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INTRODUCTION RESULTS
Nitrogen (N) plays a crucial role in crop productivity, yet its use in agriculture is often inefficient—Iless than half of the synthetic
nitrogen applied is typically absorbed by crops. This inefficiency not only imposes significant costs on farmers but also 6 Positive relationship between N content and photosynthetic rate
contributes to environmental issues such as greenhouse gas emissions and water contamination. Improving nitrogen use
efficiency (NUE) is therefore a key priority for both sustainable farming and environmental protection. 200/ y=21+33x 300] y=72+36x 20 | y=3.8+2.2x
Our project aims to address this challenge by developing scalable, high-throughput tools that use hyperspectral imaging and ] R=0.54, p=2.3e-05 , R=0.57, p=6.5e-06 R=0.6, p=1.5e-06
LIDAR technologies to monitor leaf nitrogen content and photosynthetic performance in wheat. By enabling precise, field-scale o .
Insights into crop physiology, these tools support informed agronomic decisions and the breeding of high-NUE crop varieties. | _'_ | CE "
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OBJECTIVES S = E 2
« Quantify leaf N and photosynthetic capacity at scale using hyperspectral and LIDAR technologies E 1 — < g_ ¢« Med
 Develop and validate machine learning models for estimating leaf traits from reflectance data E g = e Hi
« Scale up predictions from leaf level to canopy and satellite level | — N _ _
« Support decision-making for farmers and breeders through accessible, cost-effective remote sensing tools L ’
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Linear models showing positive relationships with % N content with Rubisco carboxylation rate (left); RUBP regeneration (middle); and
PN VDV Triose phosphate utilization (right).
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Significant effects of N treatment and plots between percentage N content in leaves reported using ANOVA,
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leaf chemistry canopy scales at scale & researchers
PLSR 0.93 0.4 0.63 0.23 0.49 0.57
Ensemble 0.96 0.5 0.68 0.3 0.6 0.95
Single-CNN 0.92 0.07 0.51 0.22 0.35 0.90
Multi-CNN 0.92 0.01 0.62 0.3 0.6 0.87

MODELING APPROACH

Scaled Data Collection

N Full range portable spectroradiometers LS
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» Spectral Range: 350—2500 nm SR Data | cmas

* Leaf clip with halogen light source
 Data logged to tablet/smartphone

Sampling Protocol

 Ten leaves per plot for reflectance VLS S0 L
* Four leaves for gas exchange Cropped Leaf
» Remaining six leaves for reflectance only LIDAR Box

il Workflow of the modeling approach integrating hyperspectral drone imagery and fused LIDAR data. A 2D Convolutional Neural
Network (CNN) is employed to predict key plant physiological traits: SPAD (chlorophyll content), nitrogen concentration (N), and
maximum carboxylation capacity (Vcmax).

Data Modality Spatial Resolution SPAD [log()] Vcmax [log()]

2D Convolutional Neural Network (CNN)

Visible & Near Infrared (VNIR) and

Sortwave Infrared (SWIR) line scan spectrometers
« Pan-tilt scanning at 3-4 m above canopy
« Mounted to modified spray rig tractor

S ficati 1D CNN Leaf Level Spectra - 0.0066 0.0/74 0.0646 0.0648 0.0225 0.979

pecitications TSR :
. Spectral Range: 350-2500 nm 2DCNN SI-LIDAR fusion 2.7 cm 0.148 0067 003 0468 0398 0.8472
o Spectrak)n pane| for calibration and SCa"ng 2D CNN HSI-LIDAR fusion 4.3 cm 0.00422 0.053 0.087 0.429 0.2 0.8724
2D CNN HSI-LIDAR fusion 6.7 cm 0.013 0.274 0.058 0.413 0.369 0.859

Sampling Protocol
* Ten leaves per plot marked with pink tape

CONCLUSIONS

This study highlights the potential of remote sensing tools—particularly pre-trained convolutional neural networks
applied to hyperspectral and LiDAR-fused drone imagery—for predicting key photosynthetic traits such as SPAD,
nitrogen concentration (N), and Vcmax. The modeling approach demonstrated encouraging accuracy in estimating
physiological characteristics across genetically diverse wheat genotypes, emphasizing its utility for high-throughput
phenotyping and crop monitoring. However, the limited availability of ground-truth data, driven by a short and weather-

Hyperspectral Imaging System (HSI) constrained field season, restricted the size and diversity of the dataset. These limitations introduced risks of
* Mounted to Unoccupied Aerial Vehicle (UAV) overfitting and reduced the generalizability of the results. Future work should prioritize expanding the dataset across
» Snapshot mosaic mode multiple seasons and environments to strengthen the robustness and scalability of remote sensing-based trait

Specifications prediction models.

« Spectral Range: 460-920 nm
« 41 spectral bands

« Reflectance calibration ACKNOWLEDGEMENTS

Sampling Protocol
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Orbital Sidekick GHOSt satellite

» Constellation of three technically identical hyperspectral

imaging microsatellites (Sept 2024) This research has received funding through the UK-Australia Earth Observation for AgroClimate programme (EO4AgroClimate).

Specifications
« Spectral range 400-2,500 nm

* 468 bands
* 10 m spatial resolution
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