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Abstract

During the last decade, 1-m resolution topo-bathymetric digital elevation models (DEMSs)
have become increasingly utilized within fluvial geomorphology, but most meter-scale
geomorphic analyses have only been conducted on one to a small handful of river
reaches. While such analyses have contributed greatly to our collective understanding
of river discharge-topography interactions, which is applicable in both river restoration
design and environmental flow regulation contexts, their generalizability across a range
of river types remained largely unevaluated. This study assessed the dominance of a
single hydro-morphodynamic mechanism, flow convergence routing, in 35 ephemeral
rivers divided among 5 channel types in California's South Coast region. To do so, we
conducted geomorphic covariance structure (GCS) analysis on longitudinal
standardized width (Ws) and standardized, detrended bed elevation (Zs) spatial series
from 1-m resolution DEMs to explore the stage-dependent nature of fluvial landforms.
We compared and contrasted results among different river types and found that in all
river types there are coherent, multi-scalar structures of longitudinal fluvial topography.
We find that width undulation driven flow convergence routing is a broadly relevant
channel altering mechanism, however, it’s relationship with water stage height differs
between river types. For example, in partly confined riffle-pool rivers, resilient width
undulations at a bankfull discharge appear to control the degree to which riffle-pool
morphology is self-maintaining. But in mountainous confined river reaches, width’s
relationship with inferred sedimentary dynamics increases somewhat linearly with water

stage height, potentially as a function of the sediment size distribution.



1 Introduction

River type classification relies on the concept that each assemblage of geomorphic
processes produces a characteristic fluvial morphology (Thornbury, 1954; Kasprak et
al., 2016). Yet studies investigating the relative role of a hydro-morphodynamic process
across a range of different river types are lacking. For example, one might wonder if
knickpoint migration is equally important for plane-bed, riffle-pool, step-pool, cascade,
and bedrock river types and of equal importance in any one type across all discharges?
The process could instead be meander migration, freeze-thaw bank erosion, avulsion,
flow convergence routing, nonfluvial boulder emplacement, particle queuing, or dozens
of others. While river pattern classifications often use numerical thresholds to delineate
broad patterns (e.g., Eaton et al., 2010), albeit with some skepticism (Carson, 1984),

reach-scale river classifications rarely use them.

A key limiting factor in evaluating how a hydro-morphodynamic process varies among
river types has been the lack of sufficiently detailed (i.e., 1-m resolution) topo-
bathymetric mapping of rivers to characterize the essential patterns of variability that
drive and indicate individual morphodynamic processes. Variability is present in many
key factors, such as sediment facies, aquatic and riparian vegetation, large bed
elements (including wood, boulder and bedrock features), and topography. One-meter
resolution topo-bathymetric digital elevation models (DEMSs) are increasingly available
and utilized in fluvial geomorphology (Piegay et al., 2015) to describe topography

(Notebaert et al., 2009; Scown et al., 2015), segment rivers (Nardini et al., 2020), model



two-dimensional (2D) hydraulics (Pasternack, 2011), classify and mapping landforms
(Cavalli et al., 2008; Clubb et al, 2017), document sedimentary dynamics (Baartman et
al., 2013), identify periodic width (W) and detrended bed elevation (Zd) undulations
(Brown & Pasternack, 2017; Duffin et al., 2021), and evaluating topography for specific
hydro-morphodynamic mechanisms (Pasternack et al., 2018a, b; Pasternack et al.,
2021). While such literature has developed novel methodological approaches and
advanced geomorphology, the financial expense and labor involved in these projects
has limited the vast majority of meter-scale DEM analyses to only one or a few river
reaches. As a result, there is a paucity of meta-analysis or sufficiently automated
procedures to analyze and compare a large sample of river reaches at one time to draw

statistically significant, generalizable geomorphic conclusions.

The question remains: how does a single hydro-morphodynamic process vary among
river types? This study evaluated the role of a single hydro-morphodynamic mechanism
— flow convergence routing (MacWilliams et al., 2006; Jackson et al., 2015) — in the five
ephemeral river types found in California’s South Coast region (Figure 1) to begin to
answer this fundamental fluvial geomorphic question at the regional scale. As of yet, it is
infeasible to attempt a continental or global scale analysis due to the lack of data,
whereas there exists extensive high-resolution topo-bathymetric data of ephemeral
rivers. The approach involved analyzing and comparing meter-scale fluvial DEMs to
reveal and characterize similarities and differences in topographic patterning explained
by flow convergence routing’s relative importance as a channel altering mechanism in

this setting.



This study advances geomorphic analysis methods and understanding through
development of a new algorithm that (i) automates 1-m DEM generation from raw
airborne lidar with more detailed attention to sources of uncertainty in river corridors
compared to typical workflows used in the lidar industry, and (ii) implements the
procedures from geomorphic covariance structure theory (Brown & Pasternack, 2014,
2017; Pasternack et al., 2018a,b; Pasternack et al., 2021) to evaluate hierarchical
nesting of fluvial landforms within a river corridor and assess the hydro-morphodynamic
mechanism of flow convergence routing. This new open-source code is freely available

on GitHub (available at https://github.com/xaviernogueira/gcs qgui) and is thoroughly

documented on “Read the Docs” (https://gcs-gui-documentation.readthedocs.io/).

1.1 Ephemeral rivers

Flashy ephemeral rivers have a hydrology characterized by short, high-intensity rainfall
events that drive the largest annual discharges but otherwise have little to no flow
between such events (Bull et al., 2000; Priddy & Clark, 2020). Similarly, intermittent
rivers are seasonally ephemeral, with groundwater contributing to baseflow during the
wet season. Together, ephemeral and intermittent rivers drain over half the world’s land
surface and are most common in arid, semiarid, and Mediterranean regions (Datry et
al., 2017). For simplicity, we conceptually group intermittent and flashy-ephemeral

stream hydrology and henceforth refer to both as “ephemeral”.

Ephemeral river reaches have precipitation thresholds for channel flow, as opposed to

precipitation contributing to a perennial baseflow. The thresholds vary with sediment


https://github.com/xaviernogueira/gcs_gui

size, bedrock geology, river type, valley confinement, and vegetation (Hooke, 2016).
The spatial heterogeneity of these variables often results in ephemeral rivers having
more diverse annual flow regimes than perennial rivers within a given climatic setting

(Hooke, 2016; Merritt et al., 2021).

Summarizing ephemeral river geomorphology is difficult; their fluvial processes and
morphologies are diverse, spanning a wide variety of environmental settings globally.
While many ephemeral river processes and channel forms are analogous to perennial
rivers, others are quite distinct (Jaeger et al., 2017). Climate is one variable affecting
channel morphology; in arid environments, with lower clay content and less-dense
riparian vegetation, loosely consolidated channel banks promote wide split-
channel/braided morphologies (Powell, 2009). Further, infiltration and evaporative
transmission losses in ephemeral rivers can decrease sediment carrying capacity more
than downstream slope reductions alone, therefore factors such as substrate infiltration
rates and evaporative potential post-precipitation event can significantly contribute to
network scale depositional patterns (Jaeger et al., 2017; Billi et al., 2018). Network
transmission losses within ephemeral streams inhibit downstream transport of fine-
grained sediments relative to that typical in perennial systems, contributing to poorly
sorted channel sediments. In addition, low flood frequency in ephemeral rivers enables
high rates of vegetation encroachment into the channel. Therefore, precipitation event
recurrence partly controls channel hydraulic roughness, which in turn affects

scour/deposition patterns (Segura-Beltran & Sanchis-lborb, 2013; Hooke, 2016).

Like perennial rivers, ephemeral rivers organize in a network of diverse river types. In
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the dry-summer subtropical climate, longitudinal position within an ephemeral stream
network is the primary factor controlling channel morphology. As described by Jaeger et
al. (2017), distinct morphologies are seen in the production, transfer, and deposition
zones of an ephemeral stream network. The production zone, describing upland areas
dominated by hillslope erosion, tend to have ephemeral river morphologies
characterized by small, steep, single-thread channels with poorly sorted sediments and
low width-depth ratios (Wohl & Pearthree, 1991; Jaeger et al., 2017). Upland channel
morphology can appear quasi-stable between stochastic and quasi-periodic
disturbances, such as El Nifio/La Nifia-driven wildfires and floods during anomalously
strong years. Rare disturbances, especially when arriving in a fire-flood sequence,

dominate sediment flux and channel evolution (Warrick et al., 2012; Gray et al., 2015).

Ephemeral rivers are ideal for automated geomorphic investigation because airborne
LiDAR flown during the dry season provides complete river-corridor and channel-bottom
coverage. Fluvial bathymetric LIDAR data availability is limited due to turbidity, depth,
forest cover, and other constraints (Lague & Feldmann, 2020), and this has previously
prevented comparative analysis among many river corridors in a single study. Focusing
on ephemeral rivers affords such unprecedented spatial scale of analysis. However,
one limitation is that study findings must be interpreted within the context of established

and emerging geomorphological differences between ephemeral and perennial rivers.

1.2 Flow convergence routing

The topography of a river corridor is largely controlled by hydro-morphodynamic



processes driven by temporally variable discharge and sediment supply interacting with
spatially heterogeneous fluvial topography (De Almeida & Rodriguez, 2012). The nature
of this interaction can vary but has been studied as an assemblage of geomorphic
processes that are linked to observed patterns of scouring and deposition (Wyrick &
Pasternack, 2016). One such morphodynamic mechanism is ‘flow convergence routing’,
which is broadly characterized by significant longitudinal topographic heterogeneity,
inundated to various degrees depending on discharge, driving stage-dependent, non-
uniform patterns of lateral and vertical flow funneling (i.e., convergence and divergence)

resulting in longitudinal patterning of deposition and scour.

According to flow convergence routing theory (MacWilliams et al., 2006; Jackson et al.,
2015), all else equal, a small cross-sectional area (i.e., geometric constriction) has a
higher potential to scour and route sediment through it because flow streamlines come
together thereby increasing velocity. Vice-versa, a large cross-sectional area causes
momentum dispersion via streamline divergence, decreasing velocity and thereby
increasing deposition. Further, the locations of small and large cross-sectional areas
shift along the river corridor with water stage, because complex non-uniform river
topography operates over different discharge ranges (Brown et al., 2015; Pasternack et
al., 2018a, b). The velocity at any expansion or constriction may or may not become low
or high enough, respectively, at a specific discharge to affect sediment deposition or
scour, respectively. For low discharge, there could be intense but highly localized scour
at a highly constricted “nozzle”, but insufficient sediment transport capacity to route that

material further downstream. As a result, this relationship between cross-sectional



geometry and fluvial hydro-morphodynamics is expected to only control systemic
landform patterning at the range of morphologically relevant discharges not only
capable of mobilizing bedload but really transforming the terrain (Caamaiio et al., 2009;

Pasternack et al., 2018b; Pasternack et al., 2021).

Recent studies of a few river segments have now shown that there exists a threshold
water stage above which landform structure is organized to be freely self-maintaining
predominantly (but not exclusively) via flow convergence routing morphodynamics. For
wide gravel/cobble lowland rivers and confined, steep mountain rivers, the threshold is
identifiable in landform metrics for the cross-sectional area inundated by a discharge or
stage one to two times that of bankfull. However, the channel-forming flow causing that
change appears to be significantly greater (Pasternack et al., 2018b, 2021). In other
words, a flow just inundating the bankfull channel identifies bankfull landforms but
appears to have insufficient shear stress to wholesale change them. Meanwhile, a large
flood inundating the width of a river corridor could really force bankfull landforms to
conform to imposed hydraulics, while any peripheral floodplain, terraces, and other
features might not subject to enough shear stress for them to change. To help convey
these concepts we provide a flow chart that outlines the geomorphic implications of the

different Ws, Zs covariance relationships possible at any given water stage (Figure 2).

1.3 Geomorphic covariance structure (GCS) and landforms

One key attribute of flow convergence routing theory is its ability to conceptually link a

hydro-morphodynamic mechanism to quantifiable fluvial topographic patterning,



allowing its dominance as a fluvial process at a given discharge to be directly
investigated from inundated topography alone. This contrasts most other fluvial hydro-
morphodynamic analyses, as they typically use computed bed shear stress as an
intermediary to explain topographic patterning. Some approaches to computing bed
shear stress have unacceptable assumptions considering natural river nonuniformity,
while others involve time consuming, financially costly, computationally intensive

numerical modeling; all approach still yield estimates with high uncertainty.

The key to unlocking this morphology-process connection is the recent theory of
geomorphic covariance structure (GCS) analysis first described by Brown and
Pasternack (2014) and Brown et al. (2014). Subsequently, studies further articulated
concepts, methods, and results, as summarized in the following brief overview of key
GCS ideas. Detailed concepts and methods are left for readers to seek out especially in
Pasternack et al. (2018a, 2021). There is also an online, free introductory GCS video

presentation series beginning with https://youtu.be/VSMK72FbTil.

There are many fluvial variables that can be quantified as they vary longitudinally
downstream. A GCS is simply the linked bivariate pattern of any two of them. A GCS is
not the statistic, covariance (a single number); it is the complete bivariate spatial series.
The bivariate linkage of any GCS can be made using a decision tree or a mathematical
operator such as the product- whatever helps reveal hydro-geomorphic processes. The
GCS between a river’'s standardized width (Ws) and standardized, detrended bed
elevation (Zs) (an inverse proxy for depth) has been shown to accurately predict the
hydrodynamic mechanism involved in flow convergence routing (Pasternack et al.,
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2018b).

Specifically, when Ws and Zs are both either positive or negative numbers at
discharges capable of sediment routing, then flow convergent routing will maintain riffle-
pool sequencing in an alluvial river. This is captured by the covariance product of Ws
and Zs, C(Ws, Zs), which is calculated across the complete bivariate spatial series.
Flow convergence routing theory anticipates that Ws and Zs series positively covary
(i.e., C(Ws, Zs) > 0) at morphodynamically relevant water stages (Pasternack et al.,
2018). Vice versa, channel dimensions with negative Ws and Zs covariance (i.e.,

C(Ws, Zs) < 0) are thought to be asynchronous with flow convergence routing driven
hydrodynamics and unstable in rivers at channel-altering discharges, unless the bed is

highly resistant to hydraulic forcing.

Because of its ability to discern between these two topographic regimes, the GCS of Ws
and Zs has previously been utilized to predict at which stage fluvial hydraulics switch
from minimally channel altering to having appreciable, channel altering flow
convergence routing morphodynamics (Brown & Pasternack, 2017). GCS analysis of a
river's DEM can be used to study flow convergence routing via quantification of Ws and
Zs over a range of discharges. Because GCS analysis requires only a DEM as an input
(Pasternack et al., 2021), without numerical modeling or reliance on discharge-stage
gage data, it is possible to study remote fluvial topographies that are less impacted by
human alterations (Wohl, 2019). Incidentally, the same GCS has been found to be an
important control on river hyporheic exchange rates (Movahedi et al., 2021), so the
methodology is relevant beyond just morphodynamics.

9



Pasternack et al. (2021) recently reported that confined mountain rivers with coarse bed
material and exposed bedrock have a threshold stage at which the GCS between Ws
and Zs changes from negative to positive. This provides a simple test to determine what
discharge it takes to not merely move bed sediment but organize fluvial landforms- a
more important fluvial function. What remains unknown is the extent to which cross-
sections with positive Ws and Zs values occur at different water stages across diverse
river types, and whether they have riffles/pools, other riverbed units (e.g., cascades,
steps, alternate bars, lateral benches, etc.), or no units at all (i.e., a straight, flat uniform

canal).

1.4 Study goals

While the findings of previous flow convergence routing studies have direct relevance to
river restoration design and environmental flow management contexts, especially where
maintaining resilient channel bed undulations is frequently prioritized (i.e., riffle-pool
sequences), it remains uncertain due to small sample sizes whether flow convergence
routing is similarly present across diverse river types. The purpose of this study is to
address this uncertainty by analyzing the GCS of standardized width (Ws) and
standardized, detrended bed elevation (Zs) that characterize flow convergence routing
in ephemeral rivers, and do so at three key water stages that address different
magnitude events. The three key water stages are baseflow, bankfull flow, and a flood

flow at a geomorphically significant stage (section 2.6).

We statistically investigated whether flow convergence routing’s dominance or its

10



relationship with water stage is significantly different across river types. For example, a
central scientific hypothesis evaluated states that river types characterized by channel
bed undulations (i.e., riffle-pools, or step-pools) will have GCSs at bankfull that match
the expectations of flow convergence routing theory, suggesting that flow convergence
routing is central to the maintenance of said undulations. Additionally, we hypothesize
that the water stage at which flow convergence routing is most dominant will change for
different river types, potentially as a function of confining valley wall distance or
sediment size. For instance, because coarser sediment is mobilized at higher flow
velocities, we expect that upland rivers will have an onset of positive C(Ws, Zs) channel
topography at a higher water stage than for lowland river types with finer bed material.
We also hypothesize that because expansive floodplains disperse the energy of the
highest water stages, flow convergence routing morphodynamics in unconfined valleys
will peak at intermediate water stages constrained by channelized topography (i.e.,

highest C(Ws, Zs) at bankfull stage).

To test these hypotheses and chieve study goals regarding ephemeral rivers, we
formed two objectives, each with specific, tractable questions. Objective 1 (O1) is to
assess the degree to which active channel morphology at three key water stages is
consistent with flow convergence routing acting as a dominant hydro-morphodynamic
mechanism. Our second objective (O2) is to investigate the extent to which South Coast
ephemeral river channel bed elevation undulations (O2a) and landforms (O2b) are a
product of hydro-morphodynamics driven by larger scales of topography (i.e., valley wall

topography affecting flood flows hydraulics). We addressed Objective 1 by answering

11



three questions (O1la,b,c) that explore differences between river type and water stage
longitudinal topographic deviations as expressed by Ws and Zs series. Such differences
are interpreted in relation to the particular pattern of topographic nonuniformity required

by flow convergence routing (i.e., positive C(Ws, Zs)).

Objective 2 aimed to move beyond typical fluvial research where the landforms and
morphodynamics of a given channel dimension are understood by considering drivers
for that same dimension. For example, studies of the bankfull channel focus on hydro-
morphodynamics in the bankfull channel. Yet in nature a wide, deep ‘pool’ section of the
bankfull channel could be a product of a valley wall bedrock outcrop that constricts flood
flows, increasing flow velocity, and therefore inducing local scour. Objective 2
investigated such multi-scale drivers of fluvial topography, which contributes to our
overall study goals, because as described by flow convergence routing theory (section
1.2), it may take stronger forces than can be produced within a given channel dimension
to change and control it. Therefore, resilient low flow channel dimensions may be
maintained by patterns of topographic nonuniformity at higher water stages capable of
making channel alterations. Theoretically, a similar relationship between bankfull and
flood-stage channel dimensions could also exist but has been less studied. In South
Coast ephemeral rivers with their characteristic sporadic but intense flood flows, it's
possible that these discharges are the dominant driver of lower water stage channel
morphology. On the other hand, many bankfull flows are likely to be morphologically
relevant themselves and could potentially rework, and obscure, the channel alterations

left by flood flows. A flow chart outlines both objectives, their associated questions, and

12



hypotheses (Figure 3).

1.5 Scientific questions and hypotheses

1.5.1 Question Ola: To what extent does longitudinal Ws and Zs covariance change

with water stage, and does this vary among ephemeral river types?

Here we investigate how C(Ws, Zs) may change with water stage among different
South Coast ephemeral river types. High C(Ws, Zs) at a given water stage suggests
that flow convergence routing is playing a dominant hydro-morphodynamic role (section
1.3). Using this framework, we make several hypotheses. First, we hypothesize that for
all river types C(Ws, Zs) will be lowest at baseflow, which in many cases would lack the
ability to significantly alter channel morphology. Building on this logic, we also
hypothesize that average C(Ws, Zs) will increase with water stage for all river types
except any river type characterized by expansive floodplains that would disperse
overbank flows, significantly dissipating flow velocity, and therefore disrupting the
hypothesized relationship between water stage hydro-morphodynamic relevance.
Finally, we hypothesize that the high width to depth ratio of partly confined braided
rivers will weaken width-driven flow convergence routing and result in the lowest

average C(Ws, Zs) values of all river types.
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1.5.2 Question O1b: Do stage-dependent bivariate distributions of cross-sectional Ws
and Zs values aggregated among a river type display non-Gaussian

organization, and does this vary by water stage or river type?

In contrast with the previous question in which river reach averaged C(Ws, Zs) values
were compared, to answer question Olb we qualitatively assessed the entire bivariate
distribution of paired cross-sectional Ws, Zs values for each river type among the three
key water stages. Exploring joint Ws, Zs distributions allows changes in the relationship
between Ws and Zs with water stage or river type to be qualitatively described visually

and interpreted beyond what single-value metrics facilitate.

Because Ws and Zs are both standardized values, if width (W) and relative bed
elevation (Z) have no structured relationship (i.e., random or uniform bivariate
distribution), the Ws, Zs bivariate distribution would appear symmetrically Gaussian. We
assessed each 2-D distribution qualitatively by describing the degree of clustering, and
the nature of any prominent non-Gaussian skew or linearity. Diagonal linearity would
suggest a non-negligible level of Ws, Zs covariance with either a positive or negative
sign. For example, if the average C(Ws, Zs) is very high for a river type at some flow,

the bivariate distribution will have a positive sloping diagonal linearity, and vice versa.

We hypothesize that South Coast ephemeral rivers in confined mountain canyons will
have more tightly clustered bivariate Ws, Zs distributions due to valley proximity
restricting the range of possible topographic variability. Additionally, we hypothesize that

unconfined rivers with uniform sand bedded channels at flood stage and partly confined

14



braided rivers across all water stages, for which in the previous question we
hypothesized low average C(Ws, Zs), will have bivariate Ws, Zs distributions that

appear Gaussian.

1.5.3 Question Olc: How do the relative abundances of flow convergence routing

landforms vary across flow-stages and ephemeral river types?

While question Ola uses river averaged C(Ws, Zs) values, it can also be illuminating to
focus specifically on the subset of high-variability cross-sections that have both Ws and
Zs more than 0.5 standard deviations from their reach mean values. We use the sign of
Ws and Zs to classify such cross-sections as one of four named flow convergence
routing landforms differentiated from a “normal channel”: oversized (Ws+, Zs-),
constricted pool (Ws-, Zs-), nozzle (Ws-, Zs+), or wide bar (Ws+, Zs+). These landform
names describing individual cross-sections were created in recent research to help
establish a conceptual linkage between bivariate channel dimensions and commonly
delineated fluvial morphology features (Pasternack et al., 2018a). Nozzles and
oversized landforms are associated with negative C(Ws, Zs) values, and are predicted
to be morphologically unstable during channel altering flows by flow convergence
routing theory — unless bed and banks are highly resistant to erosion. Vice versa, the
wide bar and constricted pool landforms have positive C(Ws, Zs) values and are
hypothesized to be freely maintained by flow convergence routing dominant hydro-
morphodynamics (section 1.3). Because the non-normal landforms are defined using

the same 0.5 standard deviation threshold, in lieu of a relationship between Ws and Zs,
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we would expect to see equal abundances of the different non-normal landforms.

We hypothesize that nozzle and oversized landforms will be most prevalent at baseflow
in all river types. We make this prediction because baseflows are typically non-channel
altering and both negative C(Ws, Zs) landforms are non-resilient during flow
convergence routing driven channel alterations. Therefore, nozzles and oversized
landforms would be most likely to survive within the baseflow channel. Additionally, we
hypothesize that nozzles and oversized landforms will be more common at higher water
stages (i.e., bankfull and flood stage, section 2.6) in confined, cobble-boulder,
cascade/step-pool rivers, because such very coarse sediment and high-relief bedforms
require much higher bed shear stress to mobilize, let alone fully alter the channel, and
that necessitates a higher water stage. Finally, we hypothesize that partly confined riffle-
pool river reaches will have a greater abundance of constricted pool and wide bar
landforms at bankfull, which would be consistent with their presumed channel

morphology.

1.5.4 Question O2a: Are relative topographic highs and lows at baseflow and bankfull
stages associated with width undulations occurring at bankfull and flood stage

topography, respectively?

For Objective 2 we study how Ws and Zs shift as water stage increases with the aim of
assessing the degree to which higher water stage hydro-morphodynamics controls
lower water stage channel morphology. Question O2a contributes to this objective by

statistically investigating the possibility that baseflow Zs undulations are a product of
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bankfull Ws-driven hydro-morphodynamics, as well as the analogous relationship
between bankfull and a higher flood stage. For example, the shallow, high Zs cross-
sections of some rivers at bankfull may be wider on average during a flood stage than
the deep, low Zs bankfull cross-sections. This would suggest that the flood stage’s
channel dimensions are at least somewhat responsible for bankfull channel Zs patterns.
Finding the inverse relationship, or no relationship at all, between a lower and higher
water stage would challenge the notion that flow convergence routing during higher

flows is a relevant driver of lower flow channel dimensions.

We hypothesize that all river types will have high Zs cross-sections nested within wider
than average portions of channel at the next higher water stage, and vice versa.
Additionally, we hypothesize the resilient Zs undulations found in partly to fully confined
riffle-pool and step-pool river types 3 will be maintained by the strongest wet season
flood flows. Therefore, we predict that only their bankfull channel Zs undulations will

significantly positively covary with flood stage Ws.

1.5.5 Question O2b. Do flow convergence routing landforms have preferred nesting

structures (e.g., baseflow nozzles within bankfull wide bars)?

Using classic terminology, the previous question is about landform “nesting” — the
presence of forms within forms — but considers individual variables rather than whole
landforms. We continue to investigate potential hydro-morphodynamic relationships
between water stages by looking for preferential nesting patterns amongst the subsect

of cross-sections with non-normal landform designations (section 1.5.3). Flow
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convergence routing, building on classic velocity reversal theory, anticipates preferred
landform nesting structures between the active channel topography of a low flow (i.e.,
baseflow) and bed load mobilizing bankfull discharge (Pasternack et al., 2018a,b). For
example, a wide bar or nozzle (+Zs) at baseflow is expected to be nested within a
depositional wide bar at bankfull, maintained by width expansion forced flow

divergences that reduces sediment carrying capacity (section 1.2).

To answer question O2b, we statistically characterized the nature of channel landform
nesting structures across both water stage transitions for all ephemeral river types. We
hypothesize that nozzle and oversized landforms at baseflow will be preferentially
nested within wide bars and constricted pool at bankfull, regardless of river type. We
make this prediction because negative covariance landforms composed of non-
cohesive sediment are theoretically non-resilient at water stages with channel-altering
bed shear stress. Baseflows are typically insufficient to yield bed shear stresses that
can alter landforms, therefore the difference between bed shear stress patterns at
baseflow versus higher discharges potentially facilitates a prominent landform

covariance “reversal’.

Additionally, we hypothesize that such preferential nesting of negative covariance
landforms within positive ones will be subdued going from bankfull to flood stage for
unconfined sand-gravel, partly confined braided, and confined plane bed river types. For
partly to fully confined riffle-pool and step-pool river types, we suggest that flood stage
flow convergence routing may be responsible for maintaining their characteristic
channel Zs undulations.

18



1.6 Study area: South Coast climate and geomorphology

California’s ‘South Coast’ region (Figure 1) is a regulatory area defined by the California
Water Board (Byrne et al., 2020a) along the state’s southern Pacific coastline. The
region consists of coastal valleys, foothills, and rugged coastal mountain ranges that
loosely share physiographic characteristics despite significant geologic diversity. The
South Coast region has a largely dry summer subtropical climate with seasonal
precipitation bipolarity (Inman & Jenkins, 1999., Abatzoglou et al., 2009). There is
typically little to no precipitation during the May to October dry season followed by a
considerable amount of atmospheric river-driven precipitation during the November to
April wet season (Dettinger et al., 2011; Polade et al., 2017), though even then rainfall is
intermittent. South Coast precipitation is also spatially heterogenous, made evident by
the 30-year mean February precipitation, historically the wettest month of the year,

ranging from 8 cm to 30.5 cm (Hill et al., 2016) within the region.

Coastal U.S. rivers are generally sediment rich (Pfieffer et al., 2016), and the South
Coast region is no exception. Active and complex faulted geology in the mountain
regions, an abundance of unconsolidated Cenozoic sediments, as well as erodible
sedimentary lithologies all contribute to high rates of hillslope denudation during wet
season precipitation events (Inman & Jenkins, 1999). Inter-annual ENSO-driven climatic
variability can also contribute to hillslope denudation; strong El Nifio years, which
reoccur roughly every five years, have resulted in 27x increases in South Coast stream
sediment fluxes (Inman & Jenkins, 1999; Abatzoglou et al., 2009). In addition, the
region’s wildfire regime alters soil conditions (Wohlgemuth et al., 1999) and increases
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hillslope smoothness (Roth et al., 2020). When wildfires are followed by intense wet
season rainstorms, then mass wasting loads rivers with large quantities of sediment

(Warrick et al., 2012).

2 Methodology

2.1 GCS analysis Python program

Until now, GCS analysis has been performed manually using GIS and Excel
(Pasternack et al., 2018b, 2021), which limits the number of reaches that can be
analyzed and raises the potential for manual error at many steps. This study introduces
an open source Python3 program that reproduces the existing GCS workflow (Figure 4)

while adding several new outputs and analyses.

The program requires a topo-bathymetric LIDAR point cloud LAS file as the primary
input. Expert-based user input then specifies three things: (i) LIDAR processing
parameter values used in LasTools, (ii) thalweg elevation profile breakpoints in support
of bed-elevation detrending (section 2.5) and (ii) a set of key water stage values above
Zd (hereafter, Zd stages) that are representative of geomorphically, hydrologically, or
ecologically significant inundation levels (section 2.6). The program requires LasTools
(Hug et al., 2004), ArcPro’s (ESRI, 2011) Python3 package ‘arcpy’ (with a valid ‘spatial
analyst’ license), and a few free Python packages (i.e., pillow, plotly, seaborn, and

openpyx1).

As the main feature, the program automates production of downstream spatial series of
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Ws, Zs, C(Ws, Zs), and flow convergence routing landform code values for all selected
key Zd stages. It also produces a set of reach-average river metrics by Zd stage that
can be used for river classification. From the primary GCS spatial series, the program
then carries out several analyses to evaluate GCS patterns and flow convergence
routing conditions. Analyses include data tables of indicator metrics and plots of results.

All details are in the manual at https://gcs-gui-documentation.readthedocs.io/.

2.2 Experimental design

Given the new GCS program, a mindful experimental design was needed to answer the
study questions by analyzing GCS outputs to compare and contrast results among
many reaches representing the diversity of South Coast river types. The overall
scientific method began with a river-reach sampling scheme (see section 2.3). Even
though GCS analysis is now reasonably automated, in this first implementation we did
not aim to extract and analyze the entire river network, as some mindful manual
decisions must be made for every reach. The initial expectation of river type came from
a pre-existing reach type prediction vector file made with a machine-learning algorithm

applied to desktop GIS metrics (Guillon et al., 2020).

Once selected, individual reaches were put through the GCS program to obtain
standard GCS analysis outputs and reach-average river classification metrics based on
the high-resolution LIDAR data. Next, program outputs were used to verify and possibly
update river types (see section 2.8). Finally, Python scripted analyses were used to

produce statistics, plots, and tables that addressed the scientific questions (section 1.5).
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2.3 River type sampling

According to Byrne et al. (2020a), a river type is defined as an archetypical stream form
at the 10 — 20 channel width scale (e.g. riffle-pool, plane bed, etc.) that has: (a) well-
defined channel attributes (e.g. slope, bankfull width, etc.), (b) topographic variability
attributes (TVA) (e.g. coefficients of variation of width and depth), (c) sediment
composition (e.g. D50, D84, etc.) and (d) landscape location (e.g. valley confined, partly
confined or unconfined) that can be verified in the field. A data-driven, bottom-up,
statewide river classification was previously developed for California using > 1,100
sample sites, along with eight more-detailed, more-accurate regional classifications
(Lane et al., 2021). The classification methodology was first piloted for the ~ 70,000 km?
Sacramento River catchment (Lane et al., 2017), which revealed that channel types

were largely independent of catchment hydrology (Byrne et al., 2020b).

Byrne et al. (2020a) added five regional classifications, including for the South Coast
region. South Coast reach sampling was designed using a rigorous, equal-effort, three-
way (valley confinement, sediment supply, and local slope versus contribution area bin)
stratified random sampling strategy. The field campaign was carried out by trained
professionals from the Southern California Coastal Water Research Project. Field data
were processed into a multivariate statistical classification with maximally contrasted but
representative river types using a standardized procedure codified in R Markdown.
Statistical analyses that aided classification and understanding/interpreting classification
results included non-metric multidimensional scaling (Anderson, 2001), Ward’s
clustering algorithm (Ward, 1963), and classification and regression tree analysis
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(De’ath & Fabricius, 2000).

Qualitative descriptions of each river type are displayed (see Table 1), along with plots
visualizing the distribution of classification relevant river metrics (Figure 5). South Coast
river types exist in three valley confinement settings: unconfined (river type 1), partly
confined (river type 2, river type 5), and confined (river type 3, river type 4). River types
3 and 4 capture production zone ephemeral morphologies. River types 1, 2, and 5
capture the morphological diversity within the transfer zone of an ephemeral stream
network, where floodplains are present and sediment balances are often characterized

by quasi-equilibriums or long-term net deposition (Jaeger et al., 2017).

Hand in hand with the classification based on a modest number of observable sites,
Guillon et al. (2020) developed a machine learning algorithm that predicts river type for
any 200-m river interval along National Hydrography Dataset version 2 stream lines
(McKay et al., 2012; NHDPIlusV2) on the basis of desktop GIS metrics. The algorithm
was trained using the field-observed river type labels. Byrne et al. (2020a) further
expanded the machine learning algorithm and applied it to all coastal regions, including
the South Coast region. This yielded a population of reaches with expected river types

to draw from for use in a mindful sampling campaign in our experimental design.

To reduce possible bias and avoid noticeable geographic patterning in the analysis
related to river reach sample quantities, we assembled relatively even-sized numbers of
each river type. The population of 200-m river intervals from Byrne et al. (2020a) was

clipped to be within the area of available, suitable dry-season LiDAR data producing full
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river-corridor topography (i.e. no standing water that near-infrared airborne LIiDAR could
not penetrate). Among those intervals, the population was further reduced to isolate
reaches with ephemeral hydrology, as identified by a statewide hydrologic

classification’s “Flashy-Ephemeral River (FER)” designation (Lane et al., 2018).

From the population of all ephemeral reaches with LIDAR coverage and machine-
learning predicted river types, eight were randomly sampled for each river type. These
forty sites served as a representative initial sample set to undertake further
characterization to determine final suitability for use in the study. The sites were not yet
considered final, because the study’s analysis of dense LIiDAR point clouds yielded
classification metrics that could check the machine learning prediction and possibly

override it (section 2.8) for a more accurate classification beneficial for this study.

2.4 DEM generation and river study length selection

Meter-resolution, bare ground raster DEMs were generated for an extra-long and wide
segment of fully dry river-corridor terrain using the steps outlined in Figure 4a. Only
LiDAR data meeting the U.S. Geological Survey’s rigorous 3D Elevation Program
standards were used (Table 2). Data had a 0.7-m maximum mean point spacing and a
10-cm maximum vertical accuracy root mean squared error (RMSE). Normalized
Differenced Vegetation Index meter-resolution rasters were generated from National
Agriculture Imagery Program four-band imagery to apply different LasTools parameters
on vegetated and non-vegetated areas. The resulting point clouds with bare-ground

elevation values were converted to 1-m resolution raster DEMs. [A flow chart detailing
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our LIiDAR processing methodology is in Appendix 1.] DEMs were closely examined for
quality issues; river reaches with water-filled pools or artificial human confinements
(levees, walls, etc.) were removed from the sample set reducing the original 40 reaches

down to 35. [A table listing all sampled river reaches is in Appendix 2.]

Next, each DEM’s length was clipped to assure that samples represent a persistent
geomorphic reach of a single river type. We identified river type transitions manually
with visual DEM interpretation, aided by aerial imagery. Significant changes to bankfull
channel or valley slope, width, planform pattern, large bed elements, and bed material
served as indicators of a change in river type. Site lengths varied between 410 and
2207 m, averaging 1057 m (x 453 m). The average is 56 times mean channel width at
bankfull, indicating that the study involved substantially long reaches suitable for GCS

analysis consistent with classic reach length norms for quantification procedures.

2.5 DEM detrending

GCS analysis focuses on local fluvial topographic variability as a hydro-morphodynamic
driver via topographic steering, necessitating DEM detrending using the steps in Figure
4b. The first sequence of steps creates and analyzes a thalweg pathway. Bare-ground
DEMs were smoothed via a low pass filter (15 passes) before a thalweg polyline was
generated using a least-costs algorithm applied to the smoothed DEM. Elevation values
from the unsmoothed bare-ground DEM were extracted in 3 ft (0.91 m) increments
along the thalweg and plotted. Major slope breaks were visually identified and used to

apply a piecewise linear regression to the longitudinal thalweg elevation series.
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We next generated a detrended DEM by subtracting the regression modeled elevation
value for each sampled thalweg point from all raster cells nearest to that thalweg point
(Figure 6). The quality of a detrended DEM declines with distance from the thalweg, and
in arid rivers can be negatively affected by in-channel shrubs (Segura-Beltran &
Sanchis-Iborb, 2013, Hooke, 2016). Shrubs are especially difficult to penetrate using
LasTools point cloud processing algorithms (Norheim et al., 2002; Gould et al., 2013).

Imagery showing the detrended DEM of each sampled river is provided in Appendix 3

2.6 Baseflow, bankfull, and flood Zd stage designation

To compare fluvial topography among river reaches and river types we defined Zd
stages (i.e., horizontal water surface elevations above the detrended bed elevation, Zd)
that seemed geomorphically similar among all sites, even though sampled rivers came
in different shapes and sizes. For a standardized detrended DEM, water stage is
identified with a Zd value, thus it is referred to as a Zd stage (Pasternack et al., 2021).
For each sampled river, a Zd stage is designated that corresponds to a longitudinally
persistent, eco-geomorphically relevant stage threshold; at a minimum, stages
corresponding to ‘base flow’ and ‘bankfull’ discharges are used (Figure 7). Unless the
floodplain is exceptionally flat and wide, one or more flood stages should be included,
such as each stage associated with different macro-channel bench tops (Erskine &
Livingstone, 1999), the stage inundating the flood prone area (Pasternack et al., 2021),
and/or the stage filling the alluvial valley floor. The more Zd stages analyzed, the more

complex the analysis and interpretation of how all the stages work together, which
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remains an open challenge for future GCS development.

Zd stage selection is an expert-based process facilitated by an analysis of lateral slope
breaks across a river corridor’s width and inspection of aerial imagery (Figures 4c and
7). The procedure for selecting Zd stages involves generating wetted area polygons at
3-cm (0.1-ft) Zd increments by differencing the DEM from each Zd stage plane. The
wetted areas of these polygons are plotted as a function of Zd. In the plot, a high area-
vs-Zd slope indicates that the riverbank has a gentle lateral slope (i.e., a small increase
in stage inundates more bank terrain) and a low area-vs-Zd slope indicates steep
riverbanks. Hence, slope breaks identify Zd stages of transitions between channelized
and flat terrain. Aerial imagery, the detrended DEM, and field observations/experience
were used to identify and select the slope break that represent eco-geomorphically
significant conditions, such as baseflow stage, bankfull stage, and the stage that fills the

flood prone area (Pasternack et al., 2021).

The South Coast’s ephemeral rivers do not have perennial, groundwater-derived ‘base
flow’ (Dettinger et al., 2011; Polade et al., 2017), but they do tend to have a flat channel
bottom, sometimes containing many large bed elements. For this study, baseflow zZd
stage was defined as that just fully inundating the relatively flat riverbed along the
majority of the thalweg’s longitudinal extent. DEM detrending results in high riffle crests
protruding above the baseflow Zd stage because topographic analysis cannot account
for hydraulic backwatering (Pasternack et al., 2021). In partly confined and unconfined
valleys, bankfull Zd stage was defined as that inundating a geometrically well-defined
channel bounded by a comparatively flat depositional surface (i.e., floodplain). In
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confined canyons without floodplains, bankfull Zd stage was delineated to exclude
densely vegetated peripheral areas lacking non-boulder, active, alluvial bed sediment.
In partly confined valleys, flood Zd stage was defined as the lowest stage inundating the
alluvial valley and contacting confining valley walls. In some unconfined settings with
especially distal valley walls, a flood Zd stage may be defined regarding a prominent
terrace feature that limits the wetted areas corresponding to all realistic water stages.
Flood Zd stage can be defined similarly in some confined settings as well, in which a
small but observable alluvial valley is present. In the most tightly confined reaches
without any semblance of a floodplain, flood Zd stage is defined by both the slope break
above which wetted area accumulation increases linearly with Zd stage and careful

visual interpretation of paleo-flow indicators.

2.7 GCS data extraction

GCS analysis requires Ws and Zs data from evenly spaced cross-sections along the
river corridor. Unless a canyon is highly confined (e.g., Pasternack et al., 2021), a river’s
flow path usually changes with discharge (Pasternack et al., 2018a). Changes are most
notable when Zd stage thresholds are exceeded, and momentum significantly
straightens and shortens the flow path. The method to address this involves generating

a centerline bisecting the wetted area for each Zd stage.

Next, cross-sectional rectangles were generated and stationed at ~ 1/20™ of bankfull
width (but larger than the dimensions of a single raster pixel). To compare data at

rectangles along centerlines of different lengths, data from higher Zd stages were
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spatially joined to the nearest base flow cross-section rectangle. Densely spaced,
adjacent base flow stations may share the same bankfull or flood Zd stage; so no
interpolation was performed. [Cross-section spacings for the 35 study reaches are

provided in Appendix 2.]

Fluvial topography was processed to obtain longitudinal spatial series and GCS
metrics. Mean wetted width (W) was calculated at each Zd stage by clipping cross-
sectional rectangles to the wetted area polygon, quantifying the wetted area of each
clipped rectangle, and dividing those values by each rectangle’s downstream length.
Mean detrended bed elevation (Zd) was calculated by using zonal statistics to extract
the mean detrended DEM cell value below each wetted area clipped cross-sectional

rectangle.

For both W and Zd, values were standardized to yield Ws and Zs. Reach-average
values were first subtracted from individual rectangle values. Then the residual was
divided by the reach standard deviation of values. For this study, geomorphic
covariance, C(Ws, Zs), was calculated using the product (Ws-Zs) to obtain a spatial

series at each key Zd stage (e.g., Figure 8).

Finally, we used a decision tree to classify each rectangle into one of five stage-
independent, morphodynamics-specific landform types: ‘normal channel’, ‘nozzle’,
‘wide-bar’, ‘constricted pool’, or ‘oversized’ (Figure 9). Wide bar and constricted pool
units have positive C(Ws, Zs) and are self-sustainable by flow convergence routing.

Nozzle and oversized have negative C(Ws, Zs) and are expected to scour or fill,
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respectively, if nozzles are alluvial and if there is a sediment supply to fill oversized

(Pasternack et al., 2018b).

2.8 River type verification

The 35 study sites obtained through the sampling procedure had uncertainty as to their
river type arising from two sources: statistical methods to create the regional
classification from a modest number of samples and machine learning prediction of the
South Coast river type of every 200-m stream interval (Byrne et al., 2020a). For this
study to be scientifically meaningful, river type designation must be highly accurate,
within the limitations of classification itself as a paradigm. Rather than move forward
assuming the types were correct, the detailed detrended DEMs and aerial images
available for this study enabled desktop-based quantitative and expert-based

verification (and reassignment, if necessary) of each study site’s river type.

Four reach-average attributes found in the South Coast river classification (Byrne et al.,
2020a) that varied strongest with river type provided a quantitative basis for
classification: slope, valley confinement distance, bankfull width to depth ratio, and
bankfull depth coefficient of variation (Figure 5). The GCS program was used to
compute these variables at bankfull Zd stage for each site’s DEM. Resulting values
were used in the classification and regression tree that orders variables into their
relative place for keying South Coast river types at each site (Byrne et al., 2020a), with

the exception that no grain size classification metrics were available.

30



After verification and some re-assignment, each river type had six to eight samples
(Table 1). Sensitivity analysis was conducted to assess the extent to which channel-
type sample sizes impacted class-averaged GCS metrics. All groups’ sample size was
found sufficient to prevent the exclusion or inclusion of any given river reach from
significantly affecting class-averaged GCS values. [Detailed characterizations of each

site and its final river type assignment are in Appendix X.]

2.9 Data analysis by question

2.9.1 Question Ola: To what extent does longitudinal Ws and Zs covariance change

with water stage, and does this vary between river types?

Extracted longitudinal C(Ws, Zs) series were used to calculate mean C(Ws, Zs) and the
percent of cross-sections with positive C(Ws, Zs) (hereafter “covariance metrics”) for all
reaches at the three key water stages. If channel width and bed elevation are
independent, then the expectations for mean C(Ws, Zs) and % C(Ws, Zs) > 0 values
are 0 and 50%, respectively. Results significantly above or below expectation indicate

the Ws and Zs are co-varying to yield a coherent pattern per hypotheses.

To address question Ola, values for each metric were segregated by river type and
water stage, and then a Welch’s t- was applied. This tested whether the population of
values of each metric for a given river type at any water stage had an equal mean to
that of any other stage, within 95% confidence (p < 0.05) and used to quantify for each

river type whether a metric changed significantly on average with water stage. Similarly,
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we tested whether the mean values of each metric differed significantly between river

types at a given Zd stage.

2.9.2 Question Ol1b: Do stage-dependent bivariate distributions of cross-sectional Ws
and Zs values aggregated among a river type display non-Gaussian

organization, and does this vary by water stage or river type?

All paired Ws and Zs cross-sectional values from our full sample of South Coast
ephemeral rivers were segregated first by river type, and then by key Zd stage (5 types
times 3 stages yielded 30 subsets). For each two-way stratified dataset, a density heat
plot was produced that visualizes the distribution of all cross-sectional geometries as

captured their standardized Ws and Zs values.

As previously described (see section 1.5.3), due to the nature of standardized values, a
symmetrical, Gaussian-like joint distribution would affirm the null hypothesis that width
and bed elevation have no structured relationship. Because thousands of cross-sections
are visualized in each heat plot, any noticeable non-Gaussian-like skews or linearity are
unlikely to emerge by chance. To address our hypotheses, we qualitatively compared
and interpreted heat plots across the key water stages for each river type, as well as

plots across different river types at the analogous Zd stages.

2.9.3 Question Olc: How do the relative abundances of flow convergence routing

landforms vary across water stages and river types?

The relative abundance of cross-sections with each landform classification (see section
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2.5) at baseflow, bankfull, and flood Zd stage was calculated for all sampled river
reaches (i.e., % nozzle, % wide bar, etc.). Next, we consolidated these relative

abundance values first by river type, and then sorted them by key Zd stage.

In lieu of a relationship between Ws and Zs for a river type at a given Zd stage, we
would expect to see approximately uniform abundances of the different non-normal
landforms, so this was tested first. The analysis of variance test (ANOVA) produces p
values representing the probability that observed discrepancies between averaged
landform relative abundances are statistically significant. Additionally, separate
hypotheses predicted that certain landforms will be differently abundant across river
types at the same Zd stage. We addressed these with a different ANOVA that
compared the average abundance of each non-normal landform type across river types
to a uniform distribution. Hypotheses were considered corroborated only if the observed
landform abundances matched predictions and were significantly differ from a uniform

distribution, as indicated by an ANOVA p value < 0.05.

2.9.4 Question O2a: Are relative topographic highs and lows at baseflow and bankfull
stages associated with width undulations occurring at bankfull and flood stage

topography, respectively?

For each river type, we identified the subsets of cross-sections with high Zs (> 0.5) and
low Zs (< -0.5) at baseflow and bankfull Zd stages. We then extracted the Ws values of
these cross-sections at the next higher Zd stage, either bankfull or flood. To address

hypotheses, we paired and compared the distributions of the higher Zd stage Ws values
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associated with high and low bed elevation. To do so we visualized each pair of Ws
distributions in Violin plots and used a Welch’s t-test (Yuen, 1974) to test whether
population averages were significantly different at the 95% level (p < 0.05). For
example, one hypothesis expects that regardless of river type, cross-sections with low
baseflow Zs will have lower average Ws at bankfull Zd stage than cross-sections that
have high baseflow Zs. This hypothesis would be confirmed if the predicted difference in

means is observed and found to be statistically significant at the p < 0.05 level.

2.9.5 Question O2b. Do flow convergence routing landforms have preferred nesting

structures (i.e., baseflow nozzles within bankfull wide bars)?

For both baseflow-in-bankfull and bankfull-in-flood landform nesting, we identified all
cross-sections that changed from one non-normal flow convergence routing landform to
another. To address hypotheses, we assessed for each river type whether any specific
landform transitions were over or underrepresented relative to random change using
Chi-Square tests (Lowry, 2017). The tests checked the significance of discrepancies
between the expected and observed frequency of each unigue landform transition. The
Chi-Square test’s ‘expected frequency’ parameter was set to the relative abundance
landforms at the higher paired water stage. For example, if on average 15% of a river
type’s flood stage cross-sections are classified as wide bars, then the expected
frequency for any bankfull landform transitioning to wide bar is 15%. This allows
preferred nesting structures to be tested for significance relative to any changes in

landform abundances between water stages. For instance, building on the previous
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hypothetical, if much more than 15% of bankfull cross-sections with a given landform
classification transition into wide bar, and the Chi-Squared test p value is < 0.05, then

we could conclude that there is a preferential landform nesting pattern.

3 Results

3.1 Ola. Low and high covariance values for baseflow and bankfull stages,

respectively

Results corroborated the hypothesis that both covariance metric values, mean C(Ws,
Zs) and % C(Ws, Zs), would be lowest (more negative Ws, Zs covariance) for all river
types at baseflow, and then increase with stage (Table 3). The results of the t-test
comparing baseflow covariance metrics with both higher stages were at a statistically
significant level for confined and partly confined river types 3, 4, and 5 (p < 0.05). In
these three river types, cross-sections that are shallower tended to be narrower as well,
and vice versa. Base flow hydraulics were therefore too weak to force the topography in

these three river types to adjust to them.

Shifting from baseflow to bankfull stage, large, statistically significant increases in mean
C(Ws, Zs) and % C(Ws, Zs) > 0 (more positive Ws, Zs covariance) were observed for
river types 1, 3, 4, and 5 (Table 3). River types 3, 4, and 5 each had on average ~ 20%
more positively covarying cross-sections at bankfull than at baseflow. At bankfull, all
river types had on average > 50% of cross-sections with positive C(Ws, Zs) values.

Additionally, all river types had mildly positive mean C(Ws, Zs) except for river type 3.
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Finally, we compared bankfull and flood stage and found that both mean C(Ws, Zs) and
% C(Ws, Zs) > 0 did not significantly differ between stages in river types 1, 2, 4, and 5.
River type 3 experienced a statistically significant 0.30 increase in mean C(Ws, Zs)
going from bankfull to flood stage, as well as a ~ 10% increase in positively covarying

cross-sections on average (p = 0.045 and p = 0.046 respectively).

Results do not support either of our river-type-specific hypotheses. While river type 1
does have highest average covariance metric values at bankfull, they were not
statistically significantly higher than flood stage as we predicted. Additionally, river type
2 did not have the lowest average covariance metric values of all river types at any
water stage (see section 1.5.2 for the full prediction justification). [All question specific

hypotheses are color coded in accordance with our study’s findings in Figure 3]

3.2 Olb. Do stage-dependent joint distributions of cross-sectional Ws and Zs values
display non-Gaussian organization, and does this vary by water stage or river type

class?

River type 1 (unconfined, uniform, sand/gravel) joint Ws, Zs distributions have a roughly
Gaussian form at both baseflow and flood stage (Figure 10). At bankfull the distribution
is noticeably skewed towards the direction of positive C(Ws, Zs) (i.e., positive sloping

linearity), which supports out hypothesis.

In partly confined ephemeral rivers, the character of Ws-Zs distributions is different

between the two river types (Figure 10). River type 2 (partly confined, high W/D ratio,
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split-channel) has roughly Gaussian Ws-Zs distributions at baseflow. In contrast, river
type 5 (partly confined, gravel/cobble, riffle-pool) has a baseflow distribution with a
notable tear-drop-shaped skew towards negative covariance. Both river type 2 and 5
have bankfull and flood stage Ws-Zs distributions that are notably less organized, but
subtly skewed towards positive covariance at flood stage. The observed flood stage
skew leads us to reject our hypothesis that river type 2 will have unorganized Ws-Zs

heat plots at all water stages.

In valley confined settings, river types 3 and 4 have tightly clustered Ws-Zs distributions
with similar skews at each water stage (Figure 10). For both river types the bivariate
distributions skew strongly towards negative Ws-Zs covariance at baseflow, show little
to no directional skew at bankfull, and at skew towards positive Ws-Zs covariance at
flood stage albeit more mildly in river type 4. Results support the prediction that in
confined valley settings the structure of fluvial topography is highly flow-stage
dependent, and more tightly organized, potentially due to valley walls limiting width
variability. This was found to be particularly true at baseflow, where high bed elevation

co-occurs frequently with relative width constrictions in a linear like fashion.

3.3 Olc. How do the relative abundances of flow convergence routing landforms

across stages and river types?

Average landform relative abundances were found to be significantly non-uniform at
baseflow for river types 3, 4, and 5 (ANOVA p < 0.05). In each case nozzle and

oversized cross-sections (-Ws-Zs covariance) were more prevalent than constricted
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pool and wide bars cross-sections (+ Ws-Zs covariance). This matched the hypothesis.
However, we also predicted that river types 1 and 2 would similarly exhibit negative
covariance landforms at baseflow, which was visually observable (Figure 11) but not
statistically significant. At bankfull stage, only the valley confined river types 3 and 4 had
statistically significant non-uniform landform relative abundances (p < 0.05 level). For
both negative covariance landforms were still more prevalent, albeit by lesser margins
than at baseflow. At flood stage, river types 2 and 3 had statistically significant non-
uniform relative landform abundances (p < 0.05), characterized for both by a scarcity of

nozzles and a higher abundance of wide bars and constricted pools.

The ANOVA test applied to compare landform relative abundances between river types
found significant variability in only two cases. Baseflow wide bars are significantly more
common in river types 1 and 2 (mean=9.3%). Bankfull nozzles are significantly more
common in both confined river types 3 and 4. The prediction that positive covariance
landforms would be significantly more abundant for river type 5 was not supported by
results. However, the prediction that negative covariance landforms would be more
abundant in confined river types at non-baseflow stages than other river types was

found to be somewhat true at least for bankfull nozzles.

Finally, in all river types, the relative abundance of oversized cross-sections (+Ws, -Zs)
remained relatively constant across water stages. In river types 1, 2, and 5 the flow-
stage variability of all other non-normal landform relative abundances was not
significant at the p < 0.05 level. In confined river types 3 and 4, the non-oversized,
landforms vary in abundance significantly (p < 0.05) across water stages. In both river
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types, the relative abundance of wide bars and constricted pools (+ Ws-Zs covariance)
increases with flow-stage, contrasted to nozzles which half in abundance across both

baseflow to bankfull, and bankfull to flood-stage transitions (Figure 11).

3.4 0OZ2a. Are relative topographic highs and lows at baseflow and bankfull associated
with width undulations occurring at bankfull and flood stage topography

respectively?

In river types 1, 2, 4, and 5 cross-sections with high bed elevation (Zs > 0.5) at baseflow
had significantly greater mean widths at bankfull than cross-sections with low bed
elevation (Zs < -0.5) at baseflow (p < 0.05). This trend was particularly pronounced for
unconfined river type 1 that had a mean bankfull Ws associated with baseflow
topographic highs that was 0.69 standard deviations greater than the topographic lows
(Figure 12). In contrast, river type 3 cross-sections with Zs > 0.5 have a mean Ws value
that is 0.18 lower than cross-sections with Zs < -0.5. This analysis largely supported the
prediction that baseflow topographic highs would be associated with higher bankfull

width than baseflow topographic lows, however river type 3 was the exception.

In all river types except type 2, cross-sections with high bed elevation at bankfull had a
mean flood-stage Ws that was significantly greater than cross-sections with low bed
elevation at bankfull stage, again with river type 1 having the largest discrepancy. River
type 2 mean Ws values at flood stage did not differ at the p < 0.05 significance level.
The hypotheses that bankfull-to-flood stage preferential nesting would be observed

exclusively in the more non-uniform river types 3 and 5 was not supported.

39



3.5 02b. Do flow convergence routing landforms have preferred nesting structures

(i.e., baseflow nozzles within bankfull wide bars)?

Results indicated that preferential flow convergence routing landform nesting structures
exist and can be meaningfully interpreted. Significance levels for all Chi-Squared tests
were exceedingly high. Therefore, landform transitions between stages cannot be
explained by landform relative abundances alone. This supports the notion that nested
stage-dependent fluvial landforms are not independent of each other. In all river types,
the most strongly overrepresented nesting structure is one where landform designation
remains constant at all three stages. We found that for all river types baseflow nozzles
are preferentially nested within bankfull wide bars, which supports predictions and the
expectations of flow convergence routing theory. We also found that wide bars are
ubiquitously preferentially nested within oversized cross-sections in both flow-stage
transitions. Additionally, unconfined and partly confined river types 1, 2, and 5, had
baseflow oversized cross-sections preferentially nested within bankfull constricted
pools. This preferential nesting structure was observed as well in river type 5 (Figure
13b) going from bankfull-to-flood stage, potentially contributing to the class’s riffle-pool
morphology. However, broadly our hypothesis that bankfull to flood-stage preferential

nesting structures would be limited to river types 3 and 5 was incorrect.

A handful of channel-type-specific preferred nesting structures were observed as well.
River type 1 (Figure 13a) baseflow nozzle cross-sections were preferentially nested
within bankfull wide bars. Bankfull constricted pools are preferentially nested within
flood stage nozzles at more than twice the expected frequency. In addition, river type 2
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bankfull nozzles were preferentially nested within flood stage constricted pools, and
vice-versa, with constricted pools at bankfull preferentially nested within flood stage

nozzles.

4 Discussion

4.1 Unconfined fluvial topography is organized at bankfull

On average, we find that ephemeral rivers in unconfined corridors have Ws and Zs
longitudinal patterning at bankfull that strongly match the predictions of flow
convergence routing theory in a two-stage mode. Unlike in partly confined (types 2 and
5) and confined (types 3 and 4) river types, unconfined river type 1 Ws and Zs series do
not coherently covary (Table 3) at either baseflow or flood-stage. The lack of such
coherence at flood stage was predicted; in an unconfined setting, floodplain, terrace, or
valley hillside width undulation would only steer flow in a highly dispersed state (given
the high cross-sectional area) with little channel-altering potential. In contrast, at bankfull
stage unconfined reaches have a high bankfull mean C(Ws, Zs) value of 0.38, with on
average more than 60% of cross-sections having positive Ws-Zs covariance (Table 3).
This suggests that flow convergence routing plays a dominant role at bankfull discharge
exclusively and self-organizes longitudinal fluvial topography without confining valley
input. In addition, baseflow topographic highs and lows (see question O2a) are more
strongly associated with bankfull wide and narrow intervals, respectively, than in any
other river type (Figure 12). We conclude that in unconfined settings bankfull scale
width undulations largely control in-channel sedimentary dynamics via the flow
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convergence routing mechanism.

4.2 Riffle-pool channel morphology in partly confined ephemeral rivers is likely

maintained by bankfull morphology topographic steering

Flow convergence routing theory was originally developed to explain the self-
maintenance of riffle-pool channel morphology in alluvial rivers, a morphology that
provides desirable salmonid habitat (Hamann et al., 2014). This generalizes classical
velocity reversal theory (Keller, 1971) that predicts that riffle-pool morphology is
maintained by a reversal in peak velocity from riffles to pools as discharge increases
from baseflow to bankfull. How flow convergence routing theory would apply in different
climates and river types has not been thoroughly studied. A lot of work has been done
on gravel and cobble bedded streams in temperate and semiarid partly confined rivers

(Sawyer et al., 2010; White et al., 2010; Gervasi et al., 2021).

In evaluating flow convergence routing across five river types with ephemeral hydrology,
the theory is largely supported by our sample of partly confined, riffle-pool rivers. The
study reaches typically switch dramatically from having negative covariance baseflow
GCS, to positive covariance bankfull GCS (see question Ola). Mean C(Ws, Zs)
transitions from -0.35 at baseflow to 0.28 at bankfull, a statistically significant increase
of 0.63. In contrast, river type 2, also with a partly confined valley setting, has a similar
mean bankfull C(Ws, Zs) value but experiences a nearly half as small, non-statistically
significant 0.35 increase in mean C(Ws, Zs). This suggests that while bankfull scale

width appears to somewhat control channel bed elevation in partly confined rivers
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broadly, riffle-pool channel morphology may specifically be a product of the observed

WSs-Zs covariance sign reversal going from baseflow to bankfull.

Using landform cross-sectional area as a proxy for velocity, and our landform transition
analysis (see question O2b), we can see that flow convergence routing theory’s
prediction is supported. That is, baseflow nozzles (flow convergence, high velocity) are
preferentially nested within bankfull wide bars (flow divergence, low velocity), and
baseflow oversized cross-sections (flow divergence, low velocity) are preferentially
nested within bankfull constricted pools (flow convergence, high velocity). River type 5’s
preferential landform nesting structure is visualized using a Sankey diagram (Figure
13b). The strong association leads to the conclusion that bankfull channel width
undulations, given suitable sediment supply, can topographically steer bankfull and
flood flows, thereby likely maintaining bed relief and the desirable riffle-pool riverine

habitat associated with it (Hamann et al., 2014).

We cannot ascertain which discharge magnitudes are dominating the process in
collaboration with bankfull channel topography. It is possible that bankfull flow is
sufficient, though Shields stress evaluations have cast doubt on that for gravel and
cobble bedded rivers (Pasternack et al., 2018b, 2021). It is also possibility that flood
flows control both baseflow and bankfull topography simultaneously. Finally, it possible
that flood flows control bankfull topography at flood peaks, and then in turn on the falling
limb of a flood, bankfull topography drives topographic steering and morphodynamics of
the nested baseflow topography. Detailed hydrodynamic and morphodynamic studies
are needed to continue to investigate these possibilities (Sawyer et al., 2010; Strom et
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al., 2016).

4.3 In valley confined settings, flow convergence routing’s relevance increases with

discharge

Valley confined river reaches have been previously characterized by a ‘Pool Expansion
Riffle Contraction’ (PERC) configuration, which describes a setting where narrow cross-
sections tend to be shallow, and wide cross-sections tend to be deep (Jaeger et al.,
2017; Mohadevi et al., 2021). Generally, the configuration’s counter-intuitive stability is
not self-generated by internal dynamics but rather imposed by width-restricting,
elevation-increasing hillslope debris flows, resistant bedrock outcrops, and the scour

potential associated with large boulders (Jaeger et al., 2017).

We find with ephemeral hydrology this traditional characterization of valley-confined
longitudinal topography exists predominantly at baseflow and is altered as stage
increases. In both confined river types (river types 3 and 4), mean C(Ws, Zs) at
baseflow is strongly negative (Table 3) and there is a high relative abundance of nozzle
and oversized landforms (Figure 11). The baseflow bivariate Ws, Zs distributions
(Figure 10) visualize the skew towards negative Ws-Zs covariance, and for river type 3
specifically, display a surprising level of 2D organization given the volume of cross-
sections studied (see question O1b). In contrast to other river types where flood stage
mean C(Ws, Zs) is comparable or less than bankfull, in confined settings mean C(Ws,
Zs) increases with stage. Despite this, the ‘PERC’ configuration description of mountain

rivers (Mohadevi et al., 2021), as represented here by negative C(Ws, Zs), generally
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ignores the flow-dependent nature of confined setting fluvial topography. This may be
related to the difficulty of gathering field data in confined mountain rivers at flashy high
flows, and potentially is an example of how 1-m scale topo-bathymetric DEMs can

contribute to our broadly fieldwork-based understanding of fluvial geomorphology.

Our analysis suggests that in contrast to other river types, in the valley confined river
types, flow convergence routing’s relevance as a morphodynamic mechanism is broadly
limited to and depends on floods- often very large ones. Bankfull inundated topography
appears to exist in a transition between negative and positive C(Ws, Zs) channel
configurations (Table 3), and in river type 3 specifically, has no relationship to baseflow
bed elevation undulations (see question O2a). At flood stage, both confined river types
have positive mean C(Ws, Zs) values (Table 3), with the percent of cross-sections on

average with positive Ws-Zs covariance near 60%.

We notice that the described baseflow-to-flood stage increase in mean C(Ws, Zs) is of
significantly greater magnitude, and occurring at higher stages, for river type 3 than river
type 4. This strong suggests that, as hypothesized, sediment size plays a key role in
determining at what discharge flow convergence routing begins to define channel
dimensions (Jackson et al., 2015; Bayat et al., 2017). Rivers of type 3 and 4 all exist in
South Coast mountains, which are characterized by high volumes of stochastically
injected, poorly sorted, sediment driven by colluvial hillslope processes (Inman &

Jenkins, 1999).

In a hypothetical setting with a uniform sediment size distribution, flow convergence
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routing could suddenly become relevant above the specific discharge capable of
mobilizing said sediment size. In such a case, we would expect to see channel
topography favoring positive C(Ws, Zs). Yet in our confined river reaches, especially
ones with cobble-boulder sediment regimes (river type 3), we do not see such
threshold-like behavior as was found for Pasternack et al. (2021). One possible
explanation is the use of only three Zd stages in this study, whereas Pasternack et al.
(2021) used seven, of which four were flood stages. Alternately, it could be more related
to the very high sediment supply and unregulated flow regime of South Coast
ephemeral streams in California, compared to the high-elevation, high precipitation
setting of Pasternack et al. (2021). Therefore, in reaches with high fluxes of very coarse
sediment, flow convergence routing may become continuously more relevant as flood
stage rises further. Another possibility is that a confining valley wall’s ability to drive
sedimentary dynamics is inversely proportional to its distance from the thalweg,
because a proximal valley wall steers flow that is less laterally dispersed, and therefore
at higher energy state. In conclusion, valley-confined river baseflow channels with
ephemeral hydrology can broadly be characterized by the negative C(Ws, Zs) cross-
sectional dimensions. Yet larger scale sedimentary dynamics appear to require and be
driven by the highest discharges via flow convergence routing, potentially as a function

of the sediment size distribution or valley wall distance.

4.4 Sources of uncertainty

There are two main sources of uncertainty effecting our study’s findings: DEM derived
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uncertainty and methodological uncertainty. The former largely results from technical
limitations associated with airborne LIDAR bare-earth terrain modeling, while the latter

is driven by portions of our methodology that required subjective input.

4.4.1 DEM uncertainty

GCS analysis is completely derived from fluvial DEMs, so DEM accuracy is critical to
our findings. Accuracy in this case is not so much about the absolute deviation between
real and modeled elevations, but simply whether extracted cross-sectional average bed
elevation and top width end up in the correct bin for FCR landform classification. Thus,
GCS analysis involves substantial reduction of uncertainty via decision-tree binning.
That leaves the accuracy of DEM values close to decision thresholds most vulnerable to
propagating error. Whether fuzzy rulesets would improve handling of uncertainty more
that it would add confusion via seemingly arbitrary fuzzy rules and difficulty for users
unsatisfied with applying percent likelihoods depends on one’s comfort level with those
tools and products. Fuzzy rulesets could at least help identify the most uncertain cross-

sections.

Standardized DEM field validation using independent ground-based methods is possible
when a site is close by, but as science expands to studying larger regions, even whole
continents, validation would be a costly and time-consuming affair. Thus, DEM error is
not able to be explicitly estimated and must be discussed in terms of uncertainty. Past
literature documents two sources of error afflicting DEMs derived from LIiDAR data:

random error and systematic error (Fisher & Tate, 2006). Random error is introduced by
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significant terrain noise at a scale smaller than the DEM resolution (1m). For example,
LiDAR returns may randomly only capture a boulder or woody element embedded into
lower lying sediments and assign the 1m raster cell an erroneously high elevation value.
Random error is estimated at the LIDAR project level using RMSE (see Table 2 for
values) but is potentially underestimated in sampled reaches with coarse (cobble-

boulder), poorly sorted, sediments.

Systematic error is introduced by LiDAR point cloud processing and the conversion to a
1m resolution DEM. LasTools (Hug et al., 2004) provides powerful algorithms that
remove LIDAR returns representing vegetation, ideally leaving point clouds
characterizing only bare-ground topography. In practice, these algorithms require
parameter tuning (see supplementary materials), and their effectiveness depends on
the LIDAR data quality and nature of riparian vegetation. Specifically, low-lying shrubby
vegetation species can contribute to poor vegetation point removal, resulting in
erroneously high DEM cell values (Norheim et al., 2002; Gould et al., 2013). All DEMs
were closely inspected for quality and re-processed with adjusted parameters, when
necessary, but some vegetation induced systematic error is unavoidable. Vegetation
induced error increases with slope regardless of dominant species (Gould et al., 2013),
therefore systematic error may be more prevalent in the confined, mountainous,
vegetated reaches. In addition, systematic error can be introduced by any of the
common point cloud interpolation techniques used to generate DEMS, which inherently
discretize continuous topographic variability into 1m scale elevation values. Choice of

interpolation technique likely does not affect average elevation error (Fisher & Tate,
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2006), therefore in topographically noisier settings averaging to the 1m cell scale may

unavoidably obscure some hydro-morpho dynamically relevant aspects of topography.

4.4.2 Methodological uncertainty

Methodological uncertainty is introduced at all steps where subjectivity was required
given the lack of field validation and sample diversity. We used linear piecewise
regression on thalweg elevation profiles to detrend topo-bathymetric DEMs (see section
25), a process that requires slope-break points to be manually identified. In practice, this
is a highly subjective, iterative process; slope breakpoints are first chosen based on
visual analysis of the elevation profile, then the resulting piecewise regression fit is
analyzed for suitability, which enables further breakpoint selection refinement. Selecting
too many breakpoints can over-fit the longitudinal elevation profile, obscuring relevant
topographic undulations in the resulting detrended DEM. On the other hand, in a setting
with significant changes in slope, underfitting the elevation profile produces a detrended
DEM where cell elevation values are skewed by valley scale trends not relevant to our

hydro-morphodynamic interpretation.

Key Zd stage selection was another step defined by subjectivity, and potentially
introduced systematic error challenging the comparisons made between river types at
‘analogous’ water stages heights. Slovin (2015) suggests that remotely sensed bankfull
wetted area estimations result in a 6% greater mean bankfull width than when
measured in the field. Given the different techniques required by each river type to

delineate key water stages (see section 2.4), it is plausible that the key Zd stages were
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systematically defined in meaningfully different ways between river types. Yet given the
morphological diversity within our sample, whether two Zd stages in different settings
can truly be deemed ‘analogous’ in the first place remains uncertain. Despite the
inherent uncertainties associated with studying complex fluvial topographies using
remote sensing data, we believe that our novel comparisons made between river types
remain valuable and broadly replicable within a margin of error. With the automated
GCS software in hand now, it is feasible to analyze many Zd stages in future studies,
and then either figure out objective rules for selecting ones to prioritize or develop new

metrics for evaluating them comprehensively.

4.5 Potential improvements

4.5.1 Expanding the scope of GCS analysis

While our study provides novel scientific and methodological contributions that build on
existing conceptualizations of hydro-morphodynamic processes (Keller, 1971; White et
al., 2010; Pasternack et al., 2018a), expanding the scope of GCS analysis could
generate findings with more direct management applications. We studied ephemeral
river reaches because of data availability, but as access to airborne green-LiDAR data
expands, similar topo-bathymetric analysis could be conducted on previously unmapped
perennial river reaches. Perennial riverine habitat has received far more attention and
restoration funds than their ephemeral counterparts (Bernhardt & Palmer, 2011; Datry et
al., 2017). Further characterizing flow convergence routing’s role as a mechanism for

maintaining perennial riverbed elevation undulations, which can sustain desirable
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freshwater habitat (Reid et al., 2019; Duffin et al., 2021), could significantly contribute to
river restoration design and flow regulation literature. In addition, quantitatively
comparing the hydro-morphodynamics of otherwise similar perennial and ephemeral

rivers would be a novel scientific contribution to fluvial geomorphology in and of itself.

Future research could apply GCS analysis across a topographic time series, potentially
characterizing the topographic drivers of observed longer-term fluvial morphology. Flow
convergence routing theory describes a hydro-morphodynamic mechanism responsible
for some proportion of channel bed evolution. Despite its advantage of directly
conceptually linking current longitudinal fluvial topography and expected patterns of
deposition and scour, research explicitly comparing expected and observed long-term
channel morphodynamics via GCS analysis has been limited to the Yuba River, CA
(Pasternack et al, 2021). Hydrology-topography interactions could be more directly
observed by combining GCS analysis with DEM differencing (James et al., 2012), and
when available, discharge gage data. Currently, such a study would be limited in scale
by the shortage of fluvial topo-bathymetric data, especially over longer time periods
(Kinzel et al., 2013; Lague & Feldmann, 2020). As data availability and analysis
techniques advance, the field of fluvial geomorphology has the potential to make and
test more specific morphodynamic predictions over larger, more diverse samples of

river reaches.

4.5.2 Underlying factors supporting width variability

Both landforms expected to be freely forming in flow convergence routing theory, wide
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bars, and constricted pools, have been shown to be driven by width undulation forced
vertical deposition and scour (Byrne et al., 2021). Yet the factors maintaining said width
undulations have not been as extensively studied as the topographic variability they can
produce. Future research could investigate these underlying factors and contribute to
implementing resilient river restoration designs (Palmer & Ruhi, 2019). Such factors are
likely diverse products of specific environments, and despite potentially maintaining
similar width variability, can be very different depending on channel setting. Some
factors that may contribute to long-term longitudinal width variability are outcropping
bedrock (Jaeger et al., 2017), frequent debris flows (Gangodagamage et al., 2007),
large woody elements (Wohl, 2017), spatially variable soil erodibility (Konsoer et al.,
2016), mammalian activity (Beschta & Ripple, 2012), and riparian vegetation (Arnold &
Toran, 2018; Vargas-Luna, 2018). Their relationship to longitudinal fluvial topography
could be studied explicitly; for example, how does the abundance or type of floodplain

vegetation present affect bankfull width variability.

4.5.3 Moving past river type classification?

Our study used a river-type classification system (Byrne et al., 2020a) to group sampled
river reaches, and interpreted differences in longitudinal fluvial topography relevant to
hydro-morphodynamics. Identifying such differences, and interpreting them, can enable
management decisions to be fine-tuned to different river types. However, while
conceptual linkages exist between river types and ecosystem services, fluvial

geomorphology has the opportunity to move past river type classification systems by
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directly quantifying the aspects of channel morphology deemed relevant to specific
management efforts. A much-studied example is riffle-pool river types being associated
with desirable salmonid habitat (Hamann et al., 2014). Our analysis involves defining a
group of river reaches as riffle-pool containing, and then assessing whether their
topographic structure is different from other river types in potentially explanatory ways
(see section 4.1). Yet the degree to which our sampled ‘riffle-pool’ reaches (river type 5,
see Table 1) are similar to each other, or provide suitable riverine habitat, remains
unstudied. Recent research has expanded the ability to quantify management relevant
aspects of channel morphology from high-resolution DEMs; for example, riffle-pool pairs
can be automatically identified using a wavelet analysis (Duffin et al., 2021), and
suitable habitat area can be plotted as a function of discharge using 2D modeling
approaches (Theodoropoulos et al., 2020). Rather than quantifying how a riffle-pool
river type class may or may not have statistically different GCS values, future research
could explicitly explore the relationship between GCS and the number of riffle-pool pairs
present in a reach, a habitat suitability index, wood abundance, and other relevant

metrics.

5 Conclusions

To assess whether a large sample of ephemeral rivers exhibit geomorphic differences
between river types and as a function of stage we generated 35 1-m resolution topo-
bathymetric DEMs of morphologically diverse ephemeral river reaches in the South

Coast region of California. Broadly, we found that geomorphic covariance analysis
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applied regionally can help identify the role specific hydro-morphodynamic mechanism
plays in different river types. GCS methodology produces longitudinal standardized
width (Ws) and standardized, detrended bed elevation (Zs) series at three key water
stages. We analyzed these series to interpret fluvial topography in relation to a known
hydro-morphodynamic mechanism, flow convergence routing. We found that all river
types have longitudinal fluvial topographic structures that significantly differ across three
key water stages, which in some cases facilitated coherent hydro-morphodynamic
interpretations. Applying our findings to a flow regulation context, we suggest that
releasing bankfull discharge flows is necessary to maintain riffle-pool habitat, with the
specific duration required up for local determination. In a river restoration design
context, our findings suggest that constructing resilient bankfull scale width undulations
is likely to induce freely forming in-channel bed undulations. Additionally, we provide a
proof-of-concept for future high-resolution DEM based, larger sample size, fluvial

geomorphology research at regional to global scales.
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8 Tables

Table 1. South Coast geomorphic river type descriptions (Byrne et al., 2020a), and their
respective sample sizes.

River type Description # of river reaches
(N)
1 Unconfined, uniform, sand-gravel 6
2 Partly confined, high W/D ratio, split-channel 6
3 Confined, cobble-boulder, cascade/step-pool 7
4 Confined, uniform, gravel-cobble 8
5 Partly confined, riffle-pool, gravel-cobble 8
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Table 2. Key metric associated with utilized dry season (May — October) LIDAR project
data.

LiDAR dataset Mean point Vertical # of river
spacing (m) RMSE (cm) reaches
2015 Los Angeles County, CA QL2 0.7 9.95 2
Lidar
2018 Southern California Wildfire 0.35 10 17

FEMA R9 QL1 Lidar

2018 Southern California Wildfire 0.7 54 16
QL2 Lidar
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Table 3. Question Ola. Mean covariance metrics for river reaches within each river type
calculated at each flow-stage. Metrics are as follows; mean cross-section covariance
(top), and percent of cross-sections with positive C(Ws, Zs) values (bottom).

mean C(Ws, Zs)

Baseflow Bankfull Flood stage
River type class Mean STD Mean STD Mean STD
1 -0.09 0.28 0.38 0.22 0.09 0.22
2 -0.07 0.18 0.27 0.47 0.29 0.30
3 -0.52 0.17 -0.02 0.30 0.29 0.16
4 -0.39 0.24 0.10 0.38 0.22 0.34
5 -0.35 0.14 0.28 0.28 0.22 0.35

% C(Ws, Zs) > 0

Baseflow Bankfull Flood stage
River type class Mean STD Mean STD Mean STD
1 47.6 12.2 61.5 12.7 59.4 9.8
2 48.9 7.6 59.6 19.3 60.3 11.4
3 29.7 7.2 50.6 9.8 60.7 6.4
4 33.7 11.2 53.5 15.1 57.2 15.3
5 38.3 7.4 58.6 10.3 53.1 19.7
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9 Figures

River Type Clss

. 1 - Unconfined, uniform, sand-gravel

O 2 - Partly-confined, high w / D ratio, split-channel

‘ 3 - Confined, cobble-boulder, cascade/step-pool
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Figure 1. Map of the South Coast showing all sampled river reaches color coded by
river type.
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Is flow convergence routing a likely driver of observed channel bed
elevation at a given water stage?

— _ s ~,
/“Choose a water stage height\\ Extract the fIVers Do WS and Zs have a
' (i.e., Zd= 0.7 meters) //H complete cross-sectional covariance relationship
\\H v ’ Ws and Zs series (either positive or negative)

______ — L
I
v
Possibility 1: Ws and Zs have
no covariance relationship
Bed elevation undulations are not controlled by Does Zs at the chosen water stage
flow convergence routing at the scale of the have a positive covariance relationship
chosen water stage with Ws at a higher water stage?
NO
h 4 YES h 4
Flow convergence routing acting at the Flow convergence routing is not a
higher water stage may be controlling relevant morphodynamic process in
lower water stage channel dimensions the river as a whole
Possibility 2: Ws and Zs have Negative covariance indicators
a covariance relationship Mean C(Ws, Zs) <0
l % of cross-sections w/ C(Ws, 7Zs) < 50
Higher % -C(Ws, Zs) landforms
Is the covariance relationship ¥
positive or negative? IS
Does Zs at the chosen water stage have
—la positive covariance relationship with Ws
— ¥ — at a higher water stage?
Positive covariance indicators NO
Mean C(Ws, Zs) =0
Flow convergence routing is not a
% of cross-sections w/ C(Ws, Zs) = 50 | ; gh ; ) 9 ]
relevant morphodynamic process in
Higher % +C(Ws, Zs) landforms YES P y P
l the river as a whole
Flow convergence routing may Covariance reversal: Flow convergence
control hydro-morphodynamics at > acting at a higher water stage routing is
the chosen water stage likely maintaining the lower stage landforms

Figure 2. Flow chart showing different possible Ws, Zs covariance relationships, and
what they indicate regarding flow convergence routing’s potential role as a channel
altering fluvial mechanism (shaded blue).
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Objective 1 (O1): Assess the degree to which active channel morphology at three key water stages is
consistent with flow convergence routing acting as a dominant hydro-morphodynamic mechanism.

Questions

Hypotheses

O1a. To what extent does
longitudinal Ws and Zs
covariance change with water
stage, and does this vary among
ephemeral river types?

On average Ws and Zs will covary the least at
baseflow in all river types

As water stage increases, so will C(Ws, Zs)
except for river type 1

N

Ws and Zs covariance will be lowest in
braided/split-channel rivers

01b. Do stage-dependent
bivariate distributions of cross-
sectional Ws and Zs values
aggregated among a river type
and water stage display non-
gaussian organization?

Confined river typas will have more clustered
bivariate Ws, Zs distributions

Braided/split-channel rivers will have roughly
gaussian Ws, Zs distributions

Unconfined rivers will only have a roughly
gaussian Ws, 7s distribution at flood stage

0O1c. How do the relative
abundances of flow convergence
routing landforms vary across
flow-stages and ephemeral river
types?

Nozzles and oversized landforms will be most
abundant at baseflow for all river types

I

Nozzles and oversized landforms will be most
more abundant in the confined rivers types

Riffle-pool rivers will have more const. pools and
wide bars at bankfull than other river types

Criteria

Welch's t-test
comparing the
distribution of mean
C(Ws, Zs) and %

C(Ws, Zs) = 0 values
across the different
river types and key

water stages

Qualitative
observation of density
plots showing the
distribution of all
cross-sectional paired
Ws, 7s values

[ Analysis of Variance )

test (ANOVA)
comparing averaged
landform relative
abundances for each
river type across the

\ key water stages

Objective 2 (02): Investigate whether South Coast ephemeral river channel bed elevation undulations
and landforms are a product of hydro-morphodynamics driven by larger scales of topography.

Questions

Hypotheses

02a. Are relative topographic
highs and lows at baseflow and
bankifull stages associated with
width undulations occurring at
bankfull and flood stage
topography, respectively?

For all river types baseflow cross-sections with
|Zs| = 0.5 will covary with their bankfull Ws

/

Only in river types 3 and 5 will bankfull |[Zs] =
0.5 cross-sections covary with flood-stage Ws

02b. Do flow convergence routing

landforms have preferred nesting

structures (e.qg., baseflow nozzles
within bankfull wide bars)?

For all river types baseflow -C(WSs, Zs) landforms
will be nested within bankfull
+C(Ws, Zs) landforms

/
.

Plane bed river types will not have bankfull
-C(Ws, Zs) landforms preferentially nested within

flood-stage +C(Ws, Zs) landforms

Criteria

[ Welch's Ttest |

comparing the mean
higher stage Ws
associated with lower
stage topographic

\ highs and lows

Chi-Squares test
comparing expected
and observed
landform transition
abundances

Figure 3. A flow chart displaying both study objectives, their associated questions, as
well as our question specific hypotheses and testing criteria. Hypotheses are color
coded in relation to our study’s findings; blue = hypotheses was supported, yellow =
hypothesis was largely supported but with some qualifications, and red = hypothesis
was rejected.
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Dry river
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Plot wetted area vs / detrended DEM B
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Longitudinal standardized width (Ws) and \\
_ standardlzed detrended bed elevation (Zs) serles // D

Figure 4. Flow chart showing the LIiDAR data processing methodology that outputs
baseflow, bankfull, and flood-stage longitudinal standardized width (Ws) and
standardized, detrended bed elevation (Zs) series.
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Figure 5. Distribution of valley confinement distance (A), bankfull width to depth ratio B),
slope (C), and bankfull depth coefficient of variation (D) values for 5-8 study reaches per
river type (35 reaches total).
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Figure 6. The detrended DEM clipped to the bankfull wetted area, overlaid on a non-
detrended hill shade DEM (A), of a partly confined, riffle-pool reach (river type 5).
Shown as well are the 0.3 m spaced thalweg elevation sampling points (B), as well the
corresponding longitudinal elevation profile and its linear regression fit (C).
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Figure 7. An example of delineated key Zd stages for a partly confined, riffle-pool river
reach (River type 5, River ID: 17585756, see supplementary materials).
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Figure 8. An example of C(Ws, Zs) series at baseflow (A), bankfull (B), and flood-stage
(C). Positive values represent cross-sections where Ws and Zs have the same sign,
while negative values occur when they have opposite signs (see section 1.3). Landform
designations are color coded.
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Figure 9. Ws and Zs thresholds for flow-convergence routing landform classification
(above). Copied with permission from Pasternack et al. (2018a).
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Figure 10. Question Ol1b. Heat plots showing 2-D distributions of paired cross-section
Ws (x-axis) and Zs (y-axis) values. Flow convergence routing landform thresholds are
displayed.
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Figure 11. Question Olc. Pie charts showing average relative landform abundance for
each river type across flow-stages.
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Figure 12. Question O2a. Violin plots showing the distributions of width values at
bankfull (A) and flood-stage (B) associated with topographic highs and lows at baseflow
and bankfull respectively.

81



l Const.Pool /’ /
< XK
> A

Oversized I Oversized Oversized I
Const.Pool" “%
- Const.Pool
y ™
DWTde_B_ar a vl \

Wide Bar .

\ A4 Wide Bar
Nozzle I

Nozzle Nozzle

B

Oversized Oversized Oversized

V4
7l
< ’ /
Const.Pool\W Const.Pool
ey
2N

N

Wide-Bar.
X
X ‘9‘\ Wide*Bar

Nozzle g \\

Nozzle
Nozzle

Figure 13. Question O2b. Selected Sankey diagrams visually representing abundances
of specific non-normal landforms transitions for river type 1 (A) and 5 (B).
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