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?@ Uncertainty in predicting land carbon uptake

Earth system models
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? Phenology

Phenology is the study of recurring plant and animal life history events and
how these are influenced by seasonal and interannual variations in
environmental conditions.
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Temperate forests

&' LAl phenology well tracks GPP seasonality
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Temperate forests
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Temperate forests
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%" Phenology and physiology explains annual GPP

Terrestrial GPP is jointly controlled by plant phenology and physiology
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Tropical forests
Cryptlc phenology in Amazonian tropical forests

Landscape evergreen Individual dynamics
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Source: Pheno-cam data (2013-2014) at a central Amazonian rainforest, Credit: Bruce Nelsor?



Phenology of leaf age and age-dependent V
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Tropical forests
Leaf age phenology explains GPP seasonality

drives tropical GPP seasonality
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2 Two aspects of leaf phenology

Temperate Deciduous Forest
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If fine-scale variabilities (phenology of leaf quantity
and quality) are important for understanding larger-
scale ecological processes, can we monitor them
from remote sensing?
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&' Potential solutions

High resolution satellite images for fine-scale plant
phenology monitoring

Vegetation spectroscopy for characterizing temporal and
spatial variability in plant traits
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MODIS

Sentinel-2

Landsat
Drone

« Enable individual-scale phenology « Allow for large coverage but
monitoring but with limited coverage. limited at the ecosystem-scale.
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PlanetScope

Composited by 190+ micro-satellites

3m

 Neardaily « 2018-present
A New Opportunity
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Crown-scale autumn leaf phenology
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Satellite Measurements
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Artifacts Biophysics
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Cross-sensor calibration
Multi-scale integration of satellite remote sensing
improves characterization of dry-season green-up
in an Amazon tropical evergreen forest
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) Vegetation spectroscopy

Spectroscopic (“hyperspectral”) remote
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Shawn Serbin, Staff Scientist,
Brookhaven National Laboratory

Pioneering work from Dr. Shawn Serbin

Whether the apporach can be generalizable across more
species, forest sites, and leaf age is still unknown.
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* Two temperate species

* Statistical modelling: partial
least square regression (PLSR)
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(@) Example species in Amazon
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t%@“‘

10 20

Age(days)

(b) Leaf spectra change with leaf age

0.6

o

Reflectance
o

2500

500 1000 1500 2000
Wavelength (nm)

Wu et al (2017) New Phytologist

) Temporal generalizability issues

Seasonal convergence in spectra-
physmloglcal trait relatlonshlp
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Cross-biome generalizability issue
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Number of observation

Cross-biome decoupling between
regular traitsand V,,,_, 5
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(&" A novel way to represent trait-trait relationships
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& Summary
g

e Leaf phenology is tightly linked to plant photosynthesis seasonality, and
there are two aspects of leaf phenology: quantity (i.e. leaf area index) and
quality (i.e. leaf biochemical and physiological traits)

e High (spatial and temporal) resolution PlanetScope satellites offer a
promising way to monitor crown-scale leaf phenology, with implications
for further understanding of individual-to-ecosystem phenological scaling.

e Hyperspectral remote sensing offers an effective and scalable means to
monitor spatial and temporal variability in leaf physiological traits.
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Email contact: jinwu@hku.hk
Lab webpage: https://wu-jin.weebly.com
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