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Abstract

Vision models replace manual measurement of plants from an agricultural field, measur-
ing plant traits with throughput beyond human capability and with greater consistency
than manual methods. Recent vision models trained on web-scale datasets with billions of
labeled examples have achieved near-human accuracy on natural image benchmarks. Yet,
this scaling is unachievable for agricultural vision tasks where seasonal cropping cycles,
sensor costs, and data annotation requirements restrict training data to orders of magni-
tude fewer samples. In breeding programs, for instance, evaluating thousands of genotypes
across seasons forces a rigid trade-off between high-throughput, low-resolution remote sens-
ing and low-throughput, high-resolution proximal measurement, typically yielding only

thousands of images per season.

To resolve this bottleneck, this dissertation develops generative-model-based sensing meth-
ods that increase effective data resolution and throughput without proportionally increas-
ing field labor or sensor costs: (1) thermal image enhancement for low-cost thermal cam-

eras via image alignment and super-resolution; (2) plant architecture generation via vision
language models; and (3) plot-level simulation generation via vision language models with

in-context learning.

First, the resolution of low-cost thermal images was upscaled using pixel-level red—green—
blue (RGB) and thermal alignment and a generative adversarial network (GAN)-based
super-resolution algorithm. Thermal and RGB images were collected from a smartphone-
mounted low-cost thermal camera. The collected RGB images were converted to pseudo-
thermal images and aligned with low-resolution thermal images using template matching.
Then the aligned RGB, pseudo-thermal, and low-resolution thermal images were fused and
enhanced by the super-resolution algorithm, upscaling the resolution by a factor of four.

Our results show a root mean squared error (RMSE) of 2.75°C on temperature measure-



ment and a structural similarity index measure (SSIM) of 0.63 on the test set, and demon-
strate recovery of leaf edge details from low-resolution thermal images by combining shape

information from the RGB images.

Second, a plant architecture generation algorithm was developed using a vision language
model with a vision encoder and a language decoder. Using a synthetic cowpea dataset
generated from the Helios plant simulation library, we developed a tokenization method
to serialize the nested structure of plant architecture and quantize continuous variables
into discrete levels. Then, the vision language models were trained with 400,000 synthetic
cowpea images and plant architecture pairs. The results show that our models can gener-
ate plant architecture from regular RGB images and outperform conventional regression-
based methods in estimating leaf count and leaf area, with a mean absolute percentage

error (MAPE) of 4.1% for leaf count and 3.2% for leaf area.

The final chapter expands the plant-level architecture generation to plot-level simulation
generation using open-weight vision-language models with in-context learning. The plant
simulation configuration includes metadata (year, location, plant type, days after plant-
ing), plant count, plant locations, solar position, and chlorophyll content, which are needed
for Helios-based plant simulator to render the simulated plot. The open-weight models
were evaluated on their ability to generate plant simulation configurations in JavaScript
Object Notation (JSON) format from an image, using five different in-context learning
methods. Five in-context learning methods were designed to provide information gradu-
ally, from basic format-restriction instructions, to few-shot examples, to grounding hints.
Results show that the vision language models can generate plant simulation configurations
from an image, and the Gemma 4 31B model with few-shot examples achieves an average

symmetric mean absolute percentage error (sMAPE) of 19.4%.
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Chapter 1

Introduction

In plant breeding programs that evaluate thousands of genotypes across multiple growing
seasons, researchers increasingly rely on deep learning to automate plant trait measure-
ment and to scale up phenotyping throughput. Yet training these models requires large-
scale, agricultural-domain-specific data that are scarce and expensive to collect. Field data
acquisition is constrained by resolution requirements, economic constraints, labor availabil-
ity, weather conditions, and crop-cycle limitations, and data annotations require special-

ized expertise from plant breeders or agronomists.

Agricultural data collection confronts a fundamental trade-off between high-throughput,
low-resolution remote sensing and low-throughput, high-resolution proximal measure-
ment (Smith et al., 2021). Aircraft-based remote sensing captures larger areas per flight,
but higher-altitude flights compress plant-level variation into a few pixels, creating a di-
rect trade-off between resolution and field of view (Messina and Modica, 2020; Klapp

et al., 2021). Conversely, low-altitude flights provide high-resolution results but with re-
duced area coverage and increased cost (Klapp et al., 2021). Ground-based phenotyping
platforms such as rovers can capture plot-level data with high resolution. However, rovers
generally require long traverse times to cover a field and cannot measure all plots simulta-
neously (Bao et al., 2019; Li et al., 2014). Therefore, agricultural image collection for plant
phenotyping must choose between extensive spatial coverage and fine detail, because both

cannot be achieved simultaneously with current systems.

Since accurate plant trait measurements such as flower counts, fruit counts, plant height

and canopy volume require high-resolution images with fine detail, scaling this high-



resolution sensing faces an economic bottleneck. Multispectral cameras provide vegetation
indices at moderate expense, yet thermal and light detection and ranging (LiDAR) sys-
tems demand substantially greater investment for specialized optics, calibration, and data-
processing pipelines (Klapp et al., 2021; Li et al., 2014). Beyond the economic bottleneck,
the operational burden extends to labor availability and environmental constraints. Inten-
sive phenotypic measurement by trained experts, destructive harvest, and repeated manual
observation are all limited by workforce availability. Weather conditions and annual crop-
ping cycles further narrow the data-collection window into discrete intervals, so even exper-
iments that capture thousands of images per season accumulate training sets many orders

of magnitude smaller than the datasets used to train large-scale computer vision models.

Low-cost sensors offer greater spatial coverage through deployment at scale than expensive,
high-cost alternatives (Hufkens et al., 2019). However, such affordability often comes at
the expense of data quality (Klapp et al., 2021). Recent advances in computational imag-
ing and machine learning have begun to bridge this gap through aligning images and en-
hancing image resolutions. For example, super-resolution can increase the resolution of
red—green-blue (RGB) images (Ledig et al., 2017), monocular depth estimation recov-

ers three-dimensional (3D) scene depth without additional hardware (Yang et al., 2024),
and neural radiance fields generate detailed 3D geometry from sparse views (Kerbl et al.,

2023).

While deep learning-based image enhancement algorithms augment the visual information
of images, vision foundation models (VFMs) offer an alternative approach to enhancing
the information by using pretrained foundational knowledge. VFMs learn joint image-
text embeddings that bridge visual features and natural language (Radford et al., 2021;
Agrawal et al., 2022). VFMs are trained on web-scale datasets scraped automatically from
online sources and annotated with crowdsourced labels that lack expert curation. Because

these web-scale sources contain negligible agricultural content, deploying VFMs for agri-



cultural phenotyping confronts a data-scarcity barrier. Closing this gap will require scal-
ing agricultural datasets close to the level of web-scale vision corpora, an expansion con-

strained by the same economic, labor, and environmental bottlenecks.

The main objective of this dissertation is to develop generative-model-based sensing meth-
ods that increase image quality and throughput for plant analysis without proportionally
increasing field labor or sensor cost. This dissertation addresses the following research
questions: (1) Can generative models effectively upscale low-resolution thermal images

to enhance plant temperature analysis? (2) Can vision language models (VLMs) generate
organ-level plant architecture token sequences from a single RGB image? (3) Can VLM

pipelines for generating plant architecture models be scaled to simulate entire breeding

fields?
The specific contributions of this dissertation are as follows:

e A calibration and validation protocol for low-cost thermal cameras to improve tem-
perature measurement accuracy in agricultural applications, combined with an inte-
grated image alignment and super-resolution deep learning framework that enhances
the spatial resolution of low-cost thermal images by fusing aligned RGB and thermal

inputs (Chapter 3).

e A specialized plant architecture tokenization method that converts eXtensible
Markup Language (XML)-based plant models into token sequences, and a VLM
trained to generate organ-level architecture tokens from single RGB images, vali-

dated on a synthetic cowpea dataset of 400,000 image-architecture pairs (Chapter 4).

o An image-to-simulation benchmark that scales single-plant architecture generation
to plot-level JavaScript Object Notation (JSON) configurations, evaluating six open-
weight VLMs under five in-context learning methods on synthetic and real datasets

(Chapter 5).



These contributions are published in the following papers: Chapter 3 as Yun et al., 2024,

Chapter 4 as Yun et al., 2026a, and Chapter 5 as Yun et al., 2026b.



Chapter 2

Literature Review

2.1 Introduction

Chapter 1 identified two technical barriers to scalable plant phenotyping using image anal-
ysis: the trade-off between spatial resolution and spatial coverage in sensor acquisition,
and the lack of computational methods capable of inferring high-fidelity plant properties
from constrained image inputs without commensurate increases in hardware cost or field
labor. These barriers operate across three scales (pixel, plant, and plot) and motivate the
dissertation’s focus on generative modeling for image-based plant phenotyping. This chap-
ter reviews the scientific foundations that enable such generative approaches, tracing the
evolution of methods for image understanding, image enhancement, plant modeling, vision
models, large language models, and structured output generation from images. The review

is organized into three thematic parts that mirror the dissertation’s technical pillars.

The first part (Section 2.2) examines thermal sensing and image enhancement. Sec-

tion 2.2.1 surveys infrared thermography in agriculture from high-end industrial cameras
to low-cost alternatives, establishing that organ-level thermal phenotyping remains inac-
cessible at scale. Subsections on image processing, convolutional neural networks, genera-
tive adversarial networks, and diffusion methods trace the evolution of single-image super-
resolution from classical interpolation to deep generative models, and Subsections 2.2.6
and 2.2.7 review multi-observation approaches and guided thermal super-resolution, respec-
tively, showing why the former is impractical in the field and why the latter lacks radio-

metric validation for agricultural scenes.



The second part (Section 2.3) covers plant architecture, three-dimensional reconstruction,
and simulation. Section 2.3.1 establishes why three-dimensional plant structure affects pho-
tosynthetic performance, while Section 2.3.2 reviews methods for measuring plant architec-
ture through active and passive sensing, from terrestrial LIDAR to recent implicit neural
representations. Section 2.3.5 summarizes functional-structural plant models that integrate
plant geometric structure with biophysical function, and Section 2.3.8 identifies a gap in
pipelines that translate images directly into structured, machine-readable simulation con-

figurations.

The third part (Section 2.4) reviews the advancement of generative artificial intelligence
(AI) toward structured output generation. Section 2.4.1 and Section 2.4.2 review the inde-
pendent trajectories of vision models and language models, from convolutional networks
and recurrent models to Transformer models. Section 2.4.3 and Section 2.4.5 examine

how VLMs and grammar-constrained decoding bridge visual understanding and machine-
readable simulation configurations, culminating in a critical observation: while VLMs have
been extensively benchmarked on agricultural classification and visual question answering
tasks, no prior work has tested their capacity to generate structured 3D plant simulation

configurations from images.

Finally, Section 2.5 synthesizes the identified gaps into three cumulative research gaps,

bridging directly to Chapters 3 to 5.

2.2 Thermal Imaging and Super-Resolution

2.2.1 Thermal Imaging in Agricultural Research

Infrared thermography is used in agricultural research because it enables non-invasive,
non-contact measurement of plant temperature (Ishimwe et al., 2014; Messina and Mod-
ica, 2020). Because canopy temperature is inversely correlated with stomatal conductance

and transpiration rate, thermal imaging is widely employed as a surrogate for plant water



status (Moller et al., 2007). Zia et al. (2012); Mangus et al. (2016) presented canopy-level
temperature monitoring, employing the crop water stress index (CWSI) to quantify water
stress of plants. Although thermal imaging has shown potential for organ-level applications
such as evaluating fruit maturity and detecting bruises (Ishimwe et al., 2014), reviews of
infrared thermography applications remain largely weighted toward canopy-scale studies of

water stress.

Gonzalez-Dugo et al. (2013) showed the utility of high-resolution unmanned aerial vehi-
cle (UAV) thermal imagery by assessing water stress within a commercial orchard using a
Thermoteknix MIRICLE 307 camera (640x480 resolution, $20,000), establishing an early
benchmark for high fidelity thermal phenotyping. Yan et al. (2023) recently employed a
Workswell ProSC TIR camera (640x512 resolution, $17,250) mounted on a UAV to esti-

mate evaporation, transpiration, and evapotranspiration across a subalpine wetland.

Low-cost thermal cameras can provide an alternative for agricultural applications. For ex-
ample, Garcia-Tejero et al. (2018) compared a low-cost FLIR One camera (80x60 reso-
lution, $400) with a high-end FLIR SC660 camera (640x480 resolution, $20,000) for as-
sessing crop water status in almond trees, finding that the low-cost camera provided reli-
able estimates comparable to the high-end device. Iseki and Olaleye (2020) used a FLIR
C2 camera (80x60 resolution, $500) to develop a new thermal indicator of leaf stomatal
conductance in cowpea, and Parihar et al. (2021) utilized a FLIR E6 camera ($2,000) for
irrigation scheduling of potted hibiscus plants. However, low-cost cameras have limited
levels of phenotypic detail because of substantially lower spatial resolution than high-end
thermal cameras. Low-resolution thermal cameras blur organ-level differences into coarse
canopy averages, limiting the usage of biophysical models that depend on fine-grained tem-

perature inputs.

Table 2.1 summarizes the cost and resolution spectrum of thermal cameras. While these

studies showed promising results, the cost of such industrial-grade thermal cameras limits



access to most research programs and farming operations. The low-cost alternatives trade
spatial resolution and, in some cases, radiometric calibration for affordability, creating the

gap addressed in Chapter 3.

Table 2.1. Thermal cameras used in the agricultural literature. All low-cost cameras deliver substantially
lower resolution than their high-end counterparts.

Study Task Camera Resolution Price (Approx.)
Gonzalez-Dugo et al. (2013) Water stress  Thermoteknix ~ 640x480 >$20k
MIRICLE 307
Yan et al. (2023) Evap./transp. Workswell 640x512 $17,250
ProSc TIR
Garcia-Tejero et al. (2018) Water status FLIR SC660 640x480 >$15k
Garcia-Tejero et al. (2018) Water status  FLIR One 80%60 <3500
Parihar et al. (2021) Irrigation FLIR E6 240%180 $2,000
sched.
Iseki and Olaleye (2020) Stomatal FLIR C2 80x60 <$500
conduct.

To overcome this hardware limitation without replacing sensors, Super-resolution (SR) is
a computational approach to recover fine-grained temperature maps from a solitary low-
resolution observation. Because the forward degradation process (blurring, downsampling,
and compression) is not uniquely invertible, super-resolution is ill-posed, and any practical
solution must rely on priors learned from training data. The following subsections trace
the evolution of SR from classical interpolation through classical resampling, convolutional
neural network (CNN)-based, generative adversarial network (GAN)-based, and diffusion

methods.

2.2.2 Image Upscaling Methods

Classical image upscaling methods use interpolation and filtering kernels. For example, bi-
linear interpolation (Smith, 1981) computes weighted averages of neighboring pixels, pro-
ducing smooth results but blurring sharp edges and high-frequency texture. Lanczos resam-

pling (Duchon, 1979) uses windowed sinc kernels to reduce aliasing during interpolation.



But like other linear filter-based methods, they cannot recover high-frequency content that

was lost during downsampling, missing fine detail beyond what is present in the input.

2.2.3 Convolutional Neural Network-Based Methods

Dong et al. (2016) introduced the super-resolution convolutional neural network (SRCNN),
demonstrating that a three-layer network could learn an end-to-end mapping from interpo-
lated low-resolution inputs to high-resolution outputs more accurately than hand-designed
filters. Subsequent architectures increased depth and introduced residual connections to
ease training. Kim et al. (2016) proposed the very deep super-resolution network (VDSR),
a 20-layer convolutional network that exploited residual learning and adjustable gradient
clipping to achieve large gains. Lim et al. (2017) introduced the enhanced deep super-
resolution network (EDSR), a wide residual network that removed batch normalization
layers to preserve range flexibility, further improving reconstruction fidelity. Zhang et al.
(2018) developed the residual dense network (RDN), which combined residual dense blocks
with dense local connections to fully exploit hierarchical features from all convolutional
layers, while Dai et al. (2019) proposed the second-order attention network (SAN), intro-
ducing a second-order channel attention module that adaptively rescales features using
higher-order feature statistics for more discriminative representations. Collectively, these
CNN-based methods established that deeper networks with more sophisticated feature ex-
traction progressively improved peak signal-to-noise ratio (PSNR) and structural similarity

index measure (SSIM) metrics.

2.2.4 Generative Adversarial Network-Based Methods

While CNN-based methods minimize pixel-wise error, they often produce overly smooth
images lacking realistic high-frequency textures. Ledig et al. (2017) addressed this limita-
tion with the super-resolution generative adversarial network (SRGAN), the first frame-
work to infer photo-realistic natural images at 4x upscaling factors. By using a perceptual

loss comparing high-level feature difference, SRGAN generated perceptually compelling de-



tails with substantial gains in mean-opinion-score testing. Wang et al. (2018) enhanced SR-
GAN by introducing the enhanced super-resolution generative adversarial network (ESR-
GAN), which uses residual-in-residual dense blocks (RRDB), removes batch normalization,
and adopts a relativistic average discriminator, yielding sharper and more natural textures
than SRGAN. Wang et al. (2021) improved ESRGAN to Real-ESRGAN, which trained a
blind super-resolution network with pure synthetic data produced via a high-order degra-

dation process to robustly deal with real-world noise, blur, and compression artifacts.

2.2.5 Diffusion-Based Methods

More recently, diffusion probabilistic models such as SR3 (Saharia et al., 2021) have
demonstrated strong perceptual performance on natural images by iteratively denoising

a noisy image state conditioned on a low-resolution input. Diffusion models require large
computational resources, large training data, and careful conditioning mechanisms (Moser
et al., 2024). Although recent studies have begun exploring diffusion models for generic
thermal super-resolution (Cortés-Mendez and Hayet, 2024; Choi and Kim, 2025), these pre-
liminary works have not addressed the specific radiometric and cross-domain requirements
of agricultural scenes. Therefore, we restrict the scope of this dissertation to GAN-based
and hybrid adversarial CNN methods, which currently represent the most extensively vali-

dated approach for agricultural thermal super-resolution.

2.2.6 Multi-Observation Thermal Super-Resolution

A distinct family of methods attempts to circumvent the ill-posedness of single-image up-
sampling by using multiple observations of the same scene. Mandanici et al. (2019) pre-
sented a multi-image super-resolution method for terrestrial thermal imagery, registering
multiple low-resolution thermal frames of a building scene to reconstruct a single high-
resolution thermal image. Their results demonstrate that sub-pixel alignment of multiple

observations can recover finer geometric detail than any single frame alone. Yet their out-
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Table 2.2. Evolution of single-image upscaling methods from classical resampling to deep generative mod-

els.
Generation Method Author & Year Contributions
Resampling-based Bilinear — Classical linear ir.lterpolation be-
tween nearest neighbors
Lanczos — Sinc-windowed kernel for signal
reconstruction
SRCNN Dong et al. (2016) First end-to-end CNN for SR; 3
conv layers
CNN-based VDSR Kim et al. (2016) Very deep CNN (20 layers) predict-
ing residual images with gradient
clipping
EDSR Lim et al. (2017) Wide residual blocks; removed
batch normalization
RDN Zhang et al. (2018) Residual dense blocks and dense
skip connections
SAN Dai et al. (2019) Second-order channel attention for
feature rescaling
SRGAN Ledig et al. (2017) Perceptual loss for photo-realistic
GAN-based 4x SR
ESRGAN Wang et al. (2018) Residual-in-residual dense blocks +
relativistic discriminator
Real-ESRGAN  Wang et al. (2021) High-order degradation model for
real-world blur/noise
Diffusion SR3 Saharia et al. (2021) Iterative denoising conditioned on

LR input
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door survey also revealed the fragility of multi-image reconstruction to temporal change:
over the course of a 25-minute acquisition, cooling of the scene and movement of clouds
introduced unreal temperature patterns that degraded the reconstructed output. These
findings illustrate that multi-image methods demand strict temporal coherence, forcing the

scene to remain sufficiently static between acquisitions.

Rivadeneira et al. (2022) proposed a deep-learning-based multi-image super-resolution ar-
chitecture for thermal images. Because of the limited availability of real multi-image ther-
mal datasets, researchers synthesized low-resolution images by downsampling, shifting, and
adding noise to high-resolution thermal images. While this demonstrates that neural net-
works can exploit multi-frame information for thermal SR, the reliance on simulated data
emphasizes a practical reality: acquiring genuine multiple aligned thermal frames of the

same agricultural scene is difficult in field settings.

Although multi-observation thermal super-resolution methods recover more detail than
single-observation methods, they require multiple observations of the static target. This
limits its use in handheld or UAV-based field phenotyping, where crops move with the

wind and illumination changes between overpasses.

2.2.7 Guided Single-Image Thermal Super-Resolution

Super-resolution of thermal images presents challenges distinct from natural-image SR.
Thermal sensors capture long-wave infrared radiation (typically 7.5-14.0 pm) rather than
visible light; as a result, thermal images lack the fine textures and high-frequency edge gra-
dients that guide natural-image SR methods. Compared to visible images, the IR image
consists of a single channel and its gradients may differ, which implies that texture-driven
hallucination from purely learned priors can be misleading for biological structures whose

boundaries are defined by temperature contrast rather than intensity gradients.

Several researchers presented guided super-resolution algorithms that augment a single
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low-resolution thermal observation with a co-registered high-resolution image from an-
other modality. In satellite remote sensing, pan-sharpening algorithms fuse a simultane-
ously acquired high-resolution panchromatic image with lower-resolution multispectral
bands to synthesize a high-resolution multispectral output (Dadrass Javan et al., 2021).
These methods assume strong spatial and spectral correlations between co-registered
bands, a condition that is met by design on satellite platforms but is difficult to replicate
in agricultural field settings where thermal and visible sensors have different spectral re-
sponses, viewpoints, and optical axes. Although Raimundo et al. (2021) have transferred
pan-sharpening techniques to UAV thermal imaging, the underlying spectral-spatial injec-
tion models were developed for satellite multi-band sensors and do not directly address the

radiometric fidelity demands of crop temperature mapping.

In the agricultural domain, Klapp et al. (2021) demonstrated an end-to-end pipeline
that jointly stabilizes low-cost thermal camera readouts and performs CNN-based super-
resolution, reporting temperature RMSE improvements of an order of magnitude after
mosaicking. Rivadeneira et al. (2021) presented the thermal image super-resolution chal-
lenge, which reflects growing community interest; however, the challenge dataset covers
generic indoor and outdoor scenes rather than agricultural benchmarks, indicating that

crop-specific evaluation protocols remain undeveloped.

Multimodal super-resolution (MMSR) assumes that edge and texture information in a
high-resolution guide image can constrain the ill-posed thermal upsampling problem. Chen
et al. (2016) and Almasri and Debeir (2018) demonstrated that registration of RGB and
thermal images enables cross-modal feature propagation. Gupta and Mitra (2022) ex-
tended this to unaligned inputs using cross-modal attention and guided filtering, and
showed that even misaligned RGB images can improve thermal SR outcomes. However,
the misalignment, field of view, lens distortion, pixel density, and sensor position differ-

ences between RGB and thermal cameras introduce artifacts such as ghosting and edge
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halos. Gupta and Mitra (2020) introduced pyramid edge-maps and attention to address

these issues, but noted that significant differences in spectral response remain challenging.

Table 2.3. Thermal and multimodal super-resolution methods reviewed in Section 2.2. The Dataset col-
umn indicates the dominant evaluation scene type (General = indoor/outdoor non-agricultural; Agricul-
ture = crop or field scenes; Building = urban structural scenes; UAV = unmanned aerial vehicle imagery).

Method Image  Study Key Innovation Dataset
Domain

Multi-observation Methods

Registration-based Thermal Mandanici et al. (2019)  Multi-image registra-  Building
tion for building scene
thermal survey

Burst fusion Thermal Rivadeneira et al. (2022) Attention-based burst General
fusion with synthetic
multi-frame inputs

Guided Methods

Color-guided filter RGB+4+T Chen et al. (2016) Color-guided filtering  General
for thermal SR
RGB-guided GAN RGB+T Almasri and Debeir GAN-based RGB- General
(2018) guided thermal SR
(TIGAN)

Pan-sharpening fusion Pan+MS Raimundo et al. (2021)  Pan—multispectral fu- UAV
sion for UAV thermal
imagery

End-to-end CNN Thermal Klapp et al. (2021) Joint radiometric stabi- Agriculture
lization + CNN SR for
agriculture

Pyramid attention RGB+4+T Gupta and Mitra (2020) Pyramidal edge-map  General
attention for guided
thermal SR

Unaligned attention RGB+T Gupta and Mitra (2022) Self-attention for un-  General
aligned RGB—thermal
SR

While the methods in Table 2.2 trace the technical evolution of super-resolution from clas-
sical resampling to deep generative models, nearly all were originally validated on natu-
ral RGB images. Table 2.3 reveals that only a handful of works have extended these tech-
niques to thermal imagery, and among the eight thermal and multimodal methods sur-
veyed, only Klapp et al. (2021) have validated their approach on agricultural scenes. Even

then, organ-level radiometric accuracy was not explicitly evaluated. This asymmetry ex-
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poses a gap: no existing framework jointly enhances spatial resolution and preserves tem-
perature fidelity at the organ level under agricultural canopy geometry. Chapter 3 fills this
gap by developing an integrated alignment and super-resolution network that preserves

radiometric accuracy in agricultural thermal imagery.

While the preceding sections address the challenge of recovering pixel-level temperature
from low-resolution sensors, the complementary challenge of inferring plant architecture
from limited visual observations remains necessary for scalable phenotyping. Both prob-
lems fall under the umbrella of generative modeling for image-based phenotyping: inferring
high-fidelity plant characteristics from constrained image inputs. The following sections
review how plant structure has been measured, modeled, and simulated, tracing a progres-
sion from explicit 3D scanning to implicit generative representations that set the stage for

vision-language-based inference.

2.3 Plant Architecture, Reconstruction, and Simulation

2.3.1 Plant Structure and Its Biological Consequences

The three-dimensional architecture of a plant governs how it captures light, exchanges
gases, and converts solar energy into biomass. Consequently, canopy structure is a primary
determinant of photosynthetic performance and crop yield. Experimental and simulation
studies have repeatedly shown that structural traits derive direct functional consequences.
Verbeeck et al. (2019) proposed that a structural economics spectrum, spanning crown
density, branching angles, and crown dimensions, captures woody-plant functional diver-
sity not represented by plant height alone. Niinemets (2010) summarized the effect of fo-
liage inclination, spatial aggregation, and branching frequency on the canopy extinction
coefficient, so the same leaf area index can support markedly different light-harvesting ef-
ficiencies depending on geometry. In maize, Duvick et al. (2003) documented a long-term

trend toward more upright leaves over decades of breeding, which improves light distribu-
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tion in dense canopies. Burgess et al. (2017) and Zhang et al. (2022) reinforced these links
by showing that canopy structure is a primary driver of canopy light distribution and pho-

tosynthetic efficiency.

2.3.2 Three-Dimensional Plant Reconstruction

Reconstructing three-dimensional plant geometry is important in image-based phenotyp-
ing. The reconstruction methods can be categorized into two groups: explicit geometric
reconstruction, which discretizes surfaces as point clouds, voxels, or meshes through active
or passive sensing, and implicit neural representations, which learn continuous volumet-
ric fields that jointly encode geometry and appearance (Li et al., 2025). The subsections
below review both paradigms, tracing a progression from classical LIDAR and multi-view

photogrammetry to recent neural approaches.

2.3.3 Explicit geometric reconstruction

Explicit geometric reconstruction methods for extracting 3D plant geometry fall into two
broad categories: active and passive reconstruction methods. Li et al. (2025) summarized
3D reconstruction methods in plant phenotyping, reviewing active approaches such as
LiDAR and structured light alongside passive techniques such as structure from motion
(SfM) and photogrammetry. Terrestrial LIDAR has been used successfully to measure leaf
area and leaf orientation at high resolution (Bailey and Mahaffee, 2017). SfM and pho-
togrammetry reconstruct bulk plant geometry from overlapping images, enabling inexpen-
sive data acquisition (Salter et al., 2021), while voxel carving offers a scalable alternative
for reconstructing canopy architecture from small sets of RGB photos in controlled pheno-

typing environments (Gaillard et al., 2020).

Recent advances have pushed organ-level reconstruction further through graph-based skele-
tonization and instance segmentation from point clouds. Li et al. (2024b) proposed meth-
ods to segment individual stems and leaves from 3D point cloud data, and Ziamtsov and

Navlakha (2020) introduced Plant3D, an open-source toolkit that performs classification,
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skeletonization, and segmentation of plant point clouds to extract topological graphs and
organ-level phenotypes. These developments have improved the granularity at which breed-

ers can assign phenotypic traits to specific organs.

2.3.4 Implicit Neural Representations

More recently, implicit neural representations have emerged as alternatives to explicit geo-
metric reconstruction. Neural radiance fields (NeRF) learn a continuous volumetric density
and radiance field, enabling photo-realistic novel-view synthesis (Mildenhall et al., 2022).
Based on this method, Saeed et al. (2023) used NeRF to reconstruct peanut plants, and
Meyer et al. (2024) demonstrated FruitNeRF for fruit counting. Kerbl et al. (2023) intro-
duced 3D Gaussian Splatting (3DGS), which represents scenes with anisotropic 3D Gaus-
sians and achieves real-time rendering speeds. Plant-specific 3DGS applications include
PlantGaussian for cross-time, cross-scene plant visualization (Shen et al., 2025), Plant-
Dreamer for realistic plant generation via diffusion guidance (Hartley et al., 2025), and

Splanting for 3D plant capture (Ojo et al., 2024).

2.3.5 Functional-Structural Plant Modeling

To overcome the physical limitations of measurement, plant modeling simulates biophysical
processes such as photosynthesis and water use in silico. Functional-structural plant mod-
els (FSPMs) integrate a 3D geometric representation of plant architecture at the organ
level with biophysical modeling of plant function (Sievanen et al., 2014). This integration
enables the creation of plant models that reflect plant architectural development and phys-
iological activity, facilitating the analysis of target phenotypes in breeding (Soualiou et al.,

2021).

2.3.6 Formal Grammars and L-Systems

Architectural definitions for FSPMs usually derive from formal grammars. Lindenmayer

(1968a) introduced L-systems, a parallel rewriting system that generates fractal-like
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branching structures. Subsequent software tools embedded L-systems with organ-level pa-
rameters: L-Studio (Karwowski and Prusinkiewicz, 2004) and L-Peach (Allen et al., 2005)
specify plant architectures using parameterized L-system modules, whereas XL (Kurth

and Ong, 2017) generalizes these representations to a node-edge graph that encodes geo-
metric and topological descriptors such as internode lengths, branching angles, and organ
scales. Schnepf et al. (2018) developed CRootBox, an object-oriented root modeling sys-
tem, and CPlantBox extended this to full plants (Zhou et al., 2020). Yun and Kim (2023)
introduced CropBox, a declarative crop modeling framework that enables high-level specifi-

cation of FSPMs using the Julia programming language.

2.3.7 Digital Twins and Modern Frameworks

Digital twins extend plant simulation by coupling a computational model to real-time
measurement data, enabling Al-driven “what-if” experiments with various crops and en-
vironments (Ganapathysubramanian et al., 2025; Bellvert et al., 2023; Cesco et al., 2023;
Escriba-Gelonch et al., 2024; Peladarinos et al., 2023). These digital twin models simu-
late growth under varying conditions, yet their parameters must be manually specified by
domain experts from field observations or reconstructed geometry, limiting scalability for

population-level studies.

2.3.8 Structured Configuration and the Automation Gap

Simulation pipelines require machine-readable structured formats, such as JSON or XML,
to express plant definitions, environmental parameters, and input data. CPlantBox stores
plant architectures in XML parameter files (Zhou et al., 2020). Lobet et al. (2015) pro-
posed the Root System Markup Language, an XML-based standard for root architecture.
Baker et al. (2024) used JSON commands to steer virtual plant scenes in Unreal Engine
for synthetic data generation and visualization. Kim and Heo (2024) built an orchard-scale
digital twin for mandarin production by aggregating multi-source environmental and crop

data into structured records.
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Despite powerful simulation capabilities, all current frameworks require manual specifica-
tion of architectural parameters. No existing pipeline automatically infers complete organ-
level architecture from a single image and encodes it into a structured, reproducible format
suitable for simulation. Existing models primarily define individual plant architectures,
and the extension to plot-level multi-plant configurations, including plant spacing, envi-
ronmental context, and terrain, remains labor-intensive, largely manual, and unaddressed

by any vision-language or generative model.

While Section 2.3.2 describes how 3D plant structure is reconstructed through sensors and
algorithms, recent advances in artificial intelligence introduce a different approach: infer-
ring structured plant representations directly from visual cues and natural language. Sec-
tion 2.4.1 traces the trajectory of computer vision, which progressed through spatial fea-
ture hierarchies from convolutional nets to vision transformers. Section 2.4.2 reviews the
parallel evolution of large language models, which developed independently through sta-
tistical language modeling. Although these two fields evolved along independent paths,
both converged on the Transformer architecture as their foundational backbone, a conver-
gence that Section 2.4.3 examines in detail by showing how vision encoders and language
encoders can be aligned in a common representational space to yield vision-language mod-
els. Finally, Section 2.4.5 reviews structured document generation, the critical bridge that
connects visual understanding to machine-readable simulation configurations. Together,
these sections establish the foundation for the single-image plant architecture generation

proposed in Chapter 4.

2.4 Vision-Language Models and Structured Output Generation

2.4.1 Vision Models

Computer vision models progressed from CNN-based models to Transformer-based models

that learn general-purpose visual representations. Lecun et al. (1998) introduced LeNet-5,
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a CNN that combined local receptive fields, shared weights, and spatial subsampling to
extract visual features from images, outperforming hand-crafted features. These principles
became foundational, but limited computational resources and dataset sizes constrained

early convolutional networks to relatively compact architectures.

The modern deep learning era in computer vision began with Krizhevsky et al. (2012),
who introduced AlexNet, a deep convolutional network of eight layers that won the Im-
ageNet large-scale visual recognition challenge 2012 by a wide margin. AlexNet demon-
strated that CNNs with sufficient training data could learn richly structured visual fea-
tures that exceeded the performance of hand-crafted features or shallow classifiers. He

et al. (2016) introduced ResNet, which addressed the degradation problem in very deep
networks by learning residual mappings rather than direct mappings, enabling training of
networks with hundreds or thousands of layers while maintaining optimization stability.
Residual connections have since become a standard component in virtually all deep vision

architectures.

More recently, the vision community has shifted toward Transformer-based architectures.
Originally developed for natural language processing, the Transformer (Vaswani et al.,
2017) replaced convolutional inductive biases with global self-attention. Vision transformer
(ViT) (Dosovitskiy et al., 2021) demonstrated that a pure Transformer applied directly to
image patches could achieve competitive performance when pre-trained on large datasets,
eschewing the local connectivity assumptions of CNNs entirely. These Transformer-based
vision models support foundation models such as DINOv2 (Oquab et al., 2024), which
learns robust visual features through self-distillation, and the segment anything model
(SAM) (Kirillov et al., 2023), which provides promptable segmentation for arbitrary ob-
jects. These vision models are capable of perceiving and segmenting the visual world with-
out language. Yet pure vision alone does not interpret visual content through structured

natural language, a limitation that would only be overcome once the two fields converged
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on a shared representational backbone.

2.4.2 Language Models

Language modeling, which is the task of predicting the probability distribution over se-
quences of text, has advanced rapidly over the past decade. Early recurrent neural net-
works (RNNs) were limited by the vanishing and exploding gradient problems inherent to
backpropagating through long sequential paths (Hochreiter and Schmidhuber, 1997). Long
short-term memory (LSTM) networks were introduced to mitigate these problems, but
the inherently sequential computation of recurrent models still precluded parallel training

across long sequences and distant dependencies remained difficult to capture reliably.

Vaswani et al. (2017) introduced the Transformer architecture, which replaced RNNs with
multi-head self-attention. The attention mechanism computes weighted interactions be-
tween all positions simultaneously, removing the sequential bottleneck of RNNs and en-
abling the capture of global dependencies. The original Transformer architecture used an
encoder and a decoder, which map input sequences to continuous representations and gen-
erate output sequences conditioned on these representations. This architecture and its core
components became the foundation of modern large language models (LLMs), most com-

monly in decoder-only autoregressive variants.

Scaling Transformer-based language models to billions of parameters and training on tril-
lions of tokens produced LLMs with three defining characteristics. The large scale of the
dataset enables LLMs to capture subtle statistical regularities in text. LLMs have founda-
tional knowledge through unsupervised pre-training on web-scale corpora, allowing them
to perform downstream tasks with minimal task-specific data. Also, LLMs can learn from
context: the ability to adapt to new tasks within a single input prompt, without model
weight updates. Brown et al. (2020) demonstrated that GPT-3, with 175 billion parame-
ters, could achieve competitive few-shot performance on diverse natural language tasks by

conditioning on only a handful of examples in the prompt.
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Contemporary LLMs are released under two access strategies. Proprietary models such as
the GPT series, Claude (Anthropic), and Gemini (Google DeepMind) are closed-weight
and accessed only through commercial APIs, which relieves researchers from hardware
ownership but introduces recurring costs, reliance on external service availability, and
limited transparency regarding model architecture and training data. In contrast, open-
weight models such as GPT-OSS (OpenAl), Gemma (Google), LLaMA (Meta) (Touvron
et al., 2023), and Qwen (Alibaba) (Bai et al., 2023a) are distributed through public model
hubs and can be run locally. The open-weight models can be fine-tuned, enabling domain-
specific solutions for agricultural research with reproducibility and reduced inference costs.
GPT-3 (Brown et al., 2020) established the scaling law with 175 billion parameters and
text-only capability. Qwen-VL (Bai et al., 2023b) extends an open-weight backbone with

vision capabilities.

2.4.3 Vision-Language Models

Language modeling (Section 2.4.2) and computer vision (Section 2.4.1) evolved along
largely independent paths for decades: language models pursued statistical text prediction,
while vision models pursued spatial feature hierarchies. Both trajectories converged, how-
ever, when the Transformer architecture became the shared building block. Because the
same self-attention mechanism could process token sequences in text and patch sequences
in images, separately trained language encoders and vision encoders could subsequently be

projected into a common embedding space and aligned.

The central development in this convergence was contrastive language-image pre-training
(CLIP) (Radford et al., 2021). CLIP demonstrated that models trained on 400 million
image-caption pairs can acquire zero-shot classification, retrieval, and generalization capa-
bilities by aligning visual and textual representations in a shared embedding space. Rather
than requiring task-specific classifiers, CLIP learns a joint space where semantically similar

images and texts cluster together, enabling open-vocabulary recognition without further
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fine-tuning.

Vision-Language Models (VLMs) extend this alignment paradigm to generative tasks.
BLIP (Li et al., 2022) introduced bootstrapping language-image pre-training that unified
understanding and generation tasks. LLaVA (Liu et al., 2023c) introduced visual instruc-
tion tuning, enabling VLMs to follow natural-language instructions about image content
by projecting CLIP visual features into the language model’s input space. Qwen-VL (Bai
et al., 2023b) added OCR, bounding-box, and multilingual capabilities, extending the
breadth of visual reasoning tasks that can be addressed. Concurrently, proprietary fron-
tier models including GPT-40 (OpenAl et al., 2024) and Gemini with vision have demon-
strated strong performance on visual question answering, chart understanding, and spatial

reasoning.

These models typically employ cross-modal attention layers that allow the language de-
coder to attend to spatially grounded visual tokens from an image encoder. This archi-
tecture enables VLMs to not only classify or caption images, but to count, localize, and
reason about spatial relationships within them. However, the application of VLMs to agri-
culture has largely been limited to classification, disease identification, and visual question
answering. None of the existing VLM architectures have been extended to generate struc-
tured, simulation-ready plant configurations from images, and no existing benchmark eval-

uates multi-task structured generation of 3D plot simulation configurations.

2.4.4 Agricultural VLM Benchmarks

In the agricultural domain, specialized benchmarks have emerged to evaluate the zero-
shot and few-shot capabilities of VL.Ms. Zhou et al. (2024) suggested a vision-language
framework for few-shot crop disease classification from Qwen-VL-generated prompts and
attention-based feature enhancement within CLIP. Yang et al. (2025) trained AgriGPT-
VL and evaluated it on AgriBench-VL-4K, which contains agricultural visual question an-

swering and image-grounded single-choice questions. Awais et al. (2025) trained AgroGPT
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for multi-turn multimodal agricultural dialogue and assessed it using the AgroEvals bench-
mark. Shinoda et al. (2025) introduced AgroBench, an expert-annotated benchmark span-
ning seven agricultural tasks: disease, pest, and weed identification, crop management, dis-
ease management, traditional methods, and machinery usage. Arshad et al. (2025) pro-
posed the AgEval benchmark for plant stress phenotyping, covering twelve tasks across
identification, classification, and quantification of stresses, diseases, pests, and seed qual-
ity. Wang et al. (2024a) introduced Agri-LLaVA, a knowledge-infused pest and disease
VLM. Despite this proliferation, no existing benchmark evaluates multi-task structured
generation of plant simulation configurations. A benchmark is needed that encompasses
plant-type classification, environmental factor regression, plant localization, and biophysi-

cal parameter regression within a single generation task.

2.4.5 Structured Document Generation

The ability of language models to generate structured outputs such as JSON, XML,
comma-separated values (CSV), and Hypertext Markup Language (HTML) bridges raw
visual analysis and downstream simulation pipelines. Recent advances have enabled models
to understand schemas and reproduce structured documents from visual or textual context
(Dong et al., 2024; Geng et al., 2023). By combining these structured output capabilities
with visual understanding, VLMs can generate machine-readable representations from im-

ages, ranging from JSON configuration files to 3D object descriptions.

Vision models can count and localize objects within images (Kang et al., 2024; Subrama-
nian et al., 2022). However, unconstrained autoregressive generation is prone to generating
false structured documents that have broken document structures or wrong syntax. To mit-
igate this, structured decoding limits the vocabulary at each step using a finite-state au-
tomaton or context-free grammar that encodes the target syntax (Dong et al., 2024; Geng
et al., 2023). When combined with visual understanding, these constrained generation tech-

niques enable VLMs to convert images into structured, machine-readable representations.
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Kim et al. (2022) converted document images into structured text outputs such as JSON
without optical character recognition. Lee et al. (2022) proposed Pix2Struct for parsing
webpage screenshots into simplified HTML as a pretraining objective. Liu et al. (2023a)
introduced DePlot for converting chart images into text tables, and Liu et al. (2023b) in-
troduced MatCha, which enhances visual language pretraining with chart derendering and
math reasoning tasks. Wang et al. (2024b) demonstrated that an LLM can generate 3D ob-
jects in plain-text mesh definitions from text prompts. These findings that language mod-
els can generate structured documents rather than natural language alone motivate the

plant architecture generation approach proposed in Chapters 4 and 5.

2.5 Synthesis and Research Gaps

This literature review covered thermal imaging, image super-resolution, 3D plant pheno-
typing, plant modeling, large language models, and vision-language models. Across all
three nested scales of image-based plant analysis, existing methods provide partial solu-
tions that do not meet the scalability constraints of plant analysis and phenotyping. These
limitations are organized into the following three cumulative research gaps, which motivate

the studies presented in Chapters 3 to 5.

Research Gap 1 (Pixel-level): No validated method exists to improve the resolution
and radiometric accuracy of low-cost thermal cameras for organ-level crop phenotyping.
Agricultural thermal super-resolution is an ill-posed inverse problem in which thermal im-
ages lack the texture priors that guide natural-image SR methods. Existing multimodal
methods align and fuse visible and thermal data, but have not been tested on agricul-
tural canopy scenes with complex geometry, variable lighting, and large resolution dispari-
ties. Chapter 3 addresses this gap by developing Visual & Thermal Alignment and Super-
Resolution Enhancement (VisTA-SR), an integrated image alignment and super-resolution
framework that uses paired RGB and thermal images to enhance the spatial resolution and

radiometric accuracy of low-cost thermal cameras, validated specifically on agricultural
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organ-level tasks.

Research Gap 2 (Plant-level): No existing pipeline automatically translates a single
agricultural image into a structured, reproducible plant simulation configuration. Existing
3D reconstruction methods require specialized equipment or multi-view image sets that
are impractical at scale. While recent vision foundation models and VLMs have advanced
image understanding, no study has used a VLM to generate token sequences that define a
plant’s architectural topology, geometry, and biophysical parameters. Chapter 4 addresses
this gap by training a vision-language model to predict plant architecture tokens from syn-

thetic images, serving as a proof of concept for single-image plant configuration generation.

Research Gap 3 (Plot-level): No existing framework scales single-plant architecture
generation to plot-level simulation configurations for digital twin and breeding applications.
Individual plant modeling tools such as CPlantBox and CropBox enable detailed single-
plant simulation, but translating these to field scales involves plant spacing, terrain, envi-
ronmental context, and management parameters that are still specified manually. Chap-
ter 5 addresses this gap by exploring the scalability of image-to-plant-architecture methods

toward plot-level multi-plant simulation configurations.
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Chapter 3

VisTA-SR: Improving the Accuracy and Res-
olution of Low-Cost Thermal Imaging Cam-

eras for Agriculture

Abstract

Thermal cameras are an important tool for agricultural research because they allow for
non-invasive measurement of plant temperature, which relates to important photochemi-
cal, hydraulic, and agronomic traits. Utilizing low-cost thermal cameras can lower the bar-
rier to introducing thermal imaging in agricultural research and production. This paper
presents an approach to improve the temperature accuracy and image quality of low-cost
thermal imaging cameras for agricultural applications. Leveraging advancements in com-
puter vision techniques, particularly deep learning networks, we propose a method, called
Visual & Thermal Alignment and Super-Resolution Enhancement (VisTA-SR) that com-
bines RGB and thermal images to enhance the capabilities of low-resolution thermal cam-
eras. The research includes calibration and validation of temperature measurements, acqui-
sition of paired image datasets, and the development of a deep learning network tailored
for agricultural thermal imaging. Our study addresses the challenges of image enhance-
ment in the agricultural domain and explores the potential of low-cost thermal cameras

to replace high-resolution industrial cameras. Experimental results demonstrate the effec-
tiveness of our approach in enhancing temperature accuracy and image sharpness, making

thermal imaging more accessible for agricultural research.
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Visual & Thermal Alignment and Super Resolution (VisTA-SR)

Stage 1: Domain Transfer and Alignment
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Figure 3.1. Structure of the proposed VisTA-SR network. The network has two main stages: the Image
Alignment and the Super-Resolution Network. The Image Alignment aligns the RGB and thermal images,
while the Super-Resolution Network enhances the resolution of the thermal image.

3.1 Introduction

Agricultural research often uses crop temperature measurement to detect abnormal plant
characteristics, calculate crop water stress indices, or model complex biophysical interac-
tions. Since various methods have been attempted to measure crop temperature, thermal
imaging cameras are widely used because they can quickly measure the temperature at
many points in the image (Khorsandi et al., 2018). Also, thermal imaging can quickly and
non-invasively measure crop temperature compared to other temperature measurement de-
vices. These benefits can help identify areas where crops are experiencing disease or stress,

allowing for timely intervention.

Previous studies using thermal cameras in agriculture have utilized high-resolution
industrial-grade thermal cameras (Gonzalez-Dugo et al., 2013). However, these cameras
are very expensive, often costing over $10,000, which limits their accessibility. This low
accessibility can restrict the widespread deployment of thermal cameras in agriculture, es-

pecially for researchers who cannot afford costly sensors.

An alternative approach is to use low-cost sensors. Recent developments in thermal im-

age sensors and image processing technologies have made various affordable consumer-
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grade thermal cameras available. These thermal cameras have the advantages of being
relatively lightweight and easy to operate. Therefore, there have been attempts to use low-
cost thermal cameras in agriculture (Giménez-Gallego et al., 2021, 2023; Blaya-Ros et al.,
2020). For example, Bhandari (2016) obtained an image mask from visible light images
and applied it to thermal images to measure wheat canopy temperature and estimate wa-
ter stress. Another study used a low-cost thermal camera to calculate crop canopy temper-
ature automatically (Giménez-Gallego et al., 2023). However, these low-cost thermal cam-
eras have not been able to completely replace high-resolution industrial thermal cameras

due to their lower pixel count and resolution.

Thermal camera resolution has a significant impact on the capability and accuracy of agri-
cultural research. For example, low-resolution thermal cameras may only be able to rec-
ognize crops at the plant-level rather than organ-level, making it challenging to observe
temperature differences between leaves, stems, flowers, and fruits, for instance. This low
feature resolution limits the temperature measurement capability at various phenological
stages, which is essential for developing precise crop biophysical models. Therefore, im-
proving the quality of low-cost thermal images can increase the feasibility of using low-cost

thermal cameras in agriculture.

Enhancing the resolution of low-resolution thermal images is a challenging task. It is an
ill-posed problem, as multiple high-resolution ground truths can exist for a single low-
resolution image. Nevertheless, various computer vision and machine learning techniques
have been proposed to overcome the challenge. Particularly with the recent advancements
in deep learning, there have been many reported cases of upsampling low-resolution images
to high-resolution. Some researchers have used ResNet and GANs to perform image super-
resolution (Ledig et al., 2017). Others have combined multiple low-resolution images to
create a single high-resolution image (Rivadeneira et al., 2022). Some have also used mul-

timodal data to improve the resolution of the data (Gupta and Mitra, 2022; Almasri and
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Debeir, 2018; Chen et al., 2016). However, research on improving the quality of thermal
images in the agricultural domain has been limited. Applying these techniques to agricul-
tural thermal images may improve the image quality of low-resolution thermal cameras,

allowing them to replace high-resolution thermal cameras.

Therefore, this paper studies how computer vision techniques can improve the image qual-
ity of low-resolution thermal cameras for agricultural applications. We propose a deep
learning network that leverages complementary information from RGB and thermal image

domains for both image alignment and super-resolution enhancement.
The specific contributions of this paper are as follows:

« Calibration and validation of the temperature measurement of a low-cost thermal

camera in the agricultural domain

o Acquisition of a paired low-resolution thermal camera image dataset, as well as RGB

and high-resolution thermal camera data in the agricultural domain

« Proposal of an integrated image alignment and super-resolution deep learning algo-
rithm to improve the image quality of low-resolution thermal cameras by combining

RGB and thermal images

3.2 Materials and Methods

3.2.1 Thermal Cameras

In this study, three types of thermal cameras were utilized. Table 3.1 shows the specifica-
tions of the thermal cameras. The VarioCAM HD camera, known for its high spatial reso-
lution and temperature accuracy, was primarily used to create a dataset for temperature
accuracy validation. The VarioCAM HD images were collected using their proprietary soft-

ware on the Windows Operating System. The FLIR Boson camera, with a resolution of
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Table 3.1. Specifications of thermal cameras used in this study

VarioCam HD

Specification Head 800 FLIR Boson FLIR One Pro
Spectral Range 7.5 - 14 pm 8 — 14 pm 8 — 14 pm
Detector Resolution 1,024 x 768 640 x 512 160 x 120
Temperature Range —40 — 2,000 °C  Non-Radiometric —20 - 120 °C
Measurement Accuracy +1.5°C or £1.5% Non-Radiometric ~ +3°C or +5%
Sensitivity (NETD) 30mK 40 mK 70mK
Frame Rate 30Hz & 60 Hz 9Hz 8.7Hz
Dimensions (mm) 221 x 90 x 94 21 x 21 x 11 68 x 34 x 14
Weight 1.15 kg 21g 36.5¢g
Price (Approx.) $20,000 $4,000 $400

640 x 512, was employed to capture high-resolution thermal image data in the field. Posi-
tioned between high-end and consumer-grade thermal cameras in terms of price, the FLIR
Boson camera offered a lightweight form factor and flexible video output interface for easy
field image capture. FLIR Boson images were collected from the ROS-based system on
Ubuntu PC. Lastly, the FLIR One Pro, a low-cost and low-resolution thermal camera, was
used in this study. It has a thermal resolution of 160 x 120 and an RGB camera resolution
of 1440 x 1080. FLIR One Pro image acquisition and storage were performed using a cus-
tom Swift-based app developed with the FLIR Mobile application programming interface
(API) on an iPhone.

3.2.2 Low Cost Thermal Camera Calibration

Temperature measurement accuracy is important in agricultural applications of thermal
imaging cameras. The sensor sensitivity of thermal imaging cameras is measured by the
noise equivalent temperature difference (NETD), and even low-resolution thermal imag-
ing cameras have NETD values of around 150 mK, which is sufficient for most agricultural
applications. However, based on their specifications, there can be absolute errors of up to
3°C in the images captured by low-resolution thermal imaging cameras, so absolute tem-

perature accuracy must be verified.
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Radiometric thermal cameras have a logarithmic relationship between the digital num-
ber and temperature (Tattersall, 2016; Minkina and Dudzik, 2009). The parameters for
converting the digital number to temperature are stored in the EXIF tag information of
the FLIR radiometric JPEG images. These parameters, which are pre-calibrated values
from the factory, are used to convert the digital numbers of the thermal imaging camera
to temperatures using Eq. (3.1). Upon comparing the factory parameters of different ther-
mal imaging cameras, it was observed that only the values of Ry and O differed, while the
values of Ry, B, and F' remained constant. The parameter B is derived from the Planck
constant A and Boltzmann constant k;, and the parameter F value is 1. For the FLIR One
Pro cameras, Ry, was fixed at 0.0125, and R; and O are empirically calibrated depending

on the individual camera.

B

R
m(Rg(Dﬁzw)) +F

Temperature (°C) = —273.15 (3.1)

However, the accuracy of these factory parameters cannot be fully trusted as the manu-
facturer does not fully guarantee the temperature accuracy of the low-cost thermal cam-
eras. To ensure the accuracy of temperature measurements, it is necessary to recalibrate
the parameters of the thermal imaging camera. Therefore, the optimization process fo-
cused on optimizing the values of R; and O. The optimization was performed using the
Nelder-Mead method (Nelder and Mead, 1965), which is a widely used optimization algo-
rithm, with a tolerance of le — 6. The optimization process was implemented using the

“scipy.optimize.minimize” function in Python.

Experiments were conducted to verify the temperature accuracy of the FLIR One Pro
thermal imaging camera. The surface temperature of a controlled water bath was mea-
sured using a thermocouple with a digital data logger. The thermocouple measured the
temperature starting from 4.0 °C, the initial temperature of the cold water, and reaching

100.0°C, the boiling point of water. The air temperature and relative humidity were main-
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tained during the experiment at 24.0°C and 40%.

Fig. 3.2 shows the temperatures calculated using the factory parameters. The results
showed that the temperatures calculated using the factory parameters were higher than
reference temperatures below 30 °C. However, at temperatures near the boiling point of
water, the measured temperatures were almost 20 °C lower than the actual temperatures.
This indicates that the low-cost thermal camera’s temperature values are inaccurate, espe-

cially at high temperatures.

The original and optimized parameters are shown in Table 3.2, and the temperatures cal-
culated using the optimized new parameters are shown in Fig. 3.2. The temperatures cal-
culated using the new parameters are more accurate than the results using the factory pa-

rameters, and they are almost identical to the temperatures measured by the thermocou-

ple (Fig. 3.3).

Table 3.2. Comparison of factory and lab calibrated parameters

Ry B F (0] Ry
Factory 18333.4 1435 1 -2284 0.0125
Optimized 12755.4 1435 1 -6707 0.0125

3.2.3 Matching Low-Resolution and High-Resolution Thermal Imaging Cam-

eras

As part of a more extensive set of breeding experiments, Cowpea ( Vigna unguiculata L.
Walp.) and Common Bean (Phaseolus vulgaris) images were collected from June to Septem-
ber 2022 in Davis, California, to obtain high-resolution and low-resolution thermal images
in the field. To match the low-resolution and high-resolution thermal imaging datasets,
camera calibration was performed to calculate each camera’s intrinsic parameters, and
camera extrinsics were also measured. The two cameras were installed at a height of ap-

proximately 1.5m from the ground, and the distance between the centers of the two cam-
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Figure 3.2. Comparison between thermocouple, factory, and calibrated temperature values in a time se-
ries

era lenses was Scm.

However, the high-resolution and low-resolution thermal images were captured on differ-
ent platforms at different frame rates, so matching the two datasets was challenging. Ini-
tially, scale-invariant feature transform (scale-invariant feature transform (SIFT)) (Lowe,
2004) feature extraction and matching were attempted, similar to the previous tempera-
ture accuracy test. However, the quality and the number of the extracted features in the
images sometimes incorrectly estimated the homography between the low-resolution and

high-resolution pair, which led to unstable matching and alignment results.

Since the field of view difference between the two images is only due to the scale difference
based on the image resolution and the transitional offsets caused by the capture timings,
template matching (Sarvaiya et al., 2009) was performed to robustly match the images by

setting the high-resolution image as the template image 7" and calculating the normalized
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Figure 3.3. Comparison between factory and calibrated temperature values in a 1:1 plot

cross correlation (NCC) (Briechle and Hanebeck, 2001) between the template image and
the low-resolution image I, finding the coordinates z* and y* where the NCC value was

maximized, and resizing the template image to a predefined scale for this process.

AT ) — I(z+ 2y +y))?
) = | D) Tl 2o )7 6
Zx’7y’T<x ,y) . Zx/7y/[($+ﬂf ,y—|—y)
(z*,y") = argmaxo<z<m R(z,y) (3.3)

0<y<N
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Figure 3.4. Matching and aligning process of low-resolution and high-resolution thermal images

The template matching was performed using Python OpenCV code. Fig. 3.4 illustrates
matching the low-resolution and high-resolution thermal imaging cameras. For cases where
the NCC value was 0.75 or higher, the bounding box was calculated and limited to the
area within the padding of the low-resolution thermal image coordinate system. Then, it
was converted to the coordinate system before resizing the template image. Image crop-
ping was performed using the original resolution of the template and background images.
The FLIR One Pro also has an integrated RGB camera, allowing simultaneous acquisition
of RGB images. Therefore, the RGB images were also cropped using the template match-

ing results.

3.2.4 Improving Image Resolution by Combining RGB and Thermal Imaging

In this paper, complementary information from the RGB image’s structural details and
the thermal image’s intensity information is utilized to enhance the resolution of the low-
resolution thermal camera. The RGB and thermal images obtained from the FLIR One
Pro have the same field of view, but they are not perfectly pixel-aligned due to differences
in camera lens position and video stream delays, which poses a challenge in combining

the two modalities for resolution improvement. We tested deep-learning based image reg-
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istration methods such as Spatial Transformer Networks (Jaderberg et al., 2015) and De-
formable Field-based approaches (Zou et al., 2022). However, those methods tended to
learn a shortcut existing in the dataset, which is a mean offset of the images rather than

the differences between the input images, resulting in unstable experimental results.

Therefore, a template matching method based on image intensity was employed to align
the domain-transformed image and the thermal image, which yielded more stable results
compared to other methods. Fig. 3.5 illustrates the input RGB image, the RGB-to-thermal
image translated by CycleGAN, and the low-resolution thermal image to be aligned. In-
spired by the approach of Arar et al. (2020), the RGB image was first translated to the
thermal imaging camera’s domain using CycleGAN (Zhu et al., 2017). Then, template
matching was performed between the domain-translated RGB image and the input low-
resolution thermal image. The maximum correlation value was calculated based on the im-
age convolution operation from one image to another, which can be hardware-accelerated

and integrated into a super-resolution module using PyTorch.
Convolution Based Template Matching

(Ax,Ay) = arg Aglag(y(lm * Ipgpair) (Ax, Ay)
’
IrgB CycleGAN " Irgp2ir Iir

Image Shift
Lsniftea(x,y) = I1(x — Ax,y — Ay)

Figure 3.5. Matching RGB and thermal images using CycleGAN and template matching

After aligning the domain-transformed RGB image with the thermal image, the original
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RGB image was also transformed using the alignment result. Subsequently, the RGB,
domain-transformed, and low-resolution thermal images were combined and fed into a
ResNet-based CNN. The output image is then fed into a Discriminator CNN for GAN

training. This architecture is depicted in Fig. 3.1, referred to as VisTA-SR.

Except for CycleGAN (Zhu et al., 2017) and Template Matching, the implementation fol-
lowed that of SRGAN (Ledig et al., 2017) and ESRGAN (Wang et al., 2018), and the loss

function used is as follows:

Cycle Consistency Loss (Zhu et al., 2017):

129 = |Inap — Girares(Grepor (Ires))] (3.4)

Identity Loss (Zhu et al., 2017):

sy = ||Tur — Grepar (Ires) | (3.5)

MSE (Mean Squared Error) Loss (Ledig et al., 2017; Wang et al., 2018):

Intse = |ar — Gsr(Lr, Ircs) || (3.6)

Content Loss (Ledig et al., 2017; Wang et al., 2018):

R = l|évae(Inr) — dvaa(Gsr(Iir, Iran))|| (3.7)

Adversarial Loss (Ledig et al., 2017; Wang et al., 2018):

IR, = —log Dsr(Gsr(ILr, Ircs)) (3.8)
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Total Loss:

Lotal = (I527° + i) + (Bhg + e + olin,) (3.9)

3.3 Results

3.3.1 Low-Cost Thermal Camera Field Validation with High Fidelity Thermo-

couple Camera

Field data was collected to validate the temperature accuracy of the low-resolution ther-
mal imaging camera in a real-world environment with crops and soil. The data was col-
lected in the Garbanzo bean (Clicer arietinum) field located in Davis, California. The
ground truth temperature values were measured using a VarioCAM HD camera and com-
pared with the temperature measured by the FLIR One Pro thermal camera, and a total
of 170 image pairs were collected on April 5, 2022. Image feature points were extracted
from both images using the SIFT (Lowe, 2004) feature extractor, and they were matched
using the Flann matching algorithm (Marius and David G, 2009). Then, the homography
between the two images was calculated, and outliers were removed using the random sam-
ple consensus (RANSAC) algorithm (Fischler and Bolles, 1981). As a result, the tempera-

ture values from the corresponding points in the two images were compared (Fig. 3.6).

The matching result for the 170 image pairs is shown in Fig. 3.7, and Table 3.3 summa-
rizes the results. It indicates that the temperature measurement accuracy was improved
from R? = 0.86 to R* = 0.89 after calibration, and the root mean squared error (RMSE)
was also improved from 1.52°C to 1.40 °C. Since using the factory parameters tends to
overestimate the temperature when it is below 20 °C, as shown in Fig. 3.3, the tempera-
ture values obtained using the factory parameters in Fig. 3.6 also showed higher tempera-

ture measurements than the actual temperatures.

Table 3.3 also indicates that when calculating RMSE and R? using only data between

15°C and 30°C, the temperature measurements with calibrated parameters showed bet-
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Low Cost Thermal Image ~ High Fidelity Thermal Image SIFT Feature Matching
(FLIR One Pro) (VarioCAM HD) FLIR One Pro / VarioCAM HD

Figure 3.6. An example of feature matching based temperature comparison between FLIR One Pro and
VarioCam HD Camera

ter accuracy. Considering the typical leaf temperature of plants, the accuracy within this

temperature range is crucial for thermal cameras used in agriculture. Therefore, the ther-
mal camera calibration in this study demonstrates the potential to enhance temperature

measurement accuracy in agricultural research.

High Fidelity vs Low Cost Thermal Camera
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Figure 3.7. Feature matching based temperature comparison result. Plotted all matched temperature
points for a total of 170 images
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Table 3.3. Low-cost thermal camera (FLIR One Pro) temperature accuracy validation result before and
after parameter calibration

All data 15°C — 30°C
R? RMSE (°C) R? RMSE (°C)
Factory 0.86 1.52 0.83 1.52
Calibrated 0.89 1.40 0.86 1.39

3.3.2 VisTA-SR Result

Input RGB  RGB to IR (CycleGAN)  Input LR Aligned RGB to IR Aligned RGB  VisTA SR (RGB+IR)

Figure 3.8. Input low-resolution images, domain-translated images, and aligned images produced by Cy-
cleGAN and template matching

In 2022, a total of 2612 image pairs were collected from a warm-season grain legume field
across the growing season by matching low-resolution (160 x 120, FLIR One Pro) thermal
images with high-resolution (640 x 512, FLIR Boson) thermal images. 80% of these pairs

were used as training data, while the remaining 20% were used for validation. The network
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was trained over 200 epochs with a batch size of 4. Fig. 3.8 demonstrates the image con-
version quality and image alignment performance of the CycleGAN module, which was
trained simultaneously with the SR Network. As depicted in the example images, Cycle-
GAN successfully translated the image domain and template matching successfully aligned

low-resolution thermal images based on image intensity.

Fig. 3.9 presents the results from the multiple input image scales obtained from the VisTA-
SR algorithm using the input of the combined RGB image aligned with CycleGAN and
Template Matching, compared to the results of the Super-Resolution Generative Adver-
sarial Network (SRGAN) algorithm (Ledig et al., 2017; Wang et al., 2018) that utilizes
only the existing thermal image modality. Our VisTA-SR demonstrated higher sharp-

ness by leveraging higher-frequency structural information from the RGB image. This
demonstrates that VisTA-SR improved the performance of capturing thermal properties

of smaller features at the organ level, as opposed to the plant level.
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Input RGB (FLIR One Pro)  (Thermal Only)  (RGB+Thermal) (FLIR Boson)
: i l
¥
o 40
—
xx
1]
—
35
50::3 5000 50
™ (o] (o]
m — —
Ey 405 4083
(] ™~ (]
~ ~ 40
30 30
40
oo oo
o 400 400
o & ' & 35
™ o o
30 30
30
50 50
w w w
i E [Ty [Ty
o o 409 409 40
w =+ w w
[Ty [T=] u u
~ 30" 30™ 30

Figure 3.9. Comparison of input RGB, low-resolution thermal image input, SRGAN(Ledig et al., 2017)
output in multiple image scales (64x64, 128x128, and 256x256), VisTA-SR output, and ground truth high-
resolution thermal image

Table 3.4 compares the performance of Bilinear interpolation, Super-Resolution Generative
Adversarial Network (SRGAN), and our proposed VisTA-SR algorithm. Bilinear interpola-
tion yielded the highest RMSE but also the highest SSIM (Wang et al., 2004) and the low-
est PSNR, while SRGAN and VisTA-SR demonstrated similar performance with an RMSE
of 2.75°C. It can be inferred that the higher RMSE value of the Bilinear algorithm is be-
cause SRGAN and VisTA-SR learned the temperature distribution of the training dataset,
and Bilinear’s higher SSIM value is believed to be a result of the original dataset already
being aligned with the template matching process. SRGAN showed a higher PSNR value
than VisTA-SR, but VisTA-SR exhibited better visual quality, indicating that evaluating

super-resolution performance solely on image metrics is not ideal.
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Table 3.4. RMSE, SSIM, and PSNR comparison of Bilinear, SRGAN, and VisTA-SR algorithms

Technique RMSE (°C) SSIM PSNR
Bilinear 2.84 0.74 23.84
SRGAN (Wang et al., 2.74 0.63 24.26
2018)

VisTA-SR (Ours) 2.75 0.63 23.67

3.4 Conclusion and Future Work

This paper proposes a method to enhance temperature accuracy and image sharpness
using a low-resolution thermal imaging camera for agricultural image acquisition. First,

we conducted a calibration process to improve the temperature accuracy of the low-
resolution thermal imaging camera, followed by field experiments for validation. It was
confirmed that the temperature accuracy improved when using the calibrated parame-
ters. We propose the VisTA-SR algorithm for converting low-resolution thermal images to
high-resolution ones by aligning and combining RGB and low-resolution images. Through
such improvements in temperature accuracy and image sharpness, we will be able to detect
small temperature differences between crop tissues or parts, and analyze them in relation

to genotypes, growth environments, growth stages, and various other factors.

One limitation was the difficulty of evaluating the performance of super-resolution algo-
rithms in agricultural data using existing image metrics. Most super-resolution studies gen-
erate low-resolution images by down-sampling high-resolution images. In such cases, the
pixels of low- and high-resolution pairs are perfectly aligned, making image metrics pro-
portional to algorithm performance. However, in our study, low-resolution thermal images
were collected separately from high-resolution images. Therefore, the output of our algo-
rithm from low-resolution input may not perfectly match the high-resolution image at the
pixel level. Given that image metrics change significantly with small pixel shifts, the evalu-

ation metrics in Table 3.4 likely reflect errors from misalignment between camera systems,
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even though VisTA-SR produced visually superior results. However, from an agricultural
research perspective, temperature accuracy and the ability to detect plants are impor-
tant for understanding their complex biophysical characteristics. In other words, develop-
ing specialized thermal image metrics for agricultural data that reflect these features for
performance evaluation in future research is necessary. In future studies, we will examine
whether the thermal image improvement algorithm maintains, improves, or hallucinates
temperature information in thermal images. Also, using the thermal images processed with
the algorithm developed in this paper, we will estimate biophysical parameters such as
stomatal conductance in plants and compare accuracy with original and high-resolution

image inputs.
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Chapter 4

Vision Language Model for Organ-level Plant
Architecture Generation from Simulated Im-

ages

Abstract

Three-dimensional (3D) procedural plant architecture models are used for simulation-based
studies of plant structure and function, extracting plant architectural parameters from
field measurements, and for generating realistic plants in computer graphics. However,
measuring the architectural parameters for these models at the field and population scales
remains prohibitively labor-intensive. We present a novel algorithm that generates the 3D
plant architecture from an image, to create a functional-structural plant model that re-
flects organ-level geometric and topological parameters. Instead of using 3D sensors or pro-
cessing multi-view images with computer vision to obtain the 3D structure of plants, we
propose a method that generates token sequences containing a procedural definition of the
plant architecture. This work uses only synthetic images for training and testing, where
"exact" architectural parameters were known, which allowed for testing of the hypothesis
that organ-level architectural parameters could be extracted from imagery data using a
vision language model (VLM). A synthetic dataset of cowpea plant images was generated
using the Helios 3D plant simulation library, with the detailed plant architecture encoded
in XML files. We developed a plant architecture tokenizer for the XML file defining plant

architecture, converting it into a token sequence that a language model can predict. Then,
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a VLM was trained to predict plant architecture token sequences from images. Our results
demonstrate that the model can predict plant architecture tokens with an F1 score (har-
monic mean of precision and recall) (F1) score of 0.73 in a teacher-forcing method. Eval-
uation of the model was performed through autoregressive generation, achieving a bilin-
gual evaluation understudy 4-gram (BLEU-4) score of 94.00% and a ROUGE-L score of
0.5182. Our model achieves lower mean absolute percentage error (MAPE) than feature
regression-based methods in estimating bulk plant-level traits that require understanding
of the occluded 3D structure of the plant, such as leaf count and leaf area. We conclude
that generating plant architecture and parameter extraction from synthetic imagery are

feasible using a VLM approach, which can be extended to real imagery in future work.

4.1 Introduction

Recent developments in vision language models (VLMs) that can understand images and
reproduce structured output, such as comma-separated values (CSV), eXtensible Markup
Language (XML), and 3D object files, have shown feasibility for generating structured out-
put for 3D objects and shapes. For example, Wang et al. (2024b) introduced the LLaMA-
Mesh algorithm, which is a vision language model that generates a sequence of natural lan-
guage tokens defining 3D vertices and faces from an image. Since the methodology used in
LLaMA-Mesh suggests the concept of generating language tokens defining 3D structure us-
ing conventional VLMs, it could be a potential solution that can reduce the time and cost
of generating a structured plant architecture string. However, up until now, algorithms
that use VLMs to generate structured output defining the plant architecture from images

have not been tested in agricultural applications.

Therefore, this study addresses the following research questions: (1) Can VLMs accurately
predict plant architecture token sequences from images? (2) How do different data and

model configurations affect performance? The main contributions of this work are the de-

47



velopment of a tokenization method for plant architecture models and the validation of a
hypothesis that a VLM can generate plant architecture models using advanced synthetic
training data that incorporates foundational knowledge of plant architectures'. Model per-
formance is assessed using sequence-based metrics (BLEU-4, ROUGE-L), architectural
parameter fidelity, and plant bulk trait estimation accuracy. The use of synthetic training
data not only provides an accurate benchmark for evaluating model training but also accel-
erates dataset generation, as obtaining such a benchmark is practically infeasible through
real-world field experiments.? The tokenization method and synthetic dataset can support

training larger VLMSs for plant architecture generation.

4.2 Materials and Methods

4.2.1 Plant Architecture Model

The typical structure of a dicotyledonous plant in vegetative growth consists of a shoot
and a root system. This work focused on modeling the shoot system, which consists of in-
ternodes, petioles, and leaves. In reproductive growth, plants produce flowers, fruits, and
seeds, changing the resource allocation and their branching pattern. In this paper, gener-
ating plants during vegetative growth was demonstrated, and plants in the reproductive
stage will be addressed in future work. The basic plant architectural unit in the model

is the phytomer, which consists of an internode with one or more petioles at its end, and
each petiole contains one or more leaves (Teichmann and Muhr, 2015). Shoots are formed
by connecting multiple phytomers end-to-end, which occurs when the vegetative bud at
the shoot tip develops into a new phytomer (i.e., "growth"). Shoots can spawn lateral child
shoots from vegetative buds, which are located where the internode and petiole are at-
tached, creating a nested topological structure. For example, Fig. 4.1 (a) shows an actual

cowpea plant, and Fig. 4.1 (b) represents the corresponding topological diagram. Knowing

LCode is available here: https://github.com/GEMINI-Breeding/Image2PlantArchitecture
?Dataset is available here: https://huggingface.co/datasets/heesup/Cowpea-Architecture-XML
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the order and relationship among plant organs allows us to implement the actual 3D plant

structure in a simulation program.

In this work, the Helios plant simulation library was used to generate randomly varying
cowpea plants based on its architectural model. Bailey (2019) developed Helios, a scalable
3D plant and environmental biophysical modeling framework. This library is implemented
in C++ and incorporates sub-models, known as plugins. Helios can simulate various types
of plant biophysical processes, including energy balance, photosynthetically active radi-
ation (PAR), and photosynthesis simulations, based on 3D geometry and ray tracing. It
is possible to simulate plant structure and growth and output the full plant structure in

XML file format using the plant architecture plug-in.

plant_instance {4}
base_position: 0 0 @
plant_age : 100

v shoot [2]

v 0 {7}
shoot_type_label : unif
parent_shoot_ID : -1
parent_node_index : @
parent_petiole_index :
base_rotation: @ 0 90
» phytomer {1}

(b) (©) (d)

Internode

Figure 4.1. Schematic depiction of how model plant architecture is defined from real plants. (a) Cowpea
plant in its early growth stage. (b) Simplified diagram with plant organ annotations. (¢) Example plant
architecture XML created based on the annotations. (d) Image rendering of the plant architecture XML
using the Helios simulator.

The plant architecture can be encoded in an XML file format, which uniquely parameter-
izes the topology and geometry of plant organs. The XML file contains two types of plant
architectural information: the relative connectivity of plant organs (i.e., topology) and the
parameters defining the geometry of each plant organ. The relative connectivity of plant
organs is defined by the order in which the plant organs are defined in the XML syntax

and the ID of the parent instance. For example, the parameter set defining a shoot has the
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shoot’s unique ID and information about the parent node where the shoot is located. The
parameters defining the shape of each plant organ include length, diameter, scale, angle,
etc., depending on the type of plant organ, and define the individual geometric character-
istics of the plant organ. Table 4.1 summarizes the plant architectural parameters used in
the Helios plant architecture XML structure. The XML files include base positions and
plant age as comprehensive plant-level parameters. The parameters defining a shoot en-
compass the shoot type along with its rotational parameters. The internode parameters
provide geometric information, such as length, radius, pitch, and phyllotactic angle. Con-
necting the leaf to the internode, the petiole is characterized by parameters that specify its
length, radius, pitch, curvature, and scale. Lastly, each leaf is associated with a scale pa-
rameter that determines its size, in addition to pitch, yaw, and roll angles, which indicate
its angle transformation from the parent organ’s coordinate system. Collectively, these ele-
ments provide a comprehensive representation of the plant’s structure and are defined for

each geometric element.

There are two approaches to generating the architecture of a plant via an XML file. The
first approach involves manually creating the plant structure and writing it directly to an
XML file, which can then be read into Helios to generate the plant geometry. Fig. 4.1 (c)
is an example of a plant architecture XML file based on a real plant, and Fig. 4.1 (d)
shows the rendering of this using the Helios program. The second way is to generate the
plant architecture dynamically and procedurally based on the Helios plant architecture
plug-in. The plug-in can automatically generate a plant architecture model of a specific
plant growth stage, simulate plant growth, and modify the plant architecture model by

pre-defined rules and random sampling from the parameter distribution of plant organs.
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Table 4.1. List of plant architectural parameters from Helios plant architecture plug-in. The default val-
ues and parameter distributions are used from Helios Cowpea library. More detailed information can be
found at https://baileylab.ucdavis.edu/software/helios

Parameter Description Unifoliate Trifoliate Unit

base_rotation_ pitch Plant pitch Uniform(0, 10) deg

base_ rotation yaw Plant yaw Uniform(0, 360) deg

base_rotation_ roll Plant roll Uniform(0, 360) deg

plant_ age Days after Uniform(0, 39) days
planting

shoot_type label Shoot types Constant(1) Constant(3) index

shoot__base_ pitch Shoot base Constant(40) Uniform (40, 60) deg
pitch angle

shoot__base__yaw Shoot base yaw  Uniform(0, 360) Uniform(-20, 20) deg
angle

shoot_ base_roll Shoot base roll Constant(90) deg
angle

internode__length Initial intern- Constant(0.002) m
ode length

internode__radius Initial intern- Constant(0.0015) m
ode radius

internode_ pitch Internode pitch Constant(0) Constant(20) deg
angle

internode_phyllotactic _angle Phyllotactic Uniform(145, 215) deg
angle

petiole length Petiole length Constant(0.0004)  Uniform(0.06, 0.08)  m

petiole_radius Petiole radius Constant(0.0001)  Constant(0.0018) m

petiole_ pitch Petiole pitch Uniform(60, 80) Uniform(45, 60) deg
angle

petiole__curvature Petiole curva- N/A Uniform(-200, -50)  deg
ture

leaflet__scale Leaflet size N/A Constant(0.9) -
scale

leaf scale Leaf size scale Constant(0.02)  Uniform(0.09, 0.12) -

leaf pitch Leaf pitch angle Uniform(-10, 10) Normal(45, 20) deg

leaf yaw Leaf yaw angle Constant(0) Constant(10) deg

leaf roll Leaf roll angle Constant(-15) deg
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4.2.2 Synthetic Cowpea Dataset

It is necessary to have ground truth annotations of the plant architecture corresponding to
the plant images to predict the plant architecture from images using VLMs. However, ac-

quiring a large-scale agricultural image dataset with high-quality annotations is costly and
time-consuming, which can limit algorithm development (Dyrstad and Qye, 2025). To over-

come these difficulties, synthetic data generated by simulation programs can be utilized.

A dataset consisting of 3D cowpea plant models was procedurally generated based on ran-
domly varying architectural parameters following a specified distribution (Table 4.1). The
dataset was generated using the procedural plant architecture model in Helios v1.3.14,
which is described in more detail in the previous section. During the dataset generation
process, consistent random seeds were assigned to each plant, based on the generated plant
index for reproducibility (Fig. 4.2 (a)). The growth of the crop was simulated by creating
a plant on day 0 using the Helios Cowpea library and then advancing it over time to day
39 (Fig. 4.2 (b) and (c)). All simulated cowpea plants in this dataset were in the vegeta-
tive growth stage, simplifying the problem definition by generating a plant architecture
model without reproductive organs. The distributions of plant organ parameters are de-
fined within the Helios library and can be customized by the user. For the generation of
this dataset, the default parameter distributions defined in the library were used. As a re-
sult, the generated plant architecture dataset represents an imaginary population of cow-
pea plants that were sampled from specific parameter distributions. 10,000 random seeds
were used to generate the day 0 plant, and plant growth was simulated on a daily basis up
to day 39. Therefore, a total of 10,000 x 40 = 400,000 simulated images and plant archi-
tecture XML pairs were generated. For multi-view dataset generation, images at viewing

angles of 0°, 120°, and 240° were also rendered for each XML file (Fig. 4.2 (d)).
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(a) Set Seed context.seedRandomGenerator(seed);

N

(b) Plant architecture plantID=plantarchitecture.buildPlantInstanceFromLibrary();
generation

v

(c) Plant Growth plantarchitecture.advanceTime(plantID, time_step);
Simulation day © ~ day 20 -  day 39

: " # #’
l

0° . & 4$(- Eﬁ

v

(d) (Optional)
Render Multiview 120° \. - N %

240 ° : - B

Figure 4.2. Process of generating the synthetic cowpea plant architecture dataset. (a) Random seeds
ensure reproducibility. (b) Plant architecture is procedurally generated using the Helios Cowpea library. (c)
Growth simulation from day 0 (seedling) to day 39 (vegetative growth). (d) Optional multi-view rendering
at azimuthal angles of 0°, 120°, and 240°.

4.2.3 Plant Architecture Tokenization

Helios can encode and decode XML files (Fig. 4.1 (c)), a structured document format that
enables the export or import of plant architecture models to use with Helios. While this
text-based format supports VLM training, processing XML files requires an intermediate
step that converts the structured text into embedding vectors from which the model can
learn. However, applying a conventional text tokenization method to an XML text is inef-
ficient because the XML file structure and elements, such as opening and closing tags with
special characters, unnecessarily increase the sequence length that requires a larger context
length for language models, resulting in a larger memory footprint and reduced generation

performance. Therefore, a new method was needed to streamline the XML file to essential
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plant architecture model information. In this paper, a specialized plant architecture tok-

enizer was developed that represents the plant organs and parameters as tokens.

The XML file contains information on a series of plant organs with a hierarchical structure,
which can be represented by their organ token and the following parameter tokens using
the plant architecture tokenizer. The plant organ tokens include the branching order in
which the organ is attached, as well as the type of organ. This preserves the hierarchy and
sequential relationship between plant organs and makes the plant architecture token se-
quence semantically identical with the original XML file, which enables conversion between

the two formats without information loss.

Fig. 4.3 illustrates an example of tokenizing plant architecture into a sequence of tokens.
The first shoot tag is tokenized as "00", where the leading 0 indicates the primary branch,
and the trailing 0 represents the shoot organ. Next, the phytomer structures of internode,
petiole, and leaves appear repeatedly. Similarly, the trailing number represents 1: intern-
ode, 2: petiole, 3: leaf. Therefore, the internode connected to the primary branch is tok-
enized as "01," and the petiole attached to this internode is tokenized as "02". Since the
initial leaves connected to the primary branch are unifoliate, each leaf is attached to a sin-
gle petiole, which is tokenized to "03". The shoot organ corresponding to the secondary
branch connected to internode "01" is tokenized as "10", and the internode and petiole con-
nected to this node are tokenized as "11" and "12", respectively. Since the leaves attached
to the petioles after the first unifoliate leaves have a trifoliate configuration, each leaf is
tokenized as "13", "14", and "15". Parameter tokens defining the plant organ’s geometry fol-
low the plant organ token, represented as pO through p3 or p4, depending on the number
of parameters per plant organ. This rule is applied recursively until all the plant organs
are described. Combining all of this together, the plant architecture defined in Fig. 4.3(a)

can be tokenized as shown in Fig. 4.3(d).

After converting the plant architecture XML to a token sequence, it is converted to cat-
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egorical variables, which are token IDs that the transformer can predict, using a table
shown in Fig. 4.3 (c). First, for the plant organ token, the branching order was multiplied
by 6, and the organ type was added to make the token IDs. Next, the parameter values
are converted to the token IDs. Because conventional tokenizers do not have specific token
dictionaries for decimal point values, they can’t convert the plant parameter token value
into a single token ID. Therefore, a quantization method was applied to convert the pa-
rameter values to discrete integer values between 24 and 222, considering varying scales
and distributions. To ensure a similar resolution across various scales and reduce the size
of token dictionaries, combinations of a set of constant values and linearly spaced float
grids were applied. For example, 0, -10, 10, and 90 degrees are frequently observed num-
bers in angle parameters. Also, 1 and 3 are used to represent the shoot organ that has
unifoliate leaves or trifoliate leaves. As a result, those constant values are added to the
mapping between parameter token values to token IDs. Besides constant values, linearly
spaced grids were applied. This includes angle representations of [-40, 360] in degrees in
2.5-degree resolution. The set of decimal values was created by defining 10 evenly spaced
samples within the ranges [0.1, 1.0], [0.01, 0.1}, [0.001, 0.01], and [0.0001, 0.001] in meters
to represent organ parameters with small decimal point values. This set of constant val-
ues and float value grids was concatenated and used to find the closest index of a certain

parameter value, which can be mapped to a token ID.
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(a) Example plant organ labels (b) Plant token annotation rules (c) Token IDs

Format: MN p0 p1 p2 p3 p4 Branching N IDs
order (M) rgan (N) (6*M +N)
Branching order (M) 0-3 0-5

0: Primary branch
1: Secondary branch

Parameters

2: Tertiary branch Quantized floats values 24 -222

Special Tokens IDs
Organ (N)
0: shoot S0s 223
1:internode 224
2: petiole PAD 205
3, 4, 5: leaf
EOS 226
Parameters
pO ... p4: organ parameters
okenized plant architecture (1x. old: Organ tokens and special tokens / Plain: Parameter tokens
(d) Tokenized pl. hi (1x201) *Bold: O k d jal tok / Plain: P: ki

00,p0,p1,p2,p3,p4,01,p0,p1,p2,p3,02,p0,p1,p2,p3,p4,03,p0,p1,p2,p3,10,p0,p1,p2,p3,p4,11,p0,p1,p2,p3,12,p0,p1,p2,p
3,p4,13,p0,p1,p2,p3,14,p0,p1,p2,p3,15,p0,p1,p2,p3,20,p0,p1,p2,p3,p4,21,p0,p1,p2,p3,22,p0,p1,p2,p3,p4,23,p0,p1,p2
,p3,24,p0,p1,p2,p3,25,p0,p1,p2,p3,11,p0,p1,p2,p3,12,p0,p1,p2,p3,p4,13,p0,p1,p2,p3,14,p0,p1,p2,p3,15,p0,p1,p2,p3,

11,p0,p1,p2,p3,12,p0,p1,p2,p3,p4,13,p0,p1,p2,p3,14,p0,p1,p2,p3,15,p0,p1,p2,p3,11,p0,p1,p2,p3,12,p0,p1,p2,p3,p4,1
3,p0,p1,p2,p3,14,p0,p1,p2,p3,15,p0,p1,p2,p3,11,p0,p1,p2,p3,12,p0,p1,p2,p3,p4,13,p0,p1,p2,p3,14,p0,p1,p2,p3,15,p0
,p1,p2,p3,02,p0,p1,p2,p3,p4,03,p0,p1,p2,p3

(e) Plant metadata and special tokens added (1x208)

SOS, ,p0,p1,p2, ,00,p0,p1,p2,p3,p4,01,p0,p1,p2,p3,02,p0,p1,p2,p3,p4,03,p0,p1,p2,p3,10,p0,p1,p2,p3,p4,11
,p0,p1,p2,p3,12,p0,p1,p2,p3,p4,13,p0,p1,p2,p3,14,p0,p1,p2,p3,15,p0,p1,p2,p3,20,p0,p1,p2,p3,p4,21,p0,p1,p2,p3,22,
p0,p1,p2,p3,p4,23,p0,p1,p2,p3,24,p0,p1,p2,p3,25,p0,p1,p2,p3,11,p0,p1,p2,p3,12,p0,p1,p2,p3,p4,13,p0,p1,p2,p3,14,p
0,p1,p2,p3,15,p0,p1,p2,p3,11,p0,p1,p2,p3,12,p0,p1,p2,p3,p4,13,p0,p1,p2,p3,14,p0,p1,p2,p3,15,p0,p1,p2,p3,11,p0,p1
,p2,p3,12,p0,p1,p2,p3,p4,13,p0,p1,p2,p3,14,p0,p1,p2,p3,15,p0,p1,p2,p3,11,p0,p1,p2,p3,12,p0,p1,p2,p3,p4,13,p0,p1,
p2,p3,14,p0,p1,p2,p3,15,p0,p1,p2,p3,02,p0,p1,p2,p3,p4,03,p0,p1,p2,p3,EOS

(f) Token IDs (1x208)
223,224,72,60,62,224,0,40,40,114,82,77,1,51,41,40,139,2,43,41,107,133,77,3,52,80,40,34,6,40,40,40,82,79,7,50,41,80,
40,8,52,40,106,118,76,9,51,39,82,34,10,52,81,40,34,11,51,79,36,34,12,90,40,40,82,79,13,45,40,40,40,14,43,40,40,118,
76,15,45,39,82,34,16,45,81,40,34,17,45,79,36,34,7,50,41,40,150,8,52,40,96,118,76,9,51,39,82,34,10,52,81,40,34,11,51,
79,36,34,7,50,41,36,150,8,52,40,100,118,76,9,51,39,82,34,10,52,81,40,34,11,51,79,36,34,7,50,41,40,150,8,52,40, 100, 1
18,76,9,51,39,82,34,10,52,81,40,34,11,51,79,36,34,7,45,41,82,24,8,41,40,100,118,76,9,50,39,82,34,10,50,81,40,34,11,5
0,79,36,34,2,43,41,107,133,77,3,52,38,40,34,226

Figure 4.3. An example of plant architecture annotations and tokenization. (a) shows a simplified plant
architecture diagram based on an input XML file and (b) plant organ annotation rules. (c) shows the rules
converting plant organ annotations and float values of plant organ parameters to unique integer values.

(d) shows plant architecture tokens of example plant architecture, which can also be represented in XML

file format. (e) shows the sequence with special tokens for VLM training. (f) shows the token IDs that the
model predicts as categorical variables.

As cropping and resizing the input image during preprocessing results in the loss of plant
size information, the plant’s width and height in meters were estimated from the original
image and concatenated in the input token string. The vegetation fraction, the proportion

of the image window covered by vegetation, was calculated and included as plant meta-
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data. This plant metadata was encapsulated with <META> tokens and added at the start
of the plant architecture tokens. Next, a <SOS> token indicating the beginning of the sen-
tence and an <EOS> token indicating the end of the sentence were added to the begin-
ning and end of the sequence. Fig. 4.3(e) shows an example with plant metadata tokens,
including start and end tokens, and Fig. 4.3(f) shows the final input token IDs, ready for

training the language model head.

4.2.4 Algorithm Structure

After tokenizing the plant architecture XML into a token sequence, the model was trained
to perform the next token prediction (NTP) task. A teacher-forcing method is a train-
ing strategy in which the ground truth token is provided as input at each decoding step
rather than the model’s prediction (Williams and Zipser, 1989). Fig. 4.4 shows the overall
algorithm structure. As mentioned in the previous section, the input image was cropped
around the plant and resized to 2242 or 4482 based on the model configuration. The plant
size information was also quantized and concatenated to the beginning of the input to-
ken IDs. The NTP tasks estimated the next token starting from the SOS token and plant
metadata tokens to complete the plant architecture token sequence. The target token se-
quence was one token shifted to predict the start of the metadata token to the <EOS>

token.

The model and training code were implemented in Python programming language based
on the Hugging Face (https://huggingface.co) library’s vision encoder-decoder model,
which consists of layers of transformer encoder and decoder blocks (Dosovitskiy et al.,
2021; Vaswani et al., 2017). A vision foundation model DINOv2 (Oquab et al., 2024) was
utilized with its weights frozen to serve as a feature extractor, thereby maintaining gener-
alization performance and reducing training time. The vision encoder’s patch embedding
sequence was connected to the decoder’s cross-attention layer to perform the NTP task

with a vision context. The decoder block’s configuration follows the GPT-2 model series.
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Figure 4.4. Proposed algorithm structure for the next token prediction task from an image. A plant ar-
chitecture XML was visualized by a plant simulator to create an input image for the model and tokenized
to provide a ground truth token sequence. The preprocess block cropped the input image around the plant,
resized it to the vision encoder input size, and saved the original plant size information, which is plant
metadata. The tokenize block for plant metadata converts plant metadata to input token IDs and con-
catenates them after the SOS token (red). The vision encoder block extracted visual features from the
preprocessed image and was connected to the encoder-decoder cross-attention layer of the language model
head. The target sequence was one token shifted, and the <EOS> token (purple) was added at the end of
the sequence to train the language model head in a teacher-forcing method.

4.2.5 Model Training Procedure

To examine the performance differences based on the number of parameters in the vision
encoder and language decoder within the vision encoder-decoder model, two combina-
tions of vision encoders (ViT-S, 21M parameters; and ViT-B, 86M parameters) and two
language decoders (gpt-2, 115M parameters; and gpt-2-medium, 406M parameters) were
tested. To understand how the amount of information affects plant architecture generation
performance, training was conducted using both top-view images and multi-view images,

which include side-view images, with combined input images resized to 224 and 448 pixels
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in width and height for the training dataset. Consequently, a total of 16 different model

combinations were trained, and their evaluation metrics were calculated.

During the training process, 80% of the dataset was used as training data, 10% as valida-
tion data, and 10% was reserved as a test dataset. Splits were performed at the plant level:
all 40 daily time points and all three viewing angles (0°, 120°, 240°) from each plant were
kept together in the same split, preventing data leakage across sets. To increase stability in
the early stages of training (Hégele et al., 2024), the learning rate was gradually increased
from 0 to 104, reaching 20% of the total training steps, and then linearly decreased to 0
for the remaining steps to complete the training. The training batch size was 16, and the
gradient accumulation size was set to 4, resulting in an effective batch size of 64. Train-
ing was conducted to minimize the cross-entropy loss function and was carried out on an

NVIDIA A100 graphics processing unit (GPU) for 4 epochs.

The accuracy and weighted F1 score were monitored in a teacher-forcing method during
the model training, where the model estimates the n'" token given the previous true (n-
1)®™ tokens. The training accuracy of plant architecture tokens was calculated using the
numbers of true positives (TP), true negatives (TN), false negatives (FN), and false posi-
tives (FP) between the predicted n'® token from 1 to (n-1)™ token sequence and the true

n*® token.

TP+TN
TP+TN+ FN + I'P

Accuracy = (4.1)

The weighted F1 score was calculated as the harmonic mean of precision and recall

weighted by the percentage of token IDs. For a given token k, the precision, recall, and
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F1 score are defined as:

TP
PreCiSionk = WI}’P]G (42)
TP,
Recally = —— 4.3
A = TP+ FN, (43)
F1, 2 x Precision;, x Recall, (4.4)

Precision;, + Recally,

The final Weighted F1 score was computed as:

1 227
Weighted F1 = —5—— > F1, (4.5)
k=0 Tk L—0

4.2.6 Model Evaluation Metrics

In the model evaluation stage, the trained model generates plant architecture tokens from
given SOS and plant metadata tokens with image context, also known as autoregressive
generation. Fig. 4.5 shows the overall evaluation process. As shown in Fig. 4.5 (b), the pre-
dicted token was then appended to the input token sequence, and this process continued
until the <EOS> token was generated, thereby completing the plant architecture token
sequence. A beam search with a beam size of 6 was employed to improve the generation

result.
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Figure 4.5. Visualization of the model evaluation process. (a) Baseline method based on linear regression:
image features and plant metadata values are combined to predict plant traits. (b) In autoregressive gener-
ation (red dotted arrows), each generated token is appended to the input sequence until the <EOS> token
is produced. (c) The generated plant architecture XML is visualized for qualitative evaluation and loaded
into a plant simulation program to compute plant structural traits.

Unlike the teacher-forcing training, the generation results have varying lengths from the
ground truth, resulting in different numbers of plant organs. Therefore, it is necessary to
use evaluation metrics for comparing two sequences of different lengths. To do this, the

BLEU-4 score (Papineni et al., 2001) and ROUGE-L (Lin, 2004) were calculated.

The bilingual evaluation understudy (BLEU) score is a precision-based metric compar-

ing token sequences between the generated and ground truth. Even if the metric is devel-
oped for machine translation evaluation, it can be extended to compare any two token
sequences. The BLEU score counts how many n-gram patterns in a generated token se-
quence also appear in the ground truth token sequence. The N-grams are groups of N con-
secutive tokens within a token sequence. The 1-gram BLEU score calculates the ratio of to-
kens in the generated token sequence that are also present in the ground truth. Since plant

organ tokens (i.e., "00", '01", "02", ... "35") appear at least once in any generated token
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sequence, the ratio of plant organ tokens in the generated sequence, approximately 17% to
20%, serves as a regression-based baseline for the 1-gram matching score if the generated
token sequence contains all the plant organ tokens but wrong plant parameter tokens. Sim-
ilarly, if a correct combination of plant organ tokens with three organ parameter tokens, or
any consecutive combinations of four tokens, also appear in ground truth, it is counted as

a 4-gram matching.

The BLEU-4 score is calculated by averaging 1-gram, 2-gram, 3-gram, and 4-gram match-
ing scores. A higher BLEU-4 score implies that the generated tokens have common pat-
terns with the ground truth. In other words, a lower BLEU-4 score means that the gen-
erated token sequence has patterns that do not exist in the ground truth. For example,

if the BLEU-4 score is 100%, it indicates a sufficient condition that all the patterns of
the generated plant architecture tokens are present in the ground truth plant architec-
ture token sequence. It also means that if the model generated only one branch with cor-
rect patterns, it could still show a high precision score. To prevent this, a brevity penalty
is applied to penalize the sequence length of the generation result if it’s shorter than the

ground truth.

S 4 1/4
BLEU4 = min (1,exp (1 -5 ZGT>> <H n-gram BLEU> (4.6)
gen n=1

ROUGE-L calculates the longest common subsequence (LCS) between the generated token
sequence and the ground truth token sequence and uses this to compute the F score. The

Frcs score for the it" sentence is calculated as follows:
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LCS(Gen, GT)

Rres = len(Gen) (47)
_ LCS(Gen, GT)
Fros = len(GT) (48)
2
Fros = (1+8 )RLCSPLCS7 where § — Prcs (4.9)

Rrcs + BPrcs Rrcs

The ROUGE-L score is the average of the Frcg scores for N pairs of generated plant archi-
tecture token sequences and their corresponding ground truth plant architecture token se-
quences. A higher ROUGE-L score indicates that longer common token patterns are found
between the generated plant architecture token sequence and the ground truth plant ar-
chitecture token sequence. If the ROUGE-L score is 1.0, it means that the generated plant
architecture token sequence is the same as the ground truth plant architecture token se-
quence. Even if the ROUGE-L score can show low scores for inverted sequences (i.e., same
plant architecture with a swapped secondary branch) and paraphrased sequences (i.e., visu-
ally similar plant architecture but has negligible token offsets for every organ parameter),
the score can be a metric that shows structural similarity and preservation of pivotal plant

architecture patterns.

The evaluation used 4,000 images from the dataset, which were not used during the train-
ing or validation step. The evaluation step was done after finishing the model training and

validation for each model configuration.

4.2.7 Plant Architecture Parameter Evaluations

After the model evaluation, the best-performing model that achieved the highest BLEU-4
and ROUGE-L scores, as indicated in Table 4.2, was selected for a detailed evaluation in
terms of plant architecture. First, we compared the tokens related to the plant’s base ro-

tation angles and plant age from the generated and the ground truth plant architectures.
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The base rotation angles are the primary branch’s rotation angles, which determine the
plant’s overall rotation and other plant organs attached to it. The plant age indicates the
number of days since germination in the simulation. In addition to the direct parameter
comparison above, the distributions of the other organ parameters were compared to de-
termine whether the generated plant architecture organ parameters followed the distribu-
tion of the ground truth. The parameter distributions were plotted as histograms, and the
Wasserstein distance (WD) was computed to measure the differences between the two dis-
tributions. WD is a method for measuring the distance between two probability distribu-

tions, defined as follows:

WP, Py) = (B ld(z,y)?]) (4.10)

When p = 1, it is referred to as the earth mover’s distance, and a smaller value indicates

that the two distributions can be matched at a lower cost.

4.2.8 Plant Simulation-Based Trait Evaluation

Plant height, leaf count, leaf area, and leaf angle distribution are important factors that
influence the photosynthetic and water-use efficiency of plants, also affecting yield and en-
vironmental resistance. For instance, Truong et al. (2015) used functional structural plant
model (FSPM) to demonstrate that differences in leaf angles can affect the amount of pho-
tosynthesis, which in turn can influence the yield of sorghum. Pele et al. (2016) reported
that plant height, number of leaves per plant, stem diameter, and root dry mass of cowpea

affect the drought susceptibility index.

Calculating the number of plant organs, such as leaf count and number of nodes, can be
done by analyzing the plant architecture sequence. However, estimating plant architectural
traits such as plant height and leaf angle distribution directly from the plant architecture

sequence is not possible because tokens are the basic building blocks of plant structure,
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not a simulated plant model. The angle of each leaf is influenced by the series of coordi-
nate transforms defined by parameter tokens of the internode and petiole from the first
shoot to the leaf. Similarly, plant height is determined by a series of coordinate transforms
and measured by the highest point above the ground. Therefore, the plant architecture
sequences were loaded into a 3D plant model using a simulation program, and the final

values were computed afterward Fig. 4.5 (c).

A linear regression-based baseline method was tested to evaluate the accuracy of plant
height, leaf count, and total leaf area that were indirectly calculated through plant archi-
tecture model simulation. The baseline method for predicting plant traits from an image
was fitting linear regression models from image features and plant metadata Fig. 4.5 (a).
While the regression models cannot predict the entire complex plant architecture token se-
quence, traits that represent a plant’s overall visual traits, such as plant height, leaf count,
and leaf area, can be predicted with relatively high accuracy (Schiller et al., 2021; Singh
et al., 2023; Zheng et al., 2022). Therefore, linear regression models based on fully con-
nected layers, using the ViT-B model as a feature extractor, were fitted to predict plant

height, leaf count, and total leaf area as a baseline.

4.3 Results

4.3.1 Model Training and Evaluation Results

A total of 16 combinations of settings were trained, including view information (top-view
vs. multi-view), input image size (224 vs. 4482 pixels), size of vision encoder model (ViT-
S vs. ViT-B), and size of text decoder model (gpt-2 vs. gpt-2-medium). Table 4.2 summa-
rizes the training metrics, showing the accuracy and weighted F1 score. Overall, both the
weighted F1 scores showed values ranging from 0.72 to 0.73. In particular, the weighted F1
score and accuracy showed similar results regardless of the model size and input images.

This indicates that, given the current data and model architecture under the teacher forc-
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Table 4.2. Training metrics for models with different encoder and decoder setups, across various viewing
angles and input image sizes. The highest F1 score and accuracy are shown in bold.

Text Decoder

gpt-2 gpt-2-medium

View Input Size Vision Encoder Accuracy F1 Accuracy F1
Top-view 2242 ViT-S 0.7277 0.7285 0.7282 0.7290
ViT-B 0.7260 0.7271 0.7291 0.7309

4482 ViT-S 0.7269 0.7271 0.7301 0.7317

ViT-B 0.7276 0.7286 0.7284 0.7294

Multi-view 2242 ViT-S 0.7270 0.7278 0.7287 0.7288
ViT-B 0.7297 0.7329 0.7288 0.7290

4482 ViT-S 0.7286 0.7292 0.7297 0.7306

ViT-B 0.7283 0.7296 0.7290 0.7303

ing training method, the maximum token prediction accuracy was approximately 0.73.

Table 4.3 compares autoregressive generation performance across model architectures and
input configurations. Among the 16 configurations tested, the multi-view input with 4482
resolution, ViT-B encoder, and gpt-2-medium decoder achieved the highest BLEU-4 score
(94.00%) and ROUGE-L score (0.5182). The gpt-2-medium decoder consistently outper-
formed the smaller gpt-2 decoder across all vision encoder and input size combinations.
Image resolution showed variable effects: while 4482 inputs generally improved ROUGE-L
scores, BLEU-4 scores did not consistently increase with resolution. Multi-view inputs out-
performed single top-view inputs in 6 of 8 comparable configurations for BLEU-4, and in

all configurations for ROUGE-L.

Fig. 4.6 shows rendered images of a plant architecture sequence generated by the best-
performing model (multi-view, 448, ViT-B, and gpt-2-medium), after converting the gener-
ated plant architecture token sequence from the input image back into XML and rendering

it.
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Figure 4.6. Examples of rendered images of plant architecture tokens generated from the best-performing
model (multi-view, 448, ViT-B, and gpt-2-medium), showing the highest BLEU-4 and ROUGE-L scores.
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Table 4.3. Model evaluation metrics for different configurations. The highest BLEU-4 and ROUGE-L
scores are shown in bold.

Text Decoder

gpt-2 gpt-2-medium
View Input Size Vision Encoder BLEU-4 ROUGE-L BLEU-4 ROUGE-L
(%) (%)
Top-view 2242 ViT-S 92.35 0.4998 90.67 0.5056
ViT-B 87.07 0.5023 87.85 0.5062
4482 ViT-S 84.97 0.4996 85.34 0.5070
ViT-B 90.73 0.5030 90.79 0.5082
Multi-view 2242 ViT-S 89.52 0.5093 91.10 0.5154
ViT-B 84.88 0.5112 87.96 0.5150
4482 ViT-S 85.39 0.5090 84.27 0.5175
ViT-B 89.08 0.5126 94.00 0.5182

4.3.2 Generated Plant Architecture Token Sequence Evaluations

To examine how precisely the model generates the plant architecture parameters, the pitch,
yaw, and roll angles of the primary branch were compared between the generated plant ar-
chitecture token sequence and the ground truth. Due to the conversion from parameter to
token IDs, which converts float values into discrete integers, the parameter values exist in
clusters. For example, in Fig. 4.7 (a), the base rotation pitch sampled from a [0, 10] uni-
form distribution is quantized to discrete float values ranging from 0 to 1.0 and 2.5-degree
angle steps, resulting in a grid-like scatter plot. The discrete patterns introduced by tok-
enization in yaw and roll angle of the primary branch, which range from 0 to 360 degrees,
were less pronounced Fig. 4.7 (b) and (c). The range of pitch angle of the primary branch
was narrow ([0, 10]) in the synthetic dataset and showed a subtle effect on the image, mak-
ing its prediction challenging. The yaw and roll angles of the primary branch were closely
clustered to the y=x line; however, there are clusters observed in y=x-180 and y=x+180,
suggesting the model has difficulty with 180-degree rotations around the element’s roll axis.
Fig. 4.7 (d) compares the plant age from the generated plant architecture token with the

plant age from the ground truth. The plant age prediction showed an R? value of 1.00,
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with a root mean squared error (RMSE) of 0.79 days. From this, it can be assumed that

predicting the plant age is a relatively easier task than predicting the plant’s rotation.
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Figure 4.7. Comparison of base rotation angles (a) pitch, (b) yaw, and (c) roll of the first unifoliate shoot
and (d) plant age between the generated and ground truth token sequences. The tokens for base rotation
and plant age were converted to decimal values for comparison.

As mentioned previously, the number of plant organs can be an important trait for plant
phenotyping. Therefore, the number of plant organs from the generated plant architecture
model and the ground truth was compared by counting plant organ tokens. The number
of shoots refers to the number of shoot tokens in the plant architecture token sequence,
which is a signal for creating a new branch. The number of phytomers was counted by

grouping tokens that appear in the order of internode, petiole, and leaf into a single phy-

tomer.

Comparing the total number of plant organs revealed a high correlation between the gen-
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erated and the ground truth plant architecture, similar to the correlation observed with

plant age. Fig. 4.8 (a) shows the scatter plot of the number of shoots, with an R? value of
0.83 and an RMSE of 1.16. However, when compared to the 1:1 line, it was observed that
the number of shoots predicted by the model was 20.7% less than the ground truth. Even
if the generated plant architectures have fewer shoot tokens, as shown in Fig. 4.8 (b), the

model remains accurate in terms of the total number of phytomers in the plant architec-

ture model.
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Figure 4.8. Comparison of the (a) number of branches and (b) phytomers from the generated token se-
quence. Ground truth refers to the true counts in the dataset and generated refers to the result obtained
from the generated token sequence. Green lines represent the fitted linear regression between the ground
truth and the generated data, while red dotted lines represent the y=x fit. Based on the slopes of the lin-

ear fit, the slope differences are displayed as Diff, showing —20.7% for (a) number of branches and —6.4%
for (b) number of phytomers.

The distributions of plant organ parameter tokens from generated plant architecture to-
kens and ground truth are illustrated in Fig. 4.9. As shown in Fig. 4.7, the model could
estimate primary branch rotation and plant age parameters; these estimated parameters
showed good agreement with the ground truth distributions, with a normalized Wasser-
stein distance of less than 0.05. Parameters that determine the size of each plant organ,
such as internode length & radius, petiole length & radius, and leaf scale distributions,

were also found to follow the ground truth distribution closely. However, some of the pa-
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rameters showed normalized Wasserstein distance higher than 0.05, such as internode phyl-

lotactic angle (0.059) and leaf pitch (0.065).

The leaf angle distribution of the plant architecture was calculated through geometric cal-
culations based on leaf normals generated in the plant architecture simulation. A compar-
ison was then made between the ground truth data and the model-generated leaf angle
distributions. Fig. 4.10 shows the results of calculating the leaf inclination angle using the
plant architecture token sequence predicted from the image. Overall, the agreement ranged
from a minimum of 0.018 to a maximum of 0.078 based on the normalized Wasserstein
Distance. In the case of Fig. 4.10 (a) for day 5, the generated plant architecture predicted
leaf angles in the 18° to 36° range and above 45° to 63° with a higher frequency than the
ground truth, while predicting a lower frequency in the 36° to 45° and 63° to 90° ranges.
For day 10 in Fig. 4.10 (b), it predicted a higher frequency in the 18° to 36° range and sim-
ilar or lower frequencies in the other ranges. In the cases of Fig. 4.10 (c) - (e), although
some ranges were predicted with varying accuracy, the overall trend shows a normalized

Wasserstein distance within 0.1, or a 10% difference.
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Figure 4.9. Parameter distribution comparison between generated and ground truth plant architectures
from the test dataset (n=4,000). (a—c) Unifoliate (Uni.) and Tri. (trifoliate) shoots indicate branches bear-
ing unifoliate and trifoliate leaves, respectively. Asterisks (*) denote normalized Wasserstein distances
(WD) below 0.05 (5%). The x-axes represent the parameters denoted in the subplot titles and the y-axes

represent probability density.
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4.3.3 Plant Bulk Trait Estimation and Comparison with Regression Baseline

This section calculates plant height, leaf count, and total leaf area using Helios plant sim-

ulation for 4,000 pairs of ground truth and generated plant architecture token sequences

and compares them against a regression-based baseline method. Fig. 4.11 illustrates the

results of a baseline model utilizing vision transformer features with a fully connected

layer to estimate plant height, leaf count, and leaf area. As shown in Fig. 4.11, the ViT-B

+ FC model, which directly predicts plant traits using features from ViT-B, yields mean

absolute percentage error (MAPE) values of 3.5%, 25.9%, and 11.9% for plant height,

leaf count, and leaf area, respectively. Our model, which is shown as ViT-B 4+ LM head,

showed a higher MAPE value of 4.9% for estimating the plant height compared to the

baseline method. However, leaf count and leaf area showed lower MAPE values than the

baseline method, showing 4.1% for leaf count and 3.2% for leaf area.
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Figure 4.11. Comparison of plant scale bulk parameters: (a) Plant height, (b) leaf count, and (c) leaf
area, derived from plant architecture generation and direct prediction using image features.

4.4 Discussion

4.4.1 Effect of Model Size on BLEU-4 and ROUGE-L Scores

As shown in Table 4.3, larger model configurations demonstrated better performance in

the autoregressive generation process. The BLEU-4 score reached 94.00% for the best-
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performing model (ViT-B with gpt-2-medium, 448-pixel multi-view input). However, this
metric should be interpreted with caution: the highly structured and repetitive nature

of plant architecture token sequences, combined with limited organ types and quantized
parameter values, can artificially inflate BLEU scores through high n-gram overlap even
when individual architectural parameters are imperfect. Nevertheless, BLEU-4 remains use-
ful as a relative metric for comparing model configurations, as higher scores generally re-
flect better recovery of organ-level topology and parameter combinations. Of the generated
token patterns, 94.00% matched sequences in the ground truth corpus, while the remaining

6.0% represented novel or incorrect patterns.

The size of the model and the amount of information did not always correlate with BLEU-
4 scores. Notably, the smallest model configuration (ViT-S + gpt-2, 224-pixel top-view)
achieved a BLEU-4 score of 92.35%, only 1.65 percentage points below the best-performing
setup (94.00%). This minimal gap suggests that the constrained token vocabulary limited
to 24 organ tokens and quantized parameter values may bound the task complexity, en-
abling smaller models to capture most structural patterns. While ROUGE-L scores showed
more consistent improvements with larger image sizes, multi-view data, and increased
model capacity, the small absolute differences indicate that dataset scale or token represen-
tation richness, rather than model capacity alone, may be the limiting factors for further

performance gains.

4.4.2 Plant Architecture Generation Accuracy

The main hypothesis of this paper was whether the details of plant architecture and topol-
ogy can be learned from images using a large language model. We tested this hypothesis
by using synthetic image data alongside detailed plant architecture information and train-
ing a vision-based large language model algorithm. Research predicting plant structure
through images has been ongoing; however, this is the first study to utilize a vision lan-

guage model to predict tokens that define plant structure. This study demonstrated that
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a vision language model can generate plant architecture, from organ-level to plant-level,

from an image by estimating the tokens that build plant architecture.

As shown in Fig. 4.6, even if the generated plant architecture overall appeared to reflect
the general shape and complexity of the ground truth, it could not perfectly replicate

the input image itself. This is because the model is only trained to predict the n'" token
from a sequence of tokens up to n-1 during the model training process. In other words, the
model cannot access the rendered images generated from plant architecture tokens, and
therefore, it has not been optimized to maximize the similarity of these images. Also, the
generated plant architecture tends to have fewer branches than the ground truth, showing

the model could not generate the highly nested branching structure of the plants.

4.4.3 Plant Trait Estimation Accuracy

Even though there is still room for improvement in the generated plant architecture, the
results demonstrate that the model successfully estimated key plant traits from the input
image. Figs. 4.7 to 4.9 showed that the plant architectural parameters can be estimated
from the generated plant architecture. Still, there were some limitations in estimating the
plant organ parameters. First, converting floating-point value parameters to integer to-
ken IDs introduced quantization error, transforming the parameter distributions into dis-
crete distributions and changing the shape of the distribution. For example, the unifoliate
shoot’s pitch angle and internode phyllotactic angle were sampled from uniform distribu-
tions Table 4.1, but the tokenized distributions Fig. 4.9 (a) and (i) were not uniformly dis-
tributed. Secondly, a phenomenon called mean collapse occurred, where the data tends to
cluster around the most frequently occurring values in the ground truth data, resulting in
predictions collapsing to a few representative tokens. This is noticeable in the leaf parame-
ters, such as in the leaf pitch values from Fig. 4.9(s), where up to 400 leaves can appear in
a single plant architecture model. Still, the overall distributions of estimated plant organ

parameters followed the parameter distributions of the ground truth, showing a maximum
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value of normalized WD as 0.065.

By analyzing the generated plant architecture at the plant scale, indirect traits such as
leaf angle distribution can be derived, as shown in Fig. 4.10, that can only be calculated
from the 3D simulation and were not used for training explicitly. Although the leaf pitch
angle distributions showed limited representation, the final calculated leaf angle distri-
bution can be predicted with relatively high accuracy, showing normalized WD values of
0.018 to 0.078 Fig. 4.10. This indicates that while the model cannot perfectly predict the
angle of every individual leaf, it can accurately capture the overall trend of leaf angle dis-

tribution in the image without being explicitly trained to do so.

4.4.4 Estimation of Plant Simulation-based Traits

In addition to plant organ parameters, plant-scale bulk parameters, including plant height,
leaf count, and leaf area, were compared between the predicted and the ground truth.
Even though the baseline model only utilized a pretrained feature extractor with one layer
of a fully connected layer, it could successfully predict those bulk parameters with high

R? values, by explicitly learning those traits from image features. However, the baseline
approach is limited to predicting individual traits and cannot capture the overall com-
plex architecture of the plant, which is needed for FSPM simulation inputs. Compared

to this, our model implicitly learned plant height, leaf count, and leaf area through the
plant architecture token sequence, and it was able to predict these variables more accu-
rately than models trained directly on them. Notably, leaf count Fig. 4.11 (b) and leaf area
Fig. 4.11 (c¢) could be predicted with higher R? and lower RMSE than direct estimation.
The better accuracy on leaf count and leaf area means that the model, trained using plant
architecture information, can more accurately predict traits that are difficult to estimate
due to occlusion. In other words, the model captures patterns in the plant’s internal archi-
tecture — leaf count and leaf area that are difficult to estimate from 2D images alone due

to occlusion — and uses those patterns to estimate structural traits more accurately than
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methods trained directly on those traits.

4.4.5 FSPM Validation

The ultimate usage of generated plant architectures is in their ability to preserve func-

tional plant behaviors when used as inputs for plant biophysical simulations. The current
evaluation focuses on NLP performance, plant architecture topology, plant organ parame-
ters and bulk traits against ground truth. Therefore, functional validation of these gener-

ated plant models with FSPM simulations is an important next step.

Future work will therefore address this by simulating biophysical parameters using both
ground truth and generated architectures in Helios, comparing outputs such as canopy
photosynthesis, light interception efficiency, and energy balance calculations. This valida-
tion is critical because small architectural deviations that appear acceptable under token-
based or parameter-based metrics may compound to produce significant errors in FSPM.
As the Helios plant simulation can compute biophysical processes from a generated XML
file, we can systematically evaluate how reconstruction errors at the organ level propagate
to plant-level functional outputs. This will enable identification of which architectural pa-
rameters most critically influence functional performance, guiding targeted improvement
to the tokenization and generation process. For instance, while the current model achieves
reasonable accuracy in leaf angle distribution Fig. 4.10, validation against photosynthetic
output would confirm whether these distributions capture functionally meaningful canopy

light interception patterns.

4.4.6 Synthetic-to-Real Transfer Challenges

While this study demonstrates the feasibility of generating plant architecture from syn-

thetic images, several factors present substantial challenges for transferring to real-world
applications. The deterministic nature of synthetic rendering, uniform backgrounds, con-
sistent illuminations, and idealized plant textures creates a domain gap between the syn-

thetic and real domains where variable lighting, complex backgrounds, and occlusions are
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common. Developmental variability in real crops, including pest damage, nutrient stress,
and environmental effects may not be present in procedurally generated synthetic plants.
The camera positions in the synthetic dataset are fixed and known, whereas field data
collection may involve positional error and image blur. These domain gaps suggest that
performance may degrade when applying the trained model to real imagery without do-
main adaptation techniques such as few-shot learning with field-collected data or extensive
data augmentation during synthetic training. Addressing these challenges presents a criti-

cal next step for practical development.

4.5 Conclusions

This research hypothesized that organ-level plant architecture can be generated from im-
plicit information in plant images through a vision-language model. The results showed
that a vision encoder-decoder model trained on a synthetic cowpea dataset could gener-
ate organ-level plant architectural reconstructions from images. Also, the model could
estimate whole-plant traits such as plant height, leaf count, and leaf area, approaching
directly trained models’ performance even if the language model never saw those values
during training. The main takeaway of this paper is that plant architecture can be pro-
cessed and tokenized for training with a large language model. The benefit of the synthetic
dataset is that it provides accurate and comprehensive ground truth annotations that are
practically infeasible to obtain through field measurements. The synthetic dataset’s accu-
rate and comprehensive plant architecture information allows us to verify the algorithm’s
validity with "exact" ground truth data. Future research will extend this study to real im-
age domains. We will improve this result by collecting real plant architecture data from
the field to compare with our model’s predictions and improve performance using few-shot
learning with the collected data. Also, we will test the algorithm with various backgrounds,

lighting conditions, and occlusions to overcome the complexity of the actual environment.

The methodology used in this work has limitations that will be the target for improvement
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in future iterations. The current model training is an open-loop process, which means

the rendered image from the generated plant architecture cannot provide feedback to the
model weights. Therefore, future research should provide feedback on the generated image
through reinforcement learning by adding the Helios simulation program to the training
loop. We plan to incorporate reinforcement learning based on rendering image similarity
into this pre-trained plant architecture token generation model, aiming to fine-tune the
model so that the final rendered image is similar to the input image. At present, only the
plant organs of the shoot, internode, petiole, and leaf are considered, assuming the plants
are in the vegetative growth stage; however, reproductive organs will be included in future

studies.

In conclusion, this paper demonstrates that vision-language models can reconstruct plant
architecture from images. The synthetic dataset provides exact ground truth for validation,

and the method can be extended to real imagery and larger datasets in future work.
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Chapter 5

Using Vision Language Foundation Models
to Generate Plant Simulation Configurations

via In-Context Learning

Abstract

This chapter introduces a benchmark for evaluating whether vision-language models
(VLMs) can generate plant simulation configurations from imagery using in-context learn-
ing. We study this benchmark for cowpea plot reconstruction for plant simulations, where
the VLM needs to generate structured JavaScript Object Notation (JSON) configurations
that include field and plant information. Open-weight multimodal models from Gemma

4 and Qwend.5 families are evaluated on a synthetic cowpea dataset with known JSON
ground truth and on a real drone orthophoto dataset with field-collected JSON. Five in-
context learning methods are used, from format restriction instruction to few-shot image
examples with auxiliary grounding information. The results show that VLMs can generate
valid JSON outputs, can generally estimate days after planting (DAP), plant counts, plant
locations, sun angles, and leaf chlorophyll content, and can render approximate simulations
of cowpea plots. Error metrics vary across model families and often remain worse than
dataset baselines, particularly when VLMs’ pretrained knowledge dominates over weak vi-
sual evidence. These results position image-to-simulation JSON generation as a promising
but currently challenging task, and establish a benchmark for studying how multimodal

reasoning, prompt design, and the sim-to-real domain gap affect plant phenotyping tasks.
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5.1 Introduction

Plant modeling and simulation help analyze plant performance and interactions with the
environment. They also help researchers understand the relationship between plant geno-
types and their shape, and design ideal plant types. Detailed 3D representations of the
field, plant positions, and canopy architecture are essential for simulating biophysical pro-

cesses such as photosynthesis and water use (Gaillard et al., 2020; Soualiou et al., 2021).

Functional-structural plant modeling (FSPM) provides a framework to simulate plant
behavior based on plant architecture, considering biophysical and environmental fac-
tors, from molecular and cellular levels, to the organ level, and up to the ecological level
(Soualiou et al., 2021). For FSPMs to be useful and reproducible, they require structured
representations of plot geometry, environmental conditions, and crop 3D architecture, be-

cause simulation quality depends on how accurately those inputs describe the real world.

To address this need, FSPMs often use structured languages to define plants and their pa-
rameters, such as L-systems (Lindenmayer, 1968a,b), XL (Kurth and Ong, 2017), and L-
Py (Boudon et al., 2012). Most previous studies used a forward workflow where experts
define rules and structures, from which simulations or images are then generated (Baker
et al., 2024). However, to faithfully represent real-world plants, an inverse approach is
needed: generating plant models from sensing data. Specifically, research on generating

FSPMs from images for multiple plants at the plot or field scale is still lacking.

To bridge the gap between field-scale sensing data and plant modeling, recent studies have

focused on extracting architectural measurements from sensor data. For example, Zhu

et al. (2023) reconstructed organ-scale phenotypic parameters including leaf length, width,

and area from 3D point clouds of field crops using unmanned aerial vehicle (UAV) imagery.
Similarly, Chebrolu et al. (2021) developed methods for registering spatio-temporal point

clouds to track plant traits at the organ level over time, while Ziamtsov and Navlakha
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(2019) used deep learning to classify plant organs and skeletonize stems from 3D point
clouds with high accuracy. However, these extracted measurements still need to be trans-

ferred into structured FSPM definitions to enable functional simulations.

While organ-level plant architecture generation from single images has demonstrated that
structured plant representations can be recovered from visual inputs (Chapter 4), scaling
this capability to plot-level simulation configurations that encode multiple plants, envi-
ronmental conditions, and biophysical parameters remains untested. Therefore, this study
extends the image-to-simulation pipeline from single-plant XML generation to field-scale

JSON configuration generation.

Recent large language models (LLMs) and vision language models (VLMs) have shown
that models can generate structured document outputs such as JSON, HTML, and tab-
ular representations from textual or visual context (Lee et al., 2022; Zhang et al., 2023).
These advancements have raised the possibility that a multimodal model could directly
infer plant simulation configuration documents from plot images, rather than relying on
manual parameterization pipelines. However, the feasibility of this idea depends not only
on generating valid structured outputs from image context, but also on recovering biologi-

cally accurate parameters from the image.

Agricultural VLM benchmarks have expanded rapidly to evaluate the feasibility of VLMs
for agricultural perception tasks (Arshad et al., 2025; Awais et al., 2025; Shinoda et al.,
2025; Yang et al., 2025; Zhou et al., 2024). Existing agricultural VLM benchmarks mainly
focus on classification, identification, question answering, and related agronomic percep-
tion tasks. While these benchmarks have broadened the evaluation of VLMs in agriculture,
there is still no benchmark that tests whether VLMs can generate simulation-ready plant
configuration files that combine multiple tasks, such as plant localization and the estima-
tion of environmental and biophysical traits within a structured document format. It re-

mains unclear whether current VLMs can support image-to-simulation workflows.
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To address this gap, we make three main contributions:

o A benchmark for image-to-plant-simulation JSON generation, comprising synthetic
cowpea plots with known ground truth and a real drone orthophoto dataset with

field-collected ground truth.!

o A systematic evaluation of six open-source VLMs under five in-context learning
methods, quantifying JSON integrity, geometric accuracy, and biophysical parame-

ter estimation.

o An analysis of how fine-tuning, few-shot data modality, and contextual bias affect

VLM performance on plant simulation generation.

The remainder of this chapter is organized as follows. Section 5.2 describes the cowpea
dataset, simulation pipeline, JSON schema, and the VLM evaluation protocol. Section 5.3
presents the results across model families and in-context learning methods. Section 5.4 dis-
cusses the implications of the results. Section 5.5 concludes with limitations and future

directions.

!Dataset is publicly available here: https://huggingface.co/datasets/heesup/vim-plant-sim
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Figure 5.1. Overall diagram of generating datasets and evaluating vision-language models for plant sim-
ulation generation. (a) Synthetic Dataset Construction: Real drone orthophotos undergo plant detection
and spatial feature extraction to generate structured JSON configurations, which drive procedural plot
simulations across growth stages (10-90 DAP). (b) Sim-to-Real Evaluation: Vision-language models re-
ceive few-shot examples (synthetic or real) paired with a target real image to generate simulation configu-
rations via in-context learning, enabling cross-domain performance assessment.

5.2 Methods

5.2.1 Drone Remote Sensing Dataset

Drone-based remote sensing of a cowpea (Vigna unguiculata (L.) Walp.) field was con-
ducted in 2025 at a breeding trial field in California. The plot dimensions were 1.5m by
3.0m with 1.5m alleys separating each plot, and the plants were planted in a single row

within the plot. The field had 40 beds and 14 tiers with borders to minimize edge effects.
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60 cowpea genotypes were planted from beds 2 to 16 with three replicate blocks, and the
rest of the field was planted with common bean and lima bean populations. The cowpeas

were planted on May 27, 2025, and harvested on October 9, 2025.

Drone imagery was collected in 2025 using a custom ArduPilot-based platform equipped
with an iPhone 13 Pro mounted on 3D-printed attachments, flown at 10 m above ground
level. The 20-minute flight missions were conducted on 10, 28, 49, 70, and 87 days after
planting (DAP), with 80% side overlap and 70% frontal overlap. The orthophotos were
processed with OpenDroneMap and exported as GeoTIFF files. Plot boundaries were an-

notated using QGIS, and the plot images were cropped accordingly.

Ground truth DAP values were calculated as the difference between the drone data col-
lection date and the planting date. Plant counts and locations were manually annotated
at 10 DAP images using LabelMe software, saved in common objects in context (COCO)
JSON format. These annotations were converted to plant center coordinates (in meters),
and used as ground truth for the rest of the season. Because individual plants remained
rooted in fixed positions after emergence, as shown in Fig. 5.2, we used these center loca-

tions as reference geometry across later dates.

Sun elevation and azimuth angles at the time of image capture were calculated in degrees
using the pvlib Python library (Anderson et al., 2023), based on the plot center’s latitude,
longitude, and the exact image capture timestamp. Ground truth chlorophyll values were
sampled three times per season in 24 of the 180 cowpea plots using a chlorophyll content
index (CCI) meter (Apogee MC100, Apogee Instruments, Inc., USA) and converted from
CCT units to chlorophyll content pg/cm? using an empirical equation derived from a pre-
vious study (Parry et al., 2014). The measured time series of chlorophyll content per plot
was fitted to polynomial functions of DAP and resampled for the drone data collection
dates. The DAP, plant count, plant locations, sun elevation, sun azimuth, and chlorophyll

were used as the benchmark dataset for further evaluation.
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Figure 5.2. Temporal progression of a representative cowpea plot (bed 2, tier 2) across the growing
season. Images show canopy development from early emergence (10 DAP) to maturity (87 DAP), with

red bounding boxes indicating initial plant locations tracked throughout the season. Days after planting
(DAP), sun elevation and azimuth angles (El/Az) were calculated from image metadata. Plant count and
locations were annotated from the DAP 10 image. Leaf chlorophyll content (Chl) was derived from polyno-
mial fittings of the field measurement.

5.2.2 Cowpea Plot Simulation JSON

A structured JSON schema was used to capture the minimum information required to re-
construct a cowpea plot in the simulation environment. The schema includes metadata,
environment, field layout, plant properties, and camera parameters. Some fields are visu-
ally inferable from imagery, such as DAP, whereas others are metadata, such as year and
location. The JSON file has six top-level fields: random seed, metadata, environment, field,

plant properties, and camera setup.

The JSON file starts with a random seed for reproducibility, which controls the random
sampling used to procedurally generate plants and sample the parameters in the simula-
tion. The metadata key includes year, location, plant type, and days after planting. The

environment key contains soil and sun environment data, such as soil spectral data cat-
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egories and specular reflection coefficients, as well as sun elevation and azimuth degrees.
The field key specifies the field layout, including plot size and the number of beds. Plot
keys are nested under the field key, and the plot key contains plot bed and row ID, and
individual plant locations as an array. The plant properties key includes a chlorophyll pa-
rameter that determines the leaf color spectrum. Image sensor and camera positioning re-
lated parameters are in the camera key, such as shutter speed, ISO, camera resolution and

model, camera height, and a look-at vector.

5.2.3 Cowpea Plot Simulator

A plant simulator program was developed using the Helios 3D simulation library (Bailey,
2019) to generate synthetic cowpea plot images from plant simulation JSON files. The
program generates a synthetic cowpea plot with full 3D plant geometry by reading initial
plant locations, DAP, solar position, chlorophyll content, and camera parameters. The He-
lios library initializes plants on the specified plant locations, and advances time forward
to grow the plant architecture procedurally up to the desired DAP based on phenological
stages. The plant architectural growth is simulated with phyllochron control, which is the
minimum number of days between successive phytomer emergence along a shoot (Bailey,
2025). All the growth and shape parameters were inherited from default plant architecture

library settings.

To colorize the generated 3D plant architecture model, leaf and stem spectra were gener-
ated from the PROSPECT leaf optics model (Jacquemoud and Baret, 1990), while flower
and pod spectra were generated from a mixture of standard purple and yellow spectra. To
simulate various lighting conditions, sun elevation and azimuth were randomly sampled

from uniform distributions over [0°, 90°] and [0°, 360°], respectively.

5.2.4 Synthetic Cowpea Dataset

To generate synthetic data following real-world field configurations in a scalable way, an

automated pipeline was developed. Fig. 5.1 (a) shows the overview of the synthetic image
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generation process. The Excess Green (ExG) (D. M. Woebbecke et al., 1995) vegetation
index was applied to segment plants from the background, and plant blobs were detected
using OpenCV blob detection functions. The detected blobs were divided into individual
plants based on the blobs’ aspect ratio, and the center positions were refined to the center
of gravity of each blob. The plant locations were calculated considering the pixel locations

and the plot dimensions in meters, with the image center set to the origin (0,0).

The plant stand count and plant locations were detected from the drone orthophoto from
the 10 DAP across 560 plots, and the detected plant locations were saved in JSON for-
mat to simulate the cowpea plants in the plant simulator. Starting from 0 DAP, cowpea
plant growth simulations were performed for 10, 30, 50, 70, and 90 DAP, resulting in a to-
tal of 2,800 synthetic cowpea plot simulations. The simulated plots were exported to JSON

ground truth files and corresponding JPEG images in 381 x 1080 resolution.

5.2.5 Vision-Language Models

To evaluate the VLMs’ ability to generate a simulation config JSON file from an image,
two families of vision-language models were tested. We selected Gemma 4 (DeepMind,
2026) and Qwen3.5 (QwenTeam, 2026) because they represent recent open-source multi-
modal model families with various model sizes, strong instruction-following and reasoning
abilities, and practical support for controlled local inference without API costs. Gemma 4
was released in April 2026 and is designed to run on edge devices, with model sizes rang-
ing from 2B to 31B parameters. Qwen3.5 was released in February 2026 and includes mod-
els from 0.8B to 122B parameters. We tested the 2B, 4B, and 31B Gemma 4 models and
the 4B, 9B, and 27B Qwen3.5 models. A self-hosted vLLM (Kwon et al., 2023) server was
used to provide an API endpoint for interacting with the models via a Python script. The
maximum context size was set to 32K to accommodate the maximum length of in-context
learning methods and generation results, and the temperature was set to 0 for determinis-

tic generation.
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5.2.6 In-context Learning

LLMs can learn from context and provide an answer based on the given information with-
out updating the model weights, a capability called few-shot learning or in-context learn-

ing (Brown et al., 2020). We tested in-context learning methods by progressively providing
context to the model and observing changes in JSON generation performance. A summary

and examples of the five in-context learning methods are shown in Table 5.1.

The simplest approach is to provide format restriction instructions (FRI), such as “Re-
spond as JSON” or “Provide your output in the following valid JSON format”. Therefore,
the first method (M1) served as a baseline that defined the LLMs’ role, task, goal, and
JSON FRI. The second method (M2) added a JSON schema to the first, so the models
could reference the JSON structure and variable types. The third method (M3) added a
few-shot JSON examples to the second method. Three JSON files were selected for 10, 50,
and 90 DAP for the synthetic dataset, and 10, 49, and 87 DAP from the real dataset. For
each selected DAP, samples that maximized the variance in plant count, sun elevation, sun

azimuth, and chlorophyll were selected.

An important element from the example JSON was the reasoning key text, which provided
references for building step-by-step reasoning text to encourage intermediate decomposi-
tion of the tasks. Following this, VLMs were instructed to include the ‘reasoning’ field
before producing the structured output. This two-stage process enables the model to rea-
son freely in natural language, then complete the remaining JSON structure based on the
analysis (Tam et al., 2024). The reasoning field was treated as a prompting aid to help

the model rather than as a validated explanation of the models’ reasoning and was not in-

cluded in the evaluation metrics.

The fourth method (M4) included few-shot image-JSON pairs, so that the models could
learn how to generate JSON from images by extracting visual context. Three pairs of im-

ages and JSON were delivered as a list of messages between the user and the assistant,
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Table 5.1. In-context learning configurations and example texts added to the prompt. "... (more)" signi-
fies abbreviated content for presentation purposes and was not part of the prompt input.

Configuration Example

Method 1: You are a plant phenotyping expert analyzing Helios 3D plant
Zero-shot JSON simulator images. Extract all simulation parameters that pro-
generation duced this image and output them as JSON. — Parameter

Reference — 1. metadata ... (more)  Answer:

Method 2: Method

JSON SCHEMA: { "reasoning": "string", "seed":

1 + JSON schema  "integer", "metadata": { "year": "integer",
"location": "string", "plant_type": "string", "DAP":
"integer" }, ... (more) }
Method 3: Method  Example 1: { "reasoning": "Visual analysis: Plant x3
2 + few-shot maturity suggests 10 days growth. ...(more) }
JSONs
Method 4: Method  Example 1: user: < IMAGE > A: { "reasoning": X3
3 + few-shot "Visual analysis: Plant maturity suggests 10 days
images growth. ...(more) }

Method 5: Method
4 + grounding info

Ground truth hints for target image: Plant age: 10 DAP,

Plant count: 14, Sun position: 62.9° elev., 169.4° azim.,

Plant locations (rx, ry): [(0.163, 0.073), (0.162, 0.085), ...,
(0.174, 0.743)]. Convert to meters: z = (r, — 0.5) x 1.3521,
y = —(ry —0.5) x 3.8405

simulating three pairs of questions and answers.

The fifth method (M5) provided the model with auxiliary grounding hints. M5 added ex-

act DAP, solar positions, and relative plant locations to M4, but absolute plant locations

and chlorophyll content were not included. We designed M5 to read DAP, sun elevation,

and azimuth from the grounding text, convert relative plant locations to absolute loca-

tions, and estimate chlorophyll content from the image without any hint. This method

tests whether VLMs can reliably integrate structured hints in plain text into a valid JSON

simulation configuration, and it assesses the language performance of the models and how

chlorophyll content estimation accuracy changes if the rest of the parameters were given.
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5.2.7 Evaluation Metrics

The JSON output quality was evaluated in three categories: JSON integrity, geometric
accuracy, and lighting /biophysical accuracy. All six models were evaluated on a synthetic
cowpea dataset, and the few-shot examples provided to the models were excluded from the

evaluation.

JSON integrity: We evaluated JSON integrity metrics to assess quality differences in
JSON generation across models and contexts, focusing on structural reliability of gener-
ated JSON files. The first metric was the JSON syntax error rate, the percentage of the

response containing JSON syntax errors that could not be parsed into JSON,

| N
Syntax Error Rate (%) = (1 ¥ ZH‘Valid (:UJ) x 100 , (5.1)
i=1

here N is the total number of generated responses, x; is the i-th generated response, and
W ania (x;) is an indicator function that equals 1 if x; can be successfully parsed into a valid

JSON dictionary, and 0 otherwise.

The second metric was the JSON key-missing rate, which counts the number of missing

keys in the response and divides by the total number of JSON keys in the ground truth,

K(U)
Key Missing Rate (%) = 1-— M x 100, (5.2)
|V| veV K

expected

where V' is the set of all successfully parsed JSON responses (where ¥ iq (z;) = 1),

K(U)

expecte

q is the total number of expected keys (including nested properties) defined in the
ground truth schema for response v, and K© resent is the number of those expected keys that

are successfully found in the generated response v.

Geometric evaluations: The geometric evaluation metrics represent plant geometric er-
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rors indirectly, by comparing the DAP, plant count, and plant locations. Because DAP
caused major geometric changes in a cowpea plot by altering plant size, architecture, and
plant organ visibility, as shown in Fig. 5.2, DAP was categorized in the geometric evalua-

tions category. The DAP and plant count errors were evaluated using mean absolute error

(MAE).

1 N
MAE = — S |y — 3
N;\y Uil

For plant locations, spatial alignment between the predicted S; and ground truth S plant

locations was calculated using Chamfer distance (CD) (Barrow et al., 1977),

where d(P, ()) denotes the average nearest-neighbor distance from set P to Q.

Lighting and biophysical evaluations: Sun elevation, azimuth, and chlorophyll con-
tent change the lighting and color of the cowpea plots. Sun elevation and azimuth affect
shadow length, shadow direction, and canopy illumination, whereas chlorophyll content
changes leaf color and apparent greenness. For sun elevation, sun azimuth, and chlorophyll

content, MAE was calculated.

5.2.8 Statistical Analysis and Dataset Baselines

The effects of model family, model size, and in-context learning method were analyzed sta-
tistically. Bar graphs with 95% confidence intervals (CIs) and statistical groups were plot-
ted for JSON syntax error rate, key-missing rate, and parameter MAEs. The CIs for JSON
syntax error and key-missing rate were computed using a Bernoulli distribution, while ClIs

for continuous metrics were computed using a normal distribution.

Statistical differences between models within the same in-context learning setting were as-

sessed using the Kruskal-Wallis H-test, followed by pairwise Mann—-Whitney U tests with
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Bonferroni correction. Statistical groups were displayed when there were significant differ-
ences between the groups. For the largest model from Gemma 4 and Qwen3.5 model fam-
ilies, separate bar graphs were plotted grouped by DAP, with Cls and statistical groups

indicated.

median guess baseline (Bp,eq) and random guess baseline (B,,q) were calculated as dataset
baselines. Byeq represents performance when estimating values using only marginal distri-
butions of parameters without image understanding. It was obtained by predicting each
parameter using the median of its valid range and computing MAE against the ground
truth. B,,q represents randomized guessing. To reduce stochastic variability, B,,q was esti-
mated via Monte Carlo simulation by sampling 1,000 values from each parameter’s distri-

bution and calculating the MAE relative to ground truth.

For plant locations, modified versions of B,.q and B,,q were used because MAE is inap-
propriate for spatial coordinates. First, the median plant count was determined from the
ground truth distribution and used as the number of clusters. All plant locations were
pooled and K-means clustering was used to partition them into clusters. B,,.q was then
calculated as the CD between the resulting cluster centers and dataset plant locations, av-
eraged across samples. For B,,q4, plant x and y coordinates were randomly sampled from
plant location ranges, CDs were calculated against ground truth, and the results were aver-

aged.

5.2.9 Vision Foundation Model Baselines

To compare few-shot learning capability between VLM and vision foundation model

(VFM), vision foundation model (VFM) baselines were calculated using linear models fit-
ted to VFM embeddings. For the VFM baseline, a linear model using zero-shot VFM em-
beddings was fitted to three few-shot images, yielding a minimum-norm solution. A VFM,
DINOv3 (Siméoni et al., 2025) trained on a satellite dataset was used, providing 1024 em-

bedding dimensions. Let X € R*P denote the embedding matrix extracted from the
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VFM, where N = 3 and D = 1024. An augmented feature matrix X = [X, 1y] € RV*(P+D)
was defined, where 1y is a column vector of ones. The linear mapping to the target plant
simulation parameters Y € RV*K iggiven by Y = XW. W € RPTD*K wag the aug-
mented weight matrix combining both the projection weight and the bias, and K = 5 for

DAP, plant count, sun elevation, sun azimuth, and chlorophyll content.

Given that the number of few-shot samples N = 3 was smaller than the feature dimension
D =1024 (N < D + 1), the linear system was highly underdetermined, yielding an infinite
number of exact solutions that satisfy zero fitting error. To prevent overfitting and ensure
a unique and stable solution, we constrained the hypothesis space, seecking the minimum-
norm solution by minyy ||[W||% subject to Y = XW where || o || denotes the Frobenius
norm. The optimal closed-form solution to this constrained optimization was obtained by
using the Moore Penrose pseudo-inverse X (Golan, 2012), W = X+Y. Since the few-shot
samples were sampled independently, rows of X were linearly independent, so the pseudo-
inverse can be explicitly computed as X+ = X7 (5(/ X T)_l. Therefore, the weights matrix

was computed by W = X7 (j(vj(vT)il Y.

5.2.10 Effect of Dataset Modalities on Fine-Tuning and Few-Shot In-Context

Learning

To evaluate the effect of fine-tuning and few-shot modalities on parameter estimation, we
calculated Pearson’s correlation coefficient (r), MAE, and symmetric mean absolute per-

centage error (sSMAPE),

1 X200 |y — 7
sMAPE (%):NZ“’y|

_ (5.4)
i=1 |yz| + |?Jz|

where N is the total number of valid samples, y; is the ground truth parameter value for
the i-th sample, and y; is the predicted parameter value for the i-th sample.

Effect of Synthetic Fine-Tuning on Synthetic and Real Datasets Evaluation:
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To test whether fine-tuning on synthetic data could improve structured generation be-
yond in-context learning, the largest model from each family was fine-tuned on synthetic
image-JSON pairs. Therefore, we focused on the largest models because they showed the
strongest in-context learning performance and were the most plausible candidates for prac-
tical application. To fine-tune the model on a small GPU cluster, parameter-efficient fine-
tuning (PEFT) was performed using low-rank adaptation (LoRA) (Hu et al., 2021) with
r=16 and a=16. The Qwen3.5 27B and Gemma 4 31B models were fine-tuned with ap-
proximately 124M and 133M trainable parameters, respectively. Data from beds 9 to 40 of
the synthetic cowpea dataset were split 80/20 for training and validation, excluding beds
1 to 8, which were reserved for the benchmark dataset. We used the Unsloth (Han et al.,
2023) Python library to accelerate training and reduce memory overhead. Each model was
trained for 5 epochs with an effective batch size of 32 across 4 NVIDIA H100 GPUs for

about 10 hours per model.

Effect of Synthetic and Real Few-Shot Contexts on Real Dataset Evaluation:
Another scenario involved evaluating the base models with different few-shot example
modalities. The key question was whether real few-shot context improves inference on

the real dataset more than synthetic few-shot context. To test this, the largest model per
model family was evaluated on the real dataset under two few-shot context modalities, syn-

thetic few-shot examples and real few-shot examples, as shown in Fig. 5.1 (b).

5.3 Results

5.3.1 Synthetic Dataset Evaluation Result

Fig. 5.3 shows the evaluation results across two model families (Gemma 4 and Qwen3.5),
three model sizes (2B, 4B, and 31B for Gemma 4; 4B, 9B, and 27B for Qwen3.5), and five
in-context learning methods (M1-M5). Across the synthetic benchmark, the models were

generally capable of producing near-complete JSON outputs, especially after a schema was
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provided. However, this structural reliability did not ensure accurate parameter estima-
tion. Performance depended strongly on model family, model size, and in-context learning
methods. Several combinations of these factors remained worse than simple prior-based

baselines for plant count, plant location, and biophysical variables.

JSON Integrity Evaluations: The Gemma 4 2B model showed a 2.68% syntax er-
ror rate for M2, while the Qwen3.5 4B model showed the highest error at 3.76% for M3.
Adding few-shot JSON examples increased the JSON syntax error rate for the Qwen3.5
4B model. The Gemma 4 2B model with M1 showed 1.13% key-missing rate, while the
Qwen3.5 9B showed 0.12% on the same method. For all models, adding a JSON schema

(M2-M4) reduced the key-missing rate to 0.0%.

Geometric Evaluations: The Gemma 4 models generally showed decreasing DAP MAEs
as model size increased. The Gemma 4 models showed lower DAP MAE values for M1,
M2, and M4 than Qwen3.5 for all model sizes. The Qwen3.5 9B model showed the highest
DAP MAE ranging from 34.29 to 38.68 days across M1-M5. In M5, grounding information
reduced all models” MAE to near zero, except for the Gemma 4 31B model, which showed
1.47 days. The Qwen3.5 4B and 9B models showed higher MAE values than By,.q, and the
Gemma 4 2B model showed DAP MAE values close to Beq-

Plant count MAE values showed interactions between model size and in-context learn-

ing methods. All models with M1-M4 showed higher MAE values than B,,.q. Also, only
Gemma 4 31B and Qwen3.5 27B models showed lower MAE than B,,q for M1 and M2.
Larger Gemma 4 models showed lower plant count MAE values than smaller models, but
adding few-shot examples increased the MAE values for M3 and M4 unexpectedly. Models

achieved a plant-count error of less than 0.97 plants using the grounding hint in M5.

The plant location CD showed that the Gemma 4 2B and 4B models performed no bet-
ter than B,,q for all in-context learning methods. The Qwen3.5 4B model and 9B model

showed higher error than B,,q for M1 and M2, and the Qwen3.5 9B model showed lower
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error than B,,q for M3, M4, and M5. The Gemma 4 31B model showed the lowest error for
M1, M2, M3, and M4, except for M5 where the Qwen3.5 27B performed better on plant

location estimation.

Notably, adding few-shot JSON or image examples often failed to improve geometric accu-
racy. Our results demonstrate that additional context could reinforce prompt priors more
strongly than it improved visual extraction. Furthermore, even if relative plant locations
were given at M5, lightweight models could not eliminate the error completely because of

arithmetic errors or failure to extract information from the context.

Lighting and Biophysical Evaluations: As shown in Fig. 5.3 (f), the Gemma 4 mod-
els had lower sun elevation MAE than the Qwen3.5 models from M1 to M4. The Gemma 4
4B and 31B models showed lower MAE values than B,,.q across all methods. In contrast,
small models in Qwen3.5, such as 4B and 9B models, showed higher MAE values than
Bieda or Big, and only the 27B model showed an MAE lower than B,,.q in M4 and M5.
Providing sun elevation in the context eliminated the errors, except for the Gemma 4 2B
model with M5. The sun azimuth MAE results showed that the Gemma 4 and Qwen3.5
models had similar MAE from M1 to M4. Sun azimuth MAE decreased as Gemma 4
model size increased, and the largest Qwen3.5 model showed lower error than smaller mod-
els. Similar to sun elevation, adding a grounding hint to the prompt in M5 decreased the
MAE below 17.96°. However, adding few-shot JSON examples or JSON-image pairs did

not substantially decrease sun elevation and azimuth MAE.

Chlorophyll MAE results showed that small models in Gemma 4 and Qwen3.5 could not
estimate values below B,,.q. Gemma 4 models showed decreasing MAE when model size
increased, while the Qwen3.5 9B model showed higher MAE than the 4B model in M3 and
M4. Adding few-shot JSON and image decreased chlorophyll MAE for the Qwen3.5 27B
model in M3 and M4, and the Gemma 4 31B model showed similar MAE for all in-context

learning methods. Since chlorophyll content was not included in M5, the grounding hint
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did not substantially decrease MAE except for the Gemma 4 2B model.
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Figure 5.3. Performance of Gemma 4 (blue) and Qwen3.5 (orange) model families on a synthetic dataset
across five progressive in-context learning conditions (M1-M5). Panels (a—h) show syntax error rate, key-
missing rate, DAP MAE, plant count MAE, plant location CD, sun elevation MAE, sun azimuth MAE,
and chlorophyll MAE, respectively. Asterisks (*) denote exact values were included in M5 ground truth
hint. Dash-dotted and dotted lines indicate median and random guess baselines, respectively. Unlabeled
bars or empty spaces denote an error value of exactly 0. Error bars represent 95% confidence intervals;
letters indicate significant differences (p < 0.05).
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Effect of Dataset DAP: Fig. 5.4 and Fig. 5.5 show the synthetic data evaluation result
of the largest model per model family, grouped by dataset DAP. Based on Fig. 5.4 (a) and
Fig. 5.5 (a), the Qwen3.5 27B model showed a maximum JSON syntax error rate of 3.6%,
while Gemma 4 31B model showed maximum 1.8%. Both models showed 0.0% key-missing

errors across all methods.

As shown in Fig. 5.4 (c) and Fig. 5.5 (¢), DAP MAE showed a pattern increasing from
DAP 10 to 30, decreasing from 30 to 70, and increasing again from 70 to 90 for both mod-
els. For 30 DAP with M1, M2, and M3, the Qwen3.5 model showed errors close to B4,
and the Gemma 4 model showed errors lower than B4, except for 30 DAP with M3. The
MAE for plant count increased for both models as DAP increased, especially for M3 and
M4. The Qwen3.5 model showed errors higher than B,,q when DAP was larger than 30
with M3 and M4.

Plant location CD increased as DAP progressed, and adding few-shot JSON and im-
ages decreased the plant location error of the Gemma 4 31B model across all DAP,
while adding few-shot examples decreased plant location error at 10 and 30 DAP for the
Qwen3.5 model. Sun elevation and chlorophyll MAE values increased as the DAP pro-

gressed, but sun azimuth MAE values remained similar across DAP.
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Figure 5.4. Temporal dynamics of Gemma 4 31B across growth stages (10-90 DAP) on a synthetic
dataset across five progressive in-context learning conditions (M1-M5). Panels (a—h) show syntax error
rate, key-missing rate, DAP MAE, plant count MAE, plant location CD, sun elevation MAE, sun azimuth
MAE, and chlorophyll MAE, respectively. Asterisks (*) denote exact values were included in M5 ground
truth hint. Dash-dotted and dotted lines indicate median and random guess baselines, respectively. Error
bars represent 95% confidence intervals; letters indicate significant differences (p < 0.05) among methods
at each DAP.
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Figure 5.5. Temporal dynamics of Qwen3.5 27B across growth stages (10-90 DAP) on a synthetic
dataset across five progressive in-context learning conditions (M1-M5). Panels (a—h) show syntax error
rate, key-missing rate, DAP MAE, plant count MAE, plant location CD, sun elevation MAE, sun azimuth
MAE, and chlorophyll MAE, respectively. Asterisks (*) denote exact values were included in M5 ground
truth hint. Dash-dotted and dotted lines indicate median and random guess baselines, respectively. Error
bars represent 95% confidence intervals; letters indicate significant differences (p < 0.05) among methods
at each DAP.
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5.3.2 Fine-tuned model evaluation for synthetic and real datasets

The effect of synthetic dataset supervision was tested by fine-tuning the largest Gemma 4

and Qwen3.5 models on synthetic data and evaluating them on synthetic and real datasets.
Table 5.2 shows the evaluation metrics for DAP, plant count, plant location, sun elevation,
sun azimuth, and chlorophyll of the fine-tuned models. During evaluations, few-shot exam-

ples were sampled from the same domain as the evaluation set.

The results show that fine-tuning on the synthetic dataset generally increased correlation
coefficients and reduced MAE and sMAPE for the Gemma 4 31B model. For example, fine-
tuning on the synthetic dataset increased the correlation coefficient for plant count, solar
positions, and chlorophyll, while decreasing MAE and sMAPE for DAP and chlorophyll.
Although the Gemma 4 31B improved modestly on the synthetic evaluation, these gains
did not transfer to the real dataset, showing lower correlation coefficients and higher MAE

and sMAPE values than the original model on real domain evaluation.

Fine-tuning the Qwen3.5 27B model showed degraded performance on both synthetic
and real evaluations, indicating that supervised fine-tuning on the synthetic dataset may
overfit the model to the training dataset and interfere with the model’s pre-existing multi-

modal reasoning capabilities.

5.3.3 Effect of Few-Shot Modality on Real Dataset Evaluation

Table 5.3 compares the correlation coefficient, MAE, and sMAPE for DAP, plant count,
sun elevation, sun azimuth, and chlorophyll between zero-shot, synthetic few-shot (Syn
FS), and real few-shot (Real FS) settings. As shown in Table 5.3, providing synthetic few-
shot examples to the Gemma 4 31B model improved the average correlation coefficient
from 0.48 to 0.53 but increased average sMAPE from 32.4% to 45.4%, compared to the
zero-shot setting (M2). Similarly, the Qwen3.5 27B model also increased the correlation
coefficient from 0.25 to 0.49 but also increased SMAPE from 40.2% to 46.5%.
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Table 5.2. Effect of synthetic fine-tuning on synthetic and real dataset evaluation. Fine-tuned values are

shown with original model scores in parentheses.

Gemma 4 31B Qwen3.5 27B
Parameter Metric Syn Real Syn Real
DAP r 0.90 (0.90) 0.90 (0.93) 0.47 (0.82) 0.54 (0.91)
MAE 10.4 (11.4) 10.8 (8.7) 26.7 (14.4) 22.2 (9.3)
sMAPE  18.9% (27.5%) 21.8% (23.3%) 45.4% (28.3%) 42.0% (20.8%)
Plant Count r 0.43 (0.32) 0. 17 (0.20) 0.25 (0.28) 0. 13 (0.20)
MAE 9.1 (10.0) 8 (2.7) 9.7 (16.0) 9 (3.0)
sMAPE  43.3% (50.8%)  20. 8% (20.0%)  48.6% (79.4%) 21. 3% (22.8%)
Sun Elevation r 0.64 (0.54) 0. 33 (0.49) 0.38 (0.55) 0.04 (0.20)
MAE 21.1 (18.0) 8 (7.4) 27.9 (22.6) 14.2 (10.6)
sMAPE  90.4% (53.0%) 24. 9% (16.0%) 121.3% 36.1% (21.7%)
(86.3%)
Sun Azimuth r 0.60 (0.56) 0.24 (0.53) 0.39 (0.57) 0.01 (-0.15)
MAE 63.2 (64.5) 14.6 (8.6) 82.8 (66.4) 12.7 (14.5)
sMAPE  59.9% (47.9%)  13.2% (7.9%)  51.4% (52.8%) 11.1% (13.8%)
Chlorophyll r 0. 77 (0.70) 0.73 (0.81) 0. 61 (0.55) 0.23 (0.73)
MAE 3(5.2) 19.0 (11.8) 5 (5.9) 37.6 (10.9)
sMAPE  32. 1% (41.0%)  37.0% (29.7%)  50. 3% (45.0%)  65.8% (27.0%)
Improvements / Total 12/15 1/15 4/15 5/15

Compared to synthetic few-shot examples, adding real-domain few-shot examples im-

proved the average SMAPE from 45.4% to 19.4% for the Gemma 4 31B model and from

46.5% to 21.2% for the Qwen3.5 27B model. For Gemma 4 31B, the correlation coefficient

also rose from 0.53 to 0.59 (Qwen3.5 27B: 0.49 to 0.38). The best overall result was from

Gemma 4 31B with real few-shot, achieving a correlation coefficient of 0.59 and an sMAPE

of 19.4%.

The DINOv3 VFM-based linear model could estimate the real dataset’s DAP with a corre-

lation coefficient of 0.72 and an MAE of 17.9 days with synthetic few-shot images. How-

ever, the VFM showed low correlation coefficients for plant count (0.04), sun azimuth

(0.04), and chlorophyll (-0.39). When using real few-shot images in VFM linear model fit-

tings, the average correlation coefficient increased from 0.15 to 0.46 and decreased the av-
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Table 5.3. Effect of few-shot data modality for real dataset evaluation. DINOv3 embedding based mini-
mum norm solution model was evaluated as a reference.

Gemma 4 31B Qwend.5 27B DINOv3 SAT

Zero Syn Real Zero Syn Real Syn Real
(M2)  (M4) (M4) (M2) (M4) (M4) (M4) (M4)

DAP r 0.81 0.88 0.93 0.88 0.86 0.91 0.72 0.75
MAE 14.0 10.9 8.7 11.3 11.9 9.3 17.9 16.1
sMAPE 352% 27.8% 23.3% 31.6% 30.4% 20.8% 43.9% 35.5%

Parameter Metric

Plant Count r 0.20 0.10 0.20 0.09 0.14 0.20 0.04 0.01
MAE 8.5 19.7 2.7 9.2 21.5 3.0 4.7 3.5
sMAPE 42.0% 73.1% 20.0% 44.8% 53.2% 22.8% 30.0% 27.2%

Sun Elevation r 0.40 0.54 0.49 -0.18 0.32 0.20 0.33 0.23
MAE 10.9 13.0 7.4 13.3 17.4 10.6 20.6 7.6
sMAPE 20.9% 254% 16.0% 25.0% 44.1% 21.7% 57.2% 16.5%

Sun Azimuth r 0.28 0.53 0.53 0.27 0.46 -0.15 0.04 0.65

MAE 38.6 109.7 8.6 70.0 108.2 14.5 49.7 14.6
sMAPE 26.3% 58.9% 7.9% 49.1% 66.8% 13.8% 34.8% 15.0%

Chlorophyll r 0.71 0.61 0.81 0.18 0.67 0.73 -0.39 0.67
MAE 15.9 18.3 11.8 24.5 15.9 10.9 34.0 13.9
sMAPE 37.8% 41.9% 29.7% 50.6% 37.9% 27.0% 112.2% 36.2%

Average r 0.48 0.53 0.59 0.25 0.49 0.38 0.15 0.46

sMAPE 324% 45.4% 19.4% 40.2% 46.5% 21.2% 55.6% 26.1%

erage SMAPE from 55.6% to 26.1% compared to synthetic few-shot fittings.

5.3.4 Visual Quality Evaluation

Fig. 5.6 and Fig. 5.7 show the generated cowpea plot images from the synthetic and real
datasets. As shown in Fig. 5.7, the Gemma 4 31B model could reasonably estimate plant
locations but had parameter estimation errors. For example, M1-M4 estimated larger
plants than the input images, and brighter and yellowish plants because of chlorophyll con-
tent and solar position errors. Providing few-shot examples removed overestimated plants

on 90 DAP from M1 to M3 but could not lower the average sMAPE substantially.

Similarly, tests on real images generally produced estimates of higher plant DAP, result-
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ing in bigger plants on 10 and 28 DAP Fig. 5.7. Adding few-shot images (M4) improved
the hallucinated plant locations on 28 DAP with M1 to M3, but the effect of few-shot im-
ages on later DAP was not visually recognizable. For the real dataset, adding more context
from M1 to M5 decreased the sMAPE, showing an average SMAPE of 21.6% for this exam-

ple.
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30 DAP

50 DAP

70 DAP

M1:Base Prompt M2:+]SON Schema M3:+]SON Examples M4:+Image Examples M5:+Grounding Hint
Mean sMAPE 52.5% Mean sMAPE 52.3% Mean sMAPE 62.9% Mean sMAPE 58.6% Mean sMAPE 4.0%

Input Image

Figure 5.6. Examples of simulated cowpea plot generation results from the synthetic dataset based on
in-context learning methods using the Gemma 4 31B model.
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sMAPE: 31.6% sMAPE: 18.9% SMAPE: 3.7%

10 DAP
sSMAPE: 3.7%
28 DAP
49 DAP
70 DAP
87 DAP

M1:Base Prompt M2:4+])SON Schema M3:+)SON Examples M4:+Image Examples M5:+Grounding Hint

Input Image Mean SMAPE 55.8% Mean sMAPE 50.5% Mean sMAPE 44.8% Mean sMAPE 21.6% Mean sMAPE 2.4%

Figure 5.7. Examples of simulated cowpea plot generation results from the real dataset based on in-
context learning methods using the Gemma 4 31B model.
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5.4 Discussion

5.4.1 Structured Output Generation Performance

Forcing LLMs to respond in JSON format can be enabled by setting JSON mode in most
LLM APIs, which provides a template and generates structured output that follows the
given schema. Zhang et al. (2023) argued that structured decoding can improve tool-use
performance by removing errors in JSON generation, even without fine-tuning the model.
Beurer-Kellner et al. (2023); Geng et al. (2023) reported that structured output could not
only improve the performance of classification tasks such as information extraction and
named entity recognition, but also decrease the number of generated tokens. However, forc-
ing an LLM to generate responses in a structured format reduced performance on complex
reasoning tasks, such as mathematics, last-letter concatenation, and object shuffling (Tam
et al., 2024). Iwanowski and Gahbler (2025) reported that forcing structured output in ob-
ject localization tasks can lead to hallucinations, generating fake objects that conform to

the desired structure.

In Fig. 5.3 (a) and (b), our results showed a maximum of 3.76% syntax error and 1.13%
JSON key-missing error. Our benchmark shows that syntactic validity and semantic fi-
delity can diverge; for example, the Gemma 4 31B model showed 1.07% of JSON syntax
errors when grounding hints were provided, even though this configuration showed the low-
est errors and best visual quality. For practical deployment, structural correctness should
therefore be treated as a prerequisite rather than as evidence of the semantic fidelity of the
generated result, since perfect structured document generation performance is required for
integrating the automated plant simulation generation pipeline into LLM agents and tool

use (Yang et al., 2026; Zhang et al., 2023).
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5.4.2 Effect of Model Size and Contextual Bias

The main finding of this study is that additional context does not reliably improve the in-
context learning results. In several configurations, longer prompts increased error, because
the models relied on contextual priors, copying values or distributions from the prompt,
rather than extracting evidence from the target image. This effect was especially pro-

nounced in smaller models, but it was not limited to them.

For example, Fig. 5.3 (c) shows that increasing model size occasionally increased DAP
MAE for certain models, such as Qwen3.5 4B and 9B. This irregularity suggests that
model size alone does not guarantee improved accuracy on zero-shot and few-shot agri-
cultural tasks. Furthermore, additional context often increased MAEs, such as Fig. 5.3

(c), (d), (e), and (f), where DAP, plant count, plant location, and sun elevation errors in-
creased after providing few-shot JSON or image examples. This suggests small models,
such as Gemma 4 2B or Qwen3.5 9B, are unable to extract information from the target
image reliably when the model’s context increases, causing models to copy the values from
the instruction prompt or few-shot examples, increasing the error metrics. The increase in
error suggests that few-shot examples can act as noise when the model fails to capture a

reliable visual signal and instead focuses on the wrong contextual patterns.

5.4.3 Effect of Fine-Tuning

Our fine-tuning results indicate that synthetic supervision alone is not sufficient to im-
prove the robustness of simulation parameter estimation. As shown in Table 5.2, while
Gemma 4 31B benefited modestly from fine-tuning on synthetic evaluation, these gains
did not transfer to real-domain evaluations, and Qwen3.5 27B degraded after fine-tuning
in both domains. This result suggests that fine-tuning can amplify the domain gap or dis-
rupt capabilities that support zero-shot inference of VLMs. Luo et al. (2025) reported that
continual fine-tuning can introduce catastrophic forgetting, particularly in larger models.

Several studies reported the risk of performance degradation of multimodal large language
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models during fine-tuning (Li et al., 2024a; Tang et al., 2025; Zhu et al., 2024). Further
research is needed to find a better fine-tuning method to improve the accuracy of plot pa-
rameter estimation for both the synthetic and real domains without catastrophic forget-

ting.

5.4.4 Effect of Few-Shot Modality

As shown in Table 5.3, the modalities of the few-shot examples mattered substantially.
Real few-shot examples generally outperformed synthetic few-shot examples on the real-
dataset evaluation across both VLM families, indicating that prompt-domain alignment is

important for maximizing in-context learning performance.

Similarly, the DINOv3 VFM showed better performance when the linear model was fitted
from real few-shot examples and evaluated on the real dataset. However, the VFM fitted
with synthetic few-shot examples could estimate DAP of real data but failed to estimate
chlorophyll. Compared to VFMs’ weak few-shot learning ability across domains, provid-
ing synthetic few-shot examples to VLMs led to performance improvement in DAP, solar

positions, and chlorophyll.

This benefit will be useful when accurate ground truth is difficult to measure or inaccessi-
ble but synthetically guided context can be given, such as canopy photosynthesis, growth,

water use, biomass estimation, and detailed plant architecture.

5.4.5 Integration with the Digital Twin Pipeline and Practical Applications

Digital twins simulate physical systems and update their states based on sensor data, sup-
porting what-if experiments across crops and environments (Ganapathysubramanian et al.,
2025; Verdouw et al., 2021). Our method bridges the gap between physiological metrics

used by agronomists and morphological observations used by growers (Archambault et al.,
2024), by simultaneously generating morphological traits (e.g., plant count, locations) and

biophysical parameters, both encoded as JSON files and visualized through 3D plot simula-
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tions.

This approach aligns with the multi-agent digital twin architecture proposed by Skobelev
et al. (2020), where agents interact with agronomists through mobile interfaces to contin-
uously recalculate yield forecasts and generate recommendations. Although our current
results showed 19.4% average sMAPE for plant parameter estimation with few-shot exam-
ples Table 5.3, Gemma 4 31B with Real FS (M4), further improvements can be achieved
by optimizing few-shot examples with accurately measured parameters and images. By
combining in-context learning with precisely calibrated few-shot examples, we minimize
sampling requirements to the few-shot scale (i.e., up to 5 samples) rather than the fine-

tuning dataset scale (i.e., more than 1,000 samples).

5.5 Conclusion

We have introduced a benchmark for evaluating whether VLMs can generate structured
plant simulation configurations from images and studied the effects of in-context learning
methods, model family, model size, fine-tuning, and the modality of few-shot examples.
The results show that current VLMs can produce syntactically valid JSON outputs and
coarse parameter estimates, but performance remains inconsistent across model families

and frequently below simple baselines for key geometric and biophysical parameters.

Domain-aligned few-shot examples improved results across both VLM families, yet mod-
els remained sensitive to contextual bias, often falling back on prompt priors rather than
extracting visual evidence. Synthetic fine-tuning improved synthetic-domain performance
but failed to transfer to real-domain evaluations, and in some cases degraded performance,
suggesting that synthetic adaptation can amplify domain mismatch or disrupt zero-shot

inference capabilities.

Therefore, we view image-to-simulation JSON generation as a promising yet challenging

task for agricultural VLM research. Future work should explore stronger visual grounding
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techniques, domain-invariant fine-tuning strategies, and structured decoding methods to
improve JSON generation reliability. Expanding the benchmark to additional crop species,
incorporating multispectral images, and evaluating under real-world deployment will fur-
ther clarify the practical pathways for integrating VLMs into automated plant simulation

pipelines.
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Chapter 6

Conclusions

6.1 Overall Conclusions

From pixel-level thermal image upscaling to field-level plant architecture generation, this
dissertation demonstrates how artificial intelligence (Al)-enabled sensing can overcome the
scalability bottleneck of sensing for field-scale breeding trials by enhancing image resolu-

tion and generating plant simulation models from images.
The main conclusions drawn from the results presented in this dissertation are:

 RGB and thermal images can be aligned by converting the RGB image into a
pseudo-thermal image and performing template matching against the thermal image.
The aligned RGB and thermal images were fused using an SRGAN-based method
that combines the RGB with low-resolution thermal inputs to create an upscaled
thermal image output. The results showed that our algorithm could recover leaf de-

tails in low-resolution thermal images.

o A specialized plant architecture tokenization method was developed to convert an
XML-based plant architecture file into a token sequence. A DINOv2- and GPT-2-
based VLM was trained to generate a plant architecture token sequence from a syn-
thetic input image. The results showed that plant architecture token sequences could
be generated from input images, and that these could be rendered in a plant simula-
tion program. This enables 3D organ-level understanding and generation of a plant

architecture from RGB images.
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o The plant architecture generation algorithm for a single plant was expanded to the
plot scale using open-weight VLMs (2B to 31B parameters) and five in-context learn-
ing methods on synthetic and real datasets. The results showed that VLMs could
generate plot-scale plant simulation configurations using optimized in-context learn-

ing prompts and few-shot examples without fine-tuning.
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6.2 Future Work

Based on the results of this dissertation, the following directions for future work are recom-

mended:

e To extend the multimodal image alignment approach to multiple modalities (e.g.,
thermal, RGB, and near-infrared (NIR)), each modality can be converted into a
meta-domain shared across all modalities, such as shape masks or depth maps, and
aligned in this shared domain. Further research should evaluate whether alignment
in a shared meta-domain reduces registration errors compared to pairwise modality

alignment.

o Image domain transfer and image super-resolution algorithms should be transitioned
from GAN-based models to diffusion-based models, which have been shown to pro-

duce higher-quality results on domain transfer and upscaling tasks.

o The plant-level architecture generation algorithm developed in this study was trained
on a single crop type (cowpea) using specific parameter distributions. Therefore, fu-
ture studies are needed to extend the algorithm to different crop types with various

parameter configurations.

o For the plot-level plant architecture generation algorithm, further testing with real
datasets is needed to demonstrate its effectiveness in supporting plant breeders and

scientists by providing detailed plant architecture models at the plot level.

e Depth images can improve 3D reconstruction accuracy, and multi-spectral data can
improve the estimation of chemical compounds that determine leaf, flower, and fruit

colors.

117



Chapter A

Appendix

A.1 Synthetic or Real Few-shot Data Effect on Real Data Evalu-
ation with Ablation Study

Fig. A.1 shows Gemma 4 31B and Qwen3.5 27B models’ evaluation result on the real im-
age dataset when synthetic few-shot (Syn FS) or real few-shot (Real F'S) examples were
provided, and Real FS was provided, but the image was not provided for inference (Abla-

tion).

Ablation study: To test whether the models relied on the target image rather than
prompt priors alone, a blind ablation test was performed in which the final inference
prompt omitted the target image and contained only the instruction ‘Answer now:’. This
experiment allows us to quantify how much of the generated output can be explained by

contextual bias and models’ hallucinations.

The blind ablation confirms that the apparent task performance can be partly decoupled
from visual signals. When inference based on image context performs similarly to or worse
than inference without an image, the output is being driven primarily by prompt statistics.
For example, in Fig. A.1 some parameters showed higher error than ablation inference,
such as Fig. A.1 (g) and (h), showing that the model could not reliably extract meaning-

ful information from context.

In Fig. A.1 (g), the ablation inference showed lower error metrics than evaluations with

real images by simply adhering to the distribution provided in the base prompt, showing
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MAE values close to Byeq.- JSON Integrity Evaluations: As shown in Fig. A.1 (a),
both Gemma 4 31B and Qwen3.5 27B models showed a syntax error rate below 1.97%,
with no statistically significant difference across the few-shot example domains. In the
blind ablation, Gemma 4 31B refused the task in M1-M4 by explicitly requesting the miss-
ing image, whereas both Gemma 4 31B in M5 and Qwen3.5 27B across multiple settings
could still produce JSON outputs largely based on prompt priors, revealing distinct failure
modes: refusal without visual evidence versus over-reliance on priors and hallucinations in

answers. There were 1.96% key-missing errors in Syn FS for both models.

Geometric Evaluation: As shown in Fig. A.1 (d) M3, providing synthetic JSON exam-
ples to Gemma 4 31B model increased the DAP error but real JSON examples decreased
the DAP error. In M4, providing either synthetic or real few-shot images decreased the
MAE error, with real images producing a larger reduction than synthetic images. Qwen3.5
27B models showed similar DAP MAEs from M1 to M3, and lower MAE when real few-
shot images were given at M4. Ablation inference showed MAEs close to B,,q, showing

that model was randomly guessing DAP when image was not provided.

Plant count evaluation on the real dataset with and without synthetic few-shot examples
showed higher MAE than B,,4 for all models. In M3 and M4, providing real few-shot ex-
amples significantly decreased MAE, but still higher than B,,.q. Providing synthetic or real
few-shot JSON increased plant count MAE for Qwen3.5 27B model but showed lower error
when real few-shot images were given to the model. When real few-shot images were given
in M4, it also decreased ablation MAE for Qwen3.5 27B. Gemma 4 31B model showed
lower plant count MAE for M3 and M4 when real few-shot examples were given than syn-

thetic few-shot.

Plant location Chamfer distance evaluation results on the real dataset showed that real
few-shot JSON and images lowered the plant location error for M3 and M4 for both mod-

els. Qwen3d.5 27B models showed higher or similar Chamfer distance than B,,q for M1, M2
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and M3, but lower than the baseline for M4 with real few-shot images. Ablation results
on Qwend.5 27B showed higher Chamfer distance for M1 and M2 and close to M3 for M4,
suggesting the model hallucinated to generate median plant locations without seeing the

target image.

Lighting and Biophysical Evaluations: As shown in Fig. A.1 (g) M3 — M5, real few-
shot samples lowered the MAE error, but both models showed higher MAE than B,,.q. For
Qwend.5 27B model, ablation inference showed lowest MAE values across all the methods,
showing the model could not estimate the sun elevation accurately. Real few-shot JSON
and image decreased sun azimuth MAE in M3 and M4 for both models. However, the
MAEs were higher than the B,,.q and close to ablation inference MAE. Chlorophyll MAE
showed lower MAE when few-shot images were provided in M4, for both Gemma 4 31B
and Qwen3.5 27B models. Grounding hint lowered MAE in M5 for Gemma 4 31B model,
but Qwen3.5 27B remained within the range of confidence interval. Ablation inference for

Chlorophyll showed MAEs that were higher than B,,q and B,,q.
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Figure A.1. Performance of Gemma 4 31B (blue) and Qwen3.5 27B (orange) under synthetic few-shot
(Syn FS), real few-shot (Real FS), and blind-ablation conditions on the real dataset across five progres-
sive in-context learning conditions (M1-M5). Panels (a—h) show syntax error rate, key-missing rate, DAP
MAE, plant count MAE, plant location CD, sun elevation MAE, sun azimuth MAE, and chlorophyll MAE,
respectively. Asterisks (*) denote exact values were included in M5 ground truth hint. Dash-dotted and
dotted lines indicate median and random guess baselines, respectively. Ablation omits the target image at
inference to test prompt priors against image evidence. Error bars represent 95% confidence intervals; let-
ters indicate significant differences (p < 0.05).
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