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INTRODUCTION
Nitrogen (N) plays a crucial role in crop productivity, yet its use in agriculture is often inefficient—less than half of the synthetic 

nitrogen applied is typically absorbed by crops. This inefficiency not only imposes significant costs on farmers but also 

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. 

Our project aims to address this challenge by developing scalable, high-throughput tools that use hyperspectral imaging and 

LiDAR technologies to monitor leaf nitrogen content and photosynthetic performance in wheat. By enabling precise, field-scale 

insights into crop physiology, these tools support informed agronomic decisions and the breeding of high-NUE crop varieties.

OBJECTIVES
• Quantify leaf N and photosynthetic capacity at scale using hyperspectral and LiDAR technologies

• Develop and validate machine learning models for estimating leaf traits from reflectance data

• Scale up predictions from leaf level to canopy and satellite level

• Support decision-making for farmers and breeders through accessible, cost-effective remote sensing tools

METHODOLOGY

Scaled Data Collection

Full range portable spectroradiometers 
• UK (RS-3500, Spectral Evolution Inc., USA)

• Australia (HR-1024i, Spectra Vista Corp, USA)

Specifications

• Spectral Range: 350–2500 nm

• Leaf clip with halogen light source

• Data logged to tablet/smartphone

Sampling Protocol

• Ten leaves per plot for reflectance

• Four leaves for gas exchange

• Remaining six leaves for reflectance only

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

Specifications

• Spectral Range: 350–2500 nm

• Spectralon panel for calibration and scaling

Sampling Protocol

• Ten leaves per plot marked with pink tape

Hyperspectral Imaging System (HSI)
• Mounted to Unoccupied Aerial Vehicle (UAV)

• Snapshot mosaic mode

Specifications

• Spectral Range: 460–920 nm

• 41 spectral bands

• Reflectance calibration

Sampling Protocol

• Flights at 50m, 80m and 120m Above Ground Level

• Sunlight variation correction

• Scan of whole field

• Orthorectification and georeferencing

• GPS coordinates of leaves

Orbital Sidekick GHOSt satellite
• Constellation of three technically identical hyperspectral

   imaging microsatellites (Sept 2024)

Specifications

• Spectral range 400-2,500 nm

• 468 bands

• 10 m spatial resolution

   Sampling Protocol

• Simultaneous Satellite overpasses and field campaign

Orbital Sidekick GHOSt

Param R2

Model 
SPAD gs J Vcmax A N

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
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2D Convolutional Neural Network (CNN)

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

MSE R2 MSE R2 MSE R2

1D CNN Leaf Level Spectra - 0.0066 0.074 0.0646 0.0648 0.0225 0.979

2DCNN HSI-LiDAR fusion 2.7 cm 0.148 0.067 0.03 0.468 0.398 0.8472

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

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).
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