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Abstract

Plant phenotyping enables quantitative monitoring of crop performance and stress
responses. The LI-COR LI-600 is the gold standard for non-destructive leaf-level
physiological measurement. However, it is slow, labour-intensive, and costly, limiting
its suitability for large-scale or high-frequency studies. Remote sensing via satellites
or UAVs enables large-scale monitoring but faces resolution and environmental
limitations. Proximal imaging, conducted within 1-2 metres of the plant canopy,
allows substantially higher spatial and temporal resolution. This enables yield and
biomass prediction and pest, disease, and weed identification, all are difficult to
perform reliably at UAV or satellite scales.

This thesis describes the design and evaluation of robotic High-Throughput Phe-
notyping Systems (HTPS) using proximal RGB and multispectral imaging. Two
gantry-based robots were developed: a 3 � 6 m RGB HTPS for greenhouse imaging
of potted oats, and an outdoor raised-bed HTPS using a custom multispectral camera
to image oat and barley rows. Both systems were paired with LI-COR measure-
ments; yield and biomass were measured outdoors. The image processing compared
conventional plant phenotyping metrics with three deep learning models (ResNet50,
Swin, EfficientNet-B5) to predict plant parameters.

This thesis answers two key research questions: (1) Can proximal RGB imaging
predict LI-COR physiological measurements for individual oat plants in a greenhouse
setting? The SWIN transformer achieved a prediction R2 = 0:27 for leaf vapour
pressure and R2 = 0:40 for leaf vapour pressure deficit, and an R2 = 0:41 for stomatal
conductance. (2) Can proximal multispectral imaging estimate LI-COR physiological
metrics, yield and biomass for oats and barley in outdoor field conditions? In field
conditions, the SWIN transformer achieved a prediction R2 = 0:78 for leaf vapour
pressure, an R2 = 0:67 for leaf vapour pressure deficit, and an R2 = 0:29 for stomatal
conductance. Resnet predicted yield in oats with R2 = 0:52 and biomass in oats
and barley combined with R2 = 0:56. Two new datasets were produced and will be
publicly released, including the first documenting visible predation in cereal crops.
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Chapter 1

Introduction

1.1 Broad Context

Modern plant phenotyping enables researchers and farmers to assess crop perfor-

mance and respond to environmental stress in a timely and data-driven manner.

Regenerative agriculture in particular depends on detailed insight into plant responses

to environmental inputs such as drought, nutrient availability, and soil structure.

While precision agriculture has made strides in crops like vegetables [3, 4, 5, 6] and

vines [7, 8], cereal crops such as oats remain under-explored. This is despite their

central role in global food systems, as cereals account for roughly 50% of global

caloric intake and 41% of protein according to the United Nations [9].

Row crop farmers face a mix of pressures: labour shortages, weather-driven timing

constraints, and the need to raise output while protecting soil and margins. While

precision agriculture tools and methods can help alleviate these, various adoption

frictions come up repeatedly in recent surveys and farmer interviews. These include

high up-front cost with uncertain return on investment, technical complexity, weak

interoperability with existing equipment, limited training, and-most relevant to this

thesis-too much non-actionable data [10].

A recent study [10] combined a literature review with interviews of Irish and Atlantic-

European farmers to map farmer needs to current technologies. One theme has

stood out and is the main driver of this thesis: Farmers value per-plant, actionable

outputs when those outputs shorten the path from detection to intervention (spot

spraying, narrow-row mechanical weeding, targeted scouting). This is opposed to

the gathering of large amounts of data that is di�cult to act upon in practice.

1



Chapter 1. Introduction 2

In this context, there is a growing need for a�ordable, high-throughput phenotyping

systems (HTPS) that provide interpretable and actionable information at the plant

level. Such systems must balance the precision of direct physiological measurements

with the scalability of imaging-based methods, bridging the gap between scienti�c

measurement tools and on-farm decision making.

This work sits within Maynooth University's Automating Regenerative Agriculture

(AURA) project, whose goal is to develop a fully electri�ed, automated robotic

system capable of large-scale regenerative farming. The platform will integrate a

HTPS to generate per-plant, actionable measurements at �eld scale and frequency,

closing the loop between sensing and intervention. This thesis provides the imaging

foundations for that platform: it evaluates sensor modality and pose, de�nes targets

and metrics most predictive of LI-600 physiological traits, informs AURA's sensor

selection, mounting geometry, and software stack [11].

1.2 High Throughput Phenotyping Systems

The LI-COR LI-600 Porometer/Fluorometer is the current gold standard for collecting

accurate, direct measurements of plant physiological traits non-destructively in the

�eld. Measurements are typically taken from the top-most fully expanded leaf, as it

is the most physiologically active and �rst to exhibit visible symptoms of water stress.

While accurate and reliable, the LI-600 is a handheld instrument requiring manual

alignment and stabilisation, and its throughput is typically limited to approximately

60�120 measurements per hour. As a result, it is poorly suited to large-scale or

high-frequency phenotyping work�ows, except as a source of ground-truth data for

training models.

To overcome these limitations, a range of HTPS have been developed to automate

or accelerate plant trait measurement. HTPS are automated or semi-automated

platforms designed to capture large-scale plant trait data using imaging, spectrometry,

or other sensor modalities. UAVs are a great example, able to capture data over

large areas, up to hundreds of hectares per �ight. While making up completely for

the biggest pain-points of handheld measurement, it introduces new issues. The

downwash created by multi rotor drones can move leaves and alter the microclimate,

such as reducing canopy temperature [12]. The low-level ag airspace is full of

potential hazards, such as trees, poles, and wires. Area per image scales with the

square of altitude, so reducing mission height leads to approximately quadratic

increases in �ight time (assuming roughly constant overlap and �ight speed). This
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is compounded by lower �ight heights requiring slower �ight speed to avoid motion

blur. This increase in �ight time means more battery swaps. All of these factors

combine to typical drone imaging mission altitudes of 40m - 100m [13].

This results in a ground sample distance (GSD) greater-than-centimetre in realistic

missions, this kind of resolution doesn't allow measurement of important metrics

like yield through individual grain counting. It must be noted that sub-mm has

been shown in very specialized setups. For example; one study [14] used a 135 mm

lens at 10 m height resulting in a resolution of around 0.3 mm/px. They manually

positioned, aligned and hovered over each plot for taking images. This approach

is di�cult to scale due to long mission times, battery constrains, GNSS resolution

errors forcing manual operation and the inherent risk of �ying at such low altitudes.

UAVs are also at the mercy of the elements, with drone manuals prohibiting �ight

missions in rain and strong wind [15]. This is of particular importance in counties

like Ireland, where the number of wet days in 2024 ranged from 129 to 220 depending

on location [16].

Another avenue of remote sensing is satellite imaging. They o�er repeatable time-

series with useful spectral bands, Sentinel-2 for example provides 13 spectral bands

(four at 10 m GSD, six at 20 m GSD, three at 60 m GSD), covering a 290 km swathe

of ground per pass, with a revisit schedule of approximately 5 days [17]. While

speci�cs di�er, other satellites operate on similar magnitudes of scale. This makes

satellite data ideal for large-scale variability mapping and seasonal trend analysis.

Their coarse GSD and weather sensitivity generally make them less suitable for

plant-level diagnosis and fast intervention - ie. actionable data that farmers want.

Sitting somewhere in between UAV remote sensing and handheld sensor measure-

ments, is proximal imaging. Proximal imaging in agriculture refers to ground-based

sensing of crops from within the �eld at short stand-o� distances using cameras or

spectrometers mounted on handheld rigs, gantries, tractors or �eld robots. This

approach enables much higher spatial and temporal resolution than UAV or satellite

systems, while maintaining practical coverage and operational stability. If the camera

is mounted on a �eld robot, mission duration becomes far less of a limitation than

in UAV-based imaging, as battery weight is not a signi�cant constraint on ground

platforms. Robotic systems also o�er the opportunity for seamless integration of

imaging with other �eld operations such as pruning, harvesting, or targeted spraying.

This enables repeatable, high-frequency data collection either as a dedicated pheno-

typing task or as a by-product of regular �eldwork. Moreover, the data gathered

in real time can directly inform autonomous decisions, such as precision weeding or

spot spraying, creating a closed loop between perception and action.
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Although close-range imaging inherently requires longer mission times to cover a

given area, this trade-o� is less critical than for aerial systems because ground

robots can operate continuously and autonomously. The short stand-o� distance

also unlocks new sensing possibilities: at proximal range, it is simple to achieve

sub-millimetre GSD, a level of detail di�cult to obtain from UAVs. Such resolution

enables a new scope of analysis, including individual grain counting, lesion and pest

detection, as well as assessment of subtle morphological cues such as leaf wilting,

texture, or glossiness.

Finally, because the sensor height above the soil is �xed and known, it becomes

possible to estimate absolute plant height directly from onboard depth sensors or

stereo vision. This additional geometric information complements spectral and colour

data.

1.3 LI-COR LI-600 Physiological Metrics

The LI-600 provides accurate, non-destructive measurements of key leaf-level phys-

iological traits. The main parameters used in this work are summarised below to

clarify their biological signi�cance and their relationship to plant water status and

stress responses.

Stomatal conductance to water(gsw) is a measure of the degree of stomatal openness

and density.This measurement can be useful for phenotyping and indicates a plant's

physiological response to its environmental condition. [18]

Total conductance to water vapour(gtw ) is the combined measure of gas exchange

through the stomata, boundary layer, and sometimes the cuticle, representing the

plant's overall capacity for gas exchange. It was excluded from subsequent analy-

ses because it was found to be a scaled version ofgsw, providing no independent

information.[18]

Leaf vapor pressure(VP leaf) is the partial pressure of water vapour in the leaf microen-

vironment, while vapor pressure de�cit (VPD leaf) indicates the di�erence between

the leaf's vapour pressure and the saturation vapour pressure of the surrounding air.

[19]

Leaf H2O mole fraction (H2Oleaf) represents the proportion of water vapour near

the leaf surface, andleaf temperature(T leaf) is the thermal measurement of the leaf,

in�uencing physiological processes and gas exchange. The Tleaf column was excluded
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from subsequent analyses because the LI-600 dataset contained corrupted values.[18]

Steady-state �uorescence(Fs) refers to the constant �uorescence emitted under

continuous illumination, while maximum �uorescence(Fm ) is maximum �uorescence

yield in a light-adapted leaf. Both are typically high in healthy plants, re�ecting

e�cient light absorption and energy transfer.[18]

In general, stomatal conductance decreases under water stress as stomata close

to reduce transpiration. Leaf temperature increases under drought due to limited

evaporative cooling. Increasing vapour pressure de�cit indicates greater transpiration

demand, while lower leaf vapour pressure and H2O mole fraction values may signal

stomatal closure and reduced moisture retention. These relationships make the LI-600

parameters valuable ground-truth indicators of plant water status for calibrating

imaging-based models.

1.4 Imaging Modalities and Experimental Systems

Predicting stomatal conductance, water-related parameters, biomass, and yield using

multispectral imaging is a well-established practice in precision agriculture. Numerous

studies across di�erent crops [20, 2, 21, 22] have demonstrated that vegetation indices

and end-to-end machine learning models applied to multi-band data can estimate

these metrics with reasonable accuracy.

However, there is a clear gap in the literature regarding how well multispectral imaging

can predict LI-600 physiological parameters-particularly in oats and barley-and an

overall lack of research on the use of proximal imaging for this purpose. Most existing

work relies on UAV-based data, where the achievable spatial resolution and imaging

frequency are constrained by �ight logistics and regulations. This raises an important

question: at close range, where sub-millimetre detail and stable environmental

conditions are achievable, do the additional spectral bands of a multispectral camera

provide a meaningful advantage over RGB imaging? To address this, we designed

two complementary robotic HTPS: one equipped with RGB cameras for controlled

greenhouse experiments, and another incorporating a custom-built multispectral

(RGB+red edge (RE)+ near infrared (NIR)) camera for outdoor �eld imaging. This

dual approach enables a direct comparison between RGB and multispectral imaging

modalities under otherwise similar conditions, allowing us to evaluate whether

increased spectral complexity improves prediction of these physiological parameters

at proximal range.
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