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In riverine ecosystems, flood disturbances govern the distribution and assembly of vegetation communities.
However, anticipated connections between disturbance regimes and habitats often cannot be numerically
described as the quantification of disturbances remains challenging. This work presents a novel approach to
numerically characterize disturbance patterns in a spatially and temporally explicit way. For this, a dense time
series of flood extents was created applying a semi-automated water detection approach to multispectral optical
satellite data (Landsat 4, 5, 7, and 8; Sentinel-2) to an 8-km stretch of the alpine Lech River in Tirol, Austria.
Twelve multitemporal metrics referred to as Flood Indicators (FIs) were derived and compared to habitat classes
formed by vegetation communities as observed in field campaigns in July 2020 and 2021.

The FI values indicated high disturbance intensities for areas with early successional habitat classes, whereas
little to no disturbance were related to late successional classes. This is in accordance with the presumed suc-
cessional pathway of riverine vegetation communities. We observed numerous significant differences in FI values
among early successional classes, supporting the assumption that flood disturbance is a dominant factor shaping
the corresponding habitats. In late successional stages, the FI values differed less among the vegetation classes,
pointing that other processes are more important in shaping the vegetation community in these stages.

The observed relationship between vegetation communities and the satellite-derived disturbance measures
underlines the potential of the presented approach to characterize riverine disturbance regimes. Given the global
availability of satellite data, the approach should be easily transferable to other study areas.

1. Introduction

Riverine ecosystems are strongly shaped by disturbances and a clear
causal link between flood disturbances and riparian vegetation com-
munities has been identified in earlier studies (Resh et al., 1988; Tockner
and Stanford, 2002; Tiegs et al., 2005). Pickett and White (2005) define
a disturbance as a “discrete event in time that disrupts the ecosystem,
community, or population structure and changes resources, substrate
availability or the physical environment”. Biomass is destroyed, organ-
isms are removed, and space is cleared for recolonization (Townsend,
1989; Pickett et al., 1999; Grime, 2006). A disturbance can be described
using three dimensions: magnitude, frequency, and size (Pickett and
White, 2005). Although disturbances often occur during a short time
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period compared to the life span of affected species, they have lasting
effects (White, 1979).

Driven by the pulsing of the river discharge, riparian ecosystems are
highly heterogeneous and dynamic (Tockner et al., 2000; Naiman et al.,
2005; Camporeale et al., 2013). The river’s hydro-regime with its flow
extremes (floodings) defines and shapes river ecosystems with its ri-
parian habitats and plant communities (Poff et al., 1997; Pettit et al.,
2001; Stromberg, 2001; Lytle and Merritt, 2004; Perona et al., 2009;
Gurnell et al., 2012; Egger et al., 2013; Gurnell et al., 2016). Particularly
in braided river ecosystems, flood disturbance initiates erosion, sedi-
mentation and relocation processes which determines different lateral
vegetation compositions (Gurnell et al., 2016) and interferes with plants
on a physical and a physiochemical level (Townsend, 1989; Bendix,
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1997). On a physical level, floods can exert shear stress and sediment
erosion, leading to physical damage and uprooting; sediment deposition
can result in plant burial. On a physicochemical level, flooding can
saturate soils and inundate plants, leading to anoxia and, consequently,
impeded photosynthesis (Bendix, 1997; Bendix and Hupp, 2000; Gars-
sen et al., 2015). Vegetation, however, also influences its environment.
Roots anchor sediments, aboveground vegetation parts decrease water
flow speed which leads to sediment deposition, and vegetation branches
and leaves physically trap sediment particles (Abbe and Montgomery,
2003; Fetherston et al., 1995; Gurnell, 1997; Han et al., 2020). Vege-
tation is hence acting as a riparian engineer (Gurnell, 2014; Surian et al.,
2015; Vesipa et al., 2015).

The interplay between vegetation and disturbances leads to the
forming of distinct spatial patterns (Gurnell and Grabowski, 2016) with
disturbances providing the physical template for stream communities
(Poff and Ward, 1989). In riverine ecosystems, sites with different
disturbance regimes are in close proximity to each other. On a small
scale, habitats range from newly disturbed barren shorelines to mature
riverine forests (Townsend, 1989; Tockner et al., 2006). Areas close to
the river are ecotones between aquatic and terrestrial ecosystems
(Tockner and Stanford, 2002; Naiman et al., 2005; Tockner et al., 2010)
and can be characterized according to their disturbance regime
(Townsend, 1989; Formann et al., 2014).

Even though interactions between vegetation and hydro-
geomorphological disturbances are well described, little quantitative
research has been done on this topic for notable spatial extents as it is
difficult to find ecological meaningful measures of hydrological vari-
ability here (Gurnell et al., 2016; Puckridge et al., 1998), in particular on
large spatial scales. To effectively manage or even restore riverine sys-
tems, we need a sound understanding of the processes and parameters
that characterize disturbance regimes (Richter et al., 1996; Tockner and
Stanford, 2002; Rusnak et al., 2022).

To better numerically describe the influence of the disturbance
regime on local vegetation communities, we require data that are a)
spatially explicit, b) available at fine grain to depict local effects, and c)
have a high temporal resolution (Pickett et al., 1999; Tockner et al.,
2000). Although long-term field sampling is an approach to obtain such
data (Pollock et al., 1998), this is associated with a high workload and
high costs for continuous resampling (Rusnak et al., 2022). Moreover, a
long time period is needed to obtain an ecologically meaningful time
series (Rusnak et al., 2022).

An alternative approach to create dense time series of spatially
explicit flood disturbance data is the use of hydrological models based
on digital elevation models (DEM) and measured gauge data to calculate
flood extents (Egger et al., 2017). Although compared to field sampling,
the workload decreases, the use of a static DEM is problematic as
changes in height due to sediment erosion and deposition are not
considered (Abbe and Montgomery, 2003; Vesipa et al., 2015; Vesipa
et al., 2017).

A third approach is the use of remotely sensed passive optical data
(Betz et al., 2023). Remote sensing is increasingly being used in habitat
classification and mapping (Borre et al., 2011; Corbane et al., 2015;
McMahon et al., 2024). Time series of airborne RGB aerial images have
already been used since the 1990 s to detect flood extents and analyze
the influence of flooding on vegetation. In previous studies, flood extents
were often digitized manually, which provides high spatial accuracy but
limited temporal resolution (e.g., Parsons and Gilvear, 2002; Tiegs et al.,
2005; Picco et al., 2017). This increases the likelihood that most critical
high- or low-water situations are missed (Tiegs et al., 2005; Muro Martin
et al., 2020; Rusndk et al., 2022).

Higher temporal frequencies (at the cost of lower spatial resolution)
can be achieved with the use of satellite images (Ozesmi and Bauer,
2002; Guerschman et al., 2011), which also allows for automated water
detection as more spectral bands are available (Ozesmi and Bauer,
2002). Nevertheless, the number of used images and, thus, the temporal
resolution are limited (e.g., Bertoldi et al., 2011; Thomas et al., 2011;
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Marchetti et al., 2020; Fu et al., 2020).

To use the full potential of available satellite time series and create
dense flood disturbance history data sets, all available satellite images
should be used. This became possible during the last years as cloud
computing power increased and satellite images have become freely
available (Tulbure and Broich, 2013; Mahdianpari et al., 2018). To our
knowledge, up to now, most studies that took advantage of full time
series or at least numerous time steps used satellites with low spatial
resolution (e.g., Islam et al., 2010; Deng et al., 2014; Huang et al., 2014
all used MODIS with a 500-m pixel size). To analyze local disturbance
effects instead of large-scale patterns, satellite data with a higher reso-
lution are preferable (Mueller et al., 2016). Such higher resolution is, for
example, provided by the Landsat and Sentinel-2 missions. Their com-
bination of comparatively high spatial and temporal resolution may
enable new pathways to numerically describe fluvial disturbance pat-
terns and regimes and their effect on the vegetation communities (Betz
et al., 2023).

In our study, we combine Landsat (longest possible time series of
more than 35 years) and Sentinel-2 (high spatial and temporal resolu-
tion) images to derive proxies for the hydrogeomorphological distur-
bance regime of an alpine river. The spatially explicit dense time series
of flood disturbance events created from satellite images allows us to
relate currently observed vegetation communities to the historical,
satellite-observed flooding regime (Poff and Ward, 1989; Fausch et al.,
2002). We address the following research questions:

(I) Which dimensions (time, space, magnitude) of hydro-
geomorphological disturbance can be described using satellite
data?

(II) How are the proposed indicators of flood disturbance related to
vegetation communities?

2. Methods
2.1. Study area

This study was conducted at an 8-km-long stretch of the Lech River
located at approximately 900 m a.s.l. near the village Forchach on the
northern edge of the European Alps in Tyrol, Austria (Fig. 1). Here, the
river flows in a braided channel network with extensive and constantly
changing gravel banks, maintaining an extraordinary diversity of habi-
tats (Miiller, 1996). The main sediments are limestone and dolomite,
whose coarse structure promotes the development of nutrient-poor soils
with a low water storage capacity (Mueller, 1988; Scheurmann and Karl,
1990). The local climate is humid-continental (Dfb sensu Koppen and
Geiger, 1930; Kottek et al., 2006), with a mean annual temperature of
8.1 °C and an annual precipitation of 1418 mm (reference station:
Reutte, Auer et al., 2021). The river regime is nivo-pluvial, with peak
discharge mainly caused by snowmelt in mid-summer and increased
discharge caused by precipitation in autumn (Mader et al., 1996). As the
study area is relatively small, we assume the climate and weather pat-
terns to be relatively constant over all samples.

We focused our analysis on a core area which included all areas that
were detected as at least once flooded using the hereafter described
approach. Areas where water detections were implausible (steep terrain,
settlements) were excluded. This core area was buffered by a 150-m
zone to show the discriminatory power of the flood indicators against
areas outside the river basin (Fig. 1).

2.2. Remote sensing analysis

We acquired optical imagery from the Landsat 4, 5, 7, and 8 and
Sentinel-2 missions using Google Earth Engine (GEE; Gorelick et al.,
2017) (Table 1). The following steps were applied to each image to
obtain a continuous time series of water and land observations for each
pixel:
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Fig. 1. Map of the study area. The study area is located (a) in Central Europe in Austria, (b) surrounding the Lech River including all areas that were at least once
detected as flooded (core study area, dashed blue line) and their 150-m surroundings (complete study area, dashed black line) in an 8-km river stretch close to
Forchach and Weiienbach, Tyrol. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

Table 1

Satellite images used in the time series analysis. Image collection: Level 2 Tier 1
— atmospherically corrected surface reflectance, highest available data quality;
Level 1C — Top of the atmosphere, used instead of surface reflectance (i.e., Level
2) as 1C pictures were available from June 2015, surface reflectance was only
available from March 2017. The used Landsat time series ends with the start of
continuous Sentinel-2 observations, Sentinel-2 ends with the beginning of the
field sampling.

Sensor Total Number of Image Start End
number of images after collection date date
images visual exclusion

Landsat 4, 868 249 Level 2 28/ 28/

5,7 Tier 1 03/ 06/
1984 2015
Landsat 8 56 20 Level 2 27/ 29/
Tier 1 04/ 06/
2013 2015
Sentinel-2 413 325 Level 1C 04/ 22/
07/ 07/
2015 2021
All 1337 594 28/ 22/
Sensors 03/ 07/

1984 2021

First, pixels for which no reliable water detection was possible were
masked. This included pixels with clouds, cloud shadows, and terrain
shadows. Second, the remaining image was binarized into water and
land pixels using a threshold applied to the Normalized Difference Water
Index (NDWI). Third, Landsat and Sentinel-2 pictures were merged into
one continuous time series (Fig. 2).

2.2.1. Cloud mask

For cloud masking of Landsat 4, 5, 7, and 8 images we used the pre-
calculated QA_PIXEL band based on the CFmask algorithm (Foga et al.,
2017). As the QA_PIXEL-based cloud mask is prone to overestimate
cloud cover over bright surfaces (Zhu and Woodcock, 2012; Foga et al.,
2017; USGS, 2020), its output was refined using a gravel mask to avoid

an unintended masking of gravel banks. Here, gravel was detected using
the ratio of the near infrared and the surface temperature band which
proved to excellently discern gravel from clouds (Supplementary ma-
terial A). For Sentinel-2 images, cloud masking was performed using an
algorithm proposed by Schmitt et al. (2019) (Supplementary material
B).

2.2.2. Masking terrain shadows

Terrain shadow masks were created using solar zenith and azimuth
angles and a DEM (2019, 5 m pixel length, Land Tirol — data.tirol.gv.at;
R function ray_shade, package rayshader, Morgan-Wall, 2021).

To conservatively exclude cloud and shadow fringes, all masks were
buffered by 30 m.

2.2.3. Water detection

To detect water occurrence, the Normalized Difference Water Index
(NDWT; McFeeters, 1996) was calculated. Subsequently, a threshold was
applied to binarize images into the classes water and non-water.

__ Green — NIR

NDWI = ————
Wi Green + NIR

Equation 1: Normalized Difference Water Index (NDWI) using the green and
the near-infrared (NIR) band in satellite data (McFeeters, 1996)

Throughout the water detection procedure, several thresholds had to
be applied, which were optimized using training data points collected on
a sample of 69 satellite images.

In total, 29 images were chosen to encompass anticipated difficulties
(compact clouds, translucent cirrostratus clouds, terrain shadows, snow,
heavy flooding with unusual water color; Supplementary material C).
On each of those images 130 training points were placed (100 randomly
and 30 in anticipated difficult areas) and labeled as cloud, shadow, land,
water, or inconclusive (Supplementary material D).

Another 40 images were chosen to enhance comparability between
Sentinel-2 and Landsat water detections. For that 20 dates were iden-
tified on which Sentinel-2 as well as Landsat images were taken and
corresponding images were downloaded. For each date, 50 points were


http://data.tirol.gv.at

M. Herrmann et al.

Ecological Indicators 166 (2024) 112313

b e N T T T T T T T L T T T T T T L T
1Sentinel-2 input data| Processing | Landsat input data }
P e r———————
|
/ / ; I / /
/Training data points : Threshqld optimization : | / Training data points /
/ : » Using Kappa < N
/' From typical scenes : R : | // From typical scenes
/ ! :
/S R |
[
,”"'"’"i """"""""" ST * """"""""" / ’"”"'"i """"""""" : y Y
Cclcl)(:jjdda'\r:ljscklgfé 7 Cloud Masking: Water detection: / Training data points /

/" Where Sentinel

Lo 7
,Sentinel & Landsat -
, combined

|
|
|
I
I
|
I
| P
I Shadow Threshold Cloud Buffer W'dth,' NDWI Threshold ; : i/Detected water/land/,/
Lo . (oo e [ |
| JU— — |
/Sentinel 2 Level 1C | ‘ Time series calculation | ! / Laf:;:r;:nselzland 8
/ image collection | g In the GEE ! 7. "
/ / | : | / image collectlon//
"""""""" [ |
A 2 — L ——— |
———————————— Solar azimuth and Cloud Mask Unmasked .
r |
| Further input data Zenith angels Time series Water Time series I
L e N T b ’ |
| v |
/ v D |
VAR . / | : Terrain shadow
Digital elevation  / : ¢ |
/ odel St Calculation |
/ / | ] inR |
[ |
} i _________________________________________________ |
I /" Terrain shadow Masking :
| Time series inR |
[ e e |
| L |
e |
I Preliminary |
| Water time series . |
L |
I i |
\ e Ve |
} iVisuaI ranking and exclusion§ I
| i of unsatisfactory scenes :
. —_ '
____________ |
r |
| Legend — v o . I y
T 00—~ _‘[ Sentinel Merging Landsat P
Sha pe | " Water time series { InR 7 Water time series /|
v P oL ) S
p Data set / } » :
loo ) / i .
- | ; Final 7/ |
) | Water time series / |
Process | Sy |
Q \ il |
! T it |
c Flood Indicator |
Border ‘ | |
4 TTIITTTtesssasmessesas : | Calculation | I
Sentinel / Landsat | | inR ]
’ separatly ’ | ~ :
I |
| |
[ |
I |
| |

e

—_——

/" Flood Indicator /
y Rasters /
/ y

Fig. 2. Remote sensing workflow. Data analysis was performed separately for Sentinel-2 and Landsat images up to the step “Merging in R”. Some of the results from
the Sentinel-2 analysis were used as training data for Landsat scenes to achieve good sensor intercalibration.

randomly sampled for each image pair in areas identified as water and
land by Sentinel-2, respectively. These were used as additional training
points for the Landsat sensors (Supplementary material D).

For each thresholding operation, a range of thresholds was tested,
and that with the overall highest value for Cohen’s Kappa was chosen for
the analysis (Supplementary material E).

The calculations of cloud and cloud shadow masks, NDWI, and
thresholding thereof were performed in GEE (Gorelick et al., 2017).
Training data points were collected using QGIS (Version 3.10, QGIS
Development Team, 2022). Threshold optimization, the calculation of

terrain shadow masks, and the masking of the binarized NDWI images
was performed in R (R Core Team, 2021).

2.3. Post processing

To improve the quality of investigated flood history observations,
several quality filters were applied: First, duplicated images present in
the GEE archives were automatically removed. Second, images which
contained only masked pixels (e.g., completely cloudy scenes) and im-
ages without water observations (clouds or shadows obscuring the
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whole riverbed) were automatically removed. Third, each remaining
image was rated visually for the plausibility of water observations. Im-
ages were claimed unsuitable and excluded if they had an unreasonable
low or high proportion of water detections (Supplementary material F).
From a total number of 1337 acquired satellite images (924 from
Landsat 4,5,7 and 8; 413 from Sentinel-2) 594 images were used in the
following analysis (269 from Landsat 4, 5, 7 and 8; 325 from Sentinel-2;
Table 1).

Landsat images were resampled to the resolution of Sentinel-2 using
nearest-neighbor interpolation. Landsat imagery was not used for the
time period when Sentinel imagery was available to take full and
consistent advantage of the higher spatial resolution of Sentinel-2
scenes.

2.4. Quality assessment of the time series

The extent of flooded areas is expected to vary in response to the
discharge (Tockner et al., 2006). To validate the plausibility of the
remote sensing water detection approach, gauge station measurements
of the station Lechaschau were employed (BMLRT, 2020; Hydro-
graphische Dienst Tirol, 2022). The station is located 12 km downstream
from the study area. To evaluate the relationship between flooded areas
and measured runoff, the Pearson correlation coefficient was calculated
for the relative proportion of flooded pixels in the unmasked study area
(%) and the daily water runoff (m3/s) of the same date (Pearson, 1895)
(Supplementary material G).

The final water detection raster images derived from all Landsat and
Sentinel-2 sensors contained 594 images, spanning a time period of 36
years (1985 to 2021; Table 1).

2.5. Flood indicators

Using the time-series of binary flooded/non-flooded images
described above, six Flood Indicators (FIs) as summarized in Table 2
were calculated.

To detect similarities in trends shown by the FIs, correlations be-
tween FIs were calculated using the Spearman correlation coefficient
(Spearman, 1904). Additionally, the influence of the available imagery
frequency on FIs was tested. For this, FIs were calculated from random
subsets of all images (Supplementary material N).
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2.6. Vegetation field sampling

To characterize vegetation composition and habitat structure, field
data were collected in summer 2020 and 2021. In total, 281 plots were
established using stratified random sampling, using FIs and the
Normalized Difference Vegetation Index (NDVI) to define strata (Sup-
plementary material H).

At the location of each chosen point, a 2 x 2-m plant relevé plot was
established. In each plot, we recorded ground cover, vegetation struc-
ture, and plant species. The recorded ground cover classes were “vege-
tated soil”, “water”, “silt” (<0.063-mm particle size), “sand” (0.063—2
mm), “gravel” (2—63 mm), “stones” (63—200 mm), and “blocks”
(>200 mm; DIN-4022). To assess the vegetation structure, total plant
cover was estimated for the vegetation layers moss (on the surface), herb
(up to 0.5 m), shrub (0.5—5 m), and tree (over 5 m). All species were
recorded. For each species, the cover was estimated separately for each
height layer. Covers were estimated on a stepwise scale (1 %, 5 %, 10 %
to 100 % in 10 % steps; Londo, 1975) (Supplementary material I).

2.7. Habitat classification

Plots were grouped by vegetation and environmental similarity. To
obtain an unbiased classification, a purely data-driven, hierarchical
classification method was applied (R function isopam, package isopam;
Schmidtlein, 2012; Supplementary material J). As input for the classi-
fication cover estimates for species, vegetation layers and ground cover
classes were used. Combining vegetation and ground cover in the clas-
sification allows a meaningful classification of unvegetated plots. Sub-
classes with less than 10 plots were compiled into to their higher-level
class to avoid classes with small sample sizes and thus low statistical
validity.

2.8. Relationship between vegetation and flood indicators

To determine the effects of flood disturbances on the vegetation
composition, the Fls were compared to the habitat classes. Analyses of
Variance (ANOVA) (Fisher, 1925) was performed to test for differences
in mean FI values among classes.

In the ANOVA, only field plots with at least one water detection were
used as FI values cannot be expected to distinguish among vegetation

Reference

Table 2
Overview of the flood indicators (FIs).
Name Formula
Flood Frequency (FF) FF = ?nwam = number of water observations
total

Nyotal = total number of observations

Weighted Flood Frequency (WFF) 1 n .
8 4 v WFF = H*ZH £(xi)* (X1 —Xi)

foa) = { 0, fornon — water

Thomas et al. (2011),

Huang et al. (2014) and
Deng et al. (2014),
Mueller et al. (2016),
Hopkinson et al. (2020),
Chen et al. (2021)

1, forwater

where x;,1 —x; denotes the time Tiegs et al. (2005).

difference between observation i and i+1 in days and n denotes the total number of days.

Days since Last Flood (DLF)

Flood Duration (FD) mean, maximum and
standard deviation

Dry Period (DP) mean, maximum and
standard deviation

Return Interval (RI) mean, maximum and
standard deviation

FD = date(start water period) —date(startland period)

DLF = date(lastobservation) —date(last water observation)

Batz et al. (2016)
Tiegs et al. (2005)
Vesipa et al. (2017)

Townsend (2001)

DP = date(startland period) —date(start water period)

Vesipa et al. (2017)

RI = date(start water period i +1) —date(start water period i)

Egger et al. (2007)
Formann et al. (2014)

Vesipa et al. (2017)
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differences for completely undisturbed plots. Homogeneity of variance
was tested for the FI values at field plots using Levene’s test (Levene,
1961; R function leveneTest, package car, Fox and Weisberg, 2011). If
variance homogeneity was not given, data were transformed using the
Box-Cox transformation or, if variances were not homogeneous after
that, a logarithmic transformation was applied (Levene, 1961; Box and
Cox, 1964). For the DLF and the DP standard deviation, no homogeneity
of variances was achieved. These indicators were not tested for signifi-
cant group differences (Supplementary material K).

If significant group differences were found in the ANOVA, the post-
hoc test Tukey’s Honest Significant Difference-Test (Tukey’s HSD) was
applied (Tukey, 1949; R function TukeyHSD). To test whether the re-
sults were consistent when unclassified data were used, we additionally
performed Non-Metric Multidimensional Scaling (NMDS) (Kruskal,
1964; Supplementary material M).

3. Results
3.1. Binary water rasters

On average, each pixel in the study area was observed 423 times
(Fig. 3a). Pixels were masked due to clouds or shadows approximately
30 % of the time. The mean time distance between two observations was
31 days (Fig. 3b) and markedly longer in the period when Landsat data
were used (47 days) than in the time period when Sentinel-2 data were
used (11 days).

618000 620000 622000
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3.2. Flood indicators

All FIs showed a pronounced spatial pattern with clear differences
between the active river channel, adjacent gravel banks, and higher,
seldomly to never flooded river terraces (Fig. 4, Supplementary material
N). The FIs showed values indicating high disturbance intensities in
bottlenecks where the river was artificially constrained (at bridges, in
areas with groynes). In areas where the river was flowing unconstrained,
a variety of disturbance regimes can be observed.

To evaluate the plausibility of the water detection approach, the
flooded area was compared to the water volume as measured by a gauge
station on the day of the satellite image acquisition. The correlation
between the percentage of flooded pixels and the gauge measurements
was high (Pearson’s r = 0.72, p < 0.001, Supplementary material G).

For the calculation of all FIs, the same data were used, and some FI
formulas were highly similar. Thus, numerous FIs were strongly corre-
lated (e.g., FF and WFF or FD and DP). Correlations were strongest be-
tween indicators that measure similar variables or different statistical
measures of the same variable (Table 3; FF and WFF, all DP measures, all
FD measures and all RI measures, respectively).

3.3. Habitat classification

Overall, 161 plant species were recorded in 281 plots during the field
samplings. Using the isopam algorithm, the field plots were classified on
three hierarchical levels (Fig. 5). The classes showed pronounced dif-
ferences in vegetation layers and ground cover, with an increasing
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study area for the whole time series (maps) and compared between the whole time series (All), Landsat sensors (L4578) and Sentinel-2 (S2) (boxplots) — Pixels in the
north of the study area are often covered by terrain shadows with masking leading to a lower number of observations. Number of images per year (c) — the Sentinel-2

mission started in 2015 leading to higher observation numbers.



M. Herrmann et al.

618000 620000 622000

Ecological Indicators 166 (2024) 112313

618000 620000 622000
T T

WeiRenbach

I I
a Weightes Flood Frequency (WFF)

N gravel pit 4

A -~

artificial lake
4= Sin
i . WFF S
0
0.2

gL
|

b | Days since Last Flood (DLF)cial Iake
Pt S o3 I

N gravel pit P

St
=B
|
000v52S

artificial lake

2 i -
DLF
+ - [days] | i%
13215
2000
—+ -
150

g
|

%
|
0000525

I : WeiBenbach?

|
c | mean Dry Period (DP mean)allake
A . 4 + —
N gravel pit ——\//L’V/I/’///

1 L
e

o

artificial lake

T T
d mean Flood Duration (FD. mean
gravel pitT 5

4
|
000v52S

+ + + +
DP mean FD mean o

= S + [days] - + + + + [days] §s

> 4000 0

+ - 2500 + + + + 2

500 groynes 100

0 1200 i
- PO i : AN 1

. w ¥ e g BT

——+ Power line corridor = == Street |{___| Study area Fl value NA 0 500 1.000m

EPSG 32632 | UTM zone 32 N | backeround: Sentinel-2 L2 22/07/2021 (RGB as erevscale)

Fig. 4. Maps of the Flood Indicators. Shown are: Weighted Flood Frequency (a), Days since Last Flood (b), mean Dry Period (c¢) and mean Flood Duration (d). Pink
areas: No FI value could be calculated, e.g., because the area was never flooded. (For interpretation of the references to color in this figure legend, the reader is

referred to the web version of this article.)

vegetation cover from the class Water to the class Forest (Fig. 6 b, c;
Supplementary material J).

3.4. Relationship between flood indicators and vegetation

All FIs showed pronounced class differences when the values among
the plot classes were compared. As a showcase example, FI values per
class are shown for WFF, DLF, mean DP, and mean FD (Fig. 7).

The WEFF resulted in the highest number of significant class differ-
ences (12 out of 15 possible class combinations, Fig. 7a). It showed a
continuous decrease from the class Water to the class Forest. The

difference between Water and Barren Gravel Bank was pronounced,
whereas the other classes were in a similar value range.

The DLF and the DP showed an inverse pattern; the values increased
from Water to Forest (Fig. 7b, c). Here, two groups of classes emerged:
The classes Water to Herb and Willow Shrub showed a low mean DP
(group median up to 2332 days), whereas the classes Heath and Pine
Shrub to Forest had higher values (both median 12841 days).

The class differentiation by mean FD was less pronounced: classes
showed a bigger overlap in FD value ranges, but a overall decrease in the
FD from Water to Forest was still clearly visible (Fig. 7, d).

The ANOVA results for all 12 FIs showed significant differences
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Table 3
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Correlation matrix of the Flood Indicators. Those are the Flood Frequency (FF), the Weighted Flood Frequency (WFF), the Days since Last Flood (DLF) and the mean,
maximum and standard deviation values for Dry Periods (DP), Flood Durations (FD) and Return Intervals (RI). Upper triangle: Spearman p, lower triangle: p values. All
correlations are highly significant (p < 0.001). Correlations with a p value of over 0.8 or below —0.8 are in bold.

FF WEFF DLF DP mean DP max DP FD mean FD max FD RI mean RI max RI
sd sd sd
FF 1 0.96 —0.63 —0.96 —0.81 —0.87 0.69 0.82 0.69 —0.59 —0.35 —0.52
WEFF 0 1 —-0.49 —0.97 —0.87 —0.92 0.81 0.9 0.81 —-0.49 -0.3 —0.45
DLF 0 0 1 0.57 0.39 0.42 —0.16 -0.33 -0.17 0.61 0.43 0.48
DP mean 0 0 0 1 0.89 0.94 —0.64 —0.81 —0.65 0.59 0.36 0.53
DP max 0 0 0 0 1 0.97 —0.61 -0.73 —0.6 0.29 0.21 0.34
DP sd 0 0 0 0 0 1 —0.62 -0.77 —0.63 0.43 0.28 0.44
FD mean 0 0 0 0 0 0 1 0.87 0.94 —0.15 —0.06 -0.15
FD max 0 0 0 0 0 0 0 1 0.95 —0.33 —0.16 -0.27
FD sd 0 0 0 0 0 0 0 0 1 —0.15 —0.1 -0.17
RI mean 0 0 0 0 0 0 0 0 0 1 0.82 0.91
RI max 0 0 0 0 0 0 0 0 0 0 1 0.96
RI sd 0 0 0 0 0 0 0 0 0 0 0 1
Water Vegetated Gravel Bank Barren Gavel Bank Heath and Pine Shrub

Herb and Willow Shrub Forest

Fig. 5. Classification tree of the habitat classification. The dendrogram shows the classification of the field plots using the isopam algorithm (Schmidtlein, 2012) on
three hierarchical levels. The second level was used for further analysis. Each class is marked with a colored box; class names which are used to refer to the classes are

given below the dendrogram.

between classes in at least one FI for 13 out of 15 possible class com-
binations (Supplementary material L). Classes that were often distin-
guished from other classes are Water and Barren Gravel Bank, and
classes that were rarely distinguished from other classes were Herb and
Willow Shrub and Forest. The high number of significant class differ-
ences generally suggests a high robustness of class differentiation by FIs.

The NMDS results were complementary to the findings of the ANOVA
(Supplementary material M). Different plot classes were well differen-
tiated in the ordination space. Secondary fitting of the FIs onto the
ordination showed a strong relationship between all FIs and the ordi-
nation axes determined by the vegetation and environmental data
(Supplementary material M).

Both ANOVA and NMDS results confirm the strong relationship be-
tween FIs and the observed vegetation patterns.

4. Discussion
4.1. Flood Indicators

Comparison with the gauge data indicated that the combination of
satellite data with different spatial resolution is a sound approach to
characterize flooding patterns as the relationship between flooded areas
and gauge data was similar for all sensors. This is in line with the
findings of Guerschman et al. (2011), who reported no significant dif-
ferences between the flood extents detected by two sensors of different
ground sampling distances (MODIS with 250 and 500 m resolution).

Despite the promising gauge measurement validation results, the
conducted approach to characterize flood disturbance patterns has
limitations. We identified four conceptual challenges which need to be
addressed depending on the flood regime, location, biome, and size of
the river system.

First, time gaps between satellite observations are often longer than
average flooding durations. The corresponding flood omissions are
particularly critical if severe floods disturb areas otherwise detected as
never flooded (Hamilton et al., 2007; Huang et al., 2014; Mueller et al.,
2016). Furthermore, even if a cloud-free satellite image is acquired
during a flood event, the likelihood that it represents the peak of a flood
event is low. We tried to minimize this problem by using all Landsat 5 to
8 images up to the year 2015 and Sentinel-2 thereafter. This offers the
best possible return rate for freely available satellite data while still
providing a good spatial resolution. However, even when using all
available images, the mean return interval averaged over the whole
study period and area is 31 days, and the maximum return interval
averaged over the study area is even 506 days (Fig. 3). Both the low
frequency of observations and the long return intervals are partly caused
by terrain shadows during the winter months, which hamper the sound
detection of water-bearing areas. In summary, the mean period between
observations might be too short to consistently catch the peak aerial
extent of the floodings, but this period notably decreased with the switch
from Landsat to Sentinel-2. In the future, this issue might be overcome
with the launch of further satellites, for example Sentinel-2C and
Sentinel-2 D, which will additionally reduce the overall return interval.

Second, the detection of peak flood extents can be impeded by
clouds, particularly when clouds cause precipitation. This is a potential
issue here as the given study area has a nivo-pluvial flood regime, and
some floods are caused directly by precipitation (Mader et al., 1996). In
purely nival systems, where most floods are caused by snow melt, clouds
obscuring peak flows might be less problematic.

Third, in densely vegetated stands, a closed canopy can obscure
floodings underneath the canopy (Hamilton et al., 2007), potentially
leading to a systematic underestimation of floodings in such areas. In our
study, this might be the case for plots with dense Salix vegetation close
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ANOVA are violated. Black Boxes show FI results for all field plots. If not all field plots were flooded in the study period, grey boxes are added that show results for

pixels that were flooded at least once.

to the river. The problem of clouds or vegetation obscuring the water
might be overcome in future research by the use of SAR instead of op-
tical images (Mahdianpari et al., 2018; Mohammadimanesh et al., 2018;
Muro Martin et al., 2020). With the use of SAR, however, mountainous
terrain might pose a major challenge.

Fourth, the spatial resolution may, in some cases, be too coarse to
capture disturbances to the level of detail needed to establish sound links
to the studied vegetation patterns (Pickett et al., 1999; Ozesmi and
Bauer, 2002). The used spatial resolution of 10 to 30 m results in mixed
water-land pixels along the river boundary, which are always partly mis-
classified (Tulbure and Broich, 2013). For plots situated close to the
river edge, floodings might thus be systematically over- or under-
estimated. However, the vegetation patches observed in this study are
mostly larger than the resolution of the satellite imagery.

Despite these technical challenges, the calculated FIs show a pro-
nounced spatial pattern over the study area, which agreed well with the
observed habitat classes and the expected disturbance regimes. We
observed high disturbance intensity indicator values in main channels
and little to no disturbance farther away from the current river course,
which was particularly exemplified by the Weighted Flood Frequency
(WFF) (Fig. 4a). This is in line with the finding of higher disturbance
close to the main river channel in other studies (Corenblit et al., 2007;
Huang et al., 2014).

In summary, the satellite-based FIs seem capable of describing the
spatial patterns of the disturbance regime. However, it should be noted
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that the FIs should not be interpreted as “absolute” values but rather as
sampling-based indicators which should work fairly well when inte-
grated over several years of observations but would probably not be
suitable to, e.g., capture differences in flooding regimes over shorter
time periods such as 1-2 years.

4.2. Flood indicators and riparian vegetation communities

When comparing the patterns of the FIs with those of the vegetation
communities, some particularly interesting relationships became
apparent. The FF and WFF showed a clear trend, with highest values in
unvegetated, highly disturbed plots and decreasing values towards
zones with higher vegetation covers. This matches the expectation as in
zones with high flood frequencies, destructive forces of flooding are
dominant (Corenblit et al., 2007). Most of the examined habitat classes
showed significant differences in their FF and WFF values (WFF: 12
significant class differences; Fig. 7), indicating that these indicators are
well suited to show ecologically relevant differences in the flood regime
among classes.

The Days since the Last Flood (DLF) depict the time the terrestrial
vegetation has had to develop since the last hydrogeomorphological
disturbance. If the disturbance was intense, it depicts the time the
vegetation community had to proceed along the successional pathway
(Poff and Ward, 1989). We found the highest proportions of herbaceous
species and vegetation at highest DLFs. Moreover, we found an increase
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in tree cover with increasing DLF (Fig. 6b, Fig. 7b). This supports the
assumption that the DLF are a good indicator of habitat development
along the successional pathway. However, the indicator is not highly
robust as only one flooding (the last in the time series) is considered.
Single, and in some cases false, water detections have a large impact on
the observed patterns. In our study area, the stripy DLF pattern
orthogonal to the river is most likely due to the rim of mountain shadows
that were not correctly masked (Fig. 4b). A single false water detection
late in the time series can thus result in a critically inadequate DLF
evaluation. Moreover, the force of the flooding is not considered, but
only disturbances with a high magnitude completely reset ecosystems to
primary succession (Pickett et al., 1999). Furthermore, established
vegetation is more stable than newly sprouting pioneer vegetation
(Surian et al., 2015). If vegetation is already established in a location,
short or shallow floodings might not lead to a clearing of the plot, which
would be needed for the establishment of a new vegetation community
(Surian et al., 2015; Vesipa et al., 2017). Hence, the local vegetation
community might be older than suggested by the DLF.

The Dry Period (DP) indicator reflects the time a pixel is consecu-
tively not flooded. During this time, terrestrial vegetation can uninter-
ruptedly develop, and the successional pathway proceeds (Vesipa et al.,
2017). In our data, the maximum DP values were observed for plots with
upcoming woody vegetation (Herb and Willow Shrub, Heath and Pine
Shrub and Forest). However, it has to be considered that the satellite-
based DP values are not actual measurements and there is a chance
that a flooding event has occurred in-between satellite image acquisi-
tions. Hence, the reported values should rather be interpreted as relative
differences within the study area as compared to real measurements of
time.

The Flood Duration (FD) is the time period a location is continuously
flooded. Similar to the FF, it is considered one of the main factors
determining plant survival (Hupp and Osterkamp, 1996; Townsend,
2001; Deng et al., 2014; Garssen et al., 2015). The longer the FD, the
lower the chance of plant survival (Garssen et al., 2015), mostly due to
root anoxia (Vesipa et al., 2017). Townsend (2001) found the FD to be
the dominant factor controlling woody vegetation. Considering our
mean FD values, we can support this hypothesis: Plot classes with a
higher proportion of woody vegetation (Heath and Pine Shrub and
Forest) had the lowest mean FD values (Fig. 6b, Fig. 7d). All classes with
no to little woody vegetation have similar mean FD values (Fig. 6b,
Fig. 7d). The average values of the mean FD observed in the classes
Water, Barren Gravel Bank, Vegetated Gravel Bank, and Herb and Wil-
low Shrub were above 82 days, supporting the assumption that a typical
flood in those classes leads to a complete clearing of the vegetation.
Once again, it has to be considered that satellite data were not available
for all of these 82 days, and the assumption that a given pixel is flooded
during the whole time between two observations may not hold true.
Therefore, the values again have to be interpreted rather as relative than
absolute values.

The distribution of significant class differences of DP and FD values
along the trajectory of classes suggests that the DP is the dominating
factor in early successional stages while FD is the limiting factor in late
successional stages. For the DP, most significant class differences were
found for water and barren gravel bank plots (Fig. 7c). For the FD, most
significant class differences were found for Heath and Pine Shrub and
Forest plots (Fig. 7d). This suggests drought to be the dominant factor
during pioneer vegetation establishment, whereas in later successional
stages, flood length determines the distribution of the woody vegetation
(Vesipa et al., 2017).

For some indicators, the mean, maximum, and standard deviation
values were calculated. Mean values show typical, maximum values
show extreme conditions, and standard deviation values show the reg-
ularity of the flood regime. Low standard deviation values were gener-
ally found close to the river channel, where different Salix species
commonly occurred. Saliceae are perfectly adapted to highly disturbed
riparian ecosystems as they can rapidly resprout from fragments, invest
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resources in anchoring root systems, and have flexible roots and stems
(Karrenberg et al., 2002). The presence of these perfectly adapted spe-
cies in areas with regular flood regimes supports the hypothesis that
flood-adapted species benefit from a regular flood regime.

Regarding the three dimensions of disturbances, namely magnitude,
frequency, and size, the suggested FIs clearly focus on frequency (time
dimension by satellite time series) and size (spatial dimension by
continuous calculation of the FIs over the study site), whereas the
magnitude is not fully represented. For example, the shear stress
induced by flood events may be notably higher for areas closer to the
main channel and during flood events with large amounts of water.

As the frequency dimension is sensitive to flood events that occur in
restricted time spans, we tested whether the presented results are sen-
sitive to the frequency of satellite imagery availability. FIs that focus on
time intervals such as Flood duration or dry period show increased
values for lower satellite imagery frequencies (Supplementary material
N) because increasing data gaps are filled under the assumption of no
change. However, except for Flood duration, FIs typically differentiate
stronger between classes than between image acquisition frequencies
(Supplementary material N). This suggests that the presented approach
is robust towards a lower overall image acquisition frequency for most
indices or index combinations. Possibly, some relevant information in
the imagery is redundant in the currently dense time series. However,
this result may as well point out that the full potential of the time series
is not yet exploited (s. below).

4.3. Further research

To better represent the magnitude dimension of hydro-
geomorphological disturbances, further research could include the
flooded area or the water depth to obtain additional information. Bendix
(1997) found the flooded area to be related to the flood magnitude as the
energy in the system increases with discharge. Flooded areas could
directly be calculated using the water detection rasters, which implies
the combination of the direct pixel-based approach we followed with
additional spatial raster processing steps. Vesipa et al. (2017) describes
the flood depth as a good substitute for the flood magnitude. Although
the flood depth could be calculated using a DEM as an additional input,
flood depth estimations based on DEMs are limited by the usually low
temporal resolution of terrain measurement: A mono-temporal DEM will
not be able to adequately represent sedimentation and erosion processes
of dynamics river systems. To refine satellite-based indices, more
applicable approaches for water depth estimation are needed. However,
the scale of corresponding satellite missions is currently limiting these
approaches for the provided example of a medium-sized mountainous
river.

In addition, the movement of sediments is a central determinant of
disturbance, and the presented indicators represent this only indirectly.
Here, the visibility of moving gravel banks might complement the pre-
sented disturbance characterization. Further research could therefore
include the detection and monitoring of gravel banks, with an approach
similar to that used for water in this study.

The presented FIs already capture habitat differences. However, a
perfect differentiation of classes by FIs was not expectable as FIs
aggregate over a time span in which one or several habitat shifts may
occur. Thus, only the more recent FI data might be predictive of habitat
classes while earlier FI data may hamper a clear relationship. The DLF is
the only indicator accounting for this in only using the last water
detection instead of the whole time series. This is also reflected in its
relative importance for class separation. However, the DLF is sensitive to
isolated mis-classifications suggesting the need for a more robust design
of FIs to account for the higher relevance of recent dynamics (Egger
etal., 2017). This is a challenging task because time weights for optimal
prediction might differ among classes. However, this issue might be
overcome by more effectively exploiting the time series data available.
For instance, FIs could be calculated continuously in time, ideally
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resulting in a probabilistic prediction of the current habitat state for
every point in time. This description of the current habitat state may
then support the determination of suitable time weights, and, conse-
quently, a more informed prediction of the subsequent state (Gurnell,
2014). In addition, FI values in the close to far surrounding could be
considered here to refine and increase the validity of the state estimates.
Finally, such a theory-driven framework could be compared to a purely
empirical approach, such as Long-Short-Term-Memory models (van
Houdt et al., 2020).

Further improvements to the FI analysis might be achieved by
considering seasonality in the calculations. For instance, flood events
during the growing season likely have a higher impact on the vegetation
as plants are more sensitive during growth (Garssen et al., 2015). For
young seedlings, floods are most harmful in late summer as the plants
have already sprouted, but anchoring by roots is not yet fully developed
(Vesipa et al., 2017). For grown trees, spring is considered the most fatal
season for floods as most root and leaf growth happens during this time
(Townsend, 2001). For Salix species, however, spring floods are also
favorable as they are used for seed dispersal (Karrenberg et al., 2002;
Pickett and White, 2005). Thus, a proper incorporation of the ecological
meaning of the timing of flood is challenging but might significantly
alter the effectiveness of tracing ecological dynamics.

Finally, imagery filtering algorithms need further refinement. We
accounted for clouds, shadows and gravel banks as potential sources of
mis-classification. Still, a semi-objective manual revision of resulting
water masks was necessary to verify their plausibility. To allow for a
more general application of the presented approach, we suggest to in-
crease the robustness of water detection by either improving imagery
filters or applying more sophisticated water detection algorithms, e.g.
machine-learning based image classification techniques (Bijeesh and
Narasimhamurthy, 2020).

5. Conclusions

In this work, we employed a novel approach to describe flood dis-
turbances over longer time periods using satellite time series-based flood
indicators. With this approach, we spatially characterized the hydro-
geomorphological disturbance regime of the study area and compared it
to the emerging local vegetation communities.

Our findings are as follows:

(I) Satellite-derived disturbance indicators are well suited to
describe the time and space dimension of disturbances. The time
dimension is considered as time series are used and the space
dimension as each indicator is specifically calculated for each
pixel in the satellite data. The magnitude dimension of distur-
bances can, however, only indirectly be described as the satellite
images provide no direct measure of physical forces.

There was a remarkable agreement between the habitat classifi-
cation of our field data and the disturbance regime as depicted by
our FIs. The FIs showed highest disturbances and the greatest
discriminatory power in early successional stages, supporting the
established knowledge that disturbance is a main driver of early
successional vegetation types. In late successional stages, the FIs
indicated generally low disturbance values, and the differences in
FI values among habitat classes were often insignificant. Hence,
late successional stages are apparently no longer reigned by flood
disturbances in the study area.

(In

Our satellite-based approach to measure disturbances is in agree-
ment with long-standing hypotheses and theories in riverine research.
As we used globally available data, our approach is easily transferable to
other study regions. Its straightforward applicability makes it promising
for further use to answer an array of research questions as well as for the
monitoring of human-induced changes in disturbance regimes.
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