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Accurately describing the hydrology of intermittent rivers is a critical step in improving our understanding and
management of freshwater ecosystems. Traditional approaches such as using gauged discharge data provide little
information once flow ceases and no insight into the location, morphology, or persistence of river pools. How-
ever, multispectral images can be used to describe surface water, characterize hydrology, and provide insight
into ecological functioning. A multispectral approach is highly cost-effective and well suited to remote inter-
mittent rivers with little or no gauging infrastructure. Here, we develop an algorithm to extract hydrological
attributes (i.e., pool area, length, perimeter, and mean width) from multispectral imagery (Sentinel-2) and use
these attributes to create a suite of ecologically relevant hydrological metrics. We describe changes in attributes
and metrics in a large lowland intermittent river as it transitions from wet to dry over a four-year period. We also
describe temporal changes in attributes and metrics among five river sections with contrasting hydrological
persistence and fragmentation. Our algorithm successfully identified surface water in the main channel and the
adjacent floodplain, the centerline of pools, and their upstream and downstream ends. Metrics proved effective at
describing seasonal patterns in hydrology; revealing how the size, complexity, and elongation of surface water
features (e.g., pools) decreased as the study river transitioned from wet to dry and how fragmentation increased.
Metrics also successfully differentiated the river sections with varied hydrological persistence. Ecohydrological
metrics derived from multispectral imagery have the potential to provide meaningful insights into riverine
morphology, resilience, and ecological functioning. Our spatial approach represents a significant advancement in
the ability to characterize and manage intermittent rivers, which are increasingly threatened by water resource
development and a drying climate.

1. Introduction

Intermittent streams and rivers, characterized by periods of no-flow,
account for at least half of the length of all the world’s rivers (Datry
et al.,, 2017; Messager et al., 2021). They are becoming increasingly
widespread due to water resource development and climate change in
regions with drier climate trends (Smettem et al., 2013). Intermittent
rivers sustain unique biodiversity and provide a range of goods and
services that people depend on (Acuna et al., 2014; Boulton, 2014; Datry
et al., 2014). In recognition of their importance, and the threats they
face, intermittent rivers are receiving greater attention (Blackman et al.,

2021; Chiu et al., 2017; Datry et al., 2017; Koundouri et al., 2017; Larkin
etal., 2020), even though they have been historically under-represented
in the hydrologic literature (Shanafield et al., 2021).

Accurately describing the hydrology of intermittent rivers is a critical
step in improving our understanding and management of these systems,
as it allows us to characterize their natural state, assess impacts, and
monitor recovery; however, describing the hydrology of intermittent
rivers is often not straightforward. Traditional approaches such as using
gauged discharge data provide little information once flow ceases and
no insight into the location, morphology, or resilience of river pools.
Moreover, this type of approach is costly, as it requires field
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Fig. 1. Location of the study area in the Fitzroy River, Western Australia. The numbers above each location box (i.e., 1,2,3,4,5) represent the broad river section
classification, where 1 was the least persistent and 5 the most. The inset boxes showing satellite imagery show an example of the water persistence gradient in some
of the studied sections (1, 3 and 5) at the end of the dry season of a particularly dry year (October — 2019). The orange lines represent the 250 m buffer. (For
interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

maintenance. Consequently, many large rivers in remote and dryland
regions have sparse or no hydrological gauging data (Callow and Boggs,
2013). Hydrologic and hydrodynamic models generated from Digital
Elevation Models (DEMs) are an alternative method to characterize
flood extent and other river characteristics, but they also have limita-
tions. For instance, hydrologic and hydrodynamic models are dependent
on DEM spatial resolution and are particularly sensitive to DEM accu-
racy in dryland landscapes (Callow et al., 2007; Callow and Smettem,
2009). Highly accurate DEMs are also rarely available in remote dryland
river basins due to the high costs of producing them, also they often need
extra correction and processing steps to better represent the known
hydrology (Jarihani et al., 2015). Despite these limitations, gauged
discharge data or hydrologic models are still the primary means for the
ecohydrological characterization and classification of rivers, including
intermittent rivers (Bond and Kennard, 2017; D’Ambrosio et al., 2017;
Kennard et al., 2010; Olden et al., 2012; Richter et al., 1996).
Multispectral imagery can provide a different perspective on the
hydrology of intermittent rivers and has the potential to overcome some
of the limitations of gauging data or hydrologic models due to their high
frequency, temporal and spatial continuity, and lower costs. Multi-
spectral images can be analyzed to generate attributes for surface water
(e.g., pool area, length, perimeter) along the length of a river, or for
specific sections within a river, which can then be used to derive metrics
(e.g., pool complexity, pool size) that provide insight into ecological
functioning. While this is yet to be done in intermittent rivers, metrics
derived from this type of imagery have been used in terrestrial envi-
ronments to quantify landscape structure and change (Crowley and
Cardille, 2020; Hermosilla et al., 2019; McGarigal and Marks, 1995;
Olariu et al., 2022) and to describe the morphology of catchments
(Beven et al., 1988; Frasson et al., 2019). Some of these metrics have the
potential to be adapted and transferred to intermittent river systems to
better understand their ecohydrological characteristics. For instance,
metrics based on the size and shape of surface water features could be
used to describe the amount and location of macro (e.g., main channel,
floodplain) and mesohabitats (pool, runs, riffles). They can also provide
an insight into the littoral zone extent, a zone with important ecological
importance (Roach et al., 2014; Winfield, 2004; Yuan et al., 2013).
Metrics based on morphology could also provide an insight into sedi-
mentation, erosion, and infiltration rates (Gitz et al., 2015; Reddy et al.,
2004), and those based on the persistence of surface water through time

could be used to identify ecological refuge locations and provide insights
into surface water and groundwater dynamics (Sims et al., 2016). Lastly,
metrics based on surface water connectivity could provide an insight
into the downstream transport of physical and biological particles, river
fragmentation and the potential for organism dispersal (Pringle, 2010;
Pringle, 2001; Ward et al., 2002). Thus, ecohydrological metrics derived
from multispectral images offer much promise as a cost-effective way to
generate information that can support the management and protection
of intermittent river systems.

The broad aim of this study was to generate novel hydrological
metrics derived from multispectral imagery, obtained from Sentinel-2A
and —2B satellites that have the potential to provide an insight into the
ecology of intermittent rivers. We had four specific aims: 1) develop an
algorithm to extract hydrological attributes (e.g., area, length, perim-
eter, and mean width) about surface water from multispectral imagery;
2) use these attributes to create a suite of ecologically-relevant hydro-
logical metrics; 3) describe changes in attributes and metrics in a river
system as it transitioned from wet to dry; and 4) describe seasonal
variation in each attribute and metric within river sections with con-
trasting hydrological persistence and fragmentation. Characterizing
intermittent rivers using this approach can support the management and
protection of semi-arid environments facing increasing pressures from
development and climate change and provide an insight into the benefits
of an optical remotely sensed approach compared to conventional
gauged discharge data.

2. Materials and methods
2.1. Study area and design

The study was undertaken in the Fitzroy River, located in the semi-
arid Kimberley region of Western Australia (Fig. 1). It has a catchment
area of approximately 94,000 km? and a length of 733 km (Harrington
et al.,, 2011; Petheram et al., 2018). The Fitzroy catchment exhibits
distinct hydrological seasonality, experiencing extreme flood flows
during wet times of the year (November-April), with 87 % of the runoff
occurring between January and March before drying to loosely inter-
connected pools in the dry period (May-October) (Beesley et al., 2021;
Charles et al., 2016; Petheram et al., 2018). There is extreme spatial and
temporal variation in water extent, with the maintenance of
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hydrological connectivity constrained by the strong seasonal climate
variation and the influence of groundwater discharge zones (Taylor
et al., 2018). The water sustaining persistent pools comes either from
groundwater discharging from the local alluvial aquifers associated with
the river’s floodplain, or the regional groundwater associated with
sedimentary sandstones of the Grant Group and Poole Sandstone (Har-
rington et al., 2011; Harrington and Harrington, 2015; Taylor et al.,
2018). Rainfall in a hydrological year (Nov-Oct) is highly variable. For
instance, in the last three hydrological years (2019-2021), the catch-
ment experienced the lowest (348 mm — 2019) and second-highest total
rainfall (854 mm — 2021) measured over the last 19 years (2003-2022)
for the average of the two closest rain stations Noonkanbah and Looma
(Fig. 1). This variable rainfall manifest in highly divergent stream
discharge over the study period for two gauging stations — Noonkanbah
and Looma (Department of Water and Environmental Regulations Water
Information Reporting system).

The main channel of the Fitzroy River was visually defined and
manually vectorized using ArcGIS Pro 3.0 and Esri base maps. The area
of interest was defined as a 250 m wide buffer on each side of the
manually vectorized drainage line. Five river sections were chosen along
the lowland stretch of the river, between the confluence with the Cun-
ningham Anabranch to approximately 100 km upstream of the estuary
(Fig. 1). We chose to perform our study on five representative sections
rather than the entire river to make our study more tractable. Our five
focal sections had approximately the same surface area (5.1 km?) and
spanned the same length of the main channel river (10.2 km). Our focal
sections spanned a hydrological continuum from persistent (high like-
lihood of groundwater discharge) reaches to intermittent (low likeli-
hood of groundwater discharge) reaches, allowing us to evaluate the
ability of our metrics to differentiate a hydrological persistence gradient.
The 10.2 km length was somewhat arbitrarily chosen, but we considered
it suitable for our aim as it was large enough to confidently characterize
a river section’s hydrology but was not so large that it spanned regions
with very different water persistence conditions. River sections were
broadly classified as:

1. low persistence, very fragmented with very little or no water at the
end of the dry season;

2. low persistence, very fragmented with some water at the end of the
dry season;

3. intermediate persistence, fragmented, but with refuge pools con-
taining water at the end of the dry season;

Identify Water

Image Datasets (Water Detect)

¢——|7
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4. high persistence, low fragmentation, with refuge pools and a
considerable extent of water at the end of the dry season; and,

5. very high persistence, low fragmentation, with a considerable extent
of refuge pools and water at the end of the dry season.

Our classification was based on a thorough visual inspection of
fortnightly remotely sensed multispectral imagery (Sentinel-2) captured
in a particularly dry year (2019), a long-term study of pool persistence
using Landsat (Sims et al., 2016), and knowledge of the hydrology of the
river as reported by Harrington et al., (2011), Harrington and Harring-
ton (2016), Harrington and Harrington (2015), Sims et al., (2016) and
Taylor et al., (2018).

2.2. Image datasets

Sentinel-2 multispectral surface reflectance NBART images (Nadir
BRDF Adjusted Reflectance + Terrain Illumination Correction) down-
loaded from the Digital Earth Australia (DEA) database (http://www.ga.
gov.au/dea (accessed on 15th October 2022)) through the National
Computational Infrastructure (NCI), reprojected to UTM/WGS84, were
used in this study. Geoscience Australia used several pre-processing
techniques for Sentinel-2 (Li et al., 2012, 2010; Vincenty, 1975); a
detailed description can be found at: https://cmi.ga.gov.au/data-pro
ducts/dea/190/dea-surface-reflectance-nbart-sentinel-2-msi#basics.
We used all available images (5-day return) from 01 to 12-2017 to
30-11-2021, selecting those with at least 40 % of valid pixels (i.e.,
maximum of 60 % of cloud/shadow cover) within a 1 km buffer distance
on each side of the main channel drainage line.

2.3. Defining and deriving metrics extracted from multispectral imagery to
characterize intermittent rivers

2.3.1. Method workflow

The study workflow was divided into three parts: extracting attri-
butes, deriving metrics, and describing and evaluating attributes and
derived metrics. The first part extracted hydrological attributes at pool
level from multispectral imagery in sixteen steps (Fig. 2 and Fig. 3). The
second part used the extracted attributes to calculate the developed
metrics (Section 2.3.4) for the focal river sections. The third part
described and evaluated hydrological attributes and derived metrics
changes as the river system transitioned from wet to dry seasons (Section
2.3.5).

Pathway to Extract
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Fig. 2. Processing workflow for extracting hydrological attributes from multispectral images. Attributes are shown in bold letters. Distinct colored arrows represent
three different pathways to extract the five hydrological attributes (i.e., Pool Area, Perimeter, Length, Mean Width, and Total Number of Pools).
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Fig. 3. Visual examples of a section of the river and a subset of the steps taken for extracting hydrological attributes with Sentinel-2 RGB (Red, Green and Blue bands)
composition in the background. Panels show important processes such as water identification (Step 1 — water in blue); pools being differentiated (Step 3 — different
pools in blue and light green); a skeletonized representation of the water mask (Step 5), and the differentiation of skeletonized pools (Step 6); the convolution
filtering using a custom kernel (k) (Step 7); calculation of Euclidean distances for the combination of potential pool Start and end points represented by red dots (Step
9); the longest least cost path (pool length) represented by a light blue line and the final pool start/end points as orange dots (Step 12); and the Euclidean distance
transform represented by a range of colors going from green to red, where red represents the furthest and green the closest points from the pool nearest border (Step
14). The location of each step inside the workflow is shown in Fig. 2. (For interpretation of the references to colour in this figure legend, the reader is referred to the

web version of this article.)

2.3.2. Identifying water

A preliminary step prior to metric generation was to map surface
water extent (Step 1). This was done using the Water Detect algorithm
(Cordeiro et al., 2021) with Sentinel-2 images (10 m — B: Blue, G: Green,
R: Red, NIR: Near-infrared) and adopting the input parameter values
proposed for this catchment by Tayer et al. (2023) (i.e., maximum
clustering: 6; regularization: 0.07). The Water Detect algorithm was
executed for every image (see Section 2.2), and the results were clipped
to the area of interest (250 m buffer on each side of the drainage line).
The output of Water Detect is a binary array with values of one for water
pixels and zero for non-water pixels; minus one represents ‘no data’
values. As the focus of this paper was to capture seasonal patterns,
especially the contraction of surface water during the dry season, the
clipped water mask time series was concatenated and reduced into two
composites per month (~15-day composites) in a single Data Array
(Dask Development Team, 2016; Hoyer and Hamman, 2017), where the
maximum pixel value was taken for conflicting values (i.e., overlapping
values within a composite). Of the resulting 112 composite images, only
two had cloud coverage above 60 %, and 88 composites were below 5 %.

The water mask binary array was checked for missing values in each
layer of the time series since 'no data’ values, such as cloud and shadow
masks, can influence water extent estimation, falsely breaking river
connectivity and causing potential misinterpretation of parameter
values. The missing values were populated using the following condi-
tions (Step 2): a) The 'no data’ value was filled with the first next valid
observation or the second if the next immediate value was also missing
(i.e., backward fill); b) if the value was in the last position of the time
series, or c) if the backward filling was unable to fill missing values, we
used a forward fill propagating up to two observations before the
missing value. If none of these conditions were satisfied, the missing
value remained unchanged as 'no data’.

2.3.3. Extracting hydrological attributes

After successfully mapping surface water features and addressing
missing values for the entire time series, we extracted attributes of in-
terest (i.e., pool area, pool length, pool mean width, pool perimeter, and
number of pools) to be used as input variables for the proposed metrics.
Here, we use the term ’pool’ to refer to a continuous area of surface
water; thus, it may represent a range of geomorphic features, including
pools, runs, glides, and riffles.

At each layer, pixel-connected regions were aggregated into unique
groups using the Scikit-image morphology module ‘Label’ function (van
der Walt et al., 2014) (Step 3). This tool considers that two pixels are
connected when they have the same value and are neighbors in any
direction (lateral, vertical, or diagonal) (van der Walt et al., 2014);
hence, each central pixel can potentially be connected with a maximum
of eight neighboring pixels. After labeling connected regions, the attri-
butes ’pool area’, *pool perimeter’ and 'number of pools’ were retrieved
for each unique group (i.e., pool) using Rasterio’s feature shape tool,
where the number of pools corresponded to the total number of unique
groups (Step 4).

To extract pool length, we first applied the Scikit-image morphology
module ’Skeletonize’ function (Step 5), which reduces a binary image (e.
g., water/non-water) to one-pixel wide representations (Lee et al.,
1994). The resulting image is presented in the most simplified way
without breaking connectivity and shape, in our case, representing the
river centerline (or streamline) for each pool. However, the skeletonized
output is not always represented by a unique line and can produce
features with several connected nodes. To confine the skeletonized
feature to the longest segment possible (i.e., pool length), we applied the
Scikit-image measure module 'Label’ function to the skeletonized
image, meaning that each connected river centerline segment was given
a unique identifier (Step 6). We then proceeded to find the start and
endpoints, or the most distant points, for each centerline. We used
OpenCV’s (Bradski, 2000) built-in filter2D convolution function to
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apply a custom matrix (Kernel - k) to the skeletonized image (Step 7).
Convolution filtering is a common technique for altering an image based
on pixel neighbors adding each element to its local neighbors, weighted
by a kernel. Examples of convolution filtering include smoothing,
sharpening, blurring, and edge detection. Here, we used the following
3x3 custom kernel:

1 1 1
k=11 10 1
1 1 1

Considering that we applied the kernel (k) to a binary water mask
(water = 1 and non-water = 0), the maximum possible value of a pixel
after the convolution is 18 if a water pixel is surrounded by eight other
water pixels. The minimum is zero if a non-water pixel is surrounded by
eight non-water pixels. We observed the most common cases for start
and endpoints pixels in the skeletonized image with a water pixel had
one or three neighboring water pixels, hence, with a pixel value after
convolution of 11 or 13, respectively (Step 8). With each unique pool’s
potential start/endpoints, we calculated all possible combinations of
start and endpoint and the Euclidean distance between these pairs of
points (Step 9). We then selected the most distant five pairs to calculate
the distance between each pair using the river centerline as the path
(Step 10). We used the Scikit-image graph module "MPC Geometric’,
which finds the least-cost path from two points through a given cost
array (van der Walt et al., 2014) (Step 11). To ensure that the river path
(i.e., skeletonized water pixels) was the only possible path between each
start/endpoint, we set all non-water pixels to —1 (no data), keeping the
analysis within the skeletonized pixels. The most distant path between
the selected start/endpoint pairs was selected as the final segment (i.e.,
pool length) (Step 12).

Mean pool width was estimated using SciPy’s Euclidean Distance
Transform tool (Virtanen et al., 2020) with the water mask as input (Step
13). The tool receives as input a binary image and outputs a distance
array, i.e., an array with the same dimensions as the input image, but

Table 1
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where each pixel contains the Euclidean distance to the closest border
(non-water) pixel. We intersected the pool length segment (Step 12)
with the distance array to extract the distance values from the pool
centerline to the nearest border and multiplied these values by two to
cover both sides of the river or the total wetted width from each
centerline pixel (Step 14). Finally, for each unique pool, we averaged the
centerline pixel values (Step 15) to calculate the mean pool width (Step
16).

The hydrological attributes extraction process was automated (see
Data Availability Statement), and the results of some attributes, such as
pool area and perimeter, were compared to the values calculated in
ArcGIS using the Calculate Geometry tool. We also performed a quali-
tative analysis for pool endpoints and length by exploratory visual
interpretation.

2.3.4. Defining and deriving ecohydrological metrics

Using the extracted attributes above, we derived 11 ecohydrological
metrics to describe river characteristics and assess differences between
river sections. The metrics were separated into two distinct categories
that reflect surface water morphology (Table 1) and hydrological resil-
ience (Table 2). The resulting extracted attributes (i.e., pool area, pool
perimeter, pool length, mean pool width, and number of pools) from
Section 2.3.2 were used as inputs to derive the developed metrics. The
source line of code for the time series water identification, attribute
extraction and metrics calculation is available on GitHub for community
editing and improvement via collaboration (see Data Availability
Statement).

Morphological metrics quantitatively described pool shape (i.e., ge-
ometry) and size and were represented by five metrics: the Area-
weighted Mean Shape Index, Area-weighted Elongation Ratio, Area-
weighted Mean Pool Area, Area-weighted Mean Pool Length, and
Area-weighted Mean Pool Width. All metrics were weighted by area,
effectively meaning that large pools within a river section exerted more
influence on the metric than small pools.

Remotely sensed ecohydrological metrics that pertain to morphology, the formulas used to calculate them, their definition and a brief description of their ecohy-

drological relevance.

Ecohydrological Relevance

Reflects the complexity of a geometric shape
increasing as the shape becomes more irregular,

Represents the elongation of a geometric shape.
elongation ratios with longer lengths for a given

Values are constrained between 0 and 1, where
higher values represent more circular features

Describes the weighted average area of pools

Describes the weighted average length of pools

Describes the weighted average width of pools

Metric name Metric Equation Unit Definition
Area-weighted” AWMSI = None*
Mean Shape 4 (025 X Pi a;
Index’ =1 Vai Sha i.e., more complex shapes have a longer
perimeter for a given area.
Area-weighted AWRe = None*
Elongation n fai]x @ More elongated shapes will have lower
i 2 n (2
Ratio L K L (Z?zlai)
area.
and lower values, more elongated.
. 2
Area-weighted AWMPA — Z;‘:lnai X km escl '
Mean Pool 2 within a section.
Area
Area-weighted noLxa km
& AwMpL, — 21l X & o .
Mean Pool Sha within a section.
Length
Area-weighted S awi x a; km
Mean Pool AWMPW = ?:1(11' within a section.
Width

High shape index values (more complex) can negatively
correlate with sediment accumulation (Gitz et al., 2015).
More complex shapes can indicate a more rugged
topography.

May describe the extent of littoral aquatic habitat, which
can be important for biogeochemical processes,
macrophytes, small-bodied fish (Winfield, 2004; Yuan
et al., 2013), and the zone of highest algal production in
dryland rivers (Bunn et al., 2006).

May provide insight into sedimentation, infiltration and
runoff rates.

Lower elongation ratio values (more elongated) tend to
have a higher susceptibility to erosion and sediment
load, whereas higher values (more circular) show higher
infiltration and lower runoff (Reddy et al., 2004).

More sediment and lower runoff can lead to higher
turbidity, impacting river productivity (Roach et al.,
2014).

Can be used to describe the amount and location of
macrohabitats (e.g., main channel, floodplain, tributary,
estuary) and mesohabitats (pools, riffles/runs) that
support different species and fulfill different ecological
functions.

Pool size can provide an early indication of resilience, as
it may be associated with both breadth of habitat and
persistence during dry conditions (Pollino et al., 2018).

Notation — i = 1,..., n pool/p; = perimeter of pool i/a; = area of pool i/l; = length of pool i/w; = mean width of pool i/*dimensionless.
Adapted from lMcGarigal and Marks (1995), 2Schumm (1956).
#Area-weighted means that pools with a larger size exert greater influence than smaller pools.
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Table 2
Remotely sensed ecohydrological metrics that pertain to resilience, the formulas used to calculate them, their definition and a brief description of their ecohydrological
relevance.

Metric name Metric Equation Unit Definition Ecohydrological Relevance

Pixel Persistence p— wp % 100 % Represents the water persistence of each pixel through o Allows water persistence to be quantified and supports

T time as a percentage. Higher values indicate higher the identification of refuge locations, which are essential
persistence. for preserving biodiversity during dry periods.
Refuge Area RA = km? Quantifies the total area extent of the most persistent e Can provide insight into hydrological dynamics because

PP > 90%*pixelarea

Wetted Area
Percentage of
Section’ 100

noa 0
APSEC = M x %
sa

Wetted Length %

_ Z;Ll L
Percentage of LPSEC = s

Section’ 100
Pool Fragmentation N Pool/
PF = —— 2
Y km
Pool Longitudinal N Pool/
X PLF =
Fragmentation Sl km

water pixels by counting the pixels with persistence
values above 90 % and multiplying by pixel area.

Describes how persistent the wetted extent is in relation
to the section area. Calculated by dividing the section
water extent (sum of pool areas within a section) by the
total area of the section. APSEC approaches zero when
water extent becomes increasingly rare in the landscape
and indicates the severity of aquatic habitat contraction
within a section.

Represents the ratio between the sum of pool length
within a section and section wetted length. Considers the
main channel drainage line within a river section as a
reference (i.e., section wetted length). Values approaches
zero as total pool length diminishes within a section.
Represents the ratio between the total number of pools
and the wetted area extent within a section. Indicates the
fragmentation of surface water (i.e. pools) for a given
water extent.

Represents the ratio of the total number of pools and the
section wetted length. Values increase as the pool’s
length gets smaller and the number of pools increase,
indicating a higher likelihood of loss of longitudinal

the distribution and extent of persistent water features at
a large scale can reveal hydrological connectivity to
groundwater, and at a small scale can reveal hyporheic
interactions (Sims et al., 2016).

Sections with high pixel persistence indicate locations
with either deep water or sufficient groundwater
contribution to offset losses, also revealing refuge areas.
Indicates how severely aquatic habitat contracts or floods
within a section and is also relevant to section-scale water
persistence.

Indicates how fragmented a given water extent is and
provides insights into the loss of pool connectivity.

Provides an insight into longitudinal connectivity/
fragmentation, which has implications for movement
pathways for foraging, spawning, recolonization, or mass
migration of aquatic fauna (e.g., diadromous fish and

connectivity.

crustaceans).

Notation —i = 1,..., n pool/q; = area of pool i/l; = length of pool i/N = total number of pools in a section/WP = Sum of water observations through time for pixel/T =
Total number of observations for pixel/sa = section total area/sl = river section length

Adapted from "McGarigal and Marks (1995).

Resilience describes the capacity of a system to recover after
disturbance (i.e., drying) and was represented by six metrics: Pixel
Persistence, Refuge Area, Wetted Area Percentage of Section, Wetted
Length Percentage of Section, Pool Fragmentation and Pool Longitudi-
nal Fragmentation. Pixel Persistence, Refuge Area, and Wetted Area
Percentage of Section describe the amount of water within a section;
hence are relevant to water persistence and hydrologic refugia. The
Wetted Length Percentage of Section is the ratio between the sum of pool
length within a section and section wetted length. While theoretically,
values of this metric should not exceed 100 %, in reality, they can
because while the section line length is fixed, the cumulative length of
pools within the channel and in the floodplain within the buffer polygon
can exceed this number. For instance, during the wet season, river pools
may extend into adjacent floodplain creeks; alternatively, early in the
dry season, multiple pools may exist side by side inside the main
channel, i.e., the river channel is braided or contains anabranches. Pool
Fragmentation and Pool Longitudinal Fragmentation are indicators of
river fragmentation and are relevant to hydrological connectivity.

2.3.5. Describing and evaluating hydrological attributes and derived metrics

To visualize and understand patterns in attributes and metrics as the
river system transitions from wet to dry, we fitted polynomial lines to
our data. For any given attribute or metric (y), we created a regression
model that predicted y given the day of the year (day). The global
equation of the model is shown in Eq. (1), where day refers to the two
composite samples per month (n = 24 per year). Polynomial terms were
included for day, i.e., day*, in recognition that metrics may display

complex non-linear behavior through time.
Metric(y) = intercept + day + day* + day® + day* + ...day° (@8]

We fit linear models containing polynomial terms up to the 6th order
using the Ordinary Least Squares (OLS) function in the package stats-
models (Seabold and Perktold, 2010) using a total of 478 observations
for each model. This resulted in six models of increasing complexity with
increasing polynomial terms. We used model selection to identify the
model with best predictive capacity as we recognized that high-level
polynomial terms may lead to overfitting (i.e., describing residual
noise as opposed to true variation). Support for polynomial terms
included in the global model were assessed by comparing model-subsets
using the Akaike Information Criteria (AIC). AIC scores provide a mea-
sure of relative model support by trading off model fit (model likeli-
hood) with model complexity, i.e., number of parameters (Burnham and
Anderson, 2004). We model averaged parameters across all competing
models with AAIC < 4.0 as per Burnham and Anderson (2004) to pro-
duce the final model used for prediction (see supplement for AIC scores
and AAIC values). Note that AAIC is the difference of the AIC score of
each model from the best model (e.g., AAIC of the best model is 0). The
same approach was used to describe seasonal changes among river
sections. To explore the benefits of using metrics generated from im-
agery as opposed to a conventional gauged approach, we visually
compared attribute and metric seasonal curves with rainfall and
discharge graphs generated from two gauging stations (Noonkanbah and
Looma).

It is important to highlight that Pixel Persistence and Refuge Area
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could not be analyzed using the approaches mentioned for the other
metrics because these two metrics cannot be divided into time steps, i.e.,
their value is created from a temporal reduction. Still, we analyzed the
differences in these metrics between sections. Note that the Pixel
Persistence value used to describe any given river section was deter-
mined using the average value for the section, and the value for Refuge
Area was based on the total area within a section. Furthermore, Pixel
Persistence data were filtered, and all values <25 % discarded so that
very low water observations and soils did not bias the metric mean.

3. Results
3.1. Hydrological attributes

The developed algorithm readily identified surface water in the main
channel and the adjacent floodplain as well as the centerline of pools and
their upstream and downstream ends (Fig. 4). Importantly, the algo-
rithm generated values for pool area and perimeter that were the same
as those calculated in ArcGIS 3.0. The algorithm’s ability to identify pool
length and endpoints also showed promising results upon visual
inspection.

3.2. Attributes and metrics during drying and wetting phases

When combined across the five river sections, both attributes and
metrics displayed considerable variation within a year, suggesting they
were able to depict seasonal hydrologic patterns in the study area.
During the wet season, there was a strong increase in pool total wetted
area, perimeter and length (Fig. 5A-C). Changes in these attributes
translated into a strong increase for metrics related to pool size
(Fig. 5G-I), pool shape complexity (Fig. 5E), as well as metrics that
described the percent coverage of water across a river section (Fig. 5K
and L). The wet season created a strong decrease in metrics that
described surface water fragmentation (Fig. 5L and M) and pool elon-
gation (Fig. 5F); Note, smaller values represent more elongated pools for
the Area-weighted Elongation Ratio metric. During the dry season, the
opposite patterns were observed with pools becoming smaller, less
complex and covering a smaller percent of the river section (Fig. 5E,
G-J). Metrics describing pool length (Fig. 5H and K) declined more
gently than those related to area or width (Fig. 5G-1), indicating that as

_Sentinel-z (RGB)

o

O Pool Start/End Points ' Pool Length o Pool Area
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the Fitzroy River dried, pools became narrower before they became
shorter. As drying progressed pools became increasingly circular
(Fig. 5F), as well as more fragmented (Fig. 5L and M).

Seasonal trends in attributes/metrics also identified the timing of
peak changes in hydrology occurred. In the Fitzroy River, peak changes
occurred during the middle/end of the wet season and the end of the
dry/beginning of the wet season, as indicated by attributes and metrics
displaying local maxima or minima at these times (Fig. 5). The rapid
change during the middle to the end of the wet season reflected the
transition of a river in flood with high connectivity to a non-flood state.
The other period of rapid change during the end of the dry/beginning of
the wet season presented the transition of the river from a series of
shrinking pools in a fragmented channel back to a flooded connected
state and translated into the opposite pattern for the attributes and
metrics.

One attribute, the number of pools, displayed a complex seasonal
pattern and is worthy of additional attention. This attribute showed
three local maxima between mid to late wet and the mid-dry/early wet
season and three local minima in the mid wet, early dry, and late dry
season (Fig. 5D and Fig. 6B). The pattern arose because as the wet season
progressed, river discharge (Fig. 5N) increased longitudinal connectiv-
ity, which caused the number of pools to decrease, i.e., see the first local
minima in February (Fig. 6B — January Window — Note that 2018 had an
early wet). As the wet season reached its peak and water extent was at its
maximum, pools scattered across the floodplain were identified in the
main channel buffer area (Fig. 6 — March Window) and the sum of these
pools created the first local maxima in April (Fig. 6A and B). As flooding
ended and the river started to fragment in the early dry season, the loss
of ephemeral pools caused pool numbers to decrease rapidly (Fig. 6 —
July Window), and the number of pools reached a second local mini-
mum in July. As the dry season continued and the river fragmented
further, larger pools split into several small pools, creating another set of
local maxima in September. These small, fragmented pools continued to
shrink as the dry season progressed until they ceased to exist, creating
the last local minima in November. The number of pools continued to
rise as the river fragmented further before the wet season commenced
and improved hydrological connectivity in the early wet season
(December) caused pools to join and their number to decrease again. A
similar pattern was observed, albeit more muted, for the attribute Total
Wetted Perimeter (Fig. 5B).

Pool Perimeter ™ "1 Section Boundary

Fig. 4. An example of extracted attributes during the wet (A, B) and dry season (C, D). Left side images (A, C) represent the original RGB Sentinel-2 images, while the
right side (B, D) also shows the extracted attributes. The dashed black lines represent the 250 m buffer. Note that the attribute pool length is shown with a light blue
line, pool area is shown in dark blue, and pool perimeter is shown in orange. Attributes are determined for each continuous wetted area (i.e., pool). (For inter-
pretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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Fig. 6. An illustration of the temporal complexity of the attribute ‘Number of Pools’. Panel A shows the attribute for Section 2 during a year with average rainfall
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mask for Section 2 during 2018 as the river transitions from wet season to dry and then back to wet. The total Number of Pools for Section 2 for each time period and
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An examination of Fig. 5 also revealed that when the river stopped
flowing in the dry season, and little or no information could be extracted
from gauged data (Fig. 5N), our spatial metrics kept tracking hydro-
logical characteristics of the river sections analyzed. Mean monthly total
rainfall data (Fig. 50) also assists our interpretation of the general
behavior of the metrics by providing information on the intensity and
temporal distribution of rainfall events.

3.3. Attributes and metrics within river sections of varying persistence and
fragmentation

The seasonal patterns identified above were also observed indepen-
dently in each river section, but their magnitude was highly variable
between the five sections in line with their hydrological persistence. For
instance, typically the more hydrological persistent the section the
smoother and less steep the attribute or metric curve over time;
conversely, the less persistent the section the more abrupt the curve
decay with a steeper slope (Fig. 7). More subdued seasonal changes were
particularly evident for pool number and length (Fig. 7D and C) and for
metrics linked to fragmentation (Fig. 7L and M), pool elongation
(Fig. 7F) or length as a percentage of river section (Fig. 7K). These
pattern emerged because river sections with relatively persistent surface
water, potentially due to high groundwater inputs, demonstrated less
variation in surface water extent, hence attribute and metric values over
time, than river sections with little to no groundwater inputs. Exceptions
in the general pattern did emerge, especially for metrics linked to pool

area or width (Fig. 7G and I).

Attribute and metric values also differed considerably for river sec-
tions with different hydrological persistence, indicating that metrics
were adept at representing spatial differences in hydrology. For
instance, river sections with low hydrological persistence (sections 1 and
2) had pools which were smaller in size (i.e. area, length, width, per-
centage of landscape) during both the wet and dry season compared to
those in sections with potential stronger links to groundwater (sections
3-5) (Fig. 7G-J). Further, river sections with low persistence contained
more pools (Fig. 7D) that were cut off from one another (Fig. 7L and M)
and covered a smaller portion of the channel (Fig. 7J) compared to river
sections with high persistence.

Metrics that directly described hydrological persistence also depicted
differences among river sections indicating that they were also adept at
identifying hydrological differences. For instance, values for Pixel
Persistence and Refuge Area were considerably higher in river sections
with a high likelihood of groundwater inputs (sections 4 and 5) and were
lower in sections of the river with minimal likelihood of groundwater
inputs (sections 1 and 2) (Fig. 8A and B; Fig. 9). Refuge Area, which only
includes values of Pixel Persistence above 90 %, was the more sensitive
of the two metrics and differed by two orders of magnitude between
sections 1 and 2 and sections 3 to 5, with values of 0.0019 and 0.0207 for
the former and >0.25 for the latter (Fig. 8B). Pixel Persistence was less
sensitive, with a maximum difference of only 17 % between the most
different river sections, i.e., 1 and 5 (Fig. 8A).
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T Section’s

Fig. 9. Example of the difference between Pixel Persistence and Refuge Area between sections one and five. Note, the white dashed circle on left side of Section 1

zooms in on the Refuge Area in this section.
4. Discussion

This study demonstrated that hydrological attributes and metrics
automatically derived from multispectral imagery can accurately
describe aspects of an intermittent river’s hydrology and have the po-
tential to provide meaningful insights into river morphology, resilience,
and ecological functioning. Metrics proved effective at describing sea-
sonal patterns, revealing how the size, complexity and elongation of
surface water features (e.g., pools) decreased as the study river transi-
tioned from wet to dry and how fragmentation increased. Metrics also
enabled the differentiation of river sections with varied hydrological
persistence. Using remotely sensed technology with automated algo-
rithms to characterize the hydrology of intermittent rivers is a signifi-
cant advance and has the potential to increase our understanding of
remote and understudied rivers and improve their management.

Characterizing surface water hydrology in intermittent rivers can
help us generate and transfer knowledge, assess impacts and monitor
recovery (Kennard et al., 2010; Olden et al., 2012). For instance,
knowledge will be generated when metrics are used to identify refuge
locations in a river system or map the extent of aquatic habitats, i.e.,
floodplain, main channel, tributary, and estuarine. Knowledge genera-
tion can also be facilitated by using metrics as covariates in predictive
models, improving our ability to investigate hydrological and ecological
relationships (Beesley et al., 2014; Canham et al., 2021; King et al.,
2016). Characterizing a river using remotely sensed metrics rather than
gauged discharge data or hydrodynamic models provides another lens to
evaluate hydrology (as per Olden et al., 2012) and may improve our
ability to transfer knowledge among river systems within a region,
among regions and potentially among continents. It could also be
incorporated into approaches that seek to protect the natural flow
regime in the face of development, such as the ecological limits of hy-
drologic alteration (ELOHA) framework (Poff et al., 2010). The remotely
sensed attributes and metrics presented in this study can also help
quantify the impacts of threats, such as water resource development (i.
e., the construction of impoundments, surface or subsurface water
extraction), land use change and climate change. Lastly, attributes and
metrics can play an important role in quantifying the effect of restorative
actions. For instance, metrics can be used to assess environmental water
delivery (also known as experimental floods) by mapping changes in the
size of aquatic habitats or could be used to quantify hydrologic changes
that result from altered dam operation rules or the removal of
infrastructure.

Although our attributes and ecohydrological metrics show much
promise, a multispectral approach is not without challenges. Firstly, the
quality of the metrics depend directly on the quality of the water iden-
tification process, which is limited by the configuration of the Water
Detect algorithm (Cordeiro et al., 2021; Tayer et al., 2023) and a range
of other factors associated with the spatial resolution of the image data,
satellite return time and land cover variability. In this study, the accu-
racy of the water identification process is expected to have achieved
similarly good results as reported by Tayer et al. (2023) since we used
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the recommended optimum time-averaged input parameters (i.e., water
indices combination, maximum clustering, and regularization) for the
Water Detect algorithm (Cordeiro et al., 2021) and applied them in the
same catchment. While this is encouraging, it is important to note that
the spatial resolution of the image data influences the level of detail of
the water mask, thus Sentinel-2 data (10 m pixels) may be too coarse to
provide meaningful imagery for narrow intermittent waterways, such as
tributary streams. It may also preclude mapping of small aquatic fea-
tures, such as riffles, which are common in intermittent rivers. The 5-day
return cycle of Sentinel-2 may also limit its ability to characterize brief
hydrological events, making it difficult to describe flashy rainfall-runoff
responses which are likely to occur in headwater streams or in systems
with relatively impermeable substrates. In addition, this technique may
not be applicable in regions with frequent cloud cover if using Sentinel-
2. However, one of the benefits of using our approach is that it can be
applied to any multispectral image with at least Visible + Near-infrared
bands. Choosing satellites with quick return, such as Planetscope and
Worldview, can help avoid cloud cover issues. Land cover can also affect
the process of water identification since heavily shadowed, burnt, and
urban areas can influence the accuracy of common water indices such as
the Normalized Difference Water Index (NDWI) and Modified Normal-
ized Difference Water Index (MNDWI) (Guo et al., 2017; Xu, 2006; Zhai
etal., 2015; Zhang et al., 2011), used in the Water Detect algorithm. For
this reason, a preliminary visual exploratory analysis of the study area is
strongly recommended to evaluate the best combination of spectral
bands for any use case. Importantly, if the water mask is accurate, the
process of extracting attributes should be straightforward and produce
reliable results. Another challenge, although not observed in this study,
is the possibility that pool length can be underestimated if the river
channel bends strongly and pool endpoints lie close together (in
Euclidean distance). Differences in topography among river sections
may also influence a multispectral characterization of hydrology. For
instance, some sections may have fewer topographic depressions than
others and therefore form fewer ephemeral pools. Lastly, the use of a
buffer zone around a river centerline to characterize a river channel,
while pragmatic and timesaving, has the potential to introduce error
into metrics if the aim is the evaluate the main channel only, as surface
water on the adjacent floodplain may also be included. This type of error
can be countered by changing the buffer distance when configuring the
algorithm or by providing the exact main channel boundary.

For those seeking to use our multispectral approach, careful
consideration must be given to the choice of parameters used as input for
the water identification process. We recommend using the sensitivity
test developed by Tayer et al.’s (2023), as it was specifically designed to
identify the best parameters for the Water Detect algorithm. The test
compares the results of a combination of input parameters to determine
values that reflect the most accurate water mask for each use case.
Although this technique requires ground-truthed or remotely inter-
preted data for its accuracy assessment, we recommend its use because
results can improve dramatically if adopted. However, for those unable
to obtain ground-truthed data, we note that, in some cases, good results
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can still be achieved using the Water Detect default parameters (Cor-
deiro et al., 2021; Tayer et al., 2023; Tottrup et al., 2022). Importantly,
our algorithm to generate attributes and metrics has been developed in
modules, thus can be easily updated if more accurate methods to detect
water arise.

A multispectral approach to characterizing the hydrology of inter-
mittent rivers offers much promise, but its advantages and usefulness
will only be revealed by trialing its use. We encourage others to use this
method for the range of potential applications mentioned earlier. We are
especially keen to see its ability to characterize the similarity of riverine
sections within a catchment as well as its ability to characterize hy-
drology among river systems. Studies that are able to acquire long time
series imagery (i.e., decadal) will be able to investigate links between
climate and hydrology and may shed new light on our understanding of
the impacts of climate change on intermittent river systems. Such an
approach may be achieved using the Landsat satellite series which has
been around since the 1970's; however, the reduced spatial resolution of
Landsat imagery means that we recommend this approach only for river
sections with wide channels. We also welcome studies comparing and
contrasting hydrological characterizations based on this spatial method
with those using gauged discharge data, as per Olden et al. (2012) and
Kennard et al. (2010), as revealing differences may showcase the
strength of a spatial approach and potentially reveal its limitations.
Studies that link metrics to ecological patterns or processes will reveal
their ecological relevance and limitations and are fundamentally
important. Lastly, we encourage others to test the developed algorithm
and the resulting attributes and metrics in their intermittent rivers and
report back. Only through trialing the method across a range of river
systems will its advantages and limitations become clear. This process
will inevitably lead to metric refinement, the addition of other metrics,
and recommendations about where metrics are most useful.

5. Conclusion

In this study, we developed a suite of ecohydrological attributes and
metrics to characterize intermittent rivers over time that uses multiple
multispectral images as input. The process of calculating attributes and
metrics has been automated in an open-source algorithm built in a Py-
thon 3.7 environment. The source line of code is available on GitHub for
community editing and improvement via collaboration (see Data
Availability Statement), making the algorithm conveniently accessible
for future users. Our case study indicated that the attributes and metrics
were highly effective in characterizing the morphology and resilience of
river sections and highlighting their relative hydrological differences.
Our approach has great potential to be implemented because the
developed algorithm has been designed to be easily used by pro-
fessionals from different areas, such as hydrology, hydrogeology, ecol-
ogy, climatology, and management, so long as the user has
programming skills. A better understanding of intermittent rivers’ hy-
drological characteristics and how they change through space and time
is useful for resource assessments, water allocation planning, manage-
ment prioritization (e.g., identification of refuge locations) and climate
change studies. By improving knowledge generation and decision-
making, this hydrologic tool will contribute to the management and
protection of intermittent rivers.
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