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Supplementary Material

S1. Lloret et al [1] Disturbance Framework

The STL derived Q3 annual values were then fed directly into the Lloret et al. [1] disturbance
framework, which quantified community level response to each storm event using four dimensionless ratio
metrics. The same framework has similarly been applied in salt marsh and coastal wetland contexts by
Castagno et al. [2]. For each storm event, community mean Q3 index values were extracted for three
temporal windows namely;

Pre = community mean Q3 of (disturbance_q3_year) - 1

Dist = community mean Q3 of disturbance_q3_year

Post = community mean Q3 of (disturbance_q3_year) + 1

Where (disturbance_q3-year) is the Q3 year in which the storm disturbance signal first manifested in
vegetation. For storms making landfall in Q4 (Oct-Dec), the growing season peak had already passed so
(disturbance_q3_year) was set to the following calendar year’s Q3. Four metrics were then derived exactly
as defined in [1]

Resistance Rt = (dist) / (pre) (Rt < 1.0, disturbance year loss)

Recovery Rc = (post) / (dist) (Rc > 1.0, recovery above dist level)

Resilience Rs = (post) / (pre) (Rs >= 1.0, full resilience, post at or above pre)

Relative Resilience RRS = [(post) — (dist)] / (pre) (RRS > 0, net recovery gain)

Storm events were identified systematically from the HURDAT?2 Atlantic Basin hurricane tracks (1984-
2024) [3,4]. All storms passing within 300km of Shell Beach at Category 1 or greater intensity (>= 64 kt) or
within 100 km at tropical storm strength (>= 34 kt) (short named 300/100km) were accounted for under the
distance threshold for storms that likely had an impact on the study area. The thresholds were chosen based
on documented surge reach distances for Gulf of America systems, and these types of storms could drive
0.5m to 1.0m surge at Shell Beach [5]. A total of 22 storm events were identified and where multiple storms
affected the site within the same Q3 year, they were grouped together. The Lloret et al. [1] disturbance
framework was conducted using NDVI and NDII as complementary indices. NDVI quantifies
photosynthetic capacity through chlorophyll absorption, while NDII assesses canopy water content via
shortwave infrared reflectance [6,7]. The results were shown in Table S1 and Figure S1 below
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Figure S1. Lloret resistance-resilience scatter matrix

Table S1. Lloret disturbance framework analysis

Storm Event Year | NDVIRt | NDVIRs | NDII Rt | NDII Rs | KNDVIRt | KNDVIRs
Danny/Elena 1985 | 0.904 1.072 1.218 0.918 0.997 1.075
Juan (Catl) 1985 | 1.252 1.317 0.753 0.949 1.093 1.354
Beryl/Florence 1988 | 0.932 0.953 0.901 0.986 0.821 0.948
Andrew (Cat4) 1992 | 0.682 1.012 0.887 1.084 0.722 1.172
Erin (Cat2) 1995 | 1.172 1.297 1.345 1.492 1.176 1.456
Opal (Cat3) 1995 | 1.109 1.150 1.088 1.098 1.237 0.979
Danny (Catl) 1997 | 1.041 0.926 1.033 0.781 0.792 0.730
Earl/Georges 1998 | 0.909 0.926 0.744 1.028 0.924 0.936
Allison (TS) 2001 | 0.953 1.009 0.885 1.026 0.928 1.097
Bertha/Hanna/Isidore | 2002 | 1.060 1.099 1.190 1.126 1.185 1.234
Lili/Bill 2002 | 1.041 0.918 0.975 0.690 1.060 0.801
Ivan (Cat4) 2004 | 0.885 0.613 0.718 0.618 0.772 0.603
Cindy/Dennis/Katrina | 2005 | 0.869 0.986 0.866 1.167 0.790 0.992
Gustav (Cat2) 2008 | 1.247 0.680 1.091 0.979 0.952 0.839
Ida (Catl) 2009 | 1.059 1.031 0.935 0.811 1.134 1.054
Lee (TS) 2011 | 0.974 1.191 0.770 1.082 0.935 1.399
Isaac (Catl) 2012 | 1.225 1.026 1.536 1.580 1.513 1.065
Nate (Catl) 2017 | 1.037 1.290 N/A N/A 1.081 1.652
Barry (Catl) 2019 | 1.249 0.926 2.117 0.591 1.555 0.878
Cristobal/Sally 2020 | 0.739 0.906 N/A N/A 0.558 0.853
Zeta/Claudette/Ida 2020 | 1.236 1.288 N/A N/A 1.586 1.681
Francine (Cat2) 2024 | 1.024 0.981 1.403 0.672 1.058 0.973

52. Pre-Storm Early Warning Analysis

For each of the 22 storms identified in section 3.5, the site mean STL residual z-score in Q3 of the year
immediately before landfall was extracted as the pre-storm anomaly indicator. Because z-scores were
computed relative to the full 1984-2025 deseasonalized baseline, a negative z-score in the pre-storm year



indicated that vegetation was already suppressed relative to 42-year historical norms. This condition was
associated with elevated storm sensitivity in coastal marsh systems [8,9]. Two thresholds were applied and
reported separately in Table S2

Primary threshold: z < -1.0, one standard deviation below the deseasonalized long-term mean. A
departure of -1.0 SD corresponds to approximately the lowest 16t percentile of the historical distribution
and is the standard threshold in satellite vegetation monitoring [10]. In drought early warning frameworks,
-1.0 SD defines the boundary between near-normal and mild drought vegetation anomaly classes [11,12].
Its selection here was therefore consistent with the operation literature and represented a conservative
criterion, only pre-storm suppressions large enough to indicate meaningful stresses were flagged.

Secondary threshold: z < -0.5, a half standard deviation below the mean. A departure of 0.5 SD
corresponds to the lower 31st percentile of a normal distribution and identifies “below normal” conditions
that fall short of the one sigma anomaly criterion. Half sigma thresholds are used as “watch” or “advisory”
levels in drought monitoring systems to capture early-stage ecosystem stress before it escalates to the full
anomaly thresholds [13,14]. Including this secondary criterion allowed identification of events where pre-
storm vegetation were moderately but not severely suppressed, which is ecologically relevant in a coastal
marsh context where even pre-storm moisture stress can compound salinity-driven vulnerability [8].

However, this analysis was exploratory because storm impacts on vegetation dynamics depend on
multiple interacting factors such as storm track, surge height, antecedent water level, salinity, vegetation
community composition and winds, that cannot be reduced to a single pre-storm scalar. Our framework
characterised pre-storm baseline rather than predicting storm impact severity.

For most pre-MRGO storms (1984-1998), site mean z-scores were near zero or slightly negative,
consistent with the site still under active MRGO-driven degradation during that period. The low count of
primary threshold warning signals (2 of 22 events) in this 42-year context confirms that the 1984-2025
deseasonalised baseline is a substantially more demanding reference than shorter periods baseline where

any deviation from a 5-year normal period would constitute a warning signal.

Table S2. STL Z-score early warning metrics

Storm Event Year | NDVIz | NDIl z | KNDVI z | Warning z<-1.0 | Warning z<-0.5
Danny/Elena 1985 | -0.15 -0.03 -0.12 No No
Juan (Catl) 1985 | -0.38 +0.44 | -0.36 No No
Beryl/Florence 1988 | +0.30 +0.17 | +0.59 No No
Andrew (Cat4) 1992 | +0.25 +0.36 | +0.29 No No
Erin (Cat2) 1995 | -0.43 -0.52 -0.48 No yes
Opal (Cat3) 1995 | -0.02 +0.35 | +0.05 No No
Danny (Catl) 1997 | +1.10 +0.71 +1.55 No No
Earl/Georges 1998 | +0.14 -0.07 | +0.15 No No
Allison (TS) 2001 | -0.06 -0.05 -0.12 No No
Bertha/Hanna/Isidore | 2002 | -1.06 -0.66 -1.02 yes yes
Lili/Bill 2002 | +0.14 +0.17 | +0.24 No No
Ivan (Cat4) 2004 | +0.83 +0.44 | +1.16 No No
Cindy/Dennis/Katrina | 2005 | -0.11 -0.45 -0.09 No No
Gustav (Cat2) 2008 | -0.01 -0.09 -0.00 No No
Ida (Catl) 2009 | +0.14 +0.37 | -0.04 No No




Lee (TS) 2011 | +0.13 -0.02 +0.22 No no

Isaac (Catl) 2012 | -0.17 -0.53 -0.22 No yes
Nate (Catl) 2017 | -0.90 -1.14 -0.99 yes yes
Barry (Catl) 2019 | -0.57 -0.12 -0.68 No yes
Cristobal/Sally 2020 | +2.02 +1.98 | +1.95 No no

Zeta/Claudette/Ida 2020 | -0.48 -0.19 -0.55 No yes
Francine (Cat2) 2024 | -0.55 -0.88 -0.35 no yes

S3. Full Pairwise Sen Slope Analysis

The weak NDII-NDVI Pearson correlation (r = 0.590) in section 4.4 predicted that station-level trend
magnitudes should diverge between these indices. Implying that lots with rapid canopy moisture loss need
not show equally rapid structural biomass loss. The pairwise Sen slope scatter matrix in Figure S below
visualises trend agreement across all six index combinations at station level. NDVI-kNDVI slopes aligne
tightly with a high r, confirming their structural redundancy. Most station level Sen slopes were negative
for NDVI, NDII and kNDVI reflecting the dominant declining trend. NDVI-NDRE slopes showed
moderate agreement with NDRE slope spanning positive and negative values over the shorter 2015-2025
record. NDII-NDVI, NDII-kNDVI and NDII-NDRE scatter plots showed additional scatter relative to the
NDVI-kNDVI pair. A subset of stations showed more negative NDII slopes than their NDVI slopes,
indicating that canopy moisture decline was proceeding faster than structural biomass decline at those
plots. This NDII-NDVI slope divergence is ecologically consistent with plots experiencing physiological
water stress reflected in NDII at a greater rate than structural biomass changes as reflected in NDVI and
possibly due to residual salinity effects or altered inundation regimes in marginal community zones [15].



Station-Level Sen Slope: All Index Pairs — Shell Beach
(Each point = 1 CRMS transect plot; colour = vegetation community)
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Figure S2. Station level Sen slope analysis
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