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Shifts in flowering phenology are reported as an effect of climate change during the
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last decades. Therefore, quantifying flowering traits, such as color, floral density, ““““ e
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Flower pigments absorb light along the spectral range between the ultraviolet and

shortwave infrared (~300-800 nm), depending on their chemical structures. Image et N of clusters. For each ‘\ ‘ areas (d). Comparing the averags
spectroscopy can measure the amount of light reflected, absorbed, and transmitted i N | pixel, GMM calculates the - =5 I | residual reflectance (yellow line)
probabilities of belonging to against the population of flowering

pixels (gray profiles).

by such pigments across different spatio-temporal scales. We explore how flowers each cluster.
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Data were acquired from February to May

contribute to canopy spectral signals by using airborne remote sensing for

- : : : : - - 2022, in the Nature Conservancy’s Jack and
monlto_rlng and detecting blooming dynamics at high spatial, spectral, and temporal Laura Dangermond Preserve over the north
resolution: coastline of the Point Conception and 70 km

Flowering dynamics

northwest of Santa Barbara, California. Flowering & W} flowering
| (04/1212022) AR S (uR02022) o4 Multitemporal reflectance spectral from flowering pixels - -
* Characterizing the spectral variability within a pixel. P P gp Flowering spectral features are characterized by weak blue
. 03 absorptions and gradient temporal variations within the green
* Mapping flowering areas. Mapping workflow ' and red spectral range.
®* Revealing specific phenophases across species. | 502 \//v
Spectral Mixture Residual l 2 /w \J\—/\_\
Reflectance imagery Linear Unmixing * « A//\\ j\,\,./\w -
Computing modeled . - . . 0.1 M Hyperspectral vegetation indices (HVIs) are
_ ) |, eflectance | Difference = . PCA , Gaussian Mixture mathematical formulations of spectral narrow
Data collection and processing by area-weighted [Observed - Modeled] Analysis Model (GMM) 0 bands that quantify plant functional traits. HVIs
Field Pure Spectra sum 377 658 938 1219 1499 1780 2060 2340 often combine many continuous bands to
(Leaves, Flowers, Soil, — i Wavelength (nm) capture spectral profile features, such as
@) | Data collection: Weekly time series imagery from @) | Processing: Raw radiance swaths are Water®) Pre-blooming Flowering Flowering Flowering End-Flowering Post-Flowering slopes, curvatures, and absorption depths.
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The MEBI time series reveals specific flowering cycles, and the RENDVI leaf shows emergence/senesce sequence phenophases across the
two main species (e.g., Coreopsis Gigantea and California Sagebrush) in the flowering areas.

the two most extensive species observed in the
sampled plots.
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A typical 5 m pixel may contain several individual plants of different
species, flowers, soil, and shadows with highly variable fractional

Field spectra gathered from blooming plots at leaf, flower, and canopy levels.
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Principal Components (PC)
analysis

350 500 650 800 950 1100 1250 1400 1550 1700 1850 2000 2150 2300 2450
Wavelength (nm)

[ ] o0 [ N N J
0N WA WwN HX

9 Modeling: Field spectra and processed reflectance G Analysis: Mapping flowering events from 0 Angel, Y.; Shiklomanov, A. Remote Detection and Monitoring of Plant Traits: Theory and Practice. Annual Plant Reviews. 2022, 5, 3. DOI:
images are used to investigate the spectro-temporal modeling spectro-temporal dynamics over the : The first three Principal Components (PC) of a hyperspectral 10.1002/9781119312994.apr0778 _ _ - _ | -
variation and spatial distribution of flowering course of the season, from pre-blooming to post- 0 M o reflectance image capture broad mixtures of vegetation, soil, and l/;/t/:\S/_)-/ 5_202t2)- Ca/lfoml/a Fle/g 1%6;77/0?;9” Is fH%ng SC{enfl_sz F/’ff?tecf D’V?rfe ECtOSytS;?mS- Climate tChange: Vital Signs of the Planet.
species using spectral unmixing and Bayesian flowering - stages. Greenness and flowering 5 dark components; in contrast, PC1 and PC2 of a mixture residual | | Sousa, D., Brodick, P Cawse-Nicholson, K., Fisher, J. B., Pavick, R. Smal, C.. & Thompson, D. R. (2022). The Spectral Mixture
Clustering techniques. analysis based on hyperspectral vegetation 40 20 0 20 40 ©c g o 2 = image comprise the main spectral differences between the mixed ResidL’/a/: A Source ’of L’ow-Variance lnfor/';73ti<;n fo E/;hance’ the Exp}ainébi/ity a;7d Accuracy of Su}face Biology and Geology Retrievals.
Indices. MRR-PC1 (57%) T w0 endmembers. Journal of Geophysical Research: Biogeosciences, 127(2), e2021JG006672. httos://doi.org/10.1029/2021JG006672




