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Introduction Results

Effect of different Cloud Score+ threshold on the classification overall accuracy Effect of diffferent Cloud Score+ threshold on the classification mean F1 Score
Background/Situation:
e Venezuela has many seagrass meadows (vera et al., 2008).
e There is currently no nationwide seagrass map for Venezuela, only a I I
collection of polygon and point data (UNEP-wcCMC & Short, 2021) as well as two = I
mapped islands (Wabnitz et al., 2009; Schweizer et al., 2005).
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Figure 2. Overall accuracies (left) and Mean F1 score (right) per classification using the four classes. MT — Standard full archive
especia”y When fa Ced W|th the invasive Ha/oph[la Sﬁpulacea (Vera etal., 2014; multitemporal composites (no valid thresholds), CS — Multitemporal composites using the Cloud Score+ pixel quality score cloud for cloud
masking, CDF — Multitemporal composites using the Cloud Score+ cumulative distribution function for cloud masking.
ROd riguez et al <y 2018) . Effect of different Cloud Score+ products on the ensemble map's overall accuracy Effect of different Cloud Score+ products on the ensemble map's F1 Score

Challenge:

e Seagrass data is mostly dispersed across the nation. As such, an established > | |
multitemporal approach could be used as an initial stopgap approach to |
Map seagrasses (Traganos et al., 2018; Blume et al., 2023). 00 ) .
e The presence of clouds causes issues with image quality, which cannot be I I | I l ' I l I l I

fully mitigated by multitemporal composition alone. To better manage the

Figure 3. Overall accuracies (left) and Mean F1 score (right) per ensemble (binary, seagrass/non-seagrass) classification map.
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cloudy pixels, the Cloud Score+ Product was used to identify and mask out
Cloud Score+ Pixel Quality Cloud Score+ Pixel Quality Cloud Score+ Pixel Quality

(Year 2022, Ensemble) (Year 2022-2023, Ensemble) (Year 2023, Ensemble)

cloud pixels (Pasquarella et al., 2023). RGB Layer
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e Produce an initial seagrass map of Venezuela.

e Explore the use of Cloud Score+ to improve the image composites.
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Bathymetry composites (CDF) +  Bathymetry & Slope Figure 4. Sample ensemble (binary, seagrass/non-seagrass) classification performance of the standard composite and the various Cloud
GEBCO N 7 Score+ products, ensembled across different thresholds for the different time ranges. The RGB composite of the reef north of Dos
Venezuelan Hydrological . . .
Map t Ensemble map creation Mosquises, Los Roques, Venezuela, is provided on the top-left for reference.
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Expert knowledge » Ground truth data 4 A 1. Validation accuracies
Vector Preprocessing MT, CS, CDF .
S T . Data cleon s ( ) Cloud Score+ performance:
Information System ViSUB”'f interprete d E Tra.ining—"u"alidatiﬂn data 5
split (70:30) . Seagrass maps . . “« ” .« g . .
(OBIS) data ,‘ ; T o e (Quantitatively “worse” than MT (no statistical comparison done); CS and

CDF products perform similarly, with CS being “slightly better”.

Image processing: , , , ,
e No perceivable improvement in overall accuracy and F1 score with

e MT products span over the full archive, as well as only for 2022 and 2023. ensemble combining, despite less noisier maps.

CS and CDF products cover 2022 and 2023 for now (Pasquarella et al., 2023). o ,
e Cloud Score+ products only limited to 2022 and 2023; On-going work to

e The CS product uses a pixel quality score, while the CDF uses a distribution create them for the earlier images (Pasquarella et al,, 2023).

funCtIOI'\ Value. Higher CS th FEShO|dS Percentage of Valid pixels retained after Cloud Score thresholding .
e More temporally representative than MT maps.

may result in missing pixels (Figure M1). h
e |gnores other factors such as sunglint or cloud shadows over water pixels.
Vector processing: -
; Future direction:
e Four classes: Sand, Seagrass, Coral, and
Turbid foo e Production of an estimated seagrass areal coverage.
e Species identification is currently not possible, requires more work.
Classification & Ensembile: -
e All the products of each method (MT, Refe rences
CS, CDF) were ensembled ‘ ‘ ‘
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Towards global-scale seagrass mapping and monitoring using Sentinel-2 on Google Earth Engine: The
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