Implementation of Python Software for Estimating Vegetation Properties

From Hyperspectral Satellite Data in the Prospect of CHIME
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Introduction

The CHIME mission will deliver routine hyperspectral data to support sustainable agriculture, climate change mitigation [1]
At the University of Valencia’s Image Processing Laboratory (IPL), the Level-2B Vegetation (L2BV) module for CHIME is being

iImplemented to retrieve vegetation-related biophysical variables in MATLAB, a commercial software [2]

ESA prefers open-source solutions, prompting a shift away from MATLAB for operational processors

To meet this requirement, the PyL2BV software package has been developed in Python, providing an open-source alternative
PyL2BV uses models from the ARTMO Toolbox, and a Python-based Gaussian Process Regression (GPR) retrieval method [3]
The aim is to evaluate the accuracy and efficiency of the PyL2BV software, with a focus on its GPR retrieval capabilities
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Figure 1. BOA reflectance data from: a) simulated CHIME (L2A), \K /
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Figure 2. Overview of the complete processing workflow used in the study

GPR models were trained using hybrid approaches with simulated datasets from radiative
transfer models (RTM) by the Soil Canopy Observation Photochemistry and Energy fluxes
(SCOPE) model. Datasets were further optimized with active learning, and principal
component analysis (PCA) was used for dimensionality reduction. [4]

Models were obtained for canopy vegetation traits: Leaf Area
Index (LAI), Canopy Chlorophyll Content (CCC), Canopy Water
Content (CWCQC), the Fraction of Absorbed Photosynthetic Active
Radiation (FAPAR), and Fractional Vegetation Cover (FVC). [5]

All models were trained and validated in ARTMO, using in-
situ data collected from Grosseto (Italy) and Munich North Isar
(MNI) field campaigns for LAI, CCC, CWC, and theoretical cross
&validation for FAPAR and FVC due to lack of available data.
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Figure 2. a) Location of field

campaigns and b) the MNI site /

- PyL2BV

PyL2BV (Python Level-2B Vegetation) is a Python software

Key Features:

package for processing ARTMO-based models on satellite images. [

— Command-Line Interface (CLI) and Graphical User Interface (GUI)
— Supported input image formats: ENVI Standard, CHIME netCDF
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— Performing PCA for hyperspectral images
— GPRretrieval for vegetation parameters e sadsetng e

— Customizable chunk-based parallel retrieval |t cmisime:
— Supports large-scale image processing

# PyL2BV far the retrieval of bicphysical variables

Run

Browse Input Type: EMVI Standard -

Browse | Image Conversion Factor: 0.0001

Chunk Size in Pixels: 300

— Automated ENVI and NetCDF exports

O https://github.com/mv-xion/PyL2BV

Figure 4. GU|l with input parameters "
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Figure 3. Validation statistics of the obtain GPR models for LAI, CCC, CWC, FAPAR and FVC,
result after applied to hyperspectral images of simulated CHIME (left) and PRISMA (right)
scenes. For the PRISMA scene both Mean and Uncertainty estimates are shown
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Conclusions

PyL2BV was successfully developed for the retrieval of biophysical variables using
ARTMO-trained models for hyperspectral images

Strong model performance allowed for accurate retrievals and fair comparison

While producing the same results, PyL2BV demonstrated notable computational
advantages over MATLAB L2BV for the GPR retrievals, both in runtime and memory

usage, due to its configurable chunk size and parallel processing

Only works with GPR, more MLRAs need to be implemented

Limitations and Opportunities of PyL2BV:

No corrupted pixel correction was incorporated at this stage

Heavy images need to be stored locally

Could be a base for future operational processors like CHIME
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