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Abstract

Application of machine learning methodology to detect the potential for
fluvial hazards to occur along river networks

Marco Gava

Fluvial hazards of river mobility and flooding are often problematic for road infrastructure and
need to be considered in the planning process. The extent of river and road infrastructure
networks and their tendency to be close to each other creates a need to be able to identify the
most dangerous areas quickly and cost-effectively. In this study we propose a novel methodology
utilizing random forest machine learning methods and hydro geomorphic expertise to provide
easily interpretable fine scale fluvial hazard predictions for large fluvial networks. The
developed tools provided these predictions at reference points every 100 meters along the fluvial
network of three watersheds within the province of Quebec, Canada and used variables focused
on river conditions and to proxy hydro geomorphic processes such as sediment transport.
Training/validation data was collected in four forms: field data, results from hydraulic and
erosion models, government infrastructure databases, and hydro geomorphic evaluations using
the 1-m DEM and satellite/historical imagery. First a subset of the reference points was manually
classified then divided into training (75%) and validation (25%) datasets. Then the training
dataset was used to train supervised random forest models. The validation dataset combined with
extensive validation indices indicated the models were capable of accurately predicting the
potential for hazards to occur. Metrics are extracted from the model to determine which variables
are most important to predict each hazard. Finally, a methodology is proposed for a top-down
hazard analysis of extensive fluvial networks to identify the most at-risk
infrastructure/communities.
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1) Introduction

Extreme river discharge events can have severe impacts on road infrastructure adjacent to
rivers such as bridges, culverts, or roads which can cause subsequent and lasting issues of
accessing or evacuating communities impacted by flooding or repairing impacted
electrical/communication lines (Brooks & Lawrence, 2000; Pealer, 2012; Anderson et al., 2017;
Nasr et al., 2020). According to several climate models, the probability of these large flood
events is expected to increase in Quebec (Ouranos, 2015; Ouranos, 2021; IPCC, 2021). Increases
in precipitation and large floods are also correlated with increased sediment mobility in rivers (Li
& Wei, 2014; Li & Fang, 2016; Wu et al., 2018), which increases the potential of aggradation
and degradation in the river causing accumulation of sediments, bank erosion and incision of the
riverbeds near river adjacent infrastructure. The federal government of Canada and the provincial
government of Quebec have both responded to these changing trends via increased data
collection, tool development, flood maps, and incorporation of fluvial hazards into laws
(MELCC, 2015; Natural Resources Canada & Public Safety Canada, 2018; CEHQ, 2021;
NSERC, 2021; Gouvernement du Québec, 2021; Gouvernement du Québec, 2022).

Sediments carried by rivers have historically been neglected relative to other factors
when conceptualizing bridges and culverts in Quebec. However, recent investments have been
made to begin implementing sediment dynamics into infrastructure planning via research and
tool development (Demers et al., 2014; MELCC, 2015; Scoazec & Buffin-Belanger, 2019). The
recent changes relevant for this project are a new regulation requiring river mobility to be
assessed prior to the construction of new infrastructure adjacent to a river or dredging activities,
and the aim of developing tools to better incorporate fluvial geomorphology into infrastructure
and policy planning (MELCC, 2015; Gouvernement du Québec, 2021).

This comes at a time when Quebec has reached its goal of providing high resolution
LiDAR (Light Detection And Ranging) elevation data (1 meter resolution) for the southern
portion of its territory which is where the majority of the population and infrastructure is located.
This new data will allow for high-resolution geographical analyses of hydro-geomorphological
processes at large scale. Many open-source Geographical Information System (GIS) tools and
models exist to extract geomorphic variables from LiDAR and use them to predict fluvial
hazards (Biron et al., 2013; Gartner, 2015; Wheaton et al., 2015; Bangen et al., 2017; Cavalli et
al., 2017; Crema & Cavalli, 2018; Scoazec & Buffin-Belanger, 2019; Bernier et al., 2021).
However, new methods and techniques need to consider the computational costs of running
models on these large datasets (Li et al., 2015; Tavares da Costa, 2019). This project will
contribute to the development of fluvial geomorphology tools to better characterize river
dynamics, in particular flooding and mobility caused by erosion of the river banks or bed. It will
also help accomplish the Quebec government's goal of incorporating river mobility into the
assessment of road infrastructure by combining the substantial amounts of available GIS data,
knowledge, and tools while minimizing the required computational cost and creating a user-
friendly interface.

2) Literature Review
This literature review is organized into four sections. The first covers the heterogeneity of
river types that exist and how they are defined at various scales. The second section discusses the

1



factors that impact the frequency and amplitude of fluvial hazards. The third section discusses
how geomorphological processes can damage infrastructure crossing or adjacent to a river as
well as how anthropogenic modifications to the river can modify the dominant fluvial dynamics.
The fourth section consists of a review of some of the available tools used in hydrology and
geomorphology and the use of machine learning (ML) models for these applications.

2.1) Geomorphic classification and associated hazards

Many types of rivers exist depending on the geomorphological context and the fluvial
processes (flooding/erosion) that occur within these river types will differ (Figure 2.1). Rivers
are in a dynamic equilibrium between water discharge and sediment discharge, with rivers
eroding their bed and banks when the water discharge outweighs the sediment discharge to
regain equilibrium and depositing it when the sediment discharge exceeds the water discharge
(Leopold, 1962; Fryirs & Brierley, 2013; Sear et al., 2021). This dynamic equilibrium will
fluctuate based on the volume of water and sediments in the river but is also influenced by other
variables, principally the geomorphic variables of the river such as the slope, width of the
channel and confinement but also biotic variables such as vegetation cover extent/type, biotic
community, and human interventions (Poff, 2014; Johnson et al., 2020; Sear et al., 2021;
Bywater-Reyes et al., 2022; Papangelakis et al., 2022; Ashmore et al., 2023). This combination
of the availability of water and sediments, the local geomorphic/biotic variables, and
anthropogenic modifications will determine the potential geomorphological processes that may
pose a hazard for infrastructure. Using these variables, we can classify rivers at multiple
imbricated scales, the combination of which will identify the geomorphological processes active
in an area (Brierley & Fryirs, 2004; Beechie et al., 2014; Buffin-Bélanger et al., 2015; Kasprak et
al., 2016; Reid & Brierley, 2015).

Many classification systems exist such as the River Styles Framework, Schumm’s (1963)
classification expanded on by Church (2006), and the Rosgen Classification System (Brierley &
Fryirs, 2004; Kasprak et al., 2016; Reid & Brierley, 2015; Horacio et al., 2017; Fryirs &
Brierley, 2018; Fryirs et al., 2021). The choice of classification system should be dependent on
the goals of the project and data available as they all require various levels of expertise and data
(Kasprak et al., 2016; Horacio et al., 2017). It is also important to consider the simplification of
river systems inherent in the classification systems and their subjectivity along with the message
they will portray to the infrastructure and policy planners who will use the results, as this
message can influence their decisions on the course of policy surrounding rivers (Tadaki et al.,
2014). Statistical clustering of geomorphic variables has also proven to be a cost-effective
method of categorizing rivers at large scale, a method known simply as geomorphic
classification of rivers (Kasprak et al., 2016; Horacio et al., 2017). These classifications have
been linked to their fluvial dynamics (aggradation, degradation, flooding) which can impact road
infrastructure and are also useful for the sustainable management of watersheds. The three most
common scales used in these classification systems are the fluvial forms (landscape unit), fluvial
style (homogeneous reach), and geomorphic units (small scale), all of which are important to
evaluate to properly determine the fluvial processes that will occur locally. Therefore, to
properly assess the potential occurrence of fluvial hazards, it is necessary to have variables at
several scales in order to take into account the diversity of conditions that will occur at these
three scales.
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Figure 2.1: Fluvial styles, how they relate to key variables, and their stability (Church, 2006, after Church 1992).

2.1.1) Valley setting/Fluvial forms

The valley setting operates at the landscape scale and is indicative of a region’s
availability of erodible sediments and typical geomorphic variables, therefore at the valley
setting scale we are examining in which context the river is flowing through rather than
examining the river itself (Fryirs & Brierley, 2018). A key variable that exists at this scale,
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relevant to fluvial hazards, is the way in which the surrounding landscape confines the river,
either naturally through non-erodible material or anthropogenically via roads or bank
stabilization. This confinement controls the types of hazards that are possible in a river and
therefore should be considered when determining the sensitivity of a reach to geomorphic change
(Buffin-Bélanger et al., 2015; Reid & Brierley, 2015; Sear et al., 2021; Wheeler et al., 2022).
The confinement combined with the type of confining material (bedrock, road, erodible terrace)
can be used for the classification of a river’s fluvial form which typically includes classes such as
canyon (confined and non-erodible), floodplain (partly confined to unconfined with various
confining material), delta (unconfined and highly erodible), and alluvial fan (unconfined and
highly erodible) (Brierley & Fryirs, 2004; Buffin-Bélanger et al., 2015). These settings will
impact the type of fluvial processes that will occur in the river by controlling the level of
erosion/flooding possible as well as influencing the quantity and size of sediments flowing from
upstream. Canyons which will have low erodible sediment availability in the banks will lead to
incision of the canyon bed while floodplains that are unconfined or partly confined with erodible
material will have varying hazards such as lateral erosion, flooding, and incision depending on
the local confining material and geomorphic variables (Buffin-Bélanger et al., 2015; Reid &
Brierley, 2015). Another important fluvial form is alluvial fans which occur when smaller,
steeper sloped streams transporting a large caliber of sediment or a large volume of sediments
merges with a larger main channel that lacks the energy to move this sudden large increase in
sediments and therefore creates a fan-like structure out of these sediments (Mazgareanu et al.,
2020). Deltas are also depositional structures which form when rivers deposit their sediments at
the edge of a standing body of water such as lakes or oceans. Many varieties of deltas exist
depending on the transport capacity of the river versus the power of the tide and waves of the
body of water (Seybold et al., 2007). These deltas/alluvial fans can present other risks such as
frequent avulsions which can result in rapid and drastic changes in both the volume of water and
sediments that may reach culverts or bridges leading to blockages of and damages to the
structure or/and flooding of the local area (Buffin-Bélanger et al., 2015; Mazgareanu et al.,
2020).

2.1.2) River planform/fluvial style

River planforms/fluvial styles are defined at the homogeneous reach scale and are a
function of the region’s valley setting/fluvial form and of the river channel’s geomorphic
variables. Homogeneous reaches are defined according to a hydrogeomorphic perspective
(Montgomery and Buffington, 1997) and represent channel lengths that contain similar
geomorphic variables (confinement, slope, sinuosity, grain size). They are therefore not constant
in length. For example, Choné and Biron (2016) had homogeneous reaches ranging between 560
m and 7.8 km in the Yamaska Sud-Est River (Quebec, Canada) whereas Biron et al. (2014)
report average homogenous reaches ranging between 1 and 7.3 km in three rivers in Quebec
where the freedom space was mapped. In Quebec, the CRHQ (Cadre de Référence Hydrologique
du Québec) is a database that contain spatial units called UEA (Unités Ecologiques Aquatiques)
which are based on similar concepts to hydrogeomorphological homogeneous reaches, and
which can therefore be used in automated GIS tools.

There exist many classifications of channels at this scale with the six major ones being
linear, stable meandering, dynamic meandering, wandering, anastomosed, and braided channels
(Buffin-Bélanger et al., 2015; Fryirs & Brierley, 2018). These can be distinguished using
geomorphic variables such as the slope, presence of bars, the sinuosity of the channels and the
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number of channels but are also reliant on the availability of erodible sediments and their size
provided by the local fluvial form (Buffin-Bélanger et al., 2015). Identifying the fluvial style is
important to determine the river’s ability to shape the landscape it is flowing through with the
various fluvial styles having differing hazards that can impact road infrastructure as well as
differing levels of sensitivity to those hazards (Buffin-Bélanger et al., 2015; Reid & Brierley,
2015; Wheeler et al., 2022). Fluvial styles will often consist of more than one geomorphic unit or
a sequence of geomorphic units such as the pool/riffle complexes typical of meandering rivers
(Buffin-Bélanger et al., 2015). It is therefore important to consider variables at the homogenous
reach scale to further our understanding of which fluvial dynamics will dominate. Variables at
this scale such as the sinuosity are important to consider in fluvial dynamic assessments as
highly sinuous (meandering) rivers tend to have higher rates of lateral migration relative to linear
rivers which are more likely to be incising.

2.1.3) Geomorphic unit

Geomorphic unit is the finest scale that is potentially detectable using LIDAR data. These
units describe morphologies in both the river channel and the surrounding floodplain.
Geomorphic units are a result of the geomorphic variables, the vegetative cover, land use, as well
as larger scale processes such as erodible/transportable sediment availability (Bangen et al.,
2017; Belletti et al., 2017). Some examples of in-channel geomorphic units are pools, rifles,
central and point bars, and secondary channels, while some examples for the floodplain
geomorphic units are alluvial terrasse, unvegetated banks, and floodplains (Bangen et al., 2017;
Belletti et al., 2017; Williams et al., 2020; Geomorphic Unit Quick Reference Guide, 2022).
These units are created and modified by the local fluvial processes altering the banks and bed of
the river such as pools forming due to natural or anthropogenically caused scouring or riffles
forming due to a local deposition of sediments (Buffin-Bélanger et al., 2015; Williams et al.,
2020; Fryirs & Brierley, 2022; Geomorphic Unit Quick Reference Guide, 2022). This makes
geomorphic units useful in determining which areas within a homogenous reach are prone to
erosion or deposition as these are the processes that created and maintain the geomorphic units
(Bangen et al., 2017; Fryirs & Brierley, 2018; Fryirs & Brierley, 2022). To properly identify the
geomorphic units, it is important to consider the larger-scale variable as the geomorphic units are
influenced by the fluvial form and style with the dominating fluvial process, upstream conditions
and confining materials impacting the types of geomorphic units that are present in a
homogenous reach. Some examples are waterfalls typically occurring in geologically confined
areas and levees being typically found in actively meandering rivers (Fryirs & Brierley, 2022).
The location of in-channel sediment accumulations (bars) can also be indicative of the fluvial
style as actively meandering rivers will have alluvial point bars in the curves while braided rivers
will have central bars, whilst other fluvial styles will have both or alternate bars (Buffin-
Bélanger et al., 2015; Fryirs & Brierley, 2022). The size of these bars and whether they are
growing or shrinking is also an indication of the upstream availability of sediments, with
growing bars indicating that sediments are widely available due to processes such as landslides
and shrinking bars associated with reduced flux of sediments from upstream (Buffin-Bélanger et
al., 2015). Geomorphic units are the most precise indication of the dominating fluvial processes,
however their presence is strongly influenced by larger-scale variables that need to be taken into
account to correctly distinguish geomorphological units and determine the extent to which the
fluvial processes that created them are still active.



2.2) Variables influencing fluvial processes

2.2.1) Geomorphic sensitivity and availability of sediments

The geomorphic sensitivity of the landscape as well as the quantity and size of sediments
attaining the reach can be indicative of the future trajectory of a river reach (Reid & Brierley,
2015; Lisenby et al., 2020). Geomorphic sensitivity refers to the landscape’s ability to resist
fluvial erosion and is the result of the local geomorphic variables of both the landscape the river
is flowing through as well as the river (Reid & Brierley, 2015; Lisenby et al., 2020). Many of
these local variables have become measurable at large scale in GIS, such as the slope and width
of the river (Biron et al., 2013; Beechie et al., 2014; Gartner et al., 2016), whereas proxies need
to be used for others such as quantity and size of sediments attaining the reach and river
discharge (Biron et al., 2013; Sear et al., 2021).

A river’s capacity to transport sediments and erode the landscape comes from a
combination of its liquid discharge and local geomorphic variables (Leopold, 1962). A key
variable to quantify the amount of energy a river has to potentially mobilize sediments and
predict this transport capacity is total (TSP, in W/m) and unit (USP, in W/m?) stream power
(Sear et al., 2021), which was originally derived by Bagnold (1966), and is proportional to
discharge (Q) and channel slope (S):

TSP=pgQS 2.1)
USP=TSP/W (2.2)

where p is water density, g is acceleration due to gravity and W is channel width. Unit stream
power is useful for determining a reach’s geomorphic sensitivity as it can be used to predict areas
where erosion and deposition are likely to occur (Yochum et al., 2017; Sear et al., 2021;
Papangelakis et al., 2022; Ashmore et al., 2023). A threshold between 25 to 40 W/m? USP has
been found by Bizi et al. (2014) to distinguish deposition-dominated reaches and erosion-
dominated reaches. The relationship between unit stream power and infrastructure damage has
also been studied and a threshold of 300 W/m? was found to be a triggering point for large-scale
geomorphic change to occur and damages to occur to bridges in Vermont, USA (Miller, 1990;
Anderson et al., 2017). In Colorado, USA, Yochum et al. (2017) found that the threshold was
dependent on slope, with alluvial streams with slopes larger than 3% having a greater capacity to
resist geomorphic change. They hypothesized that this was due to armouring of the bed caused
by large sediments which creates a diversity of geomorphic units and more stable conditions.
Proxies of the gradient of transport capacity such as the gradient in either slope, TSP or USP
have been used to estimate the potential of sediments to be transported downstream (Yochum et
al., 2017; Sear et al., 2021). Indeed, the gradient of these variables was found in several studies
to be useful in determining areas of changes in transport capacity of the river where sediments
are expected to deposit (in the case of a negative gradient) or where active erosion can occur
(positive gradient) (Beechie & Imaki, 2014; Bizi et al., 2014; Buraas et al., 2014; Bizzi & Lerner,
2015; Gartner et al., 2015; Yochum et al., 2017). Other studies have found contrary results that
stream power was not a good predictor of river mobility (Bowman et al., 2021; Parker & Davey,
2023). Therefore, stream power is indeed a useful predictor but must be considered in
conjunction with variables at other scales as variables such as the confining material and
upstream conditions will also influence the potential for the river to be mobile. (Papangelakis et
al., 2022).
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The geomorphic sensitivity is also dependent on how resistant the landscape is to fluvial
erosion (Lisenby et al., 2020). Fluvial forms determined by the extent of confinement and the
local confining material can be used to determine a reach's ability to resist change (Lisenby et al.,
2020; Beechie & Imaki, 2014; Sear et al., 2021; Wheeler et al., 2022). There exist multiple
methods for determining valley confinement, which all attempt to establish the room available
for a river to migrate (Beechie & Imaki, 2014; Sear et al., 2021). One method used by Beechie
and Imaki (2014) is a confinement ratio calculated as the valley width divided by the bankfull
width. This proved to be a simple yet useful ratio to distinguish between confined and
unconfined homogeneous reaches but was not useful when incorporated into supervised machine
learning techniques to distinguish between braided, anabranching, meandering, or straight
reaches (Beechie and Imaki; 2014). In Quebec, the fluvial style has already been assigned to
each homogeneous reaches (UEA) within the CRHQ database, while the confinement ratio has
not (CEHQ, 2021).

The material of the bed and bank is also important in determining whether or not a river
can erode them, with rocky or cohesive soil banks being harder to erode leading to more resistant
banks. The erosion of a bank depends on the balance between shear strength and the shear stress,
strength being a combination of factors that allow the bank to resist erosion and stress
quantifying the amount of erosional force applied to the bank (Simon & Collison, 2002; Rosso et
al., 2006). These are influenced by both hydrological and mechanical factors such as the angle of
the hillslope, the pore pressure, and the cohesion of the soil (Simon & Collison, 2002). The
resistance of the banks to erosion can also be influenced by vegetation growth and therefore the
coverage and type of vegetation should be considered when determining the geomorphic
sensitivity of a reach (Simon & Collison, 2002; Bywater-Reyes et al., 2022; Ielpi et al., 2022).
Vegetation can increase the mechanical strength of the soil by increasing soil tension which
makes it more cohesive, with smaller roots increasing the strength more than larger roots (Simon
& Collison, 2002). Another way vegetation influences bank strength is by increasing the weight
applied on the soil which can increase the friction force making the soil more cohesive.
However, this can also have negative impacts on the strength depending on the angle of the slope
and placement of the vegetation (Simon & Collison, 2002). Vegetation also impacts the local
hydrological processes as the canopy intercepts rainfall and concentrates it around the base of the
tree. It also creates negative pressure as it extracts water from the soil for transpiration. These
can have both negative and positive impacts on the bank’s strength. However, studies show that
overall vegetation tends to increase shear strength with grasses being more effective than trees
(Simon & Collison, 2002; Ielpi et al., 2022). Bank material and local vegetation can be proxied
via publicly available land cover data.

Sediment supply and size of sediments arriving in a reach are important factors in
determining whether erosion or deposition will be likely in that reach. If not enough sediments
are reaching a reach relative to its transport capacity, then erosion will likely occur, while if the
sediments are too large or too numerous they are likely to be deposited (Leopold, 1962; Fryirs &
Brierley, 2013; Sear et al., 2021). Currently it is not possible to quantify the total available
sediments for a river to transport at large scale, however many proxies exist to estimate the
ability of a river to transport sediments and for the size of sediments supplied.

Sediments can be transported from the surrounding landscape into the river during large
precipitation events due to landslides or gullying, thus modifying the dynamic equilibrium of the
river (Buffin-Bélanger et al., 2015). To estimate the potential for this to occur as well as how far
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these sediments could travel an index of connectivity (IC) can be used, acknowledging that the
conditions upstream and downstream of sediments entering the river are important in
understanding how far those particles could travel (Borselli et al., 2008; Crema & Cavalli, 2018).
The distance sediments can travel is important due to sediment sinks such as dams or lakes
which can modify the volume of sediments flowing from upstream and therefore modify the
dynamic equilibrium (Petts & Gurnell, 2005; Crema & Cavalli, 2018). The IC considers
processes impacting sediment transport from local hillslopes into the river as well as along its
path in the river such as weir/dam location, slope, drainage area, and land use (Cavalli & Marchi,
2008; Crema & Cavalli, 2018). An open-source software was conveniently developed by Crema
& Cavalli (2018) to allow the calculation of the IC with minimal inputs at a high resolution.
Sediments can also reach rivers via tributaries, so confluences play an important role in
determining the local geomorphic processes (Rice, 1998). However, only tributaries with high
sediment loads, and particularly those transporting sediments larger than the main channel, can
deposit their sediments at the confluence. In these cases, tributaries may initiate modifications to
the local geomorphic units and fluvial form and potentially cause lateral migration downstream
(Rice, 1998; Mazgareanu et al., 2020).

The size of the sediment is also important to determine whether a river can transport it,
with larger sediments being harder to move than smaller ones. Therefore, watersheds with more
fine sediments will tend to have higher volumes of sediment transport (Beechie & Imaki, 2014).
The dominating sediment transport mode (suspended or bedload) has also been shown to have an
impact on the fluvial style (Beechie & Imaki, 2014; Buffin-Bélanger et al., 2015). Therefore,
knowing the size of the sediments upstream of a reach can help predict the fluvial processes that
will occur in that reach. In Quebec, many data sets exist to estimate the size and quantity of
sediments such as a GIS layers of the morpho-sedimentological zones and surface deposits (Roy
& Dion, 2014; Gombault et al., 2022).

2.2.2) Other key factors
2.2.2.1) Sinuosity

Sinuosity is an important variable when classifying fluvial style as straight or meandering
rivers (Beechie & Imaki, 2014). It is calculated as:

Reach Length
Straight Line Length

Sinuosity = (2.3)
Sinuosity can aid in the prediction of lateral migration with naturally linear channels having less
lateral migration than more sinuous channels such as braided or meandering channels (Beechie et
al., 2006). In Quebec, the sinuosity of all rivers at the homogeneous reach scale covered by the
UEAs have been quantified in an automated manner using the formula above and are publicly
available through the CRHQ (MELCC, 2021).

2.2.2.2) Large wood and its proxies

Large wood can alter a rivers’ geomorphic units and modify sediment transport and
erosion processes in certain reaches. However, it is a variable difficult to quantify on a large
scale (Ruiz-Villanueva et al., 2016). Depending on the orientation in which it becomes
immobilized in a channel, large wood can create pools, meanders, mid-channel bars, or riffles by
creating an obstacle for the free flow of sediments and water (Massé¢ & Buffin-Bélanger, 2016;
Spreitzer et al., 2021; Geomorphic Unit Quick Reference Guide, 2022). These large wood
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pileups will frequently be disrupted and transported downstream during large flood events which
can cause damage to bridges or culverts (Ruiz-Villanueva et al., 2016).

Proxies have been used to quantify the potential for large wood to be present in a
particular river channel such as identifying narrower reaches to identify areas that are prone to
large wood becoming immobilized and accumulating (Ruiz-Villanueva et al., 2016). Average
upstream width along with average height of trees adjacent to the river was also found to be
important in determining the size and volume of large wood that could potentially be transported
to the reach (Massé & Buffin-Bélanger, 2016). The size of the catchment can also play a role
with medium sized catchments (100 — 1000 km?) transporting more wood than larger or smaller
ones (Ruiz-Villanueva et al., 2016). Slope, discharge, and stream power (both TSP and USP) are
used to assess the ability of a river to mobilize the large wood. As stream power increases,
immobilized large wood becomes less frequent in those reaches (Ruiz-Villanueva et al., 2016).

2.3) Influence of anthropogenic modifications on river processes and resulting
damage

Several human interventions, mainly occurring in the 20™ century, have impacted rivers’
dynamic equilibrium (Ashmore et al., 2023). For example, straightening of meandering rivers
was common practice in Quebec before being discontinued in the 1980s, but maintenance of
these straightened channels is still required to avoid the river migrating again to return to a
sinuous pattern (Rousseau and Biron, 2009). Straightening the channel results in steeper slopes,
and therefore larger stream power, and thus creates unstable reaches prone to lateral migration
and mass wasting (Rousseau and Biron, 2009; Ashmore et al., 2023).

Bank stabilization methods such as riprap are also commonly used to inhibit lateral
migration where the local geomorphic variables would naturally cause it, in particular in
meandering and wandering rivers and high stream power areas (Russell et al., 2021;
Papangelakis et al., 2022). This impedes the dissipation of the stored energy in the discharge and
often leads to the displacement of the erosion further downstream as the river continues to build
energy without balancing it through sediment transport. A recent study found significant
reduction of erosion where the structures were installed but slight increases in erosion
downstream when hard structures were used as bank protection (Russell et al., 2021).

Dams also alter the flow of small and large rivers with major consequences on river
dynamics downstream (Petts and Gurnell, 2005; Poff, 2014). This is clearly an issue in Quebec
with approximately 8500 dams existing in the province (MELCC, 2022). The geomorphic impact
of dams can be profound since they alter both the natural flow of water and sediments throughout
the river network (Petts & Gurnell, 2005; Poff, 2014). Dams create large sediment sinks
inhibiting the free passage of sediments downstream unless they are using specially designed
dams to allow these sediments to pass. This disrupts the dynamic equilibrium of rivers and can
cause degradation downstream. Dams also regulate discharge and alter or reverse seasonal trends
in the river system (Petts & Gurnell, 2005). If the flow permitted to continue downstream is not
sufficient it can cause aggradation where tributaries carrying high sediment loads connect to the
main channel. Therefore, the impact of dams on river networks is complex and is dependent on
the volume of water permitted to exit the dam compared to the sediment load permitted to pass
as well as the presence of major tributaries downstream. A general trend was found where if
discharge was reduced by less than 10% or increased after building a dam, then degradation
occurred while in cases where the discharge was reduced by more than 30% aggradation

9



occurred (Petts & Gurnell, 2005). The downstream distance potentially affected by dams also
varies, with modifications as far as 1 km downstream observed in some rivers while in watershed
with many active tributaries the impacts were quickly reduced as the river regained equilibrium
between the sediment yield and water discharge due to the sediments from the tributaries (Petts
& Gurnell, 2005). It is thus important to consider dams when evaluating the mobility of a reach
due it their large impact on the natural river processes.

Bridges and culverts interrupting a channel can cause artificial confinement, a narrowing
of the river and changes to the flow due to the pillars of the bridge. This causes an increase in the
sediment transport capacity of the river due to forcing the same quantity of water through a
narrower channel with no erodible sediments (Ministére des transports, 2019; Wang et al., 2019).
The anthropogenic changes related to culverts and bridges can cause scouring beyond the
structures due to the increased sediment transport capacity as well as pooling and lateral erosion
upstream due to backwater effects if the opening is too narrow for the quantity of water (Brooks
and Lawrence, 2000; Wheaton et al, 2015; Wang et al., 2019). Culverts replace a section of river
with artificial channels. If these have badly planned slopes, heights, or widths, accumulation can
occur within the culvert when slope is too shallow or erosion at the exit when slope is too steep
(Ministere des transports, 2019). Roads create artificial confinement of rivers by fragmentating
the river valleys with unerodable features, raising the confinement ratio and the cost of bank
protection for road safety (Roux et al., 2015).

There are several examples of floods in Quebec that have resulted in major impacts on
riverbanks close to bridges. For example, during the 1996 flood in the Saguenay Region, a bridge
along the Riviere du Moulin inhibited the flow of the flood resulting in about 20 m of lateral
erosion when considering both banks (Brooks and Lawrence, 2000). Scouring along the left bank
occurred on the Riviére Chicoutimi where a bridge constricted the flow of water during a flood
in a confined valley resulting in the channel incising up to 40 m upstream and 15 m downstream.
This large amount of erosion was due to the combination of the artificial confinement caused by
the bridge as well as a steepening of the slope of the river which had a non-erodible bedrock
riverbed (Brooks and Lawrence, 2000). This scouring caused by changes to the flow by bridges
is one of the biggest factors that cause bridges to collapse during large floods (Nasr et al., 2020).
A bridge constricting the flow of the river can also result in flood waters overtopping it and
flooding the surroundings if the river’s banks and bed are non-erodible. This happened during
the 1996 Saguenay flood where the water overtopped a bridge in a narrow bedrock gorge causing
considerable damage to the local road and some residential buildings (Brooks and Lawrence,
2000).

2.4) Machine learning and hydro geomorphological applications

Machine learning (ML) has been increasingly used for hydrological applications and
natural hazard detection, although there is a lack of research concentrated on the application of
ML for geomorphological applications (Beechie & Imaki, 2014; Wang et al., 2015; Arabameri et
al., 2019; Sun & Scanlon, 2019; Sit et al., 2020; Ghosh & Dey, 2021; Gonzales-Inca et al., 2022;
Ho & Goethals, 2022; Kavzoglu & Teke, 2022; Avila-Aceves et al., 2023). Two different types
of ML models exist which are supervised and unsupervised models, both of which have been
applied for hydrological and geomorphological approaches (Beechie & Imaki, 2014; Kasprak et
al., 2016; Horacio et al., 2017). Unsupervised methods work by statistically creating clusters of
the observations based on how correlated the predictor variables are for those points. These
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create groups of observations with similar trends in their variables. This is useful for determining
observations with similar conditions, although an analysis is required to determine why these
observations were grouped together and what information we can gain from grouping them in
this way. This is useful when studying natural trends in the data but does not allow for the
prediction of specific user desired classes. Unsupervised models, although less widely used than
supervised models for geomorphological applications, have been successfully used to classify
homogeneous reaches into categories similar to other classification frameworks and are used to
classify rivers globally in the HydroSHEDS hydrological database (Mayer et al., 2014; Kasprak
et al., 2016; Horacio et al., 2017; Ouellet Dallaire et al., 2019). The only control the user has on
what type of clusters are created during unsupervised classification is the number of clusters,
limiting its ability to be used to detect specific trends. The clusters created are also influenced by
which clustering algorithm was used and therefore tests should be done to select one based on
how the individual predictor variables relate to each other statistically and the intended final
clusters (Kasprak et al., 2016; Horacio et al., 2017; Ouellet Dallaire et al., 2019). Figure 2.2
illustrates how the choice of algorithm alters the final clusters and why it is important to test
more than one to determine the optimal algorithm for the goal of the project. The individual
contribution of each variable in determining which cluster a reference point is assigned to can be
determined using principal component analysis (PCA), which allows the interpretation of the
clusters and assignment of cluster names relative to the principal variables influencing which
observations fall into which cluster (Kasprak et al., 2016; Horacio et al., 2017; Yochum et al.,

2017).
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Figure 2.2: Examples of how clusters created on the same dataset can differ depending on the clustering algorithms used
(columns) on 6 different datasets that have different relations between their variables (rows). Taken from the scikit-learn website
(https://scikit-learn.org/stable/modules/clustering.html).
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Supervised ML models have been used for geomorphic approaches to classify
homogenous reaches and geomorphic units as well as detect the potential for natural hazards to
occur (Beechie and Imaki, 2014; Arabameri & Pourghasemi, 2019; Gonzales-Inca et al., 2022;
Ho & Goethals, 2022). These models work by providing a training dataset in which the desired
category to be predicted is associated to a subset of the data that is then used to train a model to
detect unique patterns in the predictor variables for each category. This trained model can then
be used to predict which category a data point should belong to relative to its values for the
predictor variables (Breiman, 2001; Louppe, 2014). One type of supervised model used in the
literature is support vector machines (SVM). SVM have been successfully used by Beechie and
Imaki (2014) to predict the fluvial styles of homogeneous reaches using channel slope,
discharge, valley confinement, sediment supply (mean upstream slope and percent of upstream
land in alpine terrain), and sediment size (upstream lithology), these are similar to those that will
be used in this study to map the potential of fluvial hazards to occur. Discriminant analysis (DA)
has also been successfully used in other geomorphological studies to classify the potential of
gullying to occur in certain locations given a set of geomorphic variables (Arabameri &
Pourghasemi, 2019). These models have assumptions such as no multicollinearity, independent
data, constant variances between groups and normality (Arabameri & Pourghasemi, 2019). These
assumptions can often not be met when working with hydrological datasets due to many issues
such as spatial autocorrelation, the rarity of some fluvial styles, and collinearity of variables such
as slope and USP. The accuracy of the supervised methods will vary depending on how the
predictor variables relate to each other and how well the assumptions of the model are met.
Therefore, carefully selecting and testing of various models based on their assumptions should be
done before choosing the optimal one for the final tool. To determine the best predictor variables
and remove excessive predictors, statistical correlation and variable importance tests can be
utilized pre- and post-prediction to remove any variables that are strongly correlated with other
predictor variables or that are non-significant predictors for any of the clusters (Breiman, 2001;
Louppe, 2014).

Among these supervised classification models, there is a subclass of models known as
ensemble models (Louppe, 2014). These models use the same methodology as supervised
models but create multiple iterations of a supervised model with randomly selected subsets of
training data to generate a fixed number of independent supervised models. Ensemble methods
have many advantages over other ML methods, such as correcting for imbalances in the training
data and noise in the data (Louppe, 2014; Parmar et al., 2019). It is particularly important to
correct for these when using ML for hydrogeomorphic applications at large scale. This is
because the drainage pattern of each watershed may create conditions that favor one class over
another, resulting in an abundance of training points for that class and a lack of training points
for other classes (Fairbridge, 2006). It is also beneficial to select a model that corrects for noise
in the data that may be prevalent at this scale, as interpretations of where each river hazard
begins and ends along a river may differ and variable extraction errors are likely to occur
(Parmar et al., 2019).

3) Research Objectives
There is a breadth of existing knowledge, tools, and data relevant to river management
that can be used to develop tools that can allow a rapid preliminary assessment of the important
geomorphic variables at both the local and watershed scale to help river managers or engineers
with accurate and cost-effective assessment of river mobility to satisfy the new requirements set
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by the Quebec government. The goal of this research is to implement ensemble supervised ML
models to identify the dominate fluvial processes of rivers at the watershed scale and display this
information in a manner that is comprehensible to an interdisciplinary audience to better
incorporate sediment dynamics into Quebec’s road infrastructure planning process. Studying the
ability of these extracted geomorphic variables to predict the fluvial processes of Quebec’s rivers
and identify the hazards our road infrastructure is facing can allow for a more sustainable and
economical way of planning and maintaining road infrastructure.

The overall objective of this research is therefore to predict susceptibility to fluvial
hazards along river networks, with the following two specific research objectives:

Research Objective 1: Develop a set of GIS tools to treat data, train ML models, and utilize
them to predict the potential fluvial processes occurring in Quebec’s rivers. These tools will be
specifically designed for datasets available in Quebec to extract the geomorphic variables of
rivers and landscapes at large scale and use them to assign points every 100 meters along the
river network a value on the susceptibility of the local area to fluvial processes.

Research Objective 2: Improve our understanding of which variables are important to consider
when predicting the potential for flooding or mobility to occur or when predicting the type of
erosion that will occur.

4) Methods

The methodology chosen for this study is based on ML models to predict the potential for
fluvial hazards to occur. The chosen model is the random forest (RF) classifier model designed
by Breiman (2001). Some of the methodology is presented in the next section (manuscript to be
submitted to the journal River Research and Applications) and is therefore not repeated here.
Instead, detailed methodological information not included in the manuscript is provided.

This model was chosen as many studies focused on ML applications for the prediction of
natural hazards have shown that it is one of the most accurate models for this purpose (Wang et
al., 2015; Ghosh & Dey, 2021; Fang et al., 2022; Hasan et al., 2023; Razavi-Termeh et al., 2023;
Youssef et al., 2023). The RF model is an ensemble supervised ML method that classifies the
data using decision trees. Therefore, the model will generate a set number of decision trees using
random subsets of the user supplied training data to train the models to detect patterns in the
variables that allow the classification of the data points into user designated categories. It does
this by determining thresholds for the given variables that allow the decision trees to determine a
set of these thresholds that allows it to accurate distinguish which user-specified categories
should be assigned to each data point. For this study three RF models were trained; a presence
of flooding model (PFM) (calibrated to a 20-year recurrence interval), a presence of mobility
model (PMM), and a type of erosion model (TEM). For all three models the categories were a
binary classification of presence/absence for the PFM and PMM models and for the TEM model
the categories were lateral migration or incision. To properly apply ML models to predict the
potential for fluvial hazards to occur it was required to extract and prepare predictor variables,
create a training/validation dataset, train and calibrate the ML models to use the predictor
variables to predict the potential for the fluvial hazards to occur, then validate the accuracy of the
models.
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4.1) Data availability in Quebec

Quebec has an abundance of publicly available GIS data that is relevant to hydro
geomorphological analyses, and which provide many potential predictor variables (Table 4.1).
These datasets contain information on the location and characteristics of the fluvial network,
information on the current and future climatic trends, 1-m resolution LiDAR elevation data, as
well as land use and surface deposit data. The main dataset used in this study is the CRHQ which
contains important information about Quebec’s fluvial network. It includes hydrologic,
geomorphic, and climatic variables at two scales; the homogenous reach scale, which is
segmented based on abrupt changes in variables such as the river slope or different fluvial styles,
and the reference points scale with points located every 100 m along the fluvial network

(MELCG, 2021).

Table 4.1: Relevant data available in Quebec

Source - Name

Description

Link

Foret Ouverte — LIDAR

LiDAR covering the majority of
southern Quebec (1 m resolution)

https://www.foretouverte.gouv.qc.ca/

CEHQ — Discharge and water
levels

Discharge and water level for the
gauging stations in Quebec —
fairly good coverage in the South,
poor coverage in the North

https://www.cehq.gouv.qc.ca/suivihy
dro/default.asp

CRHQ - UEAs/Reference points

Fluvial network containing
homogeneous reaches, reference
points every 100 meters, fluvial

styles, geomorphic variables

https://www.donneesquebec.ca/reche
rche/dataset/crhq

Ouranos — CC data

Climate Data Canada

Multiple models providing current
and future climatic variables in
raster format covering Quebec

https://www.ouranos.ca/climate-
portraits

https://climatedata.ca/variable/

SIGEOM

Geology databases

https://gq.mines.gouv.qc.ca/documen
ts/SIGEOM/TOUTQC/FRA/SHP/

Extracted Variables

Slope ratio, Stream power,
Confinement ratio, etc.

Extracted from previous datasets

Foret Ouverte - Surface deposits

IRDA — Surface deposits

Surface deposit polygons

https://www.foretouverte.gouv.qc.ca/

https://geoapp.bibl.ulaval.ca/Home/In
dex

NRCAN - Land cover

30 m resolution raster land cover
for Canada

https://open.canada.ca/data/en/dataset
/4e615eae-b90c-420b-adee-
2ca35896c¢caf6
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4.2) Predictor variables

From these data sources, 16 variables were extracted that could influence the amplitude
and frequency of fluvial hazards which are used as predictor variables. These variables represent
processes at multiple scales to allow the model to consider not only the local influences on
fluvial hazards but also the potential interaction with the conditions at larger scales such as how
it compares to the rest of its homogenous reach or to the conditions upstream of it. The predictor
variables are aggregated down to the scale of the reference points every 100 meters, which is the
scale at which the final predictions will be made. The majority of the variables used in this study
(Table 5.1) were taken directly from the CRHQ, with the exception of the confinement ratio and
the discharge used to calculate the unit stream power.

4.2.1) Local variables

The main scale of study is the local scale with 11 out of the 16 predictor variables being
at this scale. This scale includes variables such as the river slope which is provided in the CRHQ
and was extracted from the 1 m LiDAR. The river slope is a crucial variable due to the slope’s
impact on velocity and therefore on the stream’s energy and sediment transport capacity.
Therefore, the slope is a good proxy for the local sediment transport capacity but can also be
used in the calculation of the unit stream power (USP) which is a direct measurement of the local
sediment transport capacity. It can also be used to distinguish certain geomorphic features such
as waterfalls and chutes which will have extremely high values of slope relative to the rest of the
fluvial network. To compute the USP at each point, the bankfull width and discharge were
required. The bankfull width is already included in the CRHQ and was estimated using hydraulic
geometry equations based on the drainage area (MELCC, 2021). This provides a rough estimate
of the bankfull width, although it fails to take into account the fluctuations in width and potential
factors that may influence the river width such as confinement. The CRHQ is currently working
on methods to extract the bankfull width from the LiDAR to circumvent these issues and provide
more accurate measurements.

For this study the bankfull discharge (Q) is considered equivalent to the 2-years
recurrence interval discharge. For reaches with a drainage density above 50 km? the UEAs
already contain discharge values originating from the "Atlas Hydroclimatique” in Quebec which
uses a hydrological model (Hydrotel) to predict discharge values using observations from 50
gauging stations to train the model (Direction de I’expertise hydrique, 2018; MELCC, 2021).
The CRHQ currently only has discharge values from the Atlas Hydroclimatique 2018, which
contains around 5,000 segments, and not those from the most up-to-date version (2022), which
contains almost 28,000 segments, including several tributaries. Consequently, a script was
created to extract and attach the discharge values from the Atlas to the CRHQ. This script works
by providing the Atlas’ fluvial network, the CRHQ fluvial network and the 2-year recurrence
discharges from the Atlas Hydroclimatique. It then detects the frequency with which each of the
individual homogenous reaches of the CRHQ network intersects with a segment of the Atlas
Hydroclimatique, and the segment it crosses the most is considered the corresponding segment.
Afterwards, it joins the discharge value divided by the drainage area (specific discharge) to the
corresponding reach. These values are then joined to the reference points corresponding to that
reach and multiplied by the reference point’s drainage area. Currently this study is limited to
rivers above the 50 km? threshold. However, for points lower than this threshold, the 2-year
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recurrence interval discharge could be estimated using regional power function relationships
between discharge and drainage area (DA) of the form:

Q = aDAP 4.1)

here a and [ are regional constants (Dunne & Leopold, 1978; Biron et al., 2013). The regional
constants for Quebec have been determined by Benyahya et al. (2009). This method is useful in
its ease of calculation at large scale, requiring only drainage area measurements easily
extractable from a DEM by multiplying the GIS flow accumulation by the pixel area. With
access to the local slope, bankfull width, and bankfull discharge the USP was calculated using
equation 2.2 in section 2.2.

The CRHQ also provides information on land use near banks, taken from a 2018 study
from the Quebec Government at a 10-m resolution (MELCC, 2018; MELCC, 2021). This
information was used to create 4 fields reflecting the presence or absence of certain land uses
that could impact the hydrological response of the landscape or the stability of the banks. The
tools assigned a value of 1 to the corresponding field if wetlands, anthropogenic structures, or
farms were present on either bank or 0 if they were not. For presence of vegetation the values
ranged from 2 for the presence of high levels of vegetation (forests) on at least one bank, 1 for
low levels of vegetation (shrubland), or 0 for an absence of vegetation. This allowed the model to
consider any factors that may increase or diminish the potential for fluvial hazards to impact this
area such as bank stabilization or vegetation increasing the soil cohesiveness.

At the local level the CRHQ contains the mean angle of deviation between a given
reference point and the two adjacent reference points. This variable determines the local
curvature of the river, which is useful for determining whether the reference point is at the apex
of a meander or in a linear section of the river. This is important for hydro-geomorphological
analyses as the apex of meanders tend to be areas of high lateral migration and the most mobile
portions of the river. It is therefore useful for determining both the level of mobility and the type
of mobility.

The final local variable calculated is the confinement ratio, which is a crucial variable for
hydro-geomorphological analyses as the level of confinement and type of confinement material
has an influence on both the potential for flooding to occur as well as the level and type of
mobility. This variable is not yet included in the CRHQ and therefore needed to be extracted
from the LiDAR. To calculate the confinement ratio the bankfull width and the valley width are
required. As the bankfull width is already included in the CRHQ only the valley width needed to
be extracted from the LiDAR. This was done using Sechu et al.’s (2021) valley bottom detection
tool to extract the valley bottom and then a Python script using ESRI tools to determine the
width of this valley bottom polygon at every reference point. This tool takes as input data a 10-m
DEM, wetlands, the hydrographic network and the watershed boundary. The tool first calculates
slopes from the DEM, making sure to replace slope values of zero with a very low value to avoid
errors for the next step, which is the calculation by a cost-distance method in which the inputs
are slope (without zero values) and the hydrographic network to create an accumulated cost-
distance raster file. This cost-distance file represents the distances from any point (pixel) to the
nearest river, weighted by the local slope. The tool then uses the cost-distance raster and the
potential wetlands to statistically determine a threshold below which values are within the valley,
while values above this threshold are outside the valley. By applying this threshold to the cost-

16



distance file, reclassifying the pixels above the threshold to a null value and converting the raster
file to a polygon, a valley bottom polygon is created for the river network (Sechu et al., 2021).
When using the tools on small (drainage area < 50 km?) and large rivers (drainage area > 50
km?), it is recommended to run them separately for this step, as running them simultaneously
may bias the statistical method used to determine the threshold and produce poor results on
larger rivers. This consideration is not an issue for the present study, since only rivers with a
drainage area >50 km? have discharge values in the Atlas Hydroclimatique. Comparing the
extracted valley bottom results with available hydraulic models, notably the large-scale
LISFLOOD-FP model (Choné¢ et al., 2021) generated for the Nicolet and Du Gouffre river basins
as part of the INFO-CRUE project (Figure 4.1), we can see that the extracted valley bottom
roughly represents the area flooded by a 20-year recurrence flood, which is sufficient to
distinguish confined from unconfined rivers (Figure 4.1). Other tools and methods exist to
extract this variable, for example Gilbert et al. (2016) "river corridor tools" or VBET ("Valley
Bottom Extraction Tool"). However, in the tests carried out during this study, the Sechu et al.
(2021) tool proved to be the simplest to use while producing results of sufficient quality to
distinguish confinement levels.

Figure 4.1: Comparison of the extracted valley bottom polygon with large-scale flood simulations using LISFLOOD-FP based
on the methodology of Choné et al. (2021), using a discharge value corresponding to approximately a 20-year recurrence for two
rivers in the Nicolet watershed A) Ruisseau Guillemette and B) Laroche river.

Once computed, the valley bottom polygon is entered into a new tool developed in
Python for this project to determine the valley width at each reference point. This new tool takes
as input data: the valley bottom polygon, the hydrographic network, and the reference points.
This tool then generates transects along the hydrographic network at fixed intervals of 25 m. This
threshold has been determined to allow multiple measurements per reference point, so the
average is calculated to reduce overestimation errors from badly generated transects. Points are
generated in the middle of these new transects, and the transects are clipped using the valley
bottom polygon. Points are then generated at the intersection of the transects and the river
network, containing the length of the transect. Then, the average of all these intersection points
located within 50 m of each reference point is taken and considered as the width of the local
valley (Figure 4.2). This method tends to overestimate valley width by around 10% in highly
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meandering rivers and at confluences and should therefore only be used to calculate confinement
ratios and not for other purposes. It is considered as a temporary solution until CRHQ includes
valley width measurements. Estimation of valley width at each reference point is then combined
with the CRHQ’s estimation of bankfull width to calculate the local confinement ratio.

Sens d'écoulement
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Figure 4.2: Example of valley width extraction script. A) transects of maximum size generated every 25 m along the fluvial
network. B) transects clipped to the extent of the valley. C) intersection of the clipped transects and the river superimposed on the
reference points. D) mean valley width at each reference point.

4.2.2) Homogenous reach variables

Two variables quantifying the conditions typical of a homogenous reach were calculated
for this study: the mean confinement ratio and the sinuosity of the reach. The mean confinement
ratio was calculated by aggregating by mean both the local bankfull width and the valley width
for all the reference points in each reach. This provided a mean bankfull width and mean valley
width per homogenous reach which was then used to calculate a confinement ratio for the reach.
This was also used to calculate the last local variable, the relative confinement, which is the local
confinement ratio at each point divided by the homogenous reach’s confinement ratio. This is
useful for determining areas where the confinement abruptly changes such as in partly confined
reaches. The other variable quantified at the homogenous reach level is the sinuosity which is
already included in the CRHQ and is useful for determining whether a reach is meandering or
linear.
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4.2.3) Watershed variables

As conditions upstream of a point can have an impact on the local fluvial processes by
influencing the volume of water and sediments which can reach an area, it was important to
include variables that can quantify these processes. Mean upstream slope was used in this study
as a proxy for the capacity for upstream sediments to reach a given reference point, with steeper
slopes indicating a higher potential for sediments to reach the local area. This is combined with
the mean upstream elevation which provides an indication of whether the river is in the
headwaters or closer to the mouth of the river. This is a useful indication of the typical type of
sediments that will be transported. Finally, the drainage ratio, which is the area of dryland
upstream divided by the area covered by water upstream (lakes, dams, rivers), is also considered.
This variable is used as a proxy for potential sediment sinks upstream such as lakes or dams that
may impact the quantity of sediments that will reach a reference point.

4.3) Training/Validation Dataset

To train the models to recognize the patterns in the predictor variables that would allow it
to distinguish between given classes and validate that the model is performing well, a subset of
the reference points needed to be classified with the desired classes. To classify the reference
points, three fields (one for each model) were created and values of 0 or 1 were entered to
indicate whether flooding or mobility would occur at this location and whether mobility would
be caused by lateral migration or incision (Table 4.2).

Table 4.2: Classification scheme for the 3 models

Value Presence of flooding Presence of mobility Type of erosion
entered field field field
0 Absence of flooding Stable Incision
1 Presence of flooding Mobile Lateral migration

To classify the reference points four distinct types of data was used: field data collected
by the research team as well as by other teams, results from other models/analyses, internal
governmental databases, and a hydro-geomorphological assessment based on satellite imagery
and LiDAR data (Table 5.2). For field data, we conducted 4 field visits during the summer of
2022; 2 to Nicolet, 1 to Du Gouffre, and 1 to Cascapédia watersheds. During these field visits,
information was gathered on the dominant fluvial processes (deposition, erosion, flooding) using
evidence such as signs of recent flooding or erosion. We also had access to field data from other
studies carried out by Jean-Phillipe Marchand (Ph.D. student in the research lab) in 2009 in the
Du Gouffre watershed, as well as by Quebec’s government. Results from other models or
previous analyses were also used, namely large-scale flood maps generated using LISFLOOD-
FP, digitized historical river positions, and results of the channel planform statistic tool (Lauer,
2006). These were only available for the Nicolet and Du Gouffre watersheds. The LISFLOOD-
FP results allowed us to calibrate the PFM to detect areas that will likely be flooded during a 20-
year flood, while the historical river positions allowed us to identify which sections were most
mobile in the last 50 years. For each classified reference point, the final judgement was based on
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a hydro-geomorphological assessment using the 1-m LiDAR and satellite imagery to look for
signs of recent flooding and erosion following the methodology provided in Biron et al. (2014)
and Dupuis et al. (2017).

We also had access to non-public datasets provided by the Quebec’s Ministry of
Transportation (MTMD) which gave highly relevant information of where road infrastructure
was damaged by fluvial processes in the past (Table 4.3). These datasets have been used to
complete the training and validation of the model to ensure that the areas where structures have
already been damaged are predicted as potentially dangerous zones. The primary internal
database used was the “Planification, Programmation, et Suivi”’ (PPS) which consists of the
location, type of work, and reason for the work of all the previously and currently scheduled
required infrastructure repairs by the MTMD for the years 1991 to 2023. This dataset was
screened for keywords such as “affouillement”, “stabilisation,” “glissement de terrain,” “riviere”,
“talus,” and similar French keywords related to fluvial hazards until satisfied that most of the
road works related to these hazards have been identified. The relevant road works was
geolocated in the 3 pilot watersheds utilizing the “Base Géographique Routiere” (BGR) which
consist of the MTMD road network that contains the location of all MTMD managed roads. The
“Systéme de Gestion des Ponceaux et Autres Eléments d’Inventaires” (M012) contains the
locations and routine inspection data for culverts. This dataset includes the magnitude of fluvial-
related issues such as scouring damaging the extremities of the culvert, infiltration on the outside
of the culvert eroding the supporting material, sedimentation and accumulation of wood/debris
blocking the culvert, issues with the lateral drainage ditches that drain the groundwater
protecting the road from freeze-thaw and infiltration related issues, and changes to the flow of
the river due to the culvert. Similarly, the “Systéme de Gestion des Structures du Québec” (GSQ)
contains information for the inspection of bridges and was used to supplement the
training/validation dataset. Datasets compiled by regional MTMD authorities relevant to recent
fluvial damage to roads available for the Cascapédia watershed was also used to train/validate
the model.

29 ¢¢ 99 ¢¢

Table 4.3: Internal governmental databases used in project

Database Description
Base Géographique Routiére Roads managed by the MTMD in
(BGR) Quebec
Planification, Programmation, et
Suivi Past and current road projects
(PPS)

Systéme de Gestion des Ponceaux

X . P ments of cul
et Autres Eléments d’Inventaires ast assessments of culvert

(MO12) condition
Systéme de Gestion des Structures
du Québec Bridge location and inspection data
(GSQ)
Dataset of locations with fluvial
Local MTMD databases related damages to road

infrastructure
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5) Random forest machine learning models to detect fluvial

hazards

This chapter consists of a manuscript that will be submitted to River Research and
Applications and was written in collaboration with my supervisors Dr. Pascale Biron and Dr.
Thomas Buffin-Bélanger. I was responsible for conceptualizing the methodology, collecting the
data, organizing the field work, developing the Python tools, training, calibrating, and validating
the machine learning models, as well as writing the manuscript. My supervisors provided
invaluable support by offering their guidance throughout the process, recommending important
readings, revising the manuscript and organization of the administrative portion of the project to
secure financing for the project.
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Abstract

Fluvial hazards of river mobility and flooding are often problematic for road
infrastructure and need to be considered in the planning process. The extent of river and road
infrastructure networks and their tendency to be close to each other creates a need to be able to
identify the most dangerous areas quickly and cost-effectively. In this study we propose a novel
methodology utilizing random forest machine learning methods and hydro geomorphic expertise
to provide easily interpretable fine scale fluvial hazard predictions for large fluvial networks. The
developed tools provided these predictions at reference points every 100 meters along the fluvial
network of three watersheds within the province of Quebec, Canada and used variables focused
on river conditions and to proxy hydro geomorphic processes such as sediment transport.
Training/validation data was collected in four forms: field data, results from hydraulic and
erosion models, government infrastructure databases, and hydro geomorphic evaluations using
the 1-m DEM and satellite/historical imagery. First a subset of the reference points was manually
classified then divided into training (75%) and validation (25%) datasets. Then the training
dataset was used to train supervised random forest models. The validation dataset combined with
extensive validation indices indicated the models were capable of accurately predicting the
potential for hazards to occur. Metrics are extracted from the model to determine which variables
are most important to predict each hazard. Finally, a methodology is proposed for a top-down
hazard analysis of extensive fluvial networks to identify the most at-risk
infrastructure/communities.
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5.1) Introduction

Rivers alter their course through the natural fluvial processes of flooding and erosion,
both of which provide multiple ecological benefits through the creation of diverse habitats
(Florsheim et al, 2008). However, these ecologically beneficial processes create hazards for road
infrastructures that cross or are tangential to the river. During flooding events, bridges, road, and
culverts can be inundated, blocked by large wood/sediments, or damaged to the point of being
unusable (Brooks and Lawrence, 2000; Anderson et al., 2017; Nasr et al., 2019). Often the
restriction created by bridges and culverts can increase a floods extent, cause scouring of the
riverbed, or initiate erosion of the banks (Brooks and Lawrence, 2000; Anderson et al., 2017;
Nasr et al., 2019; Wang et al., 2020). Additionally, normal lateral migration may create
instabilities along a road tangent to a dynamic river reach. In many regions, climate change is
resulting in increased frequency of large, morphogenetic floods, therefore there is an even higher
likelihood of infrastructure being damaged in the future (Nasr et al., 2019). Given the proximity
of the road and river networks, it is therefore particularly important to anticipate where in the
river network natural flooding and erosion processes may occur, in order to prioritize and plan
where and when actions may be required at a regional scale.

Many tools exist to quantify and map the potential for flooding and erosion. However,
these tools are often time-consuming and require a great deal of processing power and detailed
data. Hydraulic models for example, if properly calibrated, produce highly accurate maps of
flood zones, but they require data that are not readily acquirable at large scale such as
bathymetry and roughness coefficients (Costabile et al., 2015; Choné et al., 2021). These types
of models also require large amounts of manual manipulation of the data, making them
expensive to run over large areas (Biron et al., 2014; Costabile et al., 2015), although large-scale
flood modelling approaches have been used successfully (Wing et al., 2017; Choné¢ et al., 2021;
Avila-Aceves et al., 2023). Alternatively, the hydrogeomorphic cartography approach, which
utilizes geomorphic variables as well as evidence of previous flooding and erosion found in
satellite imagery, digital elevation models (DEM), and field visits to classify the landscape into
landforms (Verstappen, 2011; Biron et al., 2014; Demers et al., 2014; Gonzalez et al., 2020), is
more cost-effective than hydraulic simulations but still requires large amounts of manual
digitization. Predictive models for riverbank erosion are usually limited to small reaches
(Varouchakis et al., 2016; Saadon et al., 2021) and are often based on digitizing historical river
limits using historical imagery to quantify the migration rate of rivers (Winterbottom and
Gilvear, 2000; Jautzy et al., 2020). These assessments require a database of historical imagery
spanning an appropriate length of time and are resource intensive (Piégay et al. 2005; Biron et al,
2014). Overall, these methods provide accurate results but would be costly to run at the scale of a
watershed or of a large territory.

Recently, machine learning (ML) has been increasingly used for hydrological
applications and natural hazard detection (Beechie & Imaki, 2014; Wang et al., 2015; Arabameri
et al., 2019; Sun & Scanlon, 2019; Sit et al., 2020; Ghosh & Dey, 2021; Gonzales-Inca et al.,
2022; Ho & Goethals, 2022; Kavzoglu & Teke, 2022; Avila-Aceves et al., 2023). However, there
is a lack of research concentrated on the application of ML for geomorphological applications
(Gonzales-Inca et al., 2022). ML methods have several advantages, such as shorter processing
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times and the fact that no specific variables are needed to run the model, which allows models to
be adapted to the available data (Gonzales-Inca et al., 2022). Two main methods exist when
applying these models to natural hazards, one storing the variables in rasters and the other in
vectors. The raster method is useful for producing results for hazards that affect large areas, such
as flooding and landslides (Wang et al., 2015; Arabameri et al., 2019; Mosavi et al., 2020; Ghosh
& Dey, 2021; Kavzoglu & Teke, 2022; Avand et al., 2023; Barakat et al., 2023). The vector
method is generally used for river classification rather than to detect specific hazards such as
river mobility or flooding (Beechie & Imaki, 2014; Guillon et al., 2020; Helm et al., 2020;
Buffington & Montgomery, 2022). The vector layer is often a set of homogenous reaches
classified into a fluvial style, which could provide information on the potential for fluvial
hazards, although to our knowledge no study has attempted to predict the presence of fluvial
hazards using this approach (Beechie & Imaki, 2014; Ouellet Dallaire et al., 2019; Sun &
Scanlon, 2019; Sit et al., 2020; Buffington & Montgomery, 2022; Gonzales-Inca et al., 2022; Ho
& Goethals, 2022). Although it is useful to provide classifications of geomorphic units in rivers,
their interpretation requires a specific expertise that is not always available (Buffington &
Montgomery, 2022). Both these approaches have their advantages and disadvantages. The raster
method provides fine resolution results for the whole territory but requires more processing
power and training data in a form that can be converted into a raster layer. The vector method
aggregates the surrounding variables to line or point features, which produces less detailed
results but requires less processing power, with training data that can easily be modified
manually.

This study explores a novel vector ML approach using hydro-geomorphological variables
to predict the potential for fluvial hazards to occur at the scale of a vector point file every 100 m
over entire watersheds in Quebec (Canada). Rather than classifying river reaches, the prediction
of a simple presence/absence with a confidence level for the potential of hazards occurring
allows the results to be used by a wide variety of stakeholders who may not have the expertise to
interpret geomorphic classification maps. Using reference points every 100 m instead of a raster
or the typical homogenous reach method means that a finer scale can be used while keeping the
model easy to train and processing times extremely low. The choice of scale was influenced by
the availability of the publicly available database called “Cadre de référence hydrologique du
Québec” (CRHQ), which includes reference points located every 100 m along river networks in
Quebec, with hydrogeomorphic variables attributed to these points (MELCC, 2021). The focus
on hydrogeomorphic variables at various scales provide an analysis focused on river processes
and hazards with variables similar to other studies that have used a vector method (Beechie &
Imaki, 2014; Guillon et al., 2020; Helm et al., 2020). This tool is designed as a preliminary
assessment tool to determine locations where more in-depth geomorphological assessments
should be undertaken.

5.2) Study area and data collection
5.2.1) Study Area

This study is located in Quebec, Canada whose landscape was shaped by glacial
processes and deposition in post-glacial seas and ice-carved valleys. As a result, river valleys are
often made up of deep, easily mobilized glacio-marine till deposited by post-glacial seas such as
the Champlain Sea (Dupuis et al., 2017) or of coarse fluvioglacial sediments in confined valleys
where local rock outcrops influence lateral and vertical mobility (Marchand et al., 2014).
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Three pilot watersheds were chosen to encompass a variety of the geomorphological contexts
present in Quebec (Figure 5.1). The Cascapedia watershed is located in the Gaspé peninsula with
a drainage area of 3141 km? and 420 km of rivers, which are predominately confined and
incising rivers running through the Appalachian Mountain region (Figure 5.1-A). The
mountainous geography of this region makes it difficult to avoid the river network when building
infrastructure, which leads to frequent damages to the road network. The Nicolet watershed was
selected to represent the St-Lawrence Lowlands region which is one of Québec’s most populous
regions and consists mainly of glacial and marine sediment deposits (Dupuis et al., 2017). This
watershed has a drainage area of 3411 km?, 573 km of rivers, and presents a variety of conditions
and fluvial hazards. The rivers originate in the mountainous Appalachian region, with incised
confined tributaries flowing into partially confined transition zone rivers before reaching the
deep soils deposited by the Champlain Sea in the St Lawrence Lowlands (Figure 5.1-B). The Du
Gouffre watershed is located in the Canadian shield region with a drainage area of 999 km? and
152 km of rivers. This watershed presents a unique context having been highly modified by
glacial processes as well as a meteorite impact (Rondot, 2000; Dupuis et al., 2017). The rivers
originate in the mountainous region with high slopes quickly draining into the mobile, partly
confined, Du Gouffre River (Figure 5.1-C). Note that within these three networks, only rivers
with drainage areas larger than 50 km? were included in the study as discharge data were not
available for smaller rivers.
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Figure 5.1: A) Location map of the pilot watersheds in Quebec: B) Cascapédia; C) Nicolet, D) Du Gouffre. The major rivers
(drainage area > 50 km?) and major roads (only those managed by the provincial government are presented.
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5.2.2) Geomorphic data collection

The southern part of Quebec (where the majority of the population lives) is fully covered
with publicly available LIDAR (Light Detection And Ranging) high-resolution (1 m) DEM data.
The CRHQ, which is the main dataset used in this study, includes the river network/reference
points as well as several hydro-geomorphological variables related to fluvial dynamics, including
some extracted from the LiDAR datasets. It stores these variables at two scales, the
homogeneous reach scale, called “Unité Ecologique Aquatique” (UEA), which uses variables
such as river slope, unit stream power and sinuosity to delimit reaches, and reference points
located every 100 m along the river network. These reference points will form the scale at which
the model will be trained and the results generated.

The CRHQ dataset is still being developed in Quebec, so some key variables are missing
that should be incorporated in the coming years. One of these missing variables is local
confinement, which is a key variable in flood and erosion prediction, as geologically confined
rivers are limited in their ability to flood their surroundings or erode their banks (Beechie &
Imaki, 2014; Demers et al., 2014; Fryirs et al., 2016; Fryirs & Brierley, 2018; Wheeler et al.,
2022). The width of the confining valley was extracted from the 1-m DEM using a Python script
combining the river valley bottom detection tool of Sechu et al. (2021) with ESRI Arcpy tools to
generate transects along the river network, clip them to the valley bottom, and aggregate the
mean length of these transects in 50 m buffers around each reference point. Three confinement
ratios using the formula of Beechie & Imaki (2013) were calculated by combining the extracted
local valley width and the river width from the CRHQ (determined using hydraulic geometry).
The three ratios are local confinement, mean confinement of homogenous reaches, as well as
relative confinement:

. . Valley width
Local confinement ratio = el (5.1)
Bankfull width
. . Mean valley width of the homogeneous reach
Reach confinement ratio = Y £ (5.2)

Mean bankfull width of the homogeneous reach

Local confinement ratio

Relative confinement ratio = - - (5.3)
Reach confinement ratio

The relative confinement ratio is an index that can be used to determine whether the local
reference point is located in an area that is more or less confined than the rest of its homogenous
reach. It is useful in environments with partly confined rivers in which the dominating local
fluvial processes may vary depending on the confinement levels.

The CRHQ database includes bankfull discharge information, assumed equivalent to a 2-
year recurrence discharge, based on hydrological modelling done for the province of Quebec
(““Atlas Hydroclimatique du Québec meridional”, https://www.cehqg.gouv.qc.ca/atlas-
hydroclimatique/index.htm). This is used to compute unit stream power at each reference point.
A total of 16 variables were extracted from the CRHQ database and the in-house confinement
GIS tools at 3 different scales (local, homogenous reach, and watershed) (Table 5.1).
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Table 5.1: List of variables used during the study.

Scale Variable Units
Local slope m/m
Mean angle between current point
. . degrees
and adjacent points
Channel width m
Drainage area km?
Unit stream power (USP) W/m?
Presence of agricultural land on the Presence (1)/absence
banks (0)
Local
Presence of wetlands on the banks Presence ((01))/absence
Presence of vegetation on the banks Presence ((01))/absence
Presence of anthropogenic features Presence (1)/absence
(city, road, bridge) on the banks 0)
Local confinement ratio m/m
Local confinement ratio relative to its
reach’s confinement ratio i
Mean confinement ratio for the reach m/m
Reach Length of reach divided by straight
. . m/m
line distance of reach
Mean slope upstream of point %
Mean altitude upstream of point m
Watershed —
Upstream dryland area divided by 5 5
m-/m
upstream wetted area

5.2.3) Training and validation data collection

A subset of the reference points needed to be classified with information on flooding and
erosion to train and validate the models. Three random forest (RF) models were developed in this
study, namely 1) the presence of flooding model (PFM), based on a 20-year recurrence flood, 2)
the presence of mobility model (PMM), detecting mobility that could justify a more detailed
study, and 3) the type of erosion model (TEM), which distinguishes incision or lateral migration
for cases where river erosion is expected. Several datasets and methods were used to classify
these points, the main method being hydro-geomorphological mapping in which 1-m LiDAR
DEM, satellite imagery and historical aerial photographs were used to assess the potential
occurrence of these fluvial hazards (Biron et al., 2014). To ensure the classification was accurate
various validation datasets were collected. They included field observations collected during this
study as well as some from previous studies, results from various models looking at flooding
(e.g. large-scale model LISFLOOD-FP (Choné et al., 2021) on the Nicolet and Du Gouffre
Rivers) or river mobility Channel planform statistics toolbox (Lauer, 2006) on the Du Gouffre
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River, freedom space maps (Biron et al., 2014) on parts of the Nicolet River), as well as
government datasets on previous fluvial-related damages to road infrastructure (Tables 5.2 and
4.3).

Table 5.2: Types and description of the data used to train and validate the random forest models.

Types of data Description

1. Observations of bank stability in the
Du Gouffre watershed collected in 2009 by
Concordia

2. Photos and observations collected by
Field data the authors during summer and fall 2022 (all
watersheds)

3. Field data collected by the Ministry of
Environment of Quebec (MELCCEFP) in the
Gouffre watershed in 2022.

Model predicting bank erosion rates for the
Channel Planform statistics toolbox model | Du Gouftre watershed using historical river

results alignments for a 56-year period (2020 vs.
1964)

Use of high-resolution DEM to identify
evidence of past and present flooding/erosion,
such as flood scars and former bank failures
and landslides

LiDAR

Comparison of historical photos dating back
Historical phot several years to identify where the river has
istorical photos migrated and determine whether this was an

abrupt or gradual change.

Assessment of modern satellite imagery for
Satellite imagery signs of riverbank erosion, such as the
absence of vegetation or landslide failures.

Internal Ministry of Transportation of Quebec | Road infrastructure (roads, bridges, and
database culverts) inspection data and repair logs.

For the three pilot watersheds, a total of 1,807 points were classified for flooding, 1,542
for mobility, and 847 for the type of erosion out of the 11,452 reference points for the 1,145 km
of rivers included in the study, which represents between 7% to 16% of the total points being
classified according to the model. Flooding is easier to identify using LiDAR and large-scale
modelling results (Choné et al., 2021; 2022), which explains the higher number of points
classified for this hazard. On the other hand, the higher number of points for mobility compared
to erosion type is explained by the fact that stable areas are not considered in the erosion type
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model, which aims to distinguish between the dominant river process causing the mobility
(incision or lateral migration). The number of reference points classified for each category in the
models for the presence of flooding and the presence of mobility were well balanced with a
difference of 29% and 22% respectively between the presence and absence classes of the two
models with the presence class having more classified point in both cases. However, incision is
more difficult to identify than lateral migration and is also more likely to occur in small
headwater streams that were not included in this study which focused on rivers with a drainage
area of 50 km? or more. Therefore, there are more points classified for lateral migration than for
incision, with 72% of the classified points being for the lateral migration class. This may cause
issues of the model becoming overtrained at detecting lateral migration relative to its ability to
detect incision.

5.3) Machine learning methodology
5.3.1) Random forest

There are several types of supervised ML models, each with its own advantages and
limitations. For this study the random forest classifier model (RF) designed by Breiman (2001)
was chosen as a large number of studies focused on natural hazards have shown that it is one of
the most useful ML models for predicting flooding and erosion (Wang et al., 2015; Ghosh &
Dey, 2021; Fang et al., 2022; Hasan et al., 2023; Razavi-Termeh et al., 2023; Youssef et al.,
2023). These models were trained utilizing the Scikit-learn Python API (Pedregosa et al., 2011;
Buitinck et al., 2013). This is an ensemble supervised model that consists of multiple decision
trees (representing a forest), where each tree corresponds to a vote and the final prediction
depends on the total number of votes (Breiman, 2001; Fang et al., 2022). It uses subsets of user-
supplied training data to predict user-supplied classes, which in this study are absence/presence
of flooding (PFM) or mobility (PMM), as well as the type of erosion (lateral migration or
incision, TEM). A subset of the reference points containing both the geomorphological variables
and associated classes to be predicted for the three models was subdivided into a training and
validation dataset. The training dataset, which comprises 75% of the classified data, is used by
the models to determine the patterns of available geomorphologic variables that allow the models
to predict which class should be associated with that combination of geomorphological variables.
The validation dataset, which comprises the remaining 25% of the classified data, is then used to
validate the model’s performance on data on which it has not been trained.

The RF method has many advantages over other ML methods, such as correcting for
imbalances in the training data and noise in the data (Parmar et al., 2019). It is particularly
important to correct for these when using ML for hydrogeomorphic applications at large scale.
This is because the geomorphic context of each watershed may create conditions that favor one
class over another, resulting in an abundance of training points for that class and a lack of
training points for other classes. Since the tool is aimed to predict flooding and mobility at
reference points every 100 m for a very large territory (here, three pilot watersheds, but
ultimately the entire province), it is also beneficial to select a model that corrects for noise in the
data that may be prevalent at this scale, as interpretations of where each river hazard begins and
ends along a river may differ and variable extraction errors are likely to occur.
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5.3.2) Collinearity

When using ML methods, it is important to test the correlations between variables, as
variables that are not independent of each other or that are too correlated can cause problems
when interpreting the results of the model (Kavzoglu & Teke, 2022; Tiwari, 2022). In effect, the
importance of certain variables is artificially increased by giving the model essentially the same
variable twice, which also reduces the importance of other variables that may be more important
than they appear if collinear variables are added to the model. To test for correlation, the
Spearman’s rank correlation was computed and then converted to a distance matrix to calculate
Ward’s clustering method to create a dendrogram of the most correlated variables (Spearman,
1904; Ward, 1963; Daniel, 1990; Tien Bui et al., 2016; Vasu & Lee, 2016; Guillon et al., 2020).
A threshold of 0.25 was chosen to create groups of variables. If the correlation between two
variables was below this threshold, one of them was removed.

5.3.3) Model calibration

The RF model has two main parameters to calibrate: the number of trees generated (an
integer value) and when the trees should stop creating new nodes (Parmar et al., 2019; Fang et
al., 2022; Scikit-learn developers, 2023). Controlling when the trees should stop generating new
nodes can be done using different techniques. Here, it was calibrated by entering a percentage of
the total training database to determine the minimum amount of data points per final node
(Scikit-learn developers, 2023). The values used for the percentage of the training database to
determine the final node ranged from 0.25% to 10% to determine the minimum number of data
points per node. To calibrate the models, the accuracy of the models on the training and
validation data was plotted against the number of decision trees and the percentage of training
data used as the minimum number of points per final node.

5.3.4) Validation Indices

To validate the models, common validation indices from random forest models on natural
hazards were used. These include a confusion matrix containing the values correctly predicted
(true negatives/positives, TN/TP) and the values incorrectly predicted (false negatives/positives,
FN/FP), these were used to calculate the individual precision for each class (Px), accuracy of the
model (Py), recall (R), specificity (S), Kappa coefficient (K), and F1-scores (Fang et al., 2022;
Kavzoglu & Teke, 2022; Tiwari, 2022; Avand et al., 2023; Youssef et al., 2023). As the models
are limited to binary classifications the area under the curve (AUC) of the receiver operator
characteristic graph (ROC) was also used (Tiwari, 2022). The ROC is a graph of recall versus the
false positive rate (FPR) with varying thresholds of votes needed to be classified as the true class
(presence of hazard in our study). The AUC is calculated for this graph and is used as a metric to
evaluate a model’s performance. As the random forest model used is the classifier model and not
the regression model the root mean square error (RMSE) and similar indices were not included.
It is also important to ensure that the model is not over-fitted to the training data as this would
compromise its ability to predict hazards in hard-to-reach areas where it would be difficult to
collect training/validation data or in watersheds it has not yet been trained on. In this study over-
fitting was quantified as the difference between the accuracy of the model when used on the
training data relative to when it is used on the validation data.

.. TX _ o .
Precision = VAT (X = positive (P) or negative (N)) (5.4)
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(TN + TP)

Accuracy = m (55)
TP
Recall = TPTEN (5.6)
e TN
Specificity = TNTFD 5.7)
.. _ 2x(TP*TN—FN*FP)
Kappa coefficient = (TP+FP)+(FP+TN)+(TP+FN)+(FN+TN) (5-8)
F1—score = 2x2& (5.9)
A+R
.. FP
False positive rate = (5.10)
TN+FP
Overfitting = Avalidation data ~ Atraining data (5-1 1)

To test the importance of the variables for the model two indices were used, MDI and the
MDA (Breiman, 2001; Louppe, 2014; Nembrini et al., 2018). When using these indices, it is
important to consider that continuous variables will have higher values than discrete variables
(Nembrini et al., 2018). The MDI quantifies by how much the GINI impurity of nodes was
reduced when split by that variable on average (Louppe, 2014). The GINI impurity is a metric
used in decision trees to determine what is the probability that a random data point selected from
a node within the decision tree will have the incorrect class (Louppe, 2014). Therefore, higher
MDI scores signifies that the variable was useful in differentiating between the presence or
absence of fluvial hazards. The mean decrease in accuracy works by generating multiple
iterations of predictions while randomly shuffling a target variable and quantifying on average
by how much the accuracy of the model decreases (Breiman, 2001; Nembrini et al., 2018). If a
variable has a high MDA value, it means that it is an important variable to accurately predict the
presence or absence of hazards (Nembrini et al., 2018).

GINI Impurity (I) = 1- Prob(correct prediction)? - Prob(wrong prediction)? (5.12)
1 n

MDA =1 — EZ Model accuracy with randomized variable (5.13)
1

5.3.5) Confidence level

For the RF model it is possible to assess the confidence of the prediction at each
reference point by the number of decision trees that voted for a given class relative to the total
number of decision trees generated within the RF model. Since the models were trained using
100 trees, the confidence interval is the number of models out of 100 that voted for a class, with
50% being the lowest possible value, indicating that the model was not able to determine with
certainty which class (presence or absence) to predict for that location, as there is 50% of the
trees that voted for that class and therefore 50% also voted for the other class.

To facilitate analysis and interpretation of the results by a wide range of experts, easy-to-
interpret susceptibility categories have been created using confidence levels where thresholds
have been determined using approximately one standard deviation from the mean of the
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confidence levels for each model, giving the following thresholds: less than or equal to 55% for
uncertain, between 56 and 75% for medium certainty, and greater than 75% for high certainty.

5.4) Results
5.4.1) Collinearity and calibration

The collinearity analysis revealed that there were four cases of variables from Table 5.1
that were too collinear. First, river channel width is very strongly correlated with drainage area,
because in the CRHQ dataset, width is estimated as a function of drainage area (hydraulic
geometry relationship). This will change in future versions of CRHQ, as a new method of
determining width from LiDAR is currently being developed. Since width is used in the
calculation of unit stream power (USP, proportional to the product of discharge and river slope
divided by width, equation 2), it was removed from the model and the drainage area was
retained. The local river slope and USP are also highly correlated since river slope is used to
calculate USP. The USP was retained to incorporate the local width and river slope into the
model. The third case is the local and valley confinement ratios, which was expected since the
valley confinement ratio is the average confinement ratio of all local measurements within a
homogeneous reach. The local value was retained because the model also includes the relative
confinement, which measures whether the confinement of the homogeneous reach is larger or
smaller than the local confinement. Finally, the average river slope upstream and average
elevation upstream of the local point are correlated with each other, which is probably explained
by the fact that headwater streams tend to have steeper slopes and that, consequently, the higher
the mean elevation upstream, the steeper the slope is likely to be upstream. The upstream slope is
a better indicator for estimating the amount and type of sediment likely to reach the local area, as
it remains more constant between watersheds in relation to elevation and was therefore retained
to allow the model to be used on other watersheds that may have different ranges of elevation.
The variables that were removed and remaining variables are reported in table 5.3.

Table 5.3: Remaining variables after collinearity analysis

Scale Variable Units
Leealslope mim
Mean angle between current point
and adjacent points degrees
Channel width A
Drainage area km?
Unit stream power (USP) W/m?
Presence of agricultural land on the Presence (1)/absence
Local banks (0)
Presence of wetlands on the banks Presence ((01))/ absence
Presence of vegetation on the banks Presence ((01))/ absence
Presence of anthropogenic features Presence (1)/absence
(city, road, bridge) on the banks 0)
Local confinement ratio m/m
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Local confinement ratio relative to its
reach’s confinement ratio
Mean-confinementratio-for-the reach mim
Reach Length of reach divided by straight

line distance of reach m/m
Mean slope upstream of point %
Vi e ool "
Watershed Upstream dryland area divided by 22
m°/m

upstream wetted area

When calibrating the number of trees, it was found that increasing the number of trees did
not significantly improve the accuracy of the model but increased the processing power (Figure
5.2-A). Therefore, the default value of 100 trees was selected. This is contrary to Wang et al.
(2015) and Fang et al. (2022) which both used a raster method and found modifying the number
of trees had an impact on the accuracy of their model. They found 10 000 and 200 trees to be the
best number of trees respectively which would increase processing time significantly relative to
the 100 trees used in this study. Fang et al. (2022) noted that going from 100 to 200 trees
increased processing time by 62.5%, illustrating a potential advantage of using the less
computationally and data intensive vector approach over using raster data. Modifying the
parameter indicating when to stop generating new decision tree nodes had a much larger impact
on the accuracy with a 10% difference when using 0.25% relative to 10% of the training data
(Figure 5.2-B). This value is also important to calibrate as it controls the level of over-training,
which results from splitting the decision trees dividing until each node contains only a very small
number of datapoints resulting in a model that is well trained to predict the points it has been
trained on, but not the points it has not been trained on. This can be seen by comparing the
precision of the model using the training data with that using the validation data. Figure 5.2-B
highlights how increasing the minimum number of data points per node reduces the over-training
of the models, although it does also reduce the overall accuracy of the model. It is important to
select a threshold that both minimizes over-training while maintaining a high accuracy value. A
threshold of 2% was chosen for the three models, as it resulted in the highest accuracy while
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minimizing the difference between the accuracy of the training and validation data.
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Figure 5.2: Calibration results for the three models showing model accuracy against the number of decision trees (A) and the
minimum number of data points per final node as a function of a percentage of the training data (B).

5.4.2) Predictions for the pilot watersheds

Figure 5.3 presents the results for the three models for the three pilot watersheds (column
A — flooding, B — mobility, and C — type of erosion). At the watershed scale used in Figure 5.3,
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the heterogeneity of the predictions every 100 m along the river network is not clearly visible,
with several overlapping points.

The PMM model predicted that 44.5%, 82.0%, and 68.3% of the river network was
mobile for the Nicolet, Cascapédia, and Du Gouffre watersheds, respectively. These results were
expected because the topography of the Cascapédia region favours the mobility of rivers, which
are limited to narrow floodplains confined by mountains rising on average around 200 m above
the river. This results in a high diversity of fluvial processes due to faster velocities combined
with a higher diversity of sediment types. However, there is a lack of training data in these types
of streams due to the remoteness and lack of roads to access these rivers, so the heterogeneity of
processes occurring in these streams is not correctly predicted by the model. For the other two
watersheds, the results are in line with expectations. The Du Gouffre watershed showed incision
in the high-energy tributaries and lateral migration (or stable reaches) in the partially confined
Du Gouffre main river. In the Nicolet watershed, there is mobility in the higher-energy portions
in the Appalachian region in the southeast of the watershed, more stability in the center and
mobility near the confluence between the Nicolet River and the St. Lawrence River. For flooding
the results were 48.9%, 53.3%, and 44.0% of the network being at-risk for the Nicolet,
Cascapédia, and Du Gouffre, respectively. These results are expected as the geomorphic history
and topography of these watersheds limits flooding in many areas due to geological confinement
or the river which is incised in glacio-marine till, resulting in high banks that are still erodible but
that limit flooding. Given that the study focused on large rivers and the lack of training data for
incision, only 10.2% of the mobile points in the Nicolet and 22.0% of the mobile points in the
Du Gouffre and Cascapédia were predicted as incision.

Figure 5.3: Overview of predictions and confidence levels for A) the presence of flooding, B) presence of mobility, and C) type of
erosion models for the three pilot watersheds. Nicolet (top row), Cascapédia,(middle row) and Du Gouffre (bottom row).
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When evaluating the three models’ accuracy on the validation data for the three pilot
watersheds, 83%, 83%, and 94% of the points were correctly predicted by the PFM, PMM and
TEM, respectively (Table 5.4). Table 5.4 also reveals that the levels of over-training were very
small, with at most a 3.5% difference between the training and validation accuracies. More
importantly, it reveals that the recall (R) is high, which is important for a study on fluvial hazards
as predicting a hazardous area as safe could have disastrous consequences. The PFM and PMM
models are accurately predicting 86% and 90% of the hazardous areas, respectively, which,
based on other ML models to detect natural hazards (Fang et al., 2022; Kavzoglu & Teke, 2022;
Avand et al., 2023; Youssef et al., 2023) is considered very good to excellent. The other
variables used to compare ML models such as the F1 score, kappa, and AUC also rank them into
these categories. The model was also validated using only the accuracy measure for a watershed
(Coaticook) it was not trained on (details on this analysis can be found in appendix A).

Table 5.4: Confusion matrix and validation indices for each model (S = specificity, R = recall, and A = accuracy).

A) Flooding
Observations
Absence Presence Precision
Predictions Absence 155 36 81%
Presence 42 219 84%
S/R/A S=79% R =86% A =83%
F1 Score 84.5%
Kappa 64.8%
AUC 90%
Over-fitting 3.1%
B) Mobility
Observations
Absence Presence Precision
Predictions Absence 120 22 85%
Presence 44 200 82%
S/R/A S=73% R =90% A =83%
F1 Score 86.4%
Kappa 64.4%
AUC 90%
Over-fitting 3.5%
(8] Type of Erosion
Observations
.. Lateral ..
Incision . . Precision
Migration
Incision 39 5 89%
Predictions pateral 7 161 96%
1gration
S/R/A S=85% R=97% A =94%
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F1 Score 95.4%
Kappa 83.1%
AUC 94%
Over-fitting 0.8%

5.4.3) Distribution of confidence levels and predictions

Figure 5.4 compares the distribution of confidence levels for the manually classified
reference points where it accurately predicted the fluvial hazards (green) with the confidence
levels for the points where it did not accurately predict hazards (red). The distributions for the
accurately predicted points are concentrated in the medium and high confidence classes with
93.2%, 86.0%, and 96.8% of the points falling within these categories for the PFM, PMM, and
TEM models, respectively. Of these accurately predicted points, 51.0%, 43.3%, and 77.5% were
in the high confidence class for the PFM, PMM, and TEM models, respectively. While for the
incorrectly predicted points 33.9%, 52.9%, and 61.5% of the points were in the uncertain class
for the PFM, PMM, and TEM models, respectively and 89.7%, 98.7%, and 94.2% were below
the threshold for the high confidence class. This indicates that when the model is correct in its
prediction, it is likely to have a higher level of confidence, whereas when the model is incorrect,
this will generally result in lower levels of confidence. The confidence level of the prediction is
therefore a good metric to examine when making decisions based on the results of these models.
It is also useful that the PFM and PMM models present a wide range of confidence levels, as
these hazards are not binary (presence/absence) as the models show, but the areas that will be
flooded or eroded vary over time depending on factors such as meteorological conditions and
river discharge. These are factors that are not taken into account in these models, but the wide
range of confidence levels can be used as a proxy for the probability of hazards occurrence based
on these factors. For example the flooding model is trained to recognize areas that will be
flooded during a 20-year flood. The points with high confidence levels will therefore be flooded
during a 20-year flood or perhaps even during smaller floods. On the other hand, points with
lower confidence levels that still predict the presence of flooding may require larger than 20-year
recurrence floods to be inundated, which doesn’t mean that they are safe from flooding.
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Figure 5.4: Distribution of confidence levels for the reference points where it accurately predicted the fluvial hazards (green)
and the confidence levels for the points where it did not accurately predict the hazards (red) for A) flooding (PFM), B), mobility
(PMM) and C) type of erosion (TEM).

5.4.4) Importance of each variable

Figure 5.5 presents the variable importance test for the three models. For the flood model,
the two confinement variables (LocConfRatio and RelConfRatio) are quite important in
determining whether flooding will occur, which is to be expected as the more confined the river,
the less likely it is that flooding will occur. Other variables that are important in differentiating
flood-prone from non-flood-prone areas are location within the catchment (drainage area and
mean upstream slope (Mean_slope)). The usefulness of binary variables is not reflected in this
type of analysis relative to continuous variables, however we can see that the level of vegetation,
the presence of farmland and wetlands are also important variables for determining flood-prone
areas. Although USP was not the most important variable when constructing the trees (reflected
in its low MDI) it did prove to be one of the most important variables to properly calculate.
Indeed, randomizing this variable had a large impact on the accuracy of the model (reflected in
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its relatively high MDA). As far as mobility is concerned, upstream conditions were very useful
in predicting whether a point would be mobile or not, the three most important variables being
upstream slope, drainage area, and drainage ratio. These variables will impact both the type and
quantity of sediments reaching the reference points but also the velocity of the water. Higher
values result in faster flow and larger quantities and sizes of sediments, as they represent more
abrupt slopes upstream and less waterbodies such as lakes that can slow down the flow of water
and trap sediments. The other variable that was useful for determining if a point will be mobile is
the local sinuosity (mean angle of deviation) which allows the models to differentiate between
the apex of meanders, which tend to be more mobile, and the more linear segments, which tend
to be less mobile. During model training to differentiate between lateral migration and incision,
the variables all have roughly identical levels of importance. Only sinuosity of the homogeneous
reach shows significantly higher levels of importance, followed by USP and local sinuosity. It
makes sense that the model is using the sinuosity to differentiate between incision and lateral
migration as lateral migration is the main process that creates sinuous rivers. Consequently, a
sinuous river is likely to exhibit lateral migration rather than incision. However, this is not
always the case, such as in streams where a geologic confinement forces the river to be sinuous
regardless of erosional processes, which is why it is important that the model considers more
than just the sinuosity of the river.
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Figure 5.5: Importance of each variable for the three models using the mean reduction of impurity and mean reduction of
accuracy metrics. Variables include the mean angle of deviation between reference points (Ang _dev_q50), local and relative
confinement ratios (LocConfRatio and RelConfRatio), presence of bank occupations (Towns/roads = Anthro, farms = HumanAct,
vegetation and wetlands) and other hydro geomorphic variables.

5.5) Discussion

Fluvial hazards can have devasting effects on local populations by flooding their homes and vital
infrastructure or by damaging crucial road infrastructure that allows emergency services access
to access the community or community members to travel to and from their home. Therefore,
predicting which road infrastructure is potentially at risk of being damaged is crucial to avoid
communities becoming isolated and to continue having access to emergency services and food
deliveries. The problem in determining which road infrastructures are potentially at risk is the
size of both the river and road networks as well as the number of variables to be taken into
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account. ML models are increasingly being used to solve this problem, as they can be applied to
large areas while taking many variables into account (Ho & Goethals, 2022). While many ML
models have been developed to detect areas that are at risk of flooding, we were unable to find
any that were trained to detect river mobility. The flood models are also rarely focused on hydro-
geomorphological variables and focus on punctual variables rather than variables quantifying the
type of river (ex: sinuosity and confinement) or the upstream conditions (ex: mean upstream
slope) that can have a large impact on the flood or mobility risk (Figure 5.5) (Wang et al., 2015;
Ghosh & Dey, 2021; Hasan et al., 2023; Razavi-Termeh et al., 2023; Youssef et al., 2023).

Not considering these variables is problematic when attempting to quantify the risk of flooding
caused by rivers or whether those rivers will be mobile. As highlighted in Figure 5.5, the most
important variables for the three models in this study differed based on the model but overall
included variables that are seldom considered in ML models for natural hazards, namely
confinement level, upstream conditions (mean slope and drainage ratio) and sinuosity of the
river. When hydro-geomorphological variables have been included in ML models for flooding,
they have been found to be some of the most important variables (Fang et al., 2022). This
highlights the wide range of variables and factors that need to be taken into account when
assessing river hazards and which require a specific expertise to be properly evaluated. It shows
how ML models such as those presented in this study can be used to provide a easy-to-interpret
assessment of these variables for experts who do not have the necessary skills.

It is clearly important that methods are developed for the precise extraction of hydro-
geomorphological variables at large scale and that important data sources such as high-resolution
LiDAR are collected and made available to researchers. The availability of a large-scale public
database containing hydro-geomorphological variables for the province’s rivers was crucial in
this study and facilitated the implementation of ML models to predict which areas of the
province were most at risk of being impacted by fluvial hazards. It is recommended that similar
databases be developed and maintained for other regions in order to facilitate and encourage
further studies at developing tools and methods to better protect communities from the
deleterious consequences of fluvial hazards. The results of models such as those presented in
this study could also be included in these databases in order to provide stakeholders, whose
expertise and level of education vary, with an easy-to-interpret measure of whether or not their
community is at risk. Making information such as the potential occurrence of fluvial hazards
available to the public would also help to empower smaller-scale stakeholders, such as
individuals or local organizations, who have a vested interest in protecting their communities
from fluvial hazards, but who rarely receive the information they need to participate in informed
discussions on the subject.

5.5.1) Use of the results

The main objective of the three RF models is to identify road infrastructure that may be affected
by fluvial hazards. In section 5.4.2 the results show how we can use the models to evaluate
which watershed has the most hazardous rivers, although that does not inform decision makers
about which watershed has the most at-risk infrastructure/communities. By using a simple
proximity analysis quantifying the average hazard confidence level predicted in a 200-meter
radius around provincially managed bridges, the exposure of this type of road infrastructures can
be determined using the RF models. Figure 5.6 presents the results of this buffer analysis for the
PFM and PMM models. In the Cascapédia River, there are not many provincially managed
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bridges in this watershed due to the local topography that restricts road building in narrow river
valleys. As a result, bridges are mainly located at confluences between the major rivers and
highly confined, steep slope tributaries, which are highly dynamic areas. This is reflected in the
model results where the bridges in the Cascapédia were predicted as being in potentially highly
hazardous areas. The Du Gouffre and Nicolet watersheds have less topographical constraints for
road construction, with bridges being built in a diversity of conditions. Similar proximity
analyses can be used to evaluate other structures such as roads, individual buildings, or
communities.

Risk is defined in the World Risk Report as a function of the community’s exposure to natural
hazards and the community’s vulnerability to hazards (De Almeida et al., 2016; Atwii et al.,
2022). The vulnerability is the community’s ability to resist being damaged from the exposure or
recover from the damages the exposure caused. This vulnerability is quantified using variables
such as the average age, salary, and educational backgrounds of the community members or
number of access routes permitting emergency services to reach the area (Fekete, 2009; Chen et
al., 2013; De Almeida et al., 2016) The results of the models in this study can be used to measure
the exposure of communities or structures (Figure 5.6) to natural fluvial hazards at the local scale
but also at larger scales using aggregation methods (municipal, regional, watershed, etc.).
Combining the results from both tools can provide information to decision makers not only about
which structures/communities will potentially be exposed to natural hazards, but also about the
potential socio-economic impacts if vital road structures were left unusable by fluvial processes
or the community was inundated by a flood. This combination can provide a rapid large-scale
preliminary assessment of where attention should be concentrated to reduce the potential for
communities to be negatively impacted by fluvial processes.

River Flooding Level at Bridge Crossings by Watershed
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Figure 5.6: Average fluvial hazard level in a 200-meter radius around bridges managed by the provincial government for A)
flooding and B) mobility. < 50% confidence = none/stable, 50 - 55% = low, 56 — 75% = medium, >= 76 % = high.
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Clustering methods can help to visually analyse the potential for infrastructure or communities to
be impacted by these fluvial hazards. Figure 5.7 shows a heat map generated for the Du Gouffre
watershed with only the points predicted as mobile by the PMM, using the confidence level as a
weighting factor. Overlaying the river and road networks over these heat maps reveals the
potentially vulnerable road network segments (identified with red circles). A flood event that
took place in early May 2023, after the model was completed, revealed that many of these areas
were indeed seriously affected by river mobility (photos in Figure 5.7). This method can be used
to identify the most at-risk infrastructure at a coarse scale.

Figure 5.7: Heat map of the presence of mobility model results weighted by the confidence level with photos of erosion in these
areas following a large flood that occurred in May 2023. Photo credit: MELCCFP (A, B, C, and D) & THE CANADIAN
PRESS/Jacques Boissinot (E)

Once individual at-risk infrastructures are identified, a more fine-scale analysis can be carried
out by analyzing the predictions and confidence levels for individual reference points. Figure 5.8
shows the results from a bridge crossing one of the confluences between the high-energy
tributaries of the Cascapédia and the Cascapédia River itself, as well as photos of when this
bridge was damaged by fluvial processes. The labels for the reference points correspond to the
confidence levels from the PPM that the area will be mobile or stable. The colour of the points
represents the results of the TEM to display the type of erosion predicted and the model’s
confidence in that prediction, with darker colours representing a higher level of confidence.

The PMM predicted with high confidence that this tributary of the Cascapédia River is mobile
with the confidence levels for the reference points ranging from 81% to 93% for presence of
mobility (Figure 5.8 A/B). The TEM results indicate with high confidence that the mobility in the
confined portion of the tributary will be incision before transitioning to medium confidence of
lateral migration near the confluence (Figure 5.8A/B). The bridge close to the confluence was
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damaged by fluvial processes in 2020 (Figure 5.8C) and then repaired (Figure 5.8D) which helps
validate that this area is indeed mobile. In Figure 5.8D the bank shows signs of lateral migration
just upstream of the bridge, with a point bar forming and exposed banks. The quantity and size of
sediment deposited on the bar and under the bridge also show signs of significant upstream
sediment transport, which could indicate that incision is occurring upstream.

A) e, 1 | 7

: o7
..056 2 \,)1.:190 gl
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Figure 5.8: A) and B) Maps illustrating the results of two separate models: presence of mobility and type of erosion model for a
mobile tributary of the Cascapédia river (A & B). The labels represent the presence of mobility confidence level. C) photograph
of the bridge circled in A and B when it was damaged in 2020. Photo credit: Quebec’s Ministry of Transportation D) photograph
of the bridge in 2022. Photo credit: Alex Delisle Thibeault.

This highlights how the model results can be used at multiple scales to conduct a rapid top-down
analysis of fluvial hazards over a large territory. This involves firstly identifying which
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watersheds of the territory should be prioritized, then identifying where within the watershed
areas that should be given priority, then determining where the hazardous areas are within these
watersheds and what the specific structures at risk are, and then carrying out a spot analysis to
determine the specific hazards and conditions that influence the level of risk.

5.5.2) Limitations

ML models do come with limitations that impacted the results of this study. These models
perform better when the training data is well balanced between the desired classes, although
natural patterns of fluvial processes are not as well balanced. This balance also varies depending
on the watershed’s geomorphological conditions and study area. This study was focused on
larger rivers rather than headwater streams due to data availability limitations. This led to an
imbalance in the training data for the type of erosion, as an abundance of lateral migration
training points were collected. However, as incision occurs mainly, but not exclusively, in
headwater streams, it was more difficult to collect data on incision in the study area. The impact
of this phenomenon can be seen in the better validation indices of the TEM model compared
with the other two models.

Data extraction and preparation at large scale often has extraction errors that occur due to the
quality of the data and methods. This study encountered multiple data quality issues stemming
from the CRHQ and developed tools. The main issue was with the final point of tributaries in a
confluence in the CRHQ having values from the main channel rather than the tributary’s values.
Another problem concerned the homogenous reaches of the Cascapédia River, many of which
were not well segmented, with the result that some reaches were only 100 m long and had only
one reference point, which poses problems when it comes to referencing sinuosity and relative
confinement when training the models. The developed confinement tool has issues of
overestimating the valley width in very sinuous unconfined reaches by approximately 10% on
average.

5.6) Conclusion

ML models were successfully used as preliminary assessment tools to detect the potential
occurrence of fluvial hazards along the river networks of three large watersheds in Quebec
(Canada). Computational power, processing time, and budget requirements were relatively low
compared with other methods, making this type of modelling particularly promising. Sensitivity
analysis revealed that it is important to calibrate the parameters of the chosen model to avoid
over-training, allowing the models to generalize to other areas they were not trained on.
Preliminary tests on un-trained watersheds show the models are capable to accurately predict the
location of hazards in areas where it was not trained. It is equally important to balance the
number of data points in each class to allow the model to properly determine the patterns that
will allow the model to distinguish between them. The models had validation indices comparable
to other ML studies that were ranked as being very good to excellent predictor models. The
results are usable at various scales to determine the portion of infrastructure at-risk per
watershed, identify which areas within it are hazardous, what factors are influencing the hazards
and punctual locations which are hazardous. The importance of each predictor variable in
predicting fluvial hazard was quantified and varied based on the hazard being predicted with the
most influential variables being the confinement of the river, the sinuosity, and sediment
transport proxies.
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6) General Conclusion
In this study the RF classifier ML model was applied with a novel approach for natural hazard
detection using reference points every 100-m along the river network combined with hydro-
geomorphological variables and processes to predict the potential for fluvial hazards to occur.
This methodology provides easily interpretable predictions of where flooding and mobility will
occur along the river network with confidence levels indicating how hazardous the area is. This
method has various advantages compared to other methods of natural hazard detection including
low processing power requirements, short run times, flexibility in choice of input variables
(increased adaptability to available data), and the consideration of numerous influential variables
that provides a holistic analysis of the local conditions rather than relying on a few key variables.
Through this analysis it was found that the main factors influencing flooding are the confinement
of the river and its location within the watershed. This is an important finding as many ML
applications to detect flooding do not include the confinement of the river. For mobility, the most
important influential factors were the proxies for sediment transport and the local sinuosity. No
other studies were found using ML to directly detect river mobility, however future studies
should consider that it will be important to consider these upstream conditions and not
concentrate only on local variables. It is also key to consider the local sinuosity and not the more
commonly used homogenous reach sinuosity.

The findings from this research are important for infrastructure planning as they indicate that
planners should be considering factors upstream of the potential construction sites and not only
in the surrounding area. In Quebec, the Ministry of Transportation has until now only included a
geomorphological analysis close to their infrastructure (in the range of around 200 m upstream
and downstream of a bridge or culvert). The modelling tools developed in this project will go a
long way to helping them better anticipate problems that could arise in river sections further
upstream. The tools were indeed presented to a team of GIS experts of the MTMD in June 2023,
and it is hoped that they will soon be integrated in their GIS system.

Discussions are also under way with the MTMD to ensure that they document fluvial hazards
more efficiently in a centralized database. This would provide invaluable training data to
improve the RF tools which can then be applied in more watersheds. Future studies should also
test if adding more predictor variables such as upstream land cover and climatic data could
improve the accuracy of the modelling tools.
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Appendix A: Test on non-trained watershed (Coaticook)

To test the model on an untrained watershed, we used the Coaticook River, where the Concordia
and UQAR research teams had already carried out a freedom space (FS) analysis, enabling us to
validate the results in relation to the river's floodplain and mobility space. However, the FS
results do not allow us to determine the areas where incision is likely to occur and, consequently,
the ML model developed for determining the type of erosion could not be validated. It is
important to bear in mind the differences between the two approaches when interpreting the
results of this analysis. The FS analysis maps areas that are likely to be flooded or eroded within
the next 50 years (M50), whereas our model predicts where these fluvial hazards could occur
along the river. Consequently, when classifying points using the FS results, the outcomes are
large homogeneous groups of flood prediction, whereas our model creates more heterogeneous
groups at the CRHQ reference points. For example, in our model, more sinuous areas have a
greater chance of initiating a flooding event and are therefore classified as having a high
probability of flooding, while more linear portions that may be affected by this flooding event
but are less likely to contribute directly to flooding are predicted as having a low probability of
flooding, or no flooding at all. As far as mobility results are concerned, the FS results map the
area likely to erode over the next 50 years, meaning that areas where incision is occurring do not
appear as mobile as they will not generate significant lateral migration. Similar problems arise in
densely populated areas where anthropogenic structures reduce the capacity for lateral migration,
making the area appear stable. As our model is trained to detect both incision and areas where
erosion may occur, including in areas with anthropogenic structures, it will produce different
results from those of the FS, as it will be able to predict that these areas are mobile, whereas
according to the M50, they appear stable. Accuracy results should therefore be treated with
caution, especially the presence of mobility results.

A.1) Description of study area

The study area is located in the Appalachian Mountains and comprises the Canadian section of
the Coaticook River (Figure A.1). This is a partially confined river with several large unconfined
floodplains having highly meandering reaches that are prone to lateral migration and flooding,
interrupted by geologically confined linear segments where the flood hazard is lower, and which
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are more prone to incision.
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Figure A.1: Coaticook River study areas with CRHQ reference points overlaid over a 1-m DEM.

A.2) Prediction results for the Coaticook River

Figure A.2 and A.3 display the accuracy of the model as well as the percentage of points that had
a confidence level greater than 55%. Figure A.2 shows that the accuracy of the flooding results
was good, with accuracy levels ranging from 73% to 86%, despite the fact that the model was
not trained on this catchment and the differences between the FS model used for validation and
our model. Uncertainty was relatively low, ranging from 12% to 23%. Visually examining the
results, the unconfined flood plains were predicted as high risk of flooding while the geologically
confined portions being predicted as absence of flooding (Figure A.4). The PFM therefore
produces very good results on watersheds it was not trained on. The mobility validation results
(Figure A.3) were less good, with accuracy ranging from 53% to 67%. As mentioned above, it is
important to interpret these results with caution due to differences in the way the validation data
(FS model) and predicted data (our model) are generated for mobility. On visual examination of
the results, the majority of wrongly predicted points were in geologically or anthropogenically
confined areas that the FS model displayed as stable (minimal lateral migration) whereas our
model predicted them as potentially problematic for infrastructure or sites with a potential for
incision to occur. The number of points with confidence levels above 55% varied more for the
mobility model, with a minimum value of 8% and a maximum of 29%. In Figure A.4 we can see
that the PMM did not predict any part of this watershed as stable, but rather mobile with a high
confidence of lateral migration in the floodplains and mobile with a medium confidence of
incision in the confined areas. However, the Coaticook is a mobile river and examining the
predictions in Figure A.4 we see that the majority of the river is predicted as low confidence
levels of mobility with the most mobile areas being predicted with high confidence. This could
be a result of the upstream conditions being indicative of a mobile river boosting the confidence
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that the points are mobile and when combined with the correct values for local variables the
mobility prediction becomes high confidence that this particular area will be impacted. Tests on
other untrained watersheds that lacked validation data did produce stable predictions and
therefore more tests are needed to verify if the fact that all the points were predicted as mobile
was due to model error or were appropriate for this river. Overall, the PMM produced a useful
map of the most mobile areas within the watershed while warning users that mobility could
occur at most points in this watershed during large floods or if anthropogenic changes were made
to the watershed that would increase the probability of mobility.

Sensitivity of results for the Coaticook watershed
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Figure A.2: Sensitivity of results for the Coaticook watershed to the minimum number of data points per node for the presence of
flooding, showing both accuracy and the percentage of points above the 55% confidence level.
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Sensitivity of results for the Coaticook watershed
(Mobility)
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Figure A.3: Sensitivity of results for the Coaticook watershed to the minimum number for the presence of mobility showing both
accuracy and percentage of points above the 55% confidence level.

Figure A.4: Results for the three models for an untrained watershed (Coaticook River, Quebec). A) results from the presence of
flooding model, B) results from the presence of mobility model, and C) results from the type of erosion model
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