary to

simulate realistic outdoor field scenes. Specifically, we constructed composite images

that mimic the arrangement of multiple soybean plants in rows, as typically observed

in field conditions. The overall experimental workflow consisted of the following

stages:

1. Creating outdoor soybean–weed images. Cropped weed images were ran-

domly sampled and overlaid onto the 10,371 outdoor soybean field images. Weed

patch sizes were adjusted to realistic scales, and placement positions were chosen

to avoid overlapping with soybean plants. Each soybean image was augmented

with between one and three weeds.

2. Cropping indoor soybean patches. Indoor soybean images generally con-

tain a single plant per image. To construct composite indoor field-like scenes,

we first segmented and cropped soybean patches. Bounding boxes were ob-

tained using YOLOv8 [73], and background pixels were removed using the color-

thresholding approach implemented with PlantCV, as described in Chapter 4.

Noisy patches (e.g., fragmented plants, cropped leaves, or incomplete captures)
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were removed through manual inspection, resulting in approximately 40,000

high-quality patches.

3. Compositing indoor soybean patches onto a canvas. Cropped soybean

patches were arranged on empty canvases to resemble outdoor row structures.

For each canvas, 3–6 patches were randomly selected, aligned either in rows

or columns, and then randomly placed on the canvas. Outdoor background

images without plants were inserted as the base layer, ensuring a more realistic

compositional appearance.

4. Translating composited indoor images into outdoor environments.

The composited soybean images were processed by an image-guided transla-

tion model (described in Chapter 3) to generate realistic outdoor scenes. Un-

like the single-object case where DreamBooth was effective, it was less suitable

here due to difficulties in capturing structural semantics of multiple scattered

objects. Instead, we adopted an image-conditioned approach [23], using the

composite images as direct guidance for the generation process. The details

of indoor soybean images background-removal, cropping and composition are

shown in Figure 5.4.

5. Creating translated soybean–weed images. Weeds were added to the

translated soybean images following the same procedure used for real outdoor

soybean images, ensuring consistency across datasets.

6. Mixing outdoor soybean–weed images with translated images. To

evaluate the effect of translated data, we constructed mixed datasets by aug-
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menting real outdoor soybean–weed images with translated counterparts. We

experimented with synthetic ratios of 0%, 50%, 100%, 150%, 200%, and 300%.

At 0%, only real images were used, while higher ratios progressively increased

the proportion of translated images.

7. Training an object detection and classification model. For each weed

species and synthetic ratio, we fine-tuned a pre-trained YOLOv8 model [73]

for joint detection and classification of soybean and weed plants. YOLOv8

was chosen for its fast training speed and strong baseline performance for this

task. Since our goal is to evaluate performance trends under different synthetic

data ratios rather than achieve state-of-the-art accuracy, YOLOv8 provides a

suitable benchmark, and its performance shows more noticeable improvement

with added synthetic data compared to newer models like YOLOv11 [74].

8. Evaluating model performance. The fine-tuned YOLOv8 models were eval-

uated at different synthetic ratios using standard metrics:

• Precision: the proportion of correctly identified positive samples (weeds

in our case) among all predicted positives.

• Recall: the proportion of correctly identified positive samples among all

actual positives.

• mAP50: mean average precision at an intersection-over-union (IoU) thresh-

old of 0.5, reflecting the detection performance across all classes.

The real soybean–weed images were split into training and test sets with an 60/40

ratio. All YOLOv8 models were trained on the training split and evaluated on the
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held-out test split which contains only real soybean-weed images.

Figure 5.4: Overview of the dataset construction and translation workflow for the
downstream indoor-to-outdoor soybean image translation. The process consists of:
(1) removing background of the indoor soybean images, (2) cropping high quality
plant patches, (3) compositing multiple patches onto a background canvas to mimic
field-like arrangements, and (4) generating realistic outdoor translations using an
image-conditioned diffusion model.

5.3.3 Image-Guided Translation Model

For the translation task, we employed the img2img pipeline of the Stable Diffu-

sion framework [2; 23]. The input to this pipeline consisted of the composited indoor

soybean images described in the previous subsection, which served as structural ref-

erences for generating realistic outdoor field scenes. The Image-to-Image (img2img)

pipeline is a conditional diffusion process designed to refine or translate an existing

image under the guidance of a text prompt. Unlike unconditional text-to-image gen-

eration, which begins from random Gaussian noise, the img2img approach initializes
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the denoising trajectory from a noised version of a given reference image. In our

case, the reference was the composited indoor soybean images, and the condition-

ing prompts specified outdoor field characteristics. This setup allows the model to

preserve the spatial structure and arrangement of the soybean plants while adapting

environmental features such as lighting, soil texture, and background complexity to

resemble outdoor conditions.

5.3.4 Evaluation and Results

Figure 5.5 provides a visual comparison between a real outdoor soybean image

with weeds (left) and a translated soybean image generated from an indoor plant

(right), where weeds were added in post-processing. The translated images closely

resemble the real field images, with weeds successfully integrated into the scene.

To quantitatively assess performance, mixed datasets containing both real and

translated soybean–weed images were used to train YOLOv8 detection and classifi-

cation models at varying synthetic ratios. Each model was trained for 50 epochs, and

the checkpoint with the lowest loss on the validation set was selected for evaluation.

Figure 5.6 shows an example of detection results for a model trained with a syn-

thetic ratio of 300%. The left column presents the ground-truth labels, while the

right column shows the corresponding predictions. The model successfully detects

and classifies both soybean plants and weeds, achieving strong agreement with the

ground truth. Interestingly, in some cases the model identified weeds that were not

annotated in the training set—for instance, in the first-row example, where an unla-

beled weed was correctly detected and classified. This suggests that the inclusion of
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Figure 5.5: Comparison of real and translated soybean images with weeds. Left:
a real outdoor soybean image with weeds superimposed on it. Right: a translated
outdoor-like soybean image generated from an indoor plant, with weeds added. Weeds
are labeled with red bounding boxes.

translated images may enhance the model’s ability to generalize beyond the provided

annotations.

Figure 5.7 and Table 5.1 summarize the performance of the fine-tuned YOLOv8

model across different synthetic ratios. Overall, we observe consistently high detec-

tion accuracy for all weed species, with mAP50 values averaging around 0.96. Both

precision and recall tend to improve as the proportion of translated images in the

training set increases.

For example, as shown in Figure 5.7, precision for the weed species kochia improves

steadily from 0.911 with no synthetic augmentation to 0.938 at a synthetic ratio of

300%. This trend indicates that translated images serve as effective augmentations,

enhancing the model’s ability to detect and classify weeds under diverse conditions.
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Figure 5.6: Detection and classification results of YOLOv8 trained with 300% syn-
thetic ratio. Left: ground-truth annotations. Right: model predictions. The model
successfully detects and classifies soybean and weed plants, and in some cases identi-
fies weeds not included in the ground-truth labels.
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Figure 5.7: Performance of YOLOv8 on weed detection across synthetic ratios. Pre-
cision, recall, and mAP50 metrics are reported for multiple weed species. A steady
improvement is observed with higher proportions of translated images.

5.4 Discussion

5.4.1 Strengths and Limitations of DreamBooth for Trans-

lating Agricultural Images

DreamBooth provided a powerful mechanism for text-conditioned translation by

associating rare identifier tokens (e.g., sks) with plant structures while condition-
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Table 5.1: YOLOv8n performance on different synthetic ratios.

Ratio
Foxtail Pigweed Kochia

Precision Recall mAP50 Precision Recall mAP50 Precision Recall mAP50

0.0 0.895 0.927 0.962 0.904 0.932 0.963 0.911 0.921 0.960

0.5 0.921 0.934 0.958 0.916 0.945 0.969 0.919 0.939 0.967

1.0 0.922 0.932 0.959 0.923 0.955 0.966 0.924 0.940 0.962

1.5 0.918 0.943 0.962 0.926 0.949 0.968 0.924 0.950 0.964

2.0 0.930 0.946 0.965 0.931 0.959 0.969 0.932 0.949 0.965

3.0 0.928 0.950 0.960 0.938 0.962 0.966 0.938 0.942 0.962

ing on outdoor environment prompts. This approach offered strong controllability,

enabling users to generate diverse outdoor scenarios by modifying textual inputs.

For single-plant indoor images, DreamBooth successfully preserved plant morphology

while embedding the subject into field-like contexts, making it particularly suitable

for tasks where structural fidelity of individual plants is critical.

However, DreamBooth also revealed limitations in agricultural translation tasks.

DreamBooth struggled with multi-object images: when applied to scenes containing

multiple plants arranged in rows, it often failed to capture the spatial structure or

scattered semantics accurately. This restricted its applicability to more complex field-

level translations.
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5.4.2 Strengths and Limitations of Image-Based Approaches

for Translating Agricultural Images

In contrast, the image-guided img2img pipeline demonstrated strong performance

in handling multi-object agricultural images. By initializing the denoising process

from composited indoor soybean images, the model was able to preserve plant ar-

rangements while adapting environmental features to outdoor conditions. This al-

lowed the generation of realistic field scenes with multiple plants, a requirement for

downstream tasks such as weed detection.

Nevertheless, the image-based approach is not without limitations. Its dependence

on composite images means that preprocessing quality (segmentation, patch cropping,

and background replacement) directly impacts the realism of the translated output.

Artifacts such as imperfect boundaries or inconsistent lighting occasionally persisted

into the final translated images. Moreover, compared to DreamBooth, img2img of-

fers less fine-grained semantic control via prompts, which can limit flexibility for

customized conditions.

5.4.3 Implications for Image Translation and Downstream

ML Tasks

Several key lessons emerged from this study. First, the choice of translation strat-

egy depends heavily on the target application. DreamBooth is well suited for con-

trolled, single-object scenarios requiring high semantic precision, while image-guided

translation is more effective for complex multi-object scenes representative of agri-
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cultural fields. Future work may explore hybrid methods that combine text-inversion

flexibility with image-guided robustness.

Second, the downstream experiments confirmed that translated images can mean-

ingfully augment training data for machine learning tasks. Object detection models

trained with both real and translated data achieved higher precision and recall, with

clear improvements in recall for weed detection as the proportion of translated images

increased. This demonstrates that translated data not only enriches visual diversity

but also improves model generalization to real-world conditions.

Finally, these results underscore the importance of dataset design. High-quality

segmentation, careful prompt engineering, and balanced mixing ratios of real and

synthetic data were all crucial for success. Simply generating more synthetic data

was not sufficient. Performance gains plateaued when the synthetic ratio became

too large, suggesting that optimal augmentation requires a balance between real and

translated images. In conclusion, these findings provide practical guidance for future

work on agricultural image translation and its integration into downstream machine

learning pipelines.
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Preference-Aligned Model

Fine-tuning

6.1 Introduction

Recent advances in diffusion-based generative models have demonstrated remark-

able capability in producing realistic and diverse images across a wide range of do-

mains. Nevertheless, aligning these models with human preferences remains a chal-

lenging problem. While pretrained diffusion models can generate visually plausible

images, the outputs are often misaligned with subtle semantic or aesthetic qualities

valued by end-users. Scientific accuracy is key to creating synthetic data that can be

used to solve real-world problems with machine learning. In applications such as dig-

ital agriculture, where fine-grained details of plants carry significant importance for

downstream analysis, this misalignment can reduce the practical utility of generative

models.

90
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Preference alignment aims to bridge this gap by incorporating human feedback

into the model refinement process. Conventional reinforcement learning approaches,

such as reinforcement learning with human feedback (RLHF) [30], are powerful but

computationally expensive and difficult to stabilize in high-dimensional image gener-

ation settings. As an alternative, supervised fine-tuning (SFT) approaches provide a

more scalable framework for preference alignment [75; 76].

In this chapter, we present a modified version of the best-of-N supervised fine-

tuning (Best-N-SFT) method [77; 78]. The core idea is to train a reward model

on manually annotated data and subsequently use this reward model to score large

batches of generated images. For each prompt, the model generates multiple candi-

date images, and the top-ranked subset is selected according to the reward model.

These high-scoring candidates are then used to fine-tune the diffusion model through

a weighted reconstruction loss, where the weights reflect the relative reward scores of

the selected images. This process ensures that the model is explicitly encouraged to

reproduce generations that align more closely with user preferences.

Our approach combines three critical components: (1) a manually curated dataset

of expert-scored images to train a reliable reward model, (2) a reward predictor

trained on latent representations from the VAE backbone of our fine-tuned Stable

Diffusion model, and (3) a preference-weighted fine-tuning pipeline that leverages se-

lective training. Together, these components yield a practical and efficient framework

for aligning diffusion models with subjective human preferences, while maintaining

training stability and scalability.
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6.2 Materials and Methods

This study builds upon the image generative model described in Chapter 5, specif-

ically a fine-tuned SD-1.4 text-to-image model trained to generate outdoor soybean

images. The model was trained with the same parameter settings as outlined in

Chapters 4 and 5. However, the model trained in Chapter 5 exhibited instability:

under identical prompts, generated outputs varied significantly in quality due to the

stochastic nature of the denoising process during inference. Examples of this vari-

ability are shown in Figure 6.1, where images generated from the same model and

prompt differ in realism and fidelity.

Figure 6.1: Examples of variability in image quality from the same model and prompt.
Images on the left exhibit lower quality, while those on the right demonstrate higher-
quality outputs, highlighting the quality variations of the output from baseline fine-
tuned Stable Diffusion model.
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6.2.1 Overall Experimental Setup

The objective of this study is to align a text-to-image diffusion model with human

preferences through a two-stage pipeline that integrates manual feedback, reward

modeling, and preference-weighted supervised fine-tuning:

1. Preference annotation. A pre-trained Stable Diffusion model fine-tuned on

domain-specific plant imagery was used as the base generator. To capture hu-

man preferences, a pool of 500 images was generated under fixed hyperparam-

eters of the image-to-image pipeline, including strength, guidance scale, and

inference steps. Each image was manually scored by the user on a contin-

uous scale from 0 to 1, based on subjective quality criteria such as realism,

preservation of plant structure, and fidelity to the agricultural domain 1. These

annotations served as training data for the reward model.

2. Reward modeling. A CNN-based reward model was trained using the anno-

tated images. Latent features were extracted from the encoder of the Stable

Diffusion VAE, which compresses each image into a 4× 64× 64 latent represen-

tation. Operating in the same latent space as the U-Net denoiser ensures that

preference signals can be transferred consistently to guide the diffusion process.

3. Preference-aligned fine-tuning. The diffusion model was further fine-tuned

using a Best-of-N supervised strategy modified with reward weighting. A total

of 5,000 images were generated from diverse prompts, with N = 12 candidates

produced per prompt. The reward model assigned scores to each candidate,

1Even though we used the term “expert-feedback” above, I scored these images as a proof of
concept. In the future, we will collaborate with experts to score the images.
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and the top k = 8 images were selected as pseudo-targets. A reward-weighted

reconstruction loss was then computed, assigning higher weights to samples with

stronger preference scores. This biased the parameter updates of the U-Net

toward user-preferred outcomes while maintaining the efficiency of supervised

fine-tuning.

An overview of the workflow is shown in Figure 6.2. The experimental design in-

tegrates manual scoring, reward modeling, and preference-weighted fine-tuning to

progressively align the generative model with user preferences. For convenience, we

refer to the Stable Diffusion model trained in Chapter 5 as the base model, and to the

preference-aligned version as the user-preferred model, as illustrated in Figure 6.2.

Figure 6.2: Overview of the preference-aligned fine-tuning pipeline. The workflow
consists of three stages: (1) manual scoring of generated images, (2) training a CNN-
based reward model in the latent space of the SD VAE, and (3) reward-weighted
supervised fine-tuning using a Best-of-N strategy.
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6.2.2 Reward Model

To capture user preferences and provide a feedback signal for fine-tuning, we

trained a reward model on manually scored images. The model predicts a scalar

reward r̂ ∈ R from the latent representation of an image, where the ground-truth

reward r ∈ [0, 1] corresponds to the user-assigned quality score.

Input Representation

Given an image x ∈ R3×512×512, we first encode it using the Stable Diffusion VAE.

The encoder E(·) maps the image into a latent representation:

z = α · E(x) ∈ R4×64×64, (6.1)

where α = 0.18215 is the scaling factor used in Stable Diffusion to ensure that the

variance of the latent space matches that of the U-Net denoiser. The reward model

operates directly on this latent representation, thereby maintaining consistency with

the diffusion model’s generative process.

Model Architecture

The reward model is implemented as a CNN that progressively reduces the spatial

dimensions of the latent tensor while increasing feature channels. Feature aggrega-

tion is achieved through convolutional blocks with batch normalization and ReLU

activations, followed by global average pooling. The final fully connected head maps

the aggregated features to a scalar value representing the predicted reward. The full

architecture is summarized in Table 6.1.
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Table 6.1: Architecture of the CNN-based reward model. The input is a latent tensor
of shape 4 × 64 × 64.

Layer Output Shape Details

Input 4 × 64 × 64 Scaled VAE latent

Conv2d + BN + ReLU 32 × 32 × 32 4 → 32, kernel=3, stride=1,

pool=2

Conv2d + BN + ReLU 64 × 16 × 16 32 → 64, kernel=3, stride=1,

pool=2

Conv2d + BN + ReLU 128 × 8 × 8 64 → 128, kernel=3, stride=1,

pool=2

Conv2d + BN + ReLU 256 × 1 × 1 128 → 256, kernel=3, stride=1,

global avg pool

Flatten 256 –

Linear + ReLU + Dropout 128 Dropout p = 0.3

Linear 1 Reward prediction

Training Procedure

A dataset of N = 500 generated images was collected, with each image manually

annotated with a preference score r ∈ [0, 1]. The dataset was randomly split into

training (70%) and validation (30%) subsets. The reward model was optimized using

the AdamW optimizer with a learning rate of 1 × 10−4 and trained to minimize the

mean squared error loss (MSE):

Lreward =
1

N

N∑
i=1

(r̂i − ri)
2 , (6.2)



Chapter 6: Preference-Aligned Model Fine-tuning 97

where r̂i is the predicted reward and ri is the ground-truth user-assigned score. Dur-

ing training, the Pearson correlation coefficient between predicted and ground-truth

rewards was monitored to evaluate alignment with user preferences.

Results of the Reward Model

Figure 6.3 illustrates the training dynamics of the reward model (panel a) and its

performance on the test set (panel b). The predicted reward scores showed strong

agreement with human-annotated scores, achieving a Pearson correlation of 0.791.

This result indicates that the reward model effectively captures visual features asso-

ciated with higher user preference, thereby encoding a bias aligned with subjective

human evaluation.

Figure 6.3: Performance of the reward model. (a) Training dynamics of the CNN-
based reward model. (b) Predicted reward scores versus ground-truth user scores on
the test set, showing a Pearson correlation of 0.791. These results confirm that the
reward model successfully encodes user preferences into a predictive signal.
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Usage in Fine-Tuning

Once trained, the reward model was frozen and integrated into the preference-

aligned fine-tuning process of the diffusion model. For each prompt, the diffusion

model generated multiple candidate images, which were then scored by the reward

model. The scores were used to construct a reward-weighted reconstruction loss,

ensuring that higher-scoring images contributed more strongly to the U-Net updates.

In this way, the reward model served as a fixed guide, transferring user preferences

into the optimization process and aligning the diffusion model with subjective quality

criteria.

6.2.3 Fine-Tuning with Reward Model Guidance

After training the reward model, it was integrated into the fine-tuning stage of

the Stable Diffusion model we trained in Chapter 5.

Candidate Generation and Scoring

During fine-tuning, a candidate pool of synthetic images was generated using the

base model. For each prompt p, N = 12 candidate images were sampled:

{x1, x2, . . . , xN} ∼ Gθ(p), (6.3)

where Gθ denotes the generative model parameterized by θ. Each candidate image

was then encoded into its latent representation zi using the VAE encoder, and scored

by the reward model:
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ri = fϕ(zi), i = 1, . . . , N, (6.4)

where fϕ is the frozen reward model. The top-k candidates (with k = 8) were selected

according to their reward scores and used for optimization.

Reward-Weighted Reconstruction Loss

For the selected top-k images, the standard denoising reconstruction loss of the

diffusion model was modified with reward-based weighting. To emphasize higher-

scoring samples, the weights were computed using a softmax-normalized distribution:

wi =
exp(ri/τ)∑k
j=1 exp(rj/τ)

, i = 1, . . . , k, (6.5)

where τ is a temperature hyperparameter controlling the sharpness of the weighting

distribution. The final training objective was defined as:

LSFT =
k∑

i=1

wi ∥ϵθ(zit, t) − ϵ∥2, (6.6)

where ϵθ is the U-Net’s predicted noise, ϵ is the true Gaussian noise, and zit is the noisy

latent sampled at timestep t using the diffusion forward process. This formulation

biases learning toward higher-scoring candidates, ensuring that parameter updates

are preferentially guided by user-aligned outcomes.

Training Setup

In total, 5,000 candidate images were generated across diverse prompts. For each

training step, N = 12 candidates were produced, and the top k = 8 were selected for
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optimization. The U-Net denoiser was fine-tuned using the AdamW optimizer with

a learning rate of 1 × 10−5, and gradient clipping set to 0.5. An exponential moving

average of model weights was maintained with a decay factor of 0.999 to improve

training stability. Validation was performed at the end of each epoch by generating

M = 50 images from a held-out set of prompts. These images were scored by the

reward model, and the mean reward score was recorded. The best model checkpoint

was selected based on the highest validation mean reward.

6.2.4 Evaluation and Results

The performance of the model was evaluated throughout the fine-tuning process.

At the end of each epoch, the model was prompted to generate a set of 50 images,

which were subsequently scored by the reward model. The average reward score

across these images was recorded as an evaluation metric. As shown in Figure 6.4,

the mean reward score steadily increased with training epochs, indicating progressive

alignment with user preferences. The best-performing model, corresponding to epoch

17, was selected as the final fine-tuned model.

In addition, we compared the user-preferred model against the base model in

terms of mean reward score and FID. As summarized in Table 6.2, the tuned model

achieved a substantially higher mean reward score (6.884 vs. 3.722 for the base

model). A paired t-test confirmed that this difference was statistically significant

(t = 10.98, p = 1.42×10−17). FID values were also computed relative to real outdoor

soybean images. Interestingly, the user-preferred model obtained a higher FID score

(189.33 vs. 108.76), suggesting that while the outputs were more aligned with human
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preferences, they deviated further from the distribution of real images according to

FID. This highlights the difference between objective generative quality metrics and

subjective preference alignment.

Qualitative results are shown in Figure 6.5. Images generated by the base model

often contained fewer soybean plants, with some leaves appearing distorted or unre-

alistic. In contrast, the tuned user-perferred model produced more stable outputs,

with plants centered in the frame and leaf structures that more closely resembled real

outdoor soybean images.

Figure 6.4: Reward evaluation during fine-tuning. The mean reward score, averaged
across 50 generated images per epoch, increases steadily with training. The best-
performing model, obtained at epoch 17, was selected as the final tuned model.
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Table 6.2: Comparison of our trained base Stable Diffusion model and the preference-
aligned model. Higher reward scores indicate better alignment with user preferences,
while lower FID values indicate closer similarity to the real image distribution.

Model Mean Reward Score FID (vs. Real)

Base Model 3.722 108.76

Preference-aligned Model 6.884 189.33

Figure 6.5: Qualitative comparison of generated images. Left: examples from the base
model, showing fewer plants and structural distortions in leaves. Right: examples
from the preference-aligned user-preferred model, producing more stable, centered
plants with leaf details more consistent with real outdoor soybean imagery.

6.3 Discussion

The experiments in this chapter investigated a preference-aligned fine-tuning strat-

egy for diffusion models, guided by a learned reward model trained on user-annotated

data. By leveraging a modified Best-N-SFT approach, the model successfully adapted

to align image generation more closely with user preferences. The results highlight

several important insights and implications.
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6.3.1 Performance Improvements

The preference-aligned model achieved a significantly higher mean reward score

compared to the base model (6.884 vs. 3.722), indicating that the fine-tuning proce-

dure effectively improved the alignment between generated images and user-defined

quality criteria. This demonstrates the feasibility of integrating a reward model into

the training loop to steer generation toward subjective notions of quality.

6.3.2 Tradeoffs and Limitations

While the reward scores improved, the FID deteriorated when comparing the

tuned model to real images (189.33 vs. 108.76 for the base model). This tradeoff

suggests that optimizing for user preference alignment can shift the generative dis-

tribution away from the statistical characteristics of real data. Such divergence is a

common phenomenon in preference learning, reflecting a domain shift from the base

model to the preference-aligned model. Importantly, this shift may not be entirely

detrimental: fine-tuning can reduce the prevalence of lower-quality outputs, effectively

concentrating the distribution toward samples that better align with user-defined no-

tions of quality. Moreover, the reliance on a reward model introduces potential bias,

as the reward predictor is limited by the scope, quality, and consistency of the user-

annotated training set. The Pearson correlation between predicted and true scores,

though moderately high, suggests room for improvement in the reward model’s reli-

ability.
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6.3.3 Practical Implications

Despite these limitations, the proposed approach provides a practical framework

for incorporating subjective expert feedback into diffusion model training without

requiring paired supervision. This paradigm is particularly valuable in scientific ap-

plication domains such as agriculture and medicine, where “ground truth” image

quality is inherently subjective or difficult to quantify. The ability to guide genera-

tive models using preference data opens opportunities for tailoring outputs to specific

user groups or domain experts.

6.3.4 Future Directions

Future research can extend this work by improving reward model architectures,

experimenting with reinforcement learning or differentiable ranking objectives, and

exploring strategies to balance preference alignment with realism. Additionally, larger

and more diverse user-annotated datasets will be crucial for improving the robustness

and generalizability of reward-based fine-tuning. Finally, hybrid methods that com-

bine supervised signals with reward-driven optimization may help reduce the observed

tradeoffs between fidelity and alignment.

6.3.5 Summary

Overall, the reward-model-guided fine-tuning improved subjective alignment with

user preferences, but it may be at the cost of decreased distributional fidelity to

real images. This highlights both the promise and the challenges of preference-based

generative model tuning, and motivates further exploration of methods that balance
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alignment with realism.



Chapter 7

General Discussion and Conclusion

7.1 Overview of Contributions

This thesis set out to address a central challenge in agricultural artificial intel-

ligence: the scarcity of large, and annotated datasets for training robust machine

learning models. Plant phenotyping, crop monitoring, and weed detection tasks all

rely on extensive image collections, yet the acquisition of field data is expensive, time-

consuming, and heavily constrained by environmental variability. Generative models

offer a promising avenue for overcoming these limitations by synthesizing realistic

plant images that can complement existing datasets. The contributions of this work

span three complementary directions, each corresponding to a major chapter of this

thesis:

1. Text-to-image generation (Chapter 4). A SD-v1.4 model was fine-tuned

with domain-specific datasets of indoor and outdoor canola imagery. By condi-

tioning on captions generated using large language models, the system was able

106
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to produce realistic images of plants under a wide range of growth stages and

conditions. The generated images were evaluated quantitatively using FID and

IS metrics, as well as qualitatively through visual inspection. In addition, the

utility of synthetic data for downstream classification tasks was validated using

benchmark datasets, demonstrating that generative augmentation can improve

phenotype classification accuracy.

2. Indoor-to-outdoor image translation (Chapter 5). While indoor im-

ages are more abundant and easier to capture under controlled conditions,

they differ significantly from field imagery in background, lighting, and vari-

ability. To bridge this gap, two complementary translation strategies were ex-

plored: DreamBooth-based text conditioning and image-guided diffusion using

the img2img pipeline. The former offered semantic control through rare-token

association, while the latter preserved multi-object spatial structures necessary

for realistic field scenes. The translated images were subsequently applied to a

weed detection and classification task, where mixing real and translated data

improved YOLOv8 performance across multiple synthetic ratios.

3. Preference-aligned fine-tuning (Chapter 6). Given that fine-tuned Stable

Diffusion models often produce diverse yet unstable image quality, this chap-

ter introduced a preference-guided fine-tuning framework. A reward model

was trained on manually annotated images to predict user preference scores

within the latent space of Stable Diffusion. This reward model was then in-

corporated into a reward-weighted supervised fine-tuning procedure, ensuring

that higher-scoring images exerted greater influence on model updates. The
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resulting preference-aligned model achieved higher reward scores than the base

model, yielding more stable and expert-aligned outputs despite trade-offs in

conventional objective metrics such as the FID score.

Taken together, these contributions demonstrate a systematic exploration of gen-

erative modeling in agriculture: from adapting text-to-image models for domain-

specific generation, to translating indoor imagery into outdoor scenes, to aligning

models with subjective human preferences. This integrated pipeline not only ex-

pands the availability of training data but also enhances the usability and flexibility

of synthetic imagery in downstream agricultural applications.

7.2 Synthesis of Findings

This thesis explored diffusion-based generative pipelines across three complemen-

tary tasks: text-to-image generation, indoor-to-outdoor translation, and preference-

aligned fine-tuning. Although each chapter addressed different challenges, several

broader findings emerge when the results are considered together.

7.2.1 Effectiveness of Diffusion Models for Agricultural Im-

agery

Across all experiments, diffusion models demonstrated strong potential for gener-

ating high-quality plant imagery in agricultural domains. Fine-tuning Stable Diffusion

on curated datasets of indoor and outdoor plant images enabled the production of

synthetic crops that were visually realistic and semantically meaningful. These im-
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ages were not only valuable for visualization, but also proved effective for augmenting

real datasets in downstream machine learning tasks. For instance, in phenotype clas-

sification, synthetic images improved model accuracy when mixed with real data,

particularly at higher augmentation ratios.

The translation experiments further highlighted the versatility of diffusion mod-

els. By adapting indoor soybean imagery to outdoor conditions, translated images

enriched training sets for weed detection and classification. This allowed models such

as YOLOv8 to achieve higher precision and recall, especially at moderate synthetic

ratios, underscoring the ability of generative models to bridge gaps in data collection.

Finally, preference-guided fine-tuning improved subjective quality and stability of

generated outputs. By leveraging a reward model trained on expert annotations, the

diffusion process was explicitly biased toward expert-valued attributes such as plant

structure fidelity and visual realism. This approach produced outputs that were more

consistent across inference runs, addressing the instability observed in the baseline

fine-tuned models.

7.2.2 Trade-offs Between Objective Metrics and Subjective

Quality

A recurring theme across the chapters was the divergence between objective image

quality metrics and subjective human evaluation. While FID and IS provided quan-

titative benchmarks for generative quality, they did not always align with perceived

realism or usability. In several cases, models that performed well according to FID

or IS produced images that appeared less convincing to experts.
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Preference-aligned fine-tuning, on the other hand, improved outputs as judged by

expert scorers, but at the cost of worse FID scores. This discrepancy highlights an

important consideration for AI in agriculture: objective metrics alone are insufficient

for evaluating generative pipelines. Instead, a multi-dimensional evaluation strategy

is needed—one that combines quantitative similarity measures with subjective prefer-

ence alignment and downstream task performance. This ensures that synthetic data

is not only statistically close to real data, but also practically useful and aligned with

expert judgments.

7.2.3 Lessons Learned Across Chapters

Several lessons can be summarized from the progression of Chapters 4 to Chap-

ter 6.

First, in text-to-image generation (Chapter 4), effective augmentation depends

heavily on the quality of captions and preprocessing. Accurate, semantically rich

text descriptions were essential for conditioning diffusion models to produce useful

plant imagery.

Second, in indoor-to-outdoor translation (Chapter 5), different methods offered

distinct trade-offs. DreamBooth excelled at controlling semantic associations for sin-

gle plants but struggled with multi-object scenes, while the image-guided img2img

approach better preserved structural layouts in field-like settings. This suggests that

translation strategies must be chosen based on the complexity of the target imagery.

Third, preference-aligned fine-tuning (Chapter 6) demonstrated that human feed-

back can be incorporated into generative training through reward modeling. This of-
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fers more adaptive and user-centered alignment of outputs from the generative models.

Such methods may be particularly important in agricultural contexts, where expert

knowledge and subjective judgment often guide decisions about image realism and

utility.

Taken together, these findings illustrate both the promise and complexity of ap-

plying diffusion models in agriculture. They reveal that success depends not only on

model architecture and training data, but also on the careful design of work pipelines,

image translation strategies, and output alignment with expert preferences.

7.3 Practical Implications for AI in Agriculture

The results of this thesis have several practical implications for the development

and deployment of artificial intelligence systems in agriculture.

First, the ability to generate and translate plant images directly addresses one

of the largest barriers in agricultural machine learning: the scarcity of annotated

field datasets. Collecting large-scale outdoor imagery is labor-intensive, seasonally

constrained, and often requires costly expert annotation. By leveraging generative

diffusion models, synthetic images can supplement real data, effectively reducing re-

liance on exhaustive field collection efforts. This not only lowers the cost of dataset

development but also accelerates the pace of AI experimentation and deployment in

agricultural research.

Second, the experiments confirmed that synthetic augmentation improves the per-

formance of downstream machine learning tasks. In phenotype classification, mixing

generated images with real data improved classification accuracy across multiple crop
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species. Similarly, in weed detection and classification, translated indoor-to-outdoor

images enhanced YOLOv8’s precision and recall, particularly at moderate augmenta-

tion ratios. These findings demonstrate that generative data can contribute directly to

the robustness and generalization of computer vision models in agricultural settings.

Finally, preference-aligned fine-tuning introduces a new dimension of adaptabil-

ity to generative systems. By integrating expert feedback through a reward model,

outputs can be steered toward expert-defined criteria such as plant morphology, struc-

tural fidelity, or botanic realism. This form of alignment enables generative pipelines

to move beyond generic image synthesis and become practical tools that reflect the

nuanced requirements of agricultural experts. In practice, such adaptability could

facilitate automated quality control in plant monitoring, precision agriculture, and

digital phenotyping workflows.

In summary, these contributions show that diffusion-based generative models,

when combined with translation and preference-alignment strategies, have the po-

tential to transform how agricultural datasets are built, extended, and applied in

downstream AI systems.

7.4 Limitations and Challenges

Despite the promising results presented in this thesis, several limitations and chal-

lenges remain that must be acknowledged.

First, the quality of generated and translated images exhibited variability across

experiments. While many outputs were highly realistic, others contained visual arti-

facts such as distorted leaves, unnatural lighting, or inconsistent backgrounds. This
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variability reflects the inherent stochasticity of the diffusion process as well as the dif-

ficulty of perfectly modeling complex field environments. For practical deployment,

additional refinement steps such as post-processing or reinforcement learning with

expert feedback, may be required to ensure consistent image quality.

Second, trade-offs were observed between subjective preference alignment and ob-

jective similarity metrics. Preference-aligned fine-tuning improved outputs as judged

by experts, yet it resulted in higher FID scores, suggesting a greater divergence from

the statistical distribution of real images. This highlights a broader methodological

challenge: objective metrics alone are insufficient for evaluating generative systems,

while purely subjective evaluation lacks scalability. Balancing these two perspectives

remains an open research problem.

Third, the scalability of manual preference annotation is limited. The reward

model in Chapter 6 relied on expert scoring of generated images, which is time-

consuming and may introduce annotator bias. While effective at a small scale, this

approach may not be feasible for training larger or more generalizable reward models.

Future work will need to explore active learning or other RLHF strategies to reduce

reliance on extensive manual labeling.

Additionally, we observed that some generated images show plant shadows that

look inconsistent as shown in Figure 5.2. This suggests the model is not fully cap-

turing the lighting conditions during training, resulting in shadows that look less

physically plausible. In future work, we plan to evaluate plant shadows more sys-

tematically and explore ways to include information about the light source from the

metadata, such as its direction or strength, when conditioning the model. This may
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help produce shadows that are more physically coherent.

Finally, the methods presented in this thesis were primarily developed and tested

on canola and soybean imagery. Although these crops are representative and agri-

culturally important, domain-specific biases may limit the generalization of the ap-

proaches to other species with different growth patterns, phenotypes, or environ-

mental contexts. Broader validation across multiple crop types and regions will be

necessary to establish the robustness of the proposed methods.

In summary, while this thesis demonstrates the feasibility and value of gener-

ative diffusion models in agriculture, overcoming these challenges will be essential

for translating the methods into scalable and reliable tools for the agricultural AI

community.

7.5 Future Directions

The findings of this thesis open several promising directions for future research in

the application of generative diffusion models to agricultural imagery.

First, larger multi-modal models such as vision–language transformers could be

explored for captioning and translation tasks. In this thesis, captioning relied on

models such as ChatGPT-4o and Llava for generating descriptive prompts. Future

work could incorporate state-of-the-art multi-modal architectures that jointly learn

from image–text pairs at scale, thereby improving the semantic richness and accuracy

of captions used for conditioning diffusion models.

Second, hybrid approaches that combine the strengths of different translation

methods requires exploration. DreamBooth provides precise semantic control for
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single-object images, while image-guided diffusion excels at handling multi-object,

field-like scenes. A framework that unifies these approaches could deliver both fine-

grained semantic fidelity and robustness in complex agricultural environments, en-

abling more versatile translation pipelines.

Fourth, the framework should be extended to a broader range of crops, phenotypes,

and agronomic tasks. Future work could include applications in stress detection (e.g.,

drought, nutrient deficiency, or pest damage), disease monitoring, and even yield

prediction from synthetic field imagery. Such extensions would help evaluate the

generalizability of the methods and strengthen their value across different agricultural

domains.

Finally, integrating generative models with human-informed notions of botanical

realism offers a promising avenue for model refinement and controllability. For in-

stance, aligning diffusion models with structured crop knowledge could provide more

precise guidance over generated outputs. Such integration would not only enhance

realism but also ensure consistency with biological and environmental constraints,

thereby making generative tools more reliable for agricultural applications.

7.6 Conclusion

This thesis has presented a comprehensive exploration of diffusion-based gener-

ative modeling for agricultural imagery, addressing key challenges in data scarcity,

domain adaptation, and alignment with human preferences. The contributions span

three major components. First, a Stable Diffusion model was fine-tuned to gener-

ate plant images from text prompts, demonstrating that synthetic imagery can aug-
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ment real datasets and improve phenotype classification accuracy. Second, indoor-

to-outdoor image translation methods were developed using both DreamBooth and

image-guided pipelines, enabling the adaptation of abundant indoor imagery into

field-like conditions that enriched weed detection datasets. Third, a preference-

aligned fine-tuning framework was introduced, where a reward model trained on

expert annotations guided the diffusion process toward outputs that better reflect

expert judgments of quality and realism.

Together, these contributions address the fundamental limitation of agricultural

AI: the limited availability of high-quality, annotated field data. By leveraging gen-

erative pipelines, this work shows that it is possible not only to expand the scale and

diversity of training data, but also to improve the robustness of downstream machine

learning models for plant phenotypes classification and weeds detection. Moreover,

by incorporating expert-centered alignment, the thesis demonstrates a pathway for

building generative systems that reflect expert-defined standards of utility.

The broader vision emerging from this work is that generative models can serve

as a foundation for data-efficient, expert-aligned agricultural AI systems. As models

continue to improve in scale and adaptability, their integration with domain knowl-

edge and expert feedback will enable the creation of synthetic datasets that are not

only statistically robust but also biologically and botanically meaningful. In doing so,

generative pipelines have the potential to accelerate innovation in crop phenotyping,

precision agriculture, and food security research, contributing to more sustainable

and precise agricultural practices in the future.
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