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Abstract 

Fluvial urban floods, also known as riverine urban floods, occur when water levels in 

urban streams or rivers rise rapidly due to heavy rainfall, snowmelt, or dam releases. 

Climate change significantly affects the severity, frequency, and predictability of floods, 

presenting new challenges to the relevant studies. In this thesis, numerical modeling is 

used to investigate the morphodynamic and inundation processes of fluvial urban floods 

and to explore engineering solutions to the associated problems. 

The first study employed Delft-3D to develop a numerical model for examining the 

morphodynamic processes of the 2013 Bow River flood in Calgary, Canada. The model 

was calibrated using velocimetry data and validated with post-flood bathymetry data. 

The temporal and spatial distributions of the modeled flow and morphodynamic data 

were presented and analyzed. Results indicate that the timing of morphological changes 

during the flood varies among different morphodynamic units (MUs) but remains 

consistent within similar MUs. It was demonstrated that, given the same flood peak and 

duration, a regulated flood event with a brief rising period, as opposed to a prolonged 

rising period, might result in reduced bank erosion and bar growth. Additionally, 

bedload transport rates were found to be more sensitive to flow velocities than to bed 

sediment sizes in the Bow River case, due to the greater spatial and temporal variation 

of velocities during the flood. 

Another issue arising from the 2013 Bow River flood was the flood-induced bar growth, 

which constricted the river channel and increased future flood risk. The second study 

focused on exploring the optimal bar management solution for the Bow River. Using 

the developed morphodynamic model, we compared the effectiveness of a traditional 

bar removal plan with a novel bar realignment plan. Results indicate that while 

appropriate bar realignment can protect aquatic habitats and provide river recreation 

opportunities, bar removal is more effective in reducing future flood peak levels. The 

findings also suggest that manipulating instream bars has minimal morphological 

impact on downstream reaches. This study also highlights that creating a less obstructed 

channel is a fundamental strategy for flood mitigation. 

The third study emerged from surface image velocimetry analysis of the flow field in a 

large-scale physical model of flood mitigation strategies for the Bow River. We 

developed a new post-processing algorithm called Time Frequency Analysis (TiFA) to 

address challenges in Large Scale Particle Image Velocimetry (LSPIV) under 

unfavorable tracer conditions. TiFA involves three steps: (1) plotting the temporal 
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frequency distribution of PIV-recognized velocities at a specific location; (2) fitting a 

bimodal Gaussian distribution model to the plot to identify the “most likely” velocity 

at that location; and (3) repeating these steps at all locations to generate a spatially 

distributed velocity map. We evaluated the performance of TiFA, the traditional 

temporal-averaging method, and the ensemble correlation method using the scaled 

physical model surface imagery. Results showed that TiFA produced lower errors 

compared to the temporal-averaging method and was at least 40% faster than the 

ensemble correlation method, demonstrating the great potential of TiFA in LSPIV post-

processing. 

While the flow characteristics of open channel confluences have been extensively 

studied, the inundation dynamics of urban confluence floods remain unexplored. The 

fourth study aims to fill this research gap by investigating a 100-year flood event at the 

Ottawa-Gatineau (OG) confluence in Canada, utilizing in-situ measurements, remote 

sensing, and a two-dimensional (2D) hydrodynamic model. A flow rating curve was 

first developed at the confluence outlet, showing that the total discharge and water level 

follow a power-law function, with minimal influence from confluence discharge ratio. 

The developed rating curve also showed a distinct segmentation behavior, where water 

level increases faster with total flow discharge in the overbank flow stage than that in 

the in-channel flow stage, probably due to the combined effects of the change of 

roughness and friction slope. Then, we employed MIKE+ to develop a two dimensional 

(2D) unsteady hydrodynamic model to study the confluence flood dynamics. The 

developed 2D model reproduced well the measured inland floodwater velocity and 

urban flood inundation extent, demonstrating its reliability in simulating large-scale 

urban confluence floods. Model results show that confluence flood inundation extent is 

mainly a function of total flow discharge, with minimal impact from discharge ratio or 

flow unsteadiness. Therefore, using steady-state models may be appropriate in future 

modeling of urban confluence floods. 
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Chapter 1. Background 

1.1 Definition 

Throughout human history, cities have been situated near rivers, lakes and sea for 

greater water resources availability and transportation flexibility. However, great water 

resources come with high risks for flooding. Flooding is defined as a large amount of 

water covering an area that is usually dry. Floods can take place at a relatively short 

time due to rapid snowmelt, heavy rainfall, tsunami, dam or levee failure, or a sudden 

release of water, which are usually hard to predict and can cause severe damages (Zhang 

et al., 2024). 

Floods that take place at urban areas are named urban floods. According to the 

fundamental causes, urban floods can be further classified as three major types (Zhang 

& Crawford, 2020): fluvial (or “riverine”) urban floods, and pluvial urban floods, 

coastal urban floods: 

 Fluvial urban floods are also named as “riverine urban floods”, which result from 

river flow overtopping the banks. River flow overtopping could be due to many 

reasons such as snow melting, ice jamming, upstream rainfall, an upstream dam 

breach and landslides.  

 Pluvial urban floods are caused by local heavy rainfall (e.g. a hurricane passing 

by). Different from the fluvial flood which is related to a river, a pluvial flood could 

occur in any city, especially low-lying cities with poor drainage ability. The 

fundamental reason of a pluvial flood is usually not only the rainfall event itself, 

but the large paved areas that lower the infiltration ability and the poor drainage 

system that is unable to handle the excessive surficial floodwater during the rainfall. 

 Coastal urban floods are often related to coastal extreme events such as tsunami 

and storm surge. The range of a coastal flood is controlled not only by the flood 

intensity but also the topography of the coastal land exposed to flooding. Wave-

induced coastal floodwater could have a very high kinetic energy, which may have 

destructive impacts to urban infrastructure and thus human lives.  

This thesis will focus on fluvial urban floods, which will be short-noted as “urban 

floods”. 
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1.2 Significance 

As one of the most devastating natural disasters in human history, urban floods pose a 

range of significant hazards and engineering problems to human society. The potential 

hazards of urban floods are not only the floodwater itself that may cause loss of 

livelihood and properties in the urban areas, but also the hurtling debris and sediment 

carried with the flow, exposure to electricity and potential failure of infrastructure such 

as buildings and bridges during floods. A recent study shows that urban floods could 

result in not only a noticeable damage to urban infrastructure due to overland inundation, 

but also the disturbance of social order (Vestby et al., 2024). In addition, the flood-

induced morphological impacts such as bank-erosion (Lawal & Omosanya, 2023; 

Kumar et al., 2024), in-channel bar formation (Yu et al., 2022), and river diversion 

(Brooke et al., 2022) are also important issues for river engineers.  

There have been many notable examples of urban flood events recently. For example, 

in 2012, an extreme rainfall in Beijing caused a pluvial urban flood event with return 

period of 60 years, resulting in 79 deaths and economic loss of 11.64 billion RMB 

(Wang et al., 2018). The catastrophic 2013 Alberta fluvial flood that inundated the 

downtown area of the City of Calgary, resulted in 5 deaths, evacuation of 100,000 

people, and 6 billion CAD economic loss (Parsapour-Moghaddam et al., 2019). The 

magnitude of this flood event is classified as a return period of 80-100 years. Also in 

2013, an extreme flood event took place in Europe, which caused losses of over €8 

billion nationwide in Germany. Similar to the case in Calgary flood, this flood event 

was classified as the most severe flood event in Germany for the last 60 years (Thieken 

et al., 2016). The Pacific Northwest floods that took place in November 2021 resulted 

from a hydro-meteorological phenomenon called "atmospheric river". The flooding 

comprised a series of floods that affected British Columbia (B.C.), Canada, and parts 

of Washington State in the U.S. This flooding in B.C. was considered as a 500-year 

flood event and could be one of the costliest flood events in Canada’s history. Blöschl 

et al. (2019) and Gudmundsson et al. (2021) investigated the historical flood events in 

regional and global scales in the last 50 years and found that the flood changes are 

broadly consistent with climate model projections, suggesting that climate driven 

changes are already happening. 

Future urban floods could have even higher risks compared to the abovementioned 

urban flood events. It is also reported that the urban population will increase from 3.6 

billion in 2011, to 6.3 billion in 2050, which represents a growth from 51% to 68% of 
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the global population (UN, 2011). As more and more people live in densely populated 

urban areas, which are often situated on flood plains and low-lying coastal areas, their 

exposure to flood hazards is also increased (Hammond et al., 2013). Further, as a city 

expands, the development of its urban sewer system could be slower than the city’s 

development. There also could be more and more impervious ground areas (i.e. change 

of land use). On the other hand, climate change has significantly altered both global 

and local hydrological processes in recent years (Qian et al., 2022; Taherkhani et al., 

2020), which brings additional uncertainties to urban floods. Hirabayashi et al., (2013) 

demonstrates a large increase in the frequency of future pluvial floods in Southeast Asia, 

Peninsular India, eastern Africa and the northern half of the Andes (Figure 1.1).  

 

Figure 1.1. Multi-model median return period (years) in 21st century for discharge corresponding 

to the 20th century 100-year flood (Hirabayashi et al., 2013). 
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Chapter 2. Literature review  

2.1 Data collection 

The first step to understand the urban floods is to collect urban flood data, which could 

help to determine the reason of flooding, calculate the flood damage and losses, 

determine the evacuation plan, and more importantly, provide essential materials to 

build and validate an urban flood model. Essential data of fluvial urban floods include: 

 Flood hydrograph: discharge & water level; 

 River bathymetry and when necessary, river sediment; 

 Flood inundation extent and depth; 

 Flow velocity; 

Nowadays, with the development of micro-electronics and image recognition 

technology, the data collection tool is quickly evolving: from “big” to “small”, from 

“manned” to “unmanned”, from “connective” to “remote-control”, from “unsafe” to 

“safe”. In the next few sections, the collection methods and usage of those above-

mentioned data will be reviewed and elaborated. 

2.1.1 Flood hydrograph data 

2.1.1.1 Hydrometric gauges 

Flood hydrograph data (discharge and water level data) could be used as the boundary 

conditions of a numerical model or a scaled physical model. In most situations, the 

downstream boundary of a model is usually selected at the location where there is a 

known river gauge, which can provide reliable water level data during fluvial urban 

floods. However, due to the lack of river monitoring at some flood-prone urban areas 

(i.e. ungauged reaches), the nearest river gauge could be far away from the study area. 

This distancing may not bring too much difference to the discharge value between the 

study area and the river gauge, as long as there is no noticeable inflow between them. 

However, the water level difference between the study area and the river gauge could 

be large. This problem could be solved by developing a simple hydrodynamic model 

(e.g. a one-dimensional (1D) model or a coarse-meshed 2D model) from the nearest 

upstream river gauge to the nearest downstream river gauge. By doing so, the time 

series of water level data any site within the simple model domain can be exported and 

javascript:;
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used in other more complex numerical models (e.g. Parsapour-Moghaddam et al., 

2019b; Yu et al., 2022). However, in order to make sure the modeled water level data 

are valid, field measurements of water level and velocity data are often required to 

validate the numerical model.  

2.1.1.2 Remote sensing 

Remote sensing technology could also be used to generate the water level data, and 

sometimes water surface slope data and discharge data at ungauged river reaches. 

During a flood event, water surfaces are usually considered as rough and wavy due to 

sub-surface turbulence and possibly surface wind shear, which could produce signal 

backscattering at large look angles (30° to 58°), meaning that active remote sensing 

(ARS) satellite such as the Shuttle Radar Topography Mission (STRM), which can 

directly yield water surface elevation (WSE) and water surface slope (WSS) during a 

flood event (Yan et al., 2015). However, this approach is built on the rough water 

surfaces assumption, which may limit its usage during low-flow conditions where water 

surfaces are more calm. An alternative approach is to use satellite altimetry, which 

measures the WSE and WSS using laser ranging technology. Such an application has 

been widely demonstrated recently for the Water and Ocean Topography (SWOT) 

mission (Biancamaria et al., 2016) and the ICESat-2 mission (Scherer et al., 2022; 

Christoffersen et al., 2023; Liu et al., 2023). An example of remote-sensed WSS is 

shown in Figure 2.1. Another advantage of remote sensing is that it can measure the 

flow width, which can further yield discharge data from the Manning’s equation. In the 

study done by LeFavour & Alsdorf (2005), the remote-sensed water slope and discharge 

data in Amazon River only had 6.2% difference compared with the in-situ measurement 

data. Moreover, the WSE and WSS data quality may vary with the satellite sensor 

quality, weather conditions such as cloud coverage, flow turbidity, etc. Another 

approach is to combine remote sensing technology with the digital elevation model 

(DEM) of dryland: when floods inundate dryland, the WSE at the edge of floodwater 

is equal to the elevation value of the dryland site where floodwater touches with the 

dryland. This approach was also widely used to detect WSE during flood events and 

showed reliable performance (e.g. Tarpanelli et al., 2013; Pavelsky, 2014; Gleason & 

Wang, 2015). The advantage of this method lies in its lower reliance on high-quality 

satellite sensors compared to the previous approach, which results in improved cost-

effectiveness and accessibility. Due to the unpredictability of extreme flood events, no 

matter which above-mentioned approach is used, a common limitation of remote-

sensing-based methodology is that there might not be remote-sensing satellites passing 
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by the study area during the flood event. 

 

Figure 2.1. Median Water Surface Slope (WSS) assigned to SWORD reaches in the Amur Basin 

based on ICESat-2 data from October 2018 to October 2022 (Christoffersen et al., 2023). 

2.1.1.3 Flow rating curves 

Using hydrometric gauges or remote sensing to obtain WSE during urban floods shares 

a common limitation: it is only applicable for known flood events. It may not be suitable 

for determining water level data for a design flood event. In the latter situation, flow 

rating curve (or “Q-H relationship”) could be an appropriate option: based on the 

Chezy’s formula, under a certain channel control or a section control, flow discharge 

and WSE may follow a power law function (Chow, 1959), which allows to estimate 

WSE from the discharge of a design flood event. However, it may not be suitable in 

some complex flow situations where discharge and WSE do not follow a consistent 

relationship. For example, in open channel confluences, a defining feature is the 

confluence hydrodynamic zone (CHZ; see Best, 1987), where flow characteristics can 

change with variations in discharge ratio (Yuan et al., 2016). The research done by 

Hidayat et al. (2011) and Liu et al. (2023) has shown that the unique one-to-one power 

law Q-H relationship was found invalid upstream of river confluences due to the 

backwater effect. However, the Q-H relationship at the confluence outlet during fluvial 

flood events remains uncertain. It is unclear to what extent the WSE at confluence outlet 

might be influenced by variations in discharge ratio and flow unsteadiness within the 

confluence. The presence of a flow recovery zone may stabilize the energy slope at the 

outlet, potentially supporting the power-law application. Conversely, the combined 

effects of momentum exchange and secondary flows create complex spatial variations 
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in water levels across the CHZ (Biron et al., 2002; Zhang et al., 2020; Shen et al., 2023), 

which could challenge the validity of a power-law relationship. To avoid this 

uncertainty, some researchers have extended downstream model boundaries far beyond 

the confluence to known gauge stations (e.g., Ding & Wang, 2012; Shi et al., 2022), 

although this adds computational cost. Therefore, field measurements are necessary to 

clarify the Q-H relationship at the confluence outlet, especially during fluvial flood 

events 

2.1.2 River bathymetry and sediment data 

All fluvial urban floods start from a river. Thus, the river-related data such as river 

bathymetry and sediment data play a crucial role in studying and modeling fluvial urban 

floods.  

River bathymetry is the fundamental data to build a fluvial flood numerical or physical 

model. It is also one of the most significant sources of uncertainty in hydraulic modeling 

(Jung & Merwade, 2012). The river bathymetry data collected before a flood event 

could be used as the model boundary for the flood model to start with. Furthermore, for 

those rivers that have significant morphological changes during the flood, the river 

bathymetry survey is usually done two times: one pre-flood survey, one post-flood 

survey, in order to identify the flood-induced morphological changes. Those two sets 

of data have also been widely used to calibrate or validate a morphodynamic numerical 

model (i.e. Parsapour-Moghaddam et al., 2019b; Williams et al., 2016; Yu et al., 2022). 

So far, the widely-used approach to obtain the river bathymetry data is through field 

survey, by means of acoustic Doppler current profiler (ADCP) (e.g. Golder Associates, 

2015; Parsapour-Moghaddam & Rennie, 2018) or multi-beam echo-sounder (MBES) 

(e.g. Huizinga & Heimann, 2018; Hasan et al., 2023).  

Sediment data include bed sediment grain size distribution data and bedload/suspended 

load transport data. During an urban flood event, both flow velocity and flow depth are 

extremely high and unpredictable. It is both dangerous and difficult to take any 

measurements within the channel. Thus, sediment data have usually been obtained from 

a channel survey during low-flow conditions (e.g. Klohn Crippen Berger, 2016). Those 

data could be used to determine the river bottom roughness and the bed stratigraphy 

(i.e. the vertical distribution of sediment, which is important for rivers with surface 

armouring), which are both important in development of a numerical model (e.g. Guan 

et al., 2016; Parsapour-Moghaddam et al., 2019). Bedload/suspended load transport 

data can be obtained at river gauge stations (e.g. Water Survey of Canada, 2024) or 
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measured from ADCP (Rennie & Millar, 2004; Williams et al., 2015) during medium 

flow or freshet situations. An example of ADCP-measured bedload data is shown in 

Figure 2.2. Sediment transport data could be used as the boundary conditions or 

validation dataset for a morphodynamic model (e.g. Li et al., 2008). 

 

Figure 2.2. (A–E) Interpolated depth-averaged velocity data and (F–J) apparent bed load velocity 

collected from ADCP survey on the Rees River, New Zealand (Williams et al., 2015). 
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2.1.3 Flood inundation data 

2.1.3.1 Field survey 

Given that urban floods are fairly unpredictable and can be highly destructive, it is 

challenging to take direct measurements during an urban flood event. Nonetheless, city 

planners recognized the importance of flood inundation data for flood recording, 

estimation of flood losses and development of future mitigation strategies. Thus, in 

earlier days, urban flood inundation extent and depth were passively recorded with post-

event wracks or flood marks on building (e.g. Neal et al., 2009; Pekárová et al., 2013, 

see Figure 2.3). Although this fully-passive technique is incapable of mapping the 

overall inundation extent, the inundation depth data obtained from this technique can 

be quite accurate. Thus, this passive recording technique is in part useful in urban flood 

observation and still works as a reliable subsidiary tool to calibrate urban flood 

numerical models (e.g. Neal et al., 2009) and assess flood hazards (e.g. Luu et al., 2017).  

 

Figure 2.3. Historical flood marks at Passau (Germany), Ybbs (Austria), and Melk (Austria). 

(Pekárová et al., 2013) 

2.1.3.2 Remote sensing 

With the development of aerospace engineering and optical technology, remote sensing 

techniques have become the key tools for flood extent monitoring in recent years. The 

use of remote sensing data can supplement in-situ observations over vast ungauged 

regions, delineate the flood extent, and identify areas vulnerable to future flooding 
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(Klemas, 2015). Moreover, quantification of flooding extent through remote sensors 

can help to calibrate and evaluate hydrologic models and, therefore, improve hydrologic 

prediction and flood management strategies, especially in poorly gauged catchments 

(Khan et al., 2011).  

One of the most commonly used remote sensing approach in flood inundation extent 

observation is to use Synthetic Aperture Radar (SAR) (e.g. Schlaffer et al., 2015; 

Dasgupta et al., 2021; Xu & Gao, 2024; Jiao et al., 2024). Apart from its all-weather 

and day-night imaging capability, the most important advantage of using SAR imagery 

lies in its ability to sharply distinguish between land and water (Sanyal & Lu, 2004). 

However, due to the side-looking configuration, SAR-based techniques suffer from the 

problems of shadowing, layovering and backscatter from buildings (Kiage et al., 2005), 

which limits the application of SAR in terms of flood extent modeling in densely built-

up urban areas. For example, Schlaffer et al. (2015) utilized the alternating polarization 

SAR to map the urban flood inundation. They found that accuracies at the urban areas 

are below 50%. In addition, those high-resolution SAR images (e.g., TerraSAR-X, 

COSMO-SkyMed SAR images) are only acquired occasionally, which lead to 

difficulties in timely detection of urban flooding (Zhang et al., 2021). Another major 

problem is associated with the water surface properties. During a flood event, wind 

frequently causes ripples in the water surface, which could change the roughness of 

water surface and thus induce confusion of floodwaters with specular reflection of 

smooth land surfaces such as pavement (Zhang & Crawford, 2020). Thus, delineating 

fluvial urban flood extent using SAR is still challenging. 

In comparison, fully RGB-based aerial photography and panchromatic (PAN, single-

band grayscale image that combines the information from the visible R, G, and B bands) 

satellites such as WorldView, GeoEye, and Pleiades are capable of providing very high-

resolution imagery. However, the applications of those high resolution RGB-based 

imageries in terms of flood extent delineation are very scarce. This may be because 

RGB bands alone have very limited capability of discriminating surface features, 

compared to those with additional bands of near-infrared and mid-infrared. In order to 

overcome this limitation, Zhang & Crawford (2020) recently introduced a spectral 

differential index, floodwater index (FWI), to automatically separate the turbid 

floodwater from the urban land surfaces classes: 

𝐹𝑊𝐼 =
(𝐷𝑁𝑅 − 𝐷𝑁𝐵) − (𝐷𝑁𝑅 − 𝐷𝑁𝐺)

100
 (2.1) 
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Where 𝐷𝑁𝑅, 𝐷𝑁𝐺 , and 𝐷𝑁𝐵 are the digital numbers in red, blue, and green bands, 

respectively. The factor of 100 is included as a reduction factor. The overall accuracies 

for visible floodwater extraction using FWI were above 96.68% (see Figure 2.4). 

However, the FWI relies on turbid floodwater, which is not always present in fluvial 

urban floods.  

 

Figure 2.4. Aerial photos (upper images) and derived floodwater extent using FWI (lower images) 

during the 2013 flood in Calgary, Canada. (Zhang & Crawford, 2020) 

2.1.4 Flow velocity 

2.1.4.1 Field survey 

In numerical modeling of urban floods, model validation against spatially distributed 

flow velocity is a critical step in evaluating the model performance and understanding 

the floodwater dynamics, especially for simplified 2D models. However, insufficient 

and/or unsatisfactory validation against measured flow velocity is a shared imperfection 

among most numerical studies on fluvial floods (e.g. Li et al., 2016; Aureli et al., 2021; 

Kim et al., 2021; Nguyen et al., 2021; Yang et al., 2022). Moreover, Bates & De Roo 

(2000) reported that 2D models may not be suitable for urban inundation modeling as 

flow at the transition region between river channel and floodplain has strong 3D 

features due to intense shear. Despite the findings of Bates & De Roo (2000), it is not 

necessary to completely discard 2D models in overland flood modeling, yet it is 

essential to validate the model against inland floodwater velocity to prove its accuracy 

and reliability when using 2D models to simulate urban pluvial floods. Taking 

measurements of the floodwater velocity also helps to understand better the inland 

floodwater dynamics and propagation process. 

In order to collect inland floodwater velocity, one option is to use the passive approach, 
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which refers to the installation of stationary data collection equipment at the place-of-

interest during a flood event. For example, Brown & Chanson (2013) installed several 

ADV probes (see Figure 2.5) at riverine city streets during the 2011 Brisbane River 

flood to record floodwater velocity. They also manually recorded the free surface 

elevations using a measuring tape with reference to landmarks that were surveyed after 

the flood. This study found that the floodwater elevations and velocities fluctuated with 

distinctive periods linked with some local topographic effects. Although it is relatively 

safe to take velocity measurements in a passive way, the disadvantage of the passive 

floodwater measurement techniques is that they can only take local, stationary 

measurements.  

The method of installing experimental equipment on-site is not only time-consuming 

and labor-intensive, but it may also not be applicable to all flood scenarios. 

Alternatively, velocity measurements could be done actively by operating a survey boat 

in the inland floodwater with the measurement equipment mounted to it or towed 

behind (e.g. ADCP). The primary advantage of such a method is its ability to facilitate 

rapid preparation and execution of measurements during flood events, while being 

applicable in various topographical scenarios. However, this type of data was not found 

in the literature.  

 

Figure 2.5. ADV installation near a riverine city street, Garden Point Road, during a fluvial urban 

flood event. Arrows indicate primary inland floodwater flow directions. (Brown & Chanson, 2013) 

2.1.4.2 Remote sensing 

Whether using passive or active measurement techniques, conducting field survey 

during floods poses significant potential risks to both personnel and equipment. In this 
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context, remote sensing techniques, such as Large Scale Particle Image Velocimetry 

(LSPIV), can be an ideal solution.  

The reliability and performance of LSPIV have been thoroughly evaluated across a 

wide range of scenarios. For instance, Muste et al. (2004) demonstrated that under 

optimal conditions in a physical model, the relative error of LSPIV measurements was 

less than 1.5%. Furthermore, Bandini et al. (2022) revealed that LSPIV could 

effectively reconstruct river velocity profiles with a high degree of accuracy, achieving 

a precision of just a few centimeters per second and coefficients of determination (R²) 

exceeding 0.7 in half of the investigated cases. Recently, LSPIV has been employed in 

flood events to measure flow velocities (e.g. Le Coz et al., 2010; Guillén et al., 2017; 

Leitão et al., 2018; Lin et al., 2024; Masafu & Williams, 2024). Moreover, recent 

research has highlighted the potential of integrating LSPIV with advanced technologies 

such as infrared quantitative imagery (Legleiter & Kinzel, 2021; Schweitzer & Cowen, 

2021), deep learning (e.g. Ansari et al., 2023; Wang et al., 2024a) and satellite platforms 

(e.g. Legleiter & Kinzel, 2021 (see Figure 2.6); Masafu & Williams, 2024), further 

expanding its applicability and enhancing its measurement capabilities in urban floods. 

 

Figure 2.6. Maps of PIV-derived surface flow velocities for different frame rates of satellite video: 

(A) 1 Hz, (B) 0.5 Hz, and (C) 0.25 Hz. The locations of the ADCP velocity measurements used for 
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accuracy assessment are shown in red. (Legleiter & Kinzel, 2021) 

LSPIV requires a clear and consistent identification of certain flow surface features or 

surface tracers to ensure a correct estimation of instantaneous velocity vectors from 

cross-correlation calculation in consecutive frames (Dal Sasso et al., 2021). High tracer 

density is crucial for accurate velocity estimates using traditional LSPIV. Otherwise, 

the instantaneous velocity vectors derived from no-tracer zones will be different 

(usually lower) from those vectors derived from other zones, which underestimates the 

final velocity after time-averaging. However, favourable tracer conditions were rarely 

encountered both in experimental and field studies (Muste et al., 2004; Lewis & Rhoads, 

2015; Yu et al., 2015; Dal Sasso et al., 2020), which becomes one of the major 

limitations of traditional LSPIV (Tauro et al., 2017).  

2.2 Hydrodynamic modeling 

Since fluvial urban floods are directly induced by river overtopping, the performance 

of fluvial urban flood models highly relies on the accuracy of modeling the river flow 

behaviors. The major concern of urban flood management is the flood inundation extent. 

Thus, most urban flood numerical models are hydraulic models, which means the 

sediment transport process was usually neglected.  

Due to the shallowness of floodwater compared to the channel width and the dimension 

of urban areas, the vertical flow velocity is usually neglected. Thus, the hydraulic urban 

flood models are mainly one-dimensional (1D), two-dimensional (2D), and 1D-2D 

coupled. In the next few sections, literature focusing on the hydraulic modeling of 

fluvial urban floods will be reviewed.  

2.2.1 1D modeling 

1D models are driven by the 1D Saint-Venant equations, which are based on several 

assumptions: the flow is one-dimensional, the water level across the section is 

horizontal, the streamline curvature is small and vertical accelerations are negligible, 

the effects of boundary friction and turbulence can be accounted for using resistance 

laws analogous to those for steady flow conditions, and the average channel bed slope 

is small so the cosine of the angle can be replaced by unity (Cunge et al., 1980; Gilles 

& Moore, 2010). The continuity and momentum equations of 1D Saint-Venant 

equations are given as: 
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Continuity equation: 

𝜕𝐴

𝜕𝑡
+
𝜕𝐴𝑈

𝜕𝑥
= 0 (2.2) 

Momentum equation: 

1

𝑔

𝜕𝑈

𝜕𝑡
+
𝑈

𝑔

𝜕𝑈

𝜕𝑥
+
𝜕ℎ

𝜕𝑥
− 𝑆0 = −𝑆𝑓 (2.3) 

Where 𝐴 is cross-sectional flow area, 𝑡 is time, 𝑈 is longitudinal flow velocity, ℎ 

is flow depth, 𝑔 is gravitational acceleration, 𝑆0 is bed slope, and 𝑆𝑓 is friction slope.  

The commonly-used 1D numerical software to simulate urban floods includes HEC-

RAS 1D (e.g. Demir & Kisi., 2015; Dasallas et al., 2019) and MIKE 11 (e.g. Jakob et 

al., 2014; Lu et al., 2024). The characteristics of 1D models is that the surface terrain is 

described by a sequence of the river and floodplain cross sections perpendicular to flow 

direction and only the cross-sectional-averaged velocity and water depth are computed. 

1D models are widely used in simulating fluvial urban floods because the 

computational cost is saved to the largest extent while maintaining the accuracy of 

floodwater depth, which is the major concern of urban flood management. With the 

support from detailed urban DEM data, 1D models are also capable of modeling the 

inland floodwater inundation extent (e.g. Demir & Kisi., 2015; Rahimzadeh et al., 2019) 

However, most previous studies using 1D models to simulate the urban floods only 

carried out the steady-state simulation of flood peaks (e.g. Demir & Kisi, 2015; Dasallas 

et al., 2019), which could not simulate the flood propagation process properly. It also 

remains unknown if stand-alone simulation of flood peaks as opposed to using the full 

flood hydrograph would bring any difference to the inundation extent. In addition, some 

1D urban flood models lacked comprehensive calibration and validation (e.g. Demir & 

Kisi, 2015). Moreover, the assumptions of 1D models no longer hold if simulating flood 

inundation at large river bends or river confluences. For overbank flow, interaction with 

the floodplain results in highly complex fluid movement with at least 2D properties 

(Gilles & Moore, 2010), which 1D models are not able to simulate. Bates & De Roo 

(2000) also found that subjectivity of cross-section placement would bring uncertainty 

to the overall accuracy of a 1D hydraulic model.  
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2.2.2 2D modeling 

Different from 1D models, 2D models define the model domain by a continuous surface 

composed of meshes, and it allows flow to move in both longitudinal and lateral 

directions. 2D models can provide much more detail than 1D models and simulate the 

flow behaviors in a more efficient and cost-effective manner compared to 3D models 

(Tu et al., 2017). 2D models are governed by the depth-averaged Navier-Stokes 

equations, commonly called the 2D shallow water equations. The non-conservative 

form of 2D shallow water equations are given as: 

Continuity Equation: 

𝜕ℎ

𝜕𝑡
+
𝜕(ℎ𝑢)

𝜕𝑥
+
𝜕(ℎ𝑣)

𝜕𝑦
= 0 (2.4) 

Momentum Equations: 

𝜕(ℎ𝑢)

𝜕𝑡
+
𝜕(ℎ𝑢2)

𝜕𝑥
+
𝜕(ℎ𝑢𝑣)

𝜕𝑦
+ 𝑔ℎ

𝜕ℎ

𝜕𝑥
− 𝑓𝐶𝑜𝑟𝑣

= −𝑔ℎ
𝜕𝑍𝑏
𝜕𝑥

− 𝑔𝑛2𝑢
√𝑢2 + 𝑣2

ℎ1/3
+
1

𝜌𝑤
[
𝜕(ℎ𝜏𝑥𝑥)

𝜕𝑥
+
𝜕(ℎ𝜏𝑥𝑦)

𝜕𝑦
] 

(2.5) 
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𝜕ℎ

𝜕𝑦
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1

𝜌𝑤
[
𝜕(ℎ𝜏𝑦𝑥)

𝜕𝑥
+
𝜕(ℎ𝜏𝑦𝑦)

𝜕𝑦
] 

(2.6) 

where 𝑡  is time; ℎ  is the local water depth;  𝑢  and 𝑣  are the depth-averaged 

velocity components in the 𝑥 and 𝑦 directions, respectively; 𝑔 is the gravitational 

acceleration; 𝑓𝑐𝑜𝑟 is the Coriolis coefficient associated with the Coriolis force; 𝑍𝑏 is 

the bed surface elevation; 𝜌𝑤 is water density; 𝜏𝑥𝑥, 𝜏𝑥𝑦, 𝜏𝑦𝑥 and 𝜏𝑦𝑦 are the depth-

averaged Reynolds stresses; 𝑛 is the Manning roughness. Frequently used commercial 

2D flood model packages include MIKE 21, HEC-RAS 2D, Delftt-3D, LISFLOOD-FP, 

TELEMAC, TUFLOW, Infoworks 2D RS/CS, JFLOW, SOBEK, and DIVAST. 

Compared to 1D models, 2D models are more commonly used in urban flood models 

(e.g. Bisht et al., 2016; Dasallas et al., 2019; Horváth et al., 2020; Farooq et al., 2019; 

Mustafa & Szydłowski, 2021; Marangoz & Anilan, 2022; Yu et al., 2022; Devi & Kuiry, 

2024). Van Emelen et al. (2012) demonstrated that even if 3D models may improve the 
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accuracy of the simulated results for a breach flood event, 2D models appear to be 

satisfactory for predicting flows in complex situations with a reasonable computational 

and meshing effort. However, it is reported by Bates & De Roo (2000) that flow at the 

transition region between river channel and floodplain has been shown to develop a 3D 

flow field due to intense shear layers, which 2D models are not able to simulate. 

Furthermore, as with many 1D studies, a significant number of 2D modeling studies 

lack adequate calibration or validation to substantiate their results. In many cases, the 

calibration or validation procedures are insufficiently detailed (e.g., Jakob et al., 2014; 

Bisht et al., 2016; Li et al., 2016; Farooq et al., 2019; Yang et al., 2022), making it 

challenging for readers to fully understand the robustness of the modeling approach. 

Additionally, some studies face limitations in the volume or variety of calibration data, 

which may be inadequate to capture the complexity of the modeled processes (e.g., 

Parsapour-Moghaddam et al., 2019b; Aureli et al., 2021; Nguyen et al., 2021). In other 

instances, calibration results fall short of acceptable standards, reflecting limitations in 

the model’s predictive capability (e.g., Li et al., 2008; Dasallas et al., 2019). 

Consequently, these deficiencies collectively restrict the reliability and generalizability 

of the modeling outcomes. 

In order to reduce the computation time and reduce numerical instability, when 

modeling the flooding process, the momentum equations are often simplified by 

neglecting the inertial terms and assuming that the flow is mainly driven by the balance 

between water surface slope and adjusted bottom resistance. This simplification is the 

so-called “diffusive wave approximation of the momentum equations” or “diffusive 

wave equations”. After implementing the diffusive wave approximation, the 

momentum equations could be rewritten as (Costabile et al., 2017): 

𝜕𝐻

𝜕𝑥
+
𝑛2𝑢√𝑢2 + 𝑣2

ℎ4 3⁄
= 0 

(2.7) 

𝜕𝐻

𝜕𝑦
+
𝑛2𝑣√𝑢2 + 𝑣2

ℎ4 3⁄
= 0 

(2.8) 

in which 𝐻 = ℎ + 𝑍𝑏, where 𝑧 is the bed level. 

Beretta et al., (2018) showed that adoption of 2D diffusive wave model to represent 

urban buildings is a good option to model floodwater heights, even for unsteady 

discharge with rapid change in time. However, Costabile et al. (2017) suggested that 
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the use of diffusive-type models is inappropriate in urban environment due to the poor 

predictions around the buildings, as opposed to the shallow water equations. Moreover, 

simplified models such as diffusive and inertial models were unable to simulate 

hydraulic jumps, wake zones, and back-water effects, as reported by Neal et al. (2009, 

2011). 

Other than the 2D diffusive wave model, Soares-Frazão et al. (2008) introduced the 2D 

porosity models for large-scale modeling, which define a storage (or conveyance) 

porosity as the fraction of the plan view (or cross section) area available to the flow and 

modify the fluxes and source terms in shallow-water equations accordingly. The 

porosity models showed much lower computational cost than the classical shallow-

water equations (Soares-Frazão et al., 2008). Kim et al., (2015) examined the errors of 

both isotropic and anisotropic porosity models and showed that porosity model errors 

are smaller than structural model errors, and that porosity model errors in both depth 

and velocity are substantially smaller for anisotropic versus isotropic porosity models. 

Velickovic et al. (2017) included the drag coefficients and the amplification factor to 

the porosity models, accounting for the non-alignment of the main streets to the main 

flow direction. Results showed that the modified porosity model proved to be accurate 

regarding the prediction of the total depth drop through the city. However, the 

performance was not accurate in the case where the urban area was both rotated and 

anisotropic. In addition, introducing two additional variables (i.e. drag coefficients and 

the amplification factor) to porosity models brings additional workload in terms of 

model calibration in real cases, which weakens the advantage of porosity models. 

Costabile et al. (2020) benchmarked the abovementioned three numerical 

hydrodynamic flood inundation models (shallow water model, diffusive model, and 

porosity model) both in experimental and field environment. Results show that for the 

urban areas, the shallow water model has provided the best prediction among all three 

models, when comparing observed and simulated water depths. Furthermore, Costabile 

et al. (2020) recommended that shallow water models should be the unavoidable 

reference tool when local estimation of flood hazard/vulnerability is one of the model 

concerns. 

2.2.3 1D-2D coupled modeling 

As it can be seen from the last two chapters, 1D models’ main advantage is the low-

computational cost with accurate simplification of instream flow behaviors. However, 

the performance of 1D models is limited in the inland urban areas with complex 
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landscape. In contrast, 2D models perform better than 1D models in terms of the flow 

transition from channel to floodplain and simulating the bidirectional flow behavior in 

the urban areas. However, the computational cost of 2D models is higher than 1D 

models. Gilles & Moore (2010) mentioned that a 1D numerical model of the river 

channel complemented by a 2D model of the floodplain provides improvements in 

hydraulic modeling accuracy and computational efficiency. Thus, 1D-2D coupled 

modeling has become a prevailing choice in urban flood modeling (e.g. Jakob et al., 

2014; Li et al., 2016; Dasallas et al., 2019; Ngo et al., 2023). Most 1D-2D coupling 

works used two sets of numerical software that were built under the same framework, 

such as: 

 HEC-RAS 1D-2D. In the latest version of HEC-RAS, the ability of performing 

1D-2D coupled unsteady-flow routing within the unsteady flow model was added, 

allowing work on a larger river system as well as the areas that require a higher 

level of hydrodynamic precision such as the urban areas. The 1D-2D coupling 

method is performed by setting up a lateral connection using a lateral structure. The 

flow over the structure is determined using the weir equation or 2D flow equations. 

However, the results from a comparative study done by Betsholtz & Nordlof (2017) 

showed that the parameters describing the 1D-2D coupling in HEC-RAS will have 

large impact on model stability and model results. Furthermore, it was concluded 

by the authors that the 1D-2D model easily becomes unstable when the water 

surface elevation is approximately the same as the elevation of lateral structure.  

 MIKE FLOOD (MIKE 11 + MIKE 21). MIKE FLOOD is a tool that integrates 

the MIKE HYDRO River for rivers, MIKE URBAN for collection systems and 

MIKE 21 for 2D surface flow into a single, dynamically coupled modeling system 

using several types of links between MIKE 11 and MIKE 21, including the standard 

link, lateral link, and structure link (DHI, 2019) (see Figure 2.7). These types of 

links allow model boundary conditions to be controlled by a rating curve, which is 

useful when modeling unsteady conditions (Gilles & Moore, 2010). MIKE 

FLOOD has been widely used in urban flood flooding in recent years (e.g. Li et al., 

2016; Zhou et al., 2022; Chen et al., 2023a, 2023b; Pariartha et al., 2023; Deopa et 

al., 2024). The 2D model, MIKE 21, can also be coupled with the 1D drainage 

model, MIKE URBAN, to simulate the urban drainage behavior during floods. One 

example is Li et al. (2016), who studied a small county situated beside a river 

confluence. Both the full flood hydrography (i.e. unsteady flow) and the urban 

drainage system are considered in Li et al. (2016). Although the coupling 
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calculation of MIKE FLOOD can obtain an accurate and comprehensive urban 

flood distribution information, it requires detailed data to build the model and the 

computational cost is relatively high. 

 

Figure 2.7. MIKE FLOOD allows coupling of 1D hydraulic models to a 2D computation mesh 

using standard, lateral, and structure links (Gilles & Moore, 2010). 

 LISFLOOD-FP (1D river + 2D inundation). LISFLOOD-FP is a raster-based 

flood inundation model developed by the research group from the University of 

Bristol (Bates & De Roo, 2000). Unlike other models, LISFLOOD-FP was 

specifically designed to predict flood inundation and ignored or minimized the 

secondary processes by local-inertial approximation (Bates & De Roo, 2000; Dazzi 

et al., 2021). The model includes a number of numerical solvers available for 

calculating floodplain flow (1D on 2D grids) and channel flow (kinematic 

approximation of the 1D St. Venant equations) using simplified shallow water 

equations (Bates et al., 2013; Neal et al., 2009, 2011). Neal et al. (2011) developed 

a new sub-grid flood inundation model using LISFLOOD-FP for large-scale data 

sparse areas and showed its better performance compared with traditional 1D, 2D, 

and 1D/2D models. Dazzi et al. (2021) benchmarked two flood models with 

different governing equations: PARFLOOD, which solves the fully dynamic 

shallow water equations, and LISFLOOD-FP, which solves the simplified 

equations. The results indicate that LISFLOOD-FP offers a viable alternative to 

fully dynamic models, balancing accuracy with computational efficiency. In 
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contrast, the GPU-parallelized code PARFLOOD demonstrates superior efficiency 

for high-resolution simulations involving millions of cells, despite its more 

complex numerical scheme. 

2.2.4 Model choices in confluence floods 

While 2D and 1D-2D coupled models are commonly suitable and widely applied for 

fluvial urban flood simulations, they may be less appropriate in modeling confluence 

floods. Open channel confluences are characterized by pronounced secondary flows 

and complex 3D turbulent structures (Best, 1987; Lewis & Rhoads, 2018; Yuan et al., 

2021; Xu et al., 2022), leading to the use of 3D models for studying confluence 

hydrodynamics (e.g., Bradbrook et al., 2000; Baranya et al., 2013; Sukhodolov et al., 

2017; Constantinescu et al., 2011; Dai et al., 2020; Pandey & Mohapatra, 2022; Yan et 

al., 2024). However, fluvial urban flood modeling often requires large model domains 

and fine mesh resolutions, imposing substantial computational costs. To the author’s 

point of view, 2D models remain the preferred choice over 3D models, especially for 

unsteady flood simulations in confluence floods. 

In the evaluation of a 2D model's performance at a tidal confluence, Xie et al. (2018) 

asserted that a 2D model is a suitable compromise for confluences with a significant 

width-to-depth ratio, provided that secondary flow corrections are incorporated in the 

model. Horváth et al. (2020) assessed the performance of various shallow-water 

schemes during an overbank confluence flood event, finding that 2D models can 

accurately predict both the spatial distribution and temporal fluctuations of water levels. 

While these studies do not specifically target urban environments, they underscore the 

potential of employing 2D models for simulating urban confluence floods. Nevertheless, 

numerical investigations of urban confluence flooding remain less common than studies 

focused on confluence hydrodynamics and urban flooding in straight channels. Neal et 

al. (2009) explored an urban confluence flood event using a 1D/2D coupled model, 

LISFLOOD-FP, which was validated against over 200 spatially distributed debris 

wrack and water level measurements throughout the city. Despite an overall average 

error of 0.32 m, the model exhibited greater errors of about 0.8 m in densely populated 

areas and near confluence regions, indicating limited model performance in urban 

confluences. Li et al. (2016) developed a 1D/2D coupled hydrodynamic model using 

MIKE FLOOD to analyze the inundation extent of confluence floods with varying 

recurrence intervals in Taining County, China. However, their study did not treat inland 

buildings as impermeable within the computational cells. Additionally, Yang et al. 

(2022) employed a 2D morphodynamic model to investigate urban flood inundation 
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patterns during a flash flood event at a river confluence, revealing that the enlargement 

of flash floods in confluence streams is primarily driven by inflows. Nonetheless, the 

model developed in this study was not validated against observed flood inundation data. 

In conclusion, there is a pressing need for further exploration of urban confluence 

flooding through 2D hydrodynamic modeling, accompanied by rigorous validation to 

ensure the accuracy and effectiveness of the models used. 

2.3 Morphodynamic modeling 

2.3.1 Necessity of morphodynamic modeling 

It is well recognized that rivers are usually accompanied with pronounced sediment 

transport processes during extreme flood events, which can result in significant 

morphological changes, such as in-channel deposition and bank erosion (Guan et al., 

2016; Tu et al., 2017; Parsapour-Moghaddam et al., 2019b; Reisenbüchler et al., 2019; 

Yu et al., 2022). However, a literature review done by Vázquez-Tarrío et al. (2023) 

revealed that only 2% to 5% of the total flood hazard publications has explicitly 

considered sediment transport. The fact that morphodynamic process was rarely 

considered in fluvial floods modeling is probably due to (1) the relatively high 

computational cost, (2) increased labor efforts to collect sedimentary data and validate 

the model, (3) uncertainty regarding the improvement of the model's overall 

performance.  

Tu et al. (2017) used a coupled 2D hydrodynamic and sediment transport model, 

National Center for Computational Hydro-science and Engineering (CCHE2D) model, 

to evaluate the impact of different management strategies on flood inundation and 

sediment dynamics during extreme flood events in California. They found that sediment 

transport significantly affects flood inundation depth and extent. Reisenbüchler et al. 

(2019) applied an integrative hydro-morphological model using TELEMAC-

MASCARET to simulate the 2013 flood event in the Saalach River, Germany. They 

showed that including sediment transport provides a more accurate representation of 

flood dynamics and the influence of man-made structures on flood risk. Dysarz (2020) 

developed a methodology using HEC-RAS and Python scripting to assess the long-term 

impact of sediment transport on flood hazards in the Warta River, Poland. They 

demonstrated that sediment transport processes are crucial for accurate flood hazard 

mapping and risk assessment. Yang et al. (2022) conducted a numerical investigation 

on a flash urban flood event in Sanjiang Town, China, using a 2D hydrodynamic model 

coupled with sediment transport and bed update equations. Results show that the flash 
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flood enlargement in bifurcation streams is largely affected by sediment deposition, 

which emphasized the need for integrated hydrodynamic and sediment transport models 

to accurately predict flood behavior. Overall, these studies underscore the necessity of 

incorporating sediment transport modules to achieve realistic flood behaviors and flood 

risk assessments in fluvial floods. Noteworthy, Vázquez-Tarrío et al. (2023) pointed 

out that most studies on the influence of sediment transport on flood risk have focused 

on mountain rivers, which are highly sensitive systems to changes in sediment supply. 

Some other studies argued that morphodynamic modeling may not be necessary in 

certain cases. Staines & Carrivick (2015) examined the 1999 jökulhlaup in Iceland 

using a hydrodynamic model and a morphodynamic model to illustrate how sediment 

transport impacts flood conveyance. Their findings suggested that, while sediment 

transport affects the flood timing, it did not significantly alter the peak flood depth and 

velocity. Similarly, Wong et al. (2014) assessed hydraulic model sensitivity to channel 

erosion during extreme fluvial floods in Cockermouth, UK, using a 1D-2D coupled 

hydraulic model in a Monte-Carlo uncertainty framework. Their results indicated that 

short-term morphodynamic changes have a minor impact on flood inundation. Ahilan 

et al. (2016) investigated the sediment dynamics on a restored urban floodplain, 

employing a 2D hydro-morphodynamic model to simulate flow and sediment 

deposition. They found that, while the floodplain influences sediment retention and 

flow attenuation, sediment transport has minimal impact on flood resilience in long-

term scenarios. These studies suggest that including sediment transport modules in 

fluvial urban flood models might not be necessary when the short-term or local 

morphological changes are minor relative to the overall inundation scale or other model 

uncertainties, which emphasizes the importance of context-specific model 

simplifications. 

Thus, it remains unclear how flood-induced morphological changes impact the extent 

of urban inundation. There are no quantitative standards to guide model users in 

choosing the appropriate numerical model (Vázquez-Tarrío et al., 2023). To the 

author’s point of view, the choice of using a hydrodynamic model or a morphodynamic 

model should be context-dependent, with careful consideration based on the following 

factors:  

 Flood intensity. For extreme flood events, morphodynamic processes such as river 

bed deposition and channel planform adjustments may substantially influence flow 

patterns and flood routing. In such cases, a morphodynamic model would likely 

provide more realistic insights.  
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 The morphodynamic evolution records. If the river channel experienced significant 

morphological changes in previous flood events, incorporating morphodynamics 

can be valuable in accurately capturing potential adjustments in channel form and 

flow pathways. 

 The availability of field data. Morphodynamic models usually require detailed 

sedimentary data such as sediment gradations, bed stratigraphy, bedload transport 

rate, etc., which may not always be available. In data-limited settings, a 

hydrodynamic model might be preferable, as it can offer a practical balance 

between model accuracy and data requirements. 

 The computational costs. Morphodynamic models are typically more resource-

intensive due to their complexity. If computational efficiency is a priority or if only 

flow predictions are needed without considering bed changes, a hydrodynamic 

model may be more suitable. 

2.3.2 Sediment transport coupling 

There are two modeling approaches in morphodynamic modeling of fluvial floods: 

fully-coupled (or strong-coupled) hydro-morphodynamic (FCHM) modeling and 

loosely-coupled hydro-morphodynamic (LCHM) modeling. In each time step, 

hydrodynamics, sediment transport and bed surface updating are computed 

simultaneously in FCHM models (Correia et al., 1992) while separately (i.e. one after 

another) in LSHM models (Park & Jain, 1986, 1987). 

FCHM models has become well developed and widely used in different situations in 

recent few years. The interactions between the flow, sediment and bed evolution are 

strongly dynamic in large flood events. Thus, FCHM is apparently a better choice in 

terms of accuracy and reliability compared to LCHM models when simulating a flood 

event. However, a fully coupled fluid/solid interaction algorithm needs to converge to 

a stable solution at every physical time step in FCHM models, which significantly 

increases the computational cost compared to LCHM models (Khosronejad et al., 2011). 

The computational cost of FCHM will further increase as the model scale, simulation 

time, and flow unsteadiness increases. That is probably why most FCHM models were 

only used in small-scale domains (e.g. Simpson & Castelltort, 2006; Li & Duffy, 2011; 

Guan et al., 2014) or relatively large-scale domains but in very short time scales (e.g. 

Cao et al., 2004; Li & Duffy, 2011; Guan et al., 2016; Sreekumar et al., 2023) or under 

steady-state flow conditions (e.g. Hu et al., 2020).  
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LCHM models might appear unsuitable for morphodynamic modeling in extreme flood 

events. Nevertheless, Cao et al. (2011) evaluated LCHM models across multiple time 

scales of fluvial processes under strong unsteady flow conditions with bedload transport, 

revealing that bedload transport rapidly adapts with local flow capacity as sediment 

exchange with the bed supersedes the advection of mean flow. Cao et al. (2011) further 

concluded that, in fluvial processes dominated by bedload transport, the feedback from 

bed deformation is negligible to bedload transport, supporting LCHM modeling as an 

appropriate approach in flood modeling. More recently, Mahdizadeh & Sharifi (2020) 

reported that, across all flow regimes, the performance of LCHM models was 

comparable to FCHM models when the Courant-Friedrichs-Lewy (CFL) number in 

LCHM models was kept below 0.3. These findings provide a theoretical basis for using 

LCHM models in bedload-dominated fluvial flood scenarios.  

In addition, there are many morphodynamic modeling studies that used LCHM models 

in extreme flood situations and achieved good results. For example, in the work done 

by Thapa et al. (2023), the modeled post-flood grain size distribution (GSD) coincides 

with the measured data well using CAESAR-Lisflood. Lai et al. (2024) used the 

TELEMAC-MASCARET-Sisyphe framework to develop a sedimentation hazard map 

of urban areas subject to hyper-concentrated flash flood. The bed surface change 

calculated by the model was in agreement with the survey data. Recently, a lot of studies 

have used one of the LCHM models, Delft3D, to model morphodynamic changes 

during strong unsteady flow conditions and successfully validated their model 

performance against measured velocities, sediment transport rate and/or post-event 

bathymetry data (e.g. Staines & Carrivick, 2015; Williams et al., 2016; Yuill et al., 2016; 

Lotsari et al., 2018; Yu et al., 2022; Wang et al., 2022; Wu et al., 2023; Siemes et al., 

2024; Wang et al., 2024b), showing that Delft3D can be potential choice in modeling 

fluvial urban floods with morphodynamic processes. 

2.3.3 Flood morphodynamics 

While flood-induced morphological changes have been extensively documented across 

numerous studies (e.g., Wintenberger et al., 2015; Wu et al., 2016; Brooke et al., 2022; 

Wang et al., 2022), the causal mechanisms remain partially unclear. Baynes et al. (2023) 

observed substantial variation in sediment production and mobilization across three 

catchments under the same hydrological event. Similarly, Wang et al. (2018) noted that 

two in-channel bars underwent distinct erosion and deposition processes during a flood, 

despite comparable flow and sediment conditions during the flood event. Ramirez & 
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Allison (2013) likewise reported that the size and slope of in-channel sand bars did not 

show consistent correlation with flood discharge. Conversely, Eaton & Lapointe (2001) 

found that channel morphology remained qualitatively similar despite significant 

differences in transport intensity between two flood events. Collectively, these findings 

highlight the complex, multi-parametric, and non-linear relationship between flood 

magnitude and resultant morphological changes. Thus, spatially distributed and 

temporally continuous flow and/or sediment transport data are crucial for understanding 

morphodynamic processes during floods.  

Williams et al. (2015) successfully linked periodic measurements of spatially 

distributed bedload transport with observed morphological changes in a gravel-bed 

river across a series of flood events; however, this study underscored the extensive 

efforts required to investigate flood-induced morphological changes in a river reach 

through field survey. Alternatively, numerical modeling can efficiently and cost-

effectively provide spatially distributed hydrodynamic and sedimentary data 

throughout a flood event. For instance, Li et al. (2008) developed a morphodynamic 

model to generate a spatially distributed sediment budget and identify aggradation and 

degradation zones in a wandering gravel-bed river. However, substantial discrepancies 

between modeled and observed bedload transport rates limited the reliability of the 

model’s predictions. Hauer & Habersack (2009) applied a hydrodynamic model to 

examine the morphodynamics of a 1000-year flood, observing that rapid lateral 

constriction and expansion in valley geometry caused scouring and aggradation in 

inundated areas. However, sediment transport processes remained ambiguous in a 

hydrodynamic model. Staines & Carrivick (2015) simulated a glacial lake outburst 

flood using a morphodynamic model in Delft3D and found widespread bed activation 

during the rising limb and greater organization with typical bedform development 

during the recession. Despite these insights, model validation against measured data 

was unsatisfactory, and certain local-scale morphological changes remained 

unexplained. Also using Delft3D, Lotsari et al. (2018) modeled morphodynamic 

processes during bankfull floods in a gravel-bed ephemeral river. Contrary to Staines 

& Carrivick (2015), Lotsari et al. (2018) found that the timing of major depositional or 

erosional events varied with flood magnitude. Hamidifar et al. (2024) highlighted that 

the impact of morphodynamic variations and sediment transport on flooding is 

contingent upon specific local morphological conditions. Thus, the interactions 

between flood hydrodynamics and flood morphodynamic processes remain unclear and 

require further investigations through numerical models. 
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2.3.4 Management of in-channel bars 

In river morphology, bars are elevated sandy or gravelly bedforms within river channels 

that typically remain exposed at normal water levels but become submerged during high 

water events, such as floods. Bars represent one of the most prevalent geophysical 

features in fluvial systems. Based on formation regions, bars are classified as mid-

channel bars, bank-attached bars, and river mouth bars (Church, 1992), and by sediment 

size, they are further categorized as gravel or sand bars. Fundamentally, bars develop 

where sediment supply exceeds the sediment transport capacity of the flow.  

In gravel-bed rivers, bars tend to form and grow during floods due to the substantial 

bedload carried by floodwaters (Parsapour-Moghaddam et al., 2019b; Wintenberger et 

al., 2015). After the flood events, these flood-induced gravel bars become stabilized as 

flow velocity decreases. Subsequent riparian vegetation colonization on the exposed 

bar surface further stabilizes the in-channel bars (Rood et al., 2019). Gravel bar 

formation is a critical step in the natural river migration process and provides crucial 

habitat for benthic invertebrates, waterbirds, and fish species (Zeng et al., 2015; 

Parsapour-Moghaddam et al., 2019a). However, in managed rivers, bars can obstruct 

channels, create navigation challenges, and pose flood risks to nearby communities 

(Petit et al., 1996). Flood risks may increase when riparian vegetation on the bar surface 

adds resistance to the flow, leading to sediment accumulation around the bar during 

subsequent floods (Church et al., 2001; Rood et al., 2019), creating a “vicious cycle” 

of bar and vegetation growth. 

Since the late 19th century, instream gravel extraction and bar removal have been 

widely implemented as a cost-effective means to provide construction aggregate, 

mitigate flood risks, and maintain navigability in channels (Kondolf, 1997; Sear & 

Archer, 1998; Church et al., 2001; Wishart et al., 2008). However, gravel removal can 

disrupt the active sediment balance, causing the flow to become sediment-starved 

(Kondolf, 1997), potentially resulting in channel incision, bed coarsening, undermining 

of structures, and loss of aquatic habitats (Kori & Mathada, 2012). A field study by 

Wishart et al. (2008) suggested that sediment removal from vegetated bars (indicating 

long-term sediment storage) might reduce the risk of creating sediment deficits and 

could be a safer method to mitigate flood risks, though this approach remains unproven. 

From the author’s point of view, bar realignment may serve as an alternative approach 

to bar management in place of bar removal. Bar realignment involves adjusting the 

spatial layout of instream bars within the channel without significantly altering their 
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overall volume. Theoretically, bar realignment offers several potential advantages over 

bar removal: 

 Bar realignment preserves the total volume of instream bars, thereby 

maintaining the sediment budget at the reach scale. Accordingly, it is reasonable 

to speculate that appropriate bar realignment poses a lower risk of downstream 

incision than bar removal. 

 By repositioning instream bars, local flow fields and sediment transport patterns 

are altered, potentially creating conditions conducive to inhibiting future bar 

growth and promoting channel stabilization. These changes may also contribute 

to reducing future flood levels. 

 Proper bar realignment could enhance the diversity of river flow and channel 

bed conditions, which in turn may foster new habitats and promote recreational 

uses of the river, such as swimming, surfing, and kayaking. 

2.4 Summary of research gaps 

This section summarizes the major research gaps in fluvial urban floods based on the 

literature review. They are listed as follows: 

 Numerical modeling of fluvial urban floods lacks comprehensive and rigorous 

model calibration and validation, both in hydrodynamic and morphodynamic 

modeling. For hydrodynamic models, in order to test the model ability of 

reproducing the actual flood dynamics, model validation against flow velocity 

collected from different flow stages (i.e. low flow, high flow, and overbank floods) 

is necessary, yet was rarely included in previous studies. In addition, inland 

floodwater velocity data was rarely collected by researchers and thus has not been 

used as one of the validation datasets in fluvial flood modeling. As for 

morphodynamic models, model validation against measured post-flood bathymetry 

is an important step to show the model’s performance, which was also not carried 

out in many relevant studies.  

 Numerical modeling usually requires a reliable data source of flow discharge and 

water surface elevation as the model boundary conditions. A flow rating curve (or 

“Q-H” relationship) can be used to derive water surface elevation data from 

discharge data of a design flood event. Flow rating curves usually follow the form 

of a “power law” based on the uniform flow assumption and Manning’s flow 

resistance equation. In river confluences, researchers found that the traditional 
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power law is no longer valid for upstream portions due to the backwater effect. 

However, due to the presence of the flow recovery zone in river confluences, it 

remains unknown if the flow rating curve will follow the traditional power law at 

the confluence outlet. Thus, comprehensive field measurements need to be carried 

out to fill this research gap. 

 Open channel confluences are important nodes in river flow networks, but are 

susceptible to fluvial floods due to flow convergence. Previous studies have used 

numerical models to simulate flood inundation at river confluences. However, the 

inundation dynamics at river confluences was rarely investigated. One of the key 

characteristics of confluence flow is the confluence hydrodynamic zones, whose 

features may vary with discharge ratio, confluence junction angle, channel width, 

etc. Previous studies have reported the water surface elevation variation as a 

function of discharge ratio at river confluences. However, those studies were 

mostly carried out in experimental models. It remains unknown if the discharge 

ratio will have an impact on the flood inundation extent and/or inundation 

processes at river confluences. 

 Conducting field survey during floods poses significant potential risks to both 

personnel and equipment. In this context, Large Scale Particle Image Velocimetry 

(LSPIV) can be a potential solution to measure floodwater velocity remotely. 

However, traditional LSPIV requires a dense surface tracer condition to correctly 

identify the surface velocity, which has rarely occurred both in experimental and 

field studies. Alternative approaches such as Ensemble Correlation (EC), Large-

Scale Particle Tracking Velocimetry (LSPTV), and Seeding Density Index (SDI) 

have the potential to derive flow velocities under low tracer density conditions. 

However, those approaches have their own limitations such as inability to process 

turbulent flow and high computational cost. Thus, a new LSPIV algorithm needs 

to be developed to overcome the abovementioned limitations. 

 Due to the lack of continuous-in-time-and-space hydrodynamic and sedimentary 

data, detailed analyses of local-scale morphodynamic processes such as bar 

formation and bank erosion during fluvial floods are insufficient. Morphodynamic 

modeling can provide such a dataset during a flood event, as long as it is carefully 

calibrated and validated. However, such an advantage has not been fully exploited 

in previous studies. In addition, few studies have Modeled the flood 

morphodynamics during large floods (i.e. recurrence interval > 50 years). It also 

remains unknown if local-scale morphological processes (i.e. erosion and 
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deposition) develop along with the flood hydrograph (i.e. rise and fall) or become 

dominant at certain flood stages. 

 Instream bar removal has been widely implemented as a cost-effective method to 

mitigate flood risks since the late 19th century. However, the potential risk of 

sediment deficits and channel instability due to bar removal has limits its 

application in recent years. Some researchers found that sediment removal from 

vegetated bars (indicating long-term sediment storage) might reduce the risk of 

creating sediment deficits and could be a safer method to mitigate flood risks, 

though this remains unproven. In addition, the new concept of bar realignment has 

not been explored in the literature and remains an unproven practice. Thus, research 

gaps and opportunities persist in evaluating instream gravel management practices 

in relation to flood mitigation, river morphology, aquatic and riparian habitats, and 

recreational use. 
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Chapter 3. Thesis outlines, objectives, and novelties 

3.1 Project 1 

3.1.1 Title 

Gravel-bed river morphodynamic processes throughout an 80-year flood event from 

numerical modeling: implications for flood regulation strategies 

3.1.2 Publication status 

Submitted to Journal of Hydrology, under review. 

3.1.3 Objective 

This project aims to understand the morphodynamic process of a gravel-bed river 

during an extreme flood event using modeled data including the temporal and spatial 

distributions of flow velocity, bedload transport rate, surface sediment sizes, and 

cumulative morphological changes. We also aim to develop flood regulation strategies 

accordingly from the perspective of flood-induced morphological changes. 

3.1.4 Novelty 

The major novelty of this study is that we are the first study to use continuous-in-space-

and-time flow velocity, sediment transport, surface sorting, and bed surface evolution 

data produced by a calibrated and validated morphodynamic model to examine the 

local-scale river morphodynamic processes throughout a large flood event (i.e. return 

period > 50 years). With the help of these abundant and reliable model-produced data, 

we found that the timings of morphological changes during the flood differ for different 

morphodynamic units (MUs) but are similar for similar MUs despite planform 

differences between sub-reaches. We also found that bedload transport rates are more 

sensitive to flow velocities than bed sediment sizes in the Bow River case, due to the 

greater spatial and temporal variance of velocities during the flood. In regard to flood 

regulation strategies, it is demonstrated that, with the same flood peak and duration, a 

regulated flood event with a brief rising period, rather than a long-lasting rising period, 

might result in less bank erosion and bar growth.  
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3.2 Project 2 

3.2.1 Title 

Impact evaluation of instream bar management using morphodynamic modeling 

3.2.2 Publication status 

Published in the Journal of Environmental Management. 

Citation: Yu, Q., Rennie, C. D., Slaney, J. M., & Parsapour-Moghaddam, P. (2022). 

Impact evaluation of instream bar management using morphodynamic modeling. 

Journal of Environmental Management, 318, 115564. 

https://doi.org/10.1016/j.jenvman.2022.115564 

3.2.3 Objective 

This project aims to evaluate the impacts of a conventional river management plan of 

bar removal and a novel plan of bar realignment using a morphodynamic model. 

Impacts were evaluated in terms of river planform evolution, flood mitigation, aquatic 

habitat protection and river recreation realization. 

3.2.4 Novelty 

We propose a new in-channel bar management strategy, “bar realignment”, and tested 

its performance in a gravel-bed river. We show that appropriate bar realignment can 

protect aquatic habitat and provide river recreation opportunities while bar removal 

performs better in terms of lowering the future flood peak level. The findings indicate 

that manipulation on instream bars has little morphological impact to the downstream 

reach. We also found that creating a less obstructed channel is the fundamental strategy 

in flood mitigation. 

3.3 Project 3 

3.3.1 Title 

TiFA: an efficient and robust LSPIV algorithm based on joint distribution analysis 

3.3.2 Publication status 

Submitted to Water Resources Research, under review. 

https://doi.org/10.1016/j.jenvman.2022.115564
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3.3.3 Objective 

This project aims to develop a new Large-Scale Particle Image Velocimetry (LSPIV) 

algorithm to overcome the limitations of the traditional LSPIV algorithm, which is 

unable to accurately identify flow velocities under low tracer density conditions 

3.3.4 Novelty 

A new LSPIV algorithm, Time Frequency Analysis (TiFA), is developed and tested in 

a physical model and two field cases. TiFA showed the highest overall accuracy and 

lowest computation cost in data analysis, especially under low tracer density conditions, 

compared to other image velocimetry algorithms including Traditional LSPIV, 

Ensemble Correlation (EC), Large-Scale Particle Tracking Velocimetry (LSPTV), and 

Seeding Density Index (SDI). 

3.4 Project 4 

3.4.1 Title 

Inundation dynamics of an extreme urban confluence flood: insights from in-situ 

measurements, remote sensing, and hydrodynamic modeling 

3.4.2 Publication status 

Submitted to Journal of Hydrology, under review. 

3.4.3 Objective 

This project aims to understand the inundation dynamics of an extreme urban 

confluence flood using a hydrodynamic model, specifically, to answer the question “is 

flood inundation at river confluences a function of discharge ratio, flow unsteadiness, 

or the total discharge?”. We also aim to explore the form of the flow rating curve at the 

confluence outlet using multi-source field data. 

3.4.4 Novelty 

This is the first study to use multi-source field data to develop the flow rating curve at 

the confluence outlet. The developed rating curve shows that the total discharge and 

water level follow a power-law function, with minimal influence from confluence 

discharge ratio. We found that the developed rating curve showed a distinct 
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segmentation behavior, with flow depth increasing more quickly in the overbank stage 

than the in-channel stage, which is probably due to the combined effects of change in 

roughness and friction slope. This rating curve was used as the downstream boundary 

condition for the numerical model, which was calibrated using measured in-channel 

flow velocities and validated with observed flood extent. Additionally, for the first time 

the model was validated using measured overbank urban flood velocities. Numerical 

model results show that confluence flood inundation extent is mainly a function of total 

flow discharge, with minimal impact from discharge ratio or flow unsteadiness.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

 35  

 

Chapter 4. Gravel-bed river morphodynamic processes 

throughout an 80-year flood event from numerical modeling: 

implications for flood regulation strategies 

4.1 Abstract  

Due in part to the lack of continuous-in-space-and-time flow and sediment transport 

data, the river morphodynamic processes during large floods are not fully understood. 

This study developed a two-dimensional (2-D) morphodynamic model to study the 

morphodynamic process of a gravel-bed river during a flood event with a return period 

of 80 years in Calgary, Canada. The model was calibrated against velocimetry data and 

validated against post-flood bathymetry data. Temporal and spatial distributions of flow 

velocity, bedload transport rate, surface sediment sizes, and cumulative morphological 

changes throughout the flood are presented and analyzed. Results show that the timings 

of morphological changes during the flood differ for different morphodynamic units 

(MUs) but are similar for similar MUs despite planform differences between sub-

reaches. It is demonstrated that, with the same flood peak and duration, a regulated 

flood event with a brief rising period, rather than a long-lasting rising period, might 

result in less bank erosion and bar growth. We also found that bedload transport rates 

are more sensitive to flow velocities than bed sediment sizes in the Bow River case, 

due to the greater spatial and temporal variance of velocities during the flood.  
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4.2 Introduction 

4.2.1 Background 

The histories of alluvial rivers are mostly written by floods. Although flood-induced 

morphological changes have been comprehensively documented in many studies (e.g. 

Bartholdy & Billi, 2002; Brooke et al., 2022; Wang et al., 2022; Wintenberger et al., 

2015; Wu et al., 2016), cause and effect are not all clear. Baynes et al. (2023) found 

that the sediment production and mobilization in three catchments differed significantly 

under the same hydrological event, mainly due to the difference in channel steepness. 

Wang et al. (2018) discovered that two in-channel bars experienced different erosion 

and deposition processes during a flood event, even though the flow and sediment 

conditions were similar. Similarly, Ramirez & Allison (2013) found that the size and 

steepness of in-channel sand bars did not present a consistent relationship with the flood 

discharge. In contrast, Eaton & Lapointe (2001) found that despite the disparity in the 

transport intensity of the two flood events, the channel morphology remained 

qualitatively similar. These findings demonstrate the complex, multi-parametric, and 

non-linear relationship between flood magnitude and flood-induced morphological 

changes. Thus, spatially-distributed and temporally-continuous flow and/or sediment 

transport data are necessary to understand the morphodynamic process during flood 

events. Williams et al. (2015) collected periodic measurements of spatially distributed 

bedload transport in a gravel-bed river during a series of flood events and linked these 

with observed morphological changes. Although successful, this study demonstrated 

the considerable effort required to understand the flood-induced morphological changes 

in a river reach through field work.  

Numerical modeling, in contrast, is capable of providing spatially distributed 

hydrodynamic and sedimentary datasets throughout a flood event in an efficient and 

cost-effective way. For example, Li et al. (2008) developed a morphodynamic model 

to produce a distributed sediment budget and to identify the zones of aggradation and 

degradation in a wandering gravel-bed river. However, relatively large discrepancies 

between the modeled and observed bedload transport rate reduced reliability of the 

model predictions. Hauer & Habersack (2009) used a hydrodynamic model to study the 

morphodynamics of a 1000-year flood and found that lateral constriction and expansion 

of the valley geometry over short distances led to scouring and aggradation within the 

inundated areas during the event. However, the detailed sediment transport processes 

were unclear. Staines & Carrivick (2015) reconstructed a glacier lake outburst flood 
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event using a morphodynamic model in Delft3D. Results showed widespread activation 

of the bed surface during the rising limb whereas more organization and typical bed 

form development occurred during the falling limb. However, the model validation 

against the measured data was unsatisfactory and some local-scale morphological 

changes also remained unexplained. Lotsari et al. (2018) simulated the morphodynamic 

process during bankfull floods in a gravel-bed ephemeral river using Delft3D. Different 

from the findings in Staines & Carrivick (2015), results in Lotsari et al. (2018) showed 

that the timing of major deposition or erosion varied with the magnitude of flood events. 

Hamidifar et al. (2024) discovered that the effects of morphodynamic variations and 

sediment transport on flooding may vary based on the specific local morphological 

conditions. Hamidifar et al., (2024) also pointed out that the interaction between flood 

morphodynamic processes and flood hydrodynamics remains unclear and a number of 

relevant topics are still in debate. 

There are two modeling approaches in flood morphodynamic Modeling: fully-coupled 

hydro-morphodynamic (FCHM) modeling and loosely-coupled hydro-morphodynamic 

(LCHM) modeling. Hydrodynamics, sediment transport and bed surface updating are 

computed simultaneously in FCHM models (Correia et al., 1992) while separately (i.e. 

one after another) in LSHM models (Park & Jain, 1986, 1987) in a single time step. 

Intuitively, it is easy to draw a conclusion that LCHM models are not suitable for 

morphodynamic modeling in extreme flood events. However, Cao et al. (2011) 

evaluated the performance of LCHM models under multiple time scales of fluvial 

processes with bed load transport under strong unsteady flow conditions and found that 

bedload transport can quickly adjust to the local flow capacity, as sediment exchange 

with the bed dominates over the advection of bed load sediment by the mean flow. Cao 

et al. (2011) further concluded that in fluvial processes involving bedload transport, the 

feedback effects of bed deformation are minimal, making LCHM modeling a suitable 

approach in this context. Recently, Mahdizadeh and Sharifi (2020) reported that the 

performance of LCHM models in all flow regimes was as good as the peroformance of 

FCHM models, when using a Courant-Friedrichs-Lewy (CFL) number smaller than 0.3 

in LCHM models. Those findings provide theoretical foundations for using LCHM 

models in bedload-dominated fluvial floods. In addition, fluid-solid interaction needs 

to converge at every physical time step in FCHM models, which increases the 

computational cost compared to LCHM models (Khosronejad et al., 2011). The 

computational cost of FCHM models will further increase as the model scale, spatial 

resolution, simulation time, and flow unsteadiness increases, thus FCHM models have 

rarely been used in modeling long-duration extreme flood events in large-scale rivers. 
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In order to balance the computational cost and accuracy, in this paper, one of the 

widely-used LCHM models, Delft3D, was used to simulate a 100-year flood event for 

120 hours in a large river. 

4.2.2 Research gaps 

In summary, there are still some challenges and research gaps in studying the 

mechanisms of morphodynamic processes during floods: 

(1) Local-scale morphodynamic processes during floods are poorly understood. 

Detailed analysis of local-scale morphodynamic processes such as bar formation 

and bank erosion during floods are insufficient due to the lack of continuous-in-

time-and-space hydrodynamic and sedimentary data. It remains unknown if local-

scale morphological processes develop along with the flood hydrograph or become 

dominant during certain stages of the flood. 

(2) Morphodynamic modeling has not been fully exploited. Morphodynamic 

modeling can provide continuous-in-space-and-time maps of flow velocity, bedload 

transport rate, surface sediment sizes, and cumulative morphological changes 

throughout a flood event. However, such an advantage was not fully exploited in 

previous studies (see Table 4.1). In addition, Table 4.1 showed that relatively few 

previous studies have modeled morphodynamics during large floods (i.e. recurrence 

interval > 50 years). 

(3) Existing morphodynamic models are not well developed. A number of existing 

morphodynamic models are not validated against the observed post-flood DEM 

and/or not statistically evaluated (Table 4.1), which makes the modeled results less 

reliable and model interpretation less trustworthy. In addition, model setups in 

terms of bed stratigraphy are often unrealistic (e.g. He et al., 2020; Khosronejad et 

al., 2016). 

4.2.3 Objectives & novelty 

The objectives of this study are to (1) develop a morphodynamic model that can 

reproduce the river morphological changes caused by an 80-year flood in the Bow River 

in Calgary, Canada, and (2) use the modeled flow velocity, sediment transport, surface 

sorting and cumulative deposition or erosion to analyze the flood morphodynamics. 
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Table 4.1. Summary of previous morphodynamic modeling studies on riverine flood events. 

Study 

Flood  

recurrence 

interval 

Field data 

used for  

validation 

Evaluation  

metric(s) for  

validation 

Temporal morphodynamic  

processes analyzed 

Flow  

field 

Sediment 

transport 

Surface 

sorting 
𝐶𝐷𝐸* 

Bartholdy  

& Billi (2002) 
1.5 & 20 

Not 

mentioned 

Not  

mentioned 
Yes No No No 

Li et al.(2008) 2 - 3 𝑆𝑏* 
Not  

mentioned 
Yes Yes No No 

Lotsari et al. 

(2014) 
1 - 2 

𝑊𝑆𝐸, 𝑈, 

∆𝑉,  & 

𝐷𝐸𝑀* 

𝑀𝐴𝐸 

& 𝑅2 * 
Yes No No Yes 

Worni et al.  

(2012, 2014) 
𝐺𝐿𝑂𝐹 𝐷𝐸𝑀 𝑀𝐴𝐸 Yes No No No 

Staines &  

Carrivick (2015) 
𝐺𝐿𝑂𝐹 

Not 

mentioned 

Not  

mentioned 
Yes Yes No Yes 

Guan et al.  

(2015a, 2015b,  

2016) 

𝐺𝐿𝑂𝐹 𝐷𝐸𝑀 𝑀𝐴𝐸 No No No Yes 

Iwasaki et al.  

(2016) 
12 𝐷𝐸𝑀 

Not  

mentioned 
Yes No No × 

Khosronejad  

et al. (2016) 
100 𝑈 𝑅𝐸 Yes No No Yes 

Williams et al. 

(2016) 

Not  

mentioned 
∆𝑉*, 𝐷𝐸𝑀 𝑀𝐴𝐸 No No No No 

Tu et al. (2017) 
10,50, 

100,200 
𝑊𝑆𝐸 

Not  

mentioned 
No No No Yes 

Lotsari et al. 

(2018) 
1 - 3 

𝑊𝑆𝐸, ∆𝑉, 

𝐷𝐸𝑀 
𝑅𝐸 No No No Yes 

He et al. (2020) 1 & 100 
𝑊𝑆𝐸, 𝑈,  

𝑆𝑠* 

𝑅𝑀𝑆𝐸, 𝑁𝑆𝐸, 

& 𝑅* 
No Yes No No 

Tu et al. (2020) 
1,10, 

50,200 
𝑄 𝑁𝑆𝐸 No No No Yes 

Hu et al. (2021) 2 𝐷𝐸𝑀 
Not  

mentioned 
Yes No No Yes 

Li et al. (2021) 10000 
Not 

mentioned 

Not 

 mentioned 
No No No Yes 

Scamardo et al.  

(2022) 
8 𝑊𝑆𝐸 

Not 

 mentioned 
No Yes No Yes 

Wang et al. 

(2022) 

Not  

mentioned 
𝑊𝑆𝐸, 𝑈 

𝑅𝑀𝑆𝐸, 𝑁𝑆𝐸, 

& 𝑅 
No Yes No Yes 

Yassine et al. 

(2023) 
100 𝑊𝑆𝐸, 𝐷𝐸𝑀 𝑅𝑀𝑆𝐸, 𝐵𝑆𝑆 No No No Yes 

Han et al. (2023) 1 - 3 
Braiding 

index 

Not  

mentioned 
Yes No No Yes 

Wang et al. 

(2024b) 

5,10,20, 

50,100 

Not 

mentioned 

Not  

mentioned 
Yes Yes No × 

This study 80 𝑈, 𝐷𝐸𝑀 
𝑅2 , 𝑁𝑆𝐸,   

𝐵𝑆𝑆 & 𝑀𝐴𝐸 
Yes Yes Yes Yes 
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* 𝐶𝐷𝐸 = Cumulative deposition and/or erosion; 𝐺𝐿𝑂𝐹 = Glacier lake outburst flood; 𝐷𝐸𝑀 = Digital elevation 

model; 𝑊𝑆𝐸 = Water surface elevation; 𝑈 = Flow velocity; ∆𝑉 = Volumetric changes; 𝑄 = discharge; 𝑆𝑏 = 

Bedload transport rate; 𝑆𝑠 = Suspended sediment transport rate; 𝐵𝑆𝑆 =Brier skill score; 𝑀𝐴𝐸 = Mean absolute 

error; 𝑅𝑀𝑆𝐸 = Root mean square error; 𝑅𝐸 = Relative error; 𝑁𝑆𝐸 = Nash–Sutcliffe model efficiency coefficient; 

𝑅 = Correlation coefficient; 𝑅2 = Coefficient of determination  

The major novelty of this study is that we are the first to use continuous-in-space-and-

time flow velocity, sediment transport, surface sorting, and bed surface evolution data 

produced by a calibrated and validated morphodynamic model to examine the local-

scale river morphodynamic processes throughout a large flood event (i.e. return period > 

50 years). With the help of these abundant and reliable model-produced data, the 

morphodynamic processes throughout the flood event are reconstructed from which the 

drivers of local-scale morphological changes are identified. The timing during the flood 

of morphological changes for various morphodynamic units is elucidated. Sensitivity 

analysis on bedload transport is also performed, from which greater understanding of 

flood morphodynamics is obtained. Finally, we propose a new flood regulation strategy 

based on the findings to help mitigate bank erosion and bar growth during floods. 

4.3 Study area and field data 

The Bow River is a meandering/wandering gravel-bed river located in southern Alberta, 

Canada (Figure 4.1a). Streamflow rate in the Bow River varies considerably from year 

to year, which has made the Bow River subject to frequent periods of drought as well 

as serious flooding (Rood et al., 2019). To regulate the river flow, several reservoirs 

were constructed upstream of the City of Calgary in the 20th century. The reservoirs 

also cut off the sediment supply and resulted in some surface armoring (Klohn Crippen 

Berger, 2016). In late June 2013, with continuous heavy rainfall and rapid snow-melting 

in the Rocky Mountains, the Bow River witnessed the highest flow of the century-long 

records (Pomeroy et al., 2016). The return period of the 2013 flood has been estimated 

to be 80 years, although this estimation includes pre-gauge flow estimates based on 

historical flood marks (Klohn Crippen Berger, 2016). The 2013 flood produced up to 

100 m of lateral bank erosion distances in several locations of the Bow river as well as 

creation or expansion of extensive, barren, gravel bars and islands (Rood et al., 2019; 

Slaney et al., 2019). By the year of 2022, those gravel bars have been mostly vegetated.  

The model domain of this study is a river reach that passes through downtown Calgary 

(Figure 4.1b). The total length of this reach is about 3.3 km and the average channel 

width is about 85 m. During the 2013 flood, this reach witnessed distinct bar formation 

as well as bank erosion (see Figure 4.2), which provide the basis of studying the 

morphodynamic processes during the flood. In addition, abundant field data are 
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available (Table 4.2) in this reach, which provide essential information to develop a 

numerical model. In order to be concise and clear, sites frequently mentioned in this 

paper are named using abbreviations as follows (see Figure 4.1b):  

 

Figure 4.1. (a) The location and topography of the Bow River watershed (courtesy of Dr. Atakan 

Erdem, University of Calgary). (b) The model domain (the yellow polygon) and site names 

superimposed on the post-flood aerial photograph (imagery collected on September 11, 2020. © 

Esri, Maxar, Earthstar geographic, and the GIS User Community). Flow goes from left to right.  

 In-channel bars are named as Upstream Poppy Plaza Bar (UPPB), Downstream 

Poppy Plaza Bar (DPPB), 10th St. Bar (10SB), West Prince Island Bar (WPIB), 

East Prince Island Bar (EPIB), and Center St. Bar (CSB). 

 Names of sites where detailed morphodynamic processes will be numerically 

investigated (see Figure 4.7, 4.8, & 4.9) are written in green boxes in Figure 4.1b. 

https://people.ucalgary.ca/~ljackson/cchung.html
https://people.ucalgary.ca/~ljackson/cchung.html
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Those sites are: Bed Incision near UPPB (BI-UPPB), Stoss side of 10SB (10SB 

Stoss), Lee side of 10SB (10SB Lee), Bank Erosion near 10SB (BE-10SB), CSB 

Stoss, and CSB Lee. Together those sites will be referred to as “Set No.1”. 

 Names of sites where only the timings of morphological changes will be 

numerically investigated (see Figure 4.10) are written in blue boxes in Figure 4.1b. 

Those sites are: Stoss side of Ice Anchor Site (IAS Stoss), IAS Lee, WPIB Stoss, 

WPIB Lee, Bed Incision near EPIB (BI-EPIB), Bank Erosion near EPIB (BE-

EPIB). The so-called “ice anchor site” is an in-channel hole that was artificially-

excavated to collect ice in winter. It was infilled during the 2013 flood (refer to Yu 

et al., 2022 for more information). Together those sites will be referred to as “Set 

No.2”. 

 

Figure 4.2. Aerial photographs of the Bow River before (September, 2012; flow discharge ≈
70 𝑚3/𝑠; sub-figure “a” & “c”) and after (August, 2013; flow discharge ≈ 150 𝑚3/𝑠; sub-figure 

“b” & “d”) the 2013 flood near the 10SB site (sub-figure “a” & “b”) and the CSB site (sub-figure 

“c” & “d”). The red and cyan dotted-lines mark the in-channel bars above the water surface and 

river banks before the 2013 flood, respectively. The yellow solid line in (b) marks a part of the river 

bank after the 2013 flood, in order to show the bank erosion. The blue arrows mark the flow direction. 
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Table 4.2. Summary of the available field data in the model domain. 

Field data Collection time Location Usage in the model Data source 

Pre-flood 

bathymetry#1 
2010/9/9 

Whole  

model domain 
Input 

Golder Associates Ltd. 

(2011, 2015) 

Post-flood 

bathymetry 
2013/10/28 

Whole  

model domain 

Input; 

validation 

Golder Associates Ltd. 

(2015) 

Post-flood 

velocimetry#2 
2013/9/9 

Near UPPB, DPPB,  

and 10SB 
Calibration 

Golder Associates Ltd. 

(2015) 

Post-flood 

river bed  

sediment#3 

Year 2016 
Near UPPB, DPPB,  

and 10SB 
Input 

Klohn Crippen  

Berger (2016) 

Discharge  

& water level 

Year 2013, 

Daily 

Hydrometric  

station#4 
Input 

Water Survey  

of Canada (2024) 

#1 In-channel and dry-land bathymetry data were collected using ADCP (Acoustic Doppler Current Profiler) (Golder 

Associates Ltd., 2011) and using LiDAR (Light Detection and Ranging) (Golder Associates Ltd., 2015), respectively. 

#2 Velocimetry data were collected using ADCP. 

#3 Bed sediments data include surface and sub-surface samples. 

#4 Hydrometric station is about 500 m downstream of CSB. Refer to Yu et al. (2022) for its location on map. 

4.4 Methodology 

Note that the model used in this study was initially developed in Yu et al. (2022) 

[Chapter 5 in this thesis]. Most model settings herein are directly adopted. 

Modifications are made to improve the model performance. Only critical model settings 

and modifications are illustrated in this section. Please refer to Yu et al. (2022) for other 

relevant information. 

4.4.1 Delft3D platform 

This study utilized one of the LCHM models, Delft3D-FLOW, to simulate the 

morphodynamic process during the flood. Delft3D-FLOW is an open-source hydro-

morphodynamic 2-D/quasi-3-D modeling suite for integral water solutions. Delft3D 

has been used by many researchers to model the morphodynamic changes during strong 

unsteady flow conditions, including extreme floods. Its reliability has been tested by 

validation against measured flow, sediment transport rate and/or post-event bathymetry 

data (e.g. Staines & Carrivick, 2015; Williams et al., 2016; Yuill et al., 2016; Javernick 
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et al., 2018; Lotsari et al., 2018; Yu et al., 2022; Wang et al., 2022; Wu et al., 2023; 

Siemes et al., 2024; Wang et al., 2024b). Delft3D-FLOW uses a horizontal structured 

grid where variables are arranged in a staggered manner. The Navier-Stokes equations 

are solved for incompressible fluid under the shallow water and Boussinesq 

assumptions using finite-difference/finite-volume methods (Deltares, 2020). The 

advection-diffusion (mass-balance) equation is used for suspended load transport 

calculation and empirical formulations are used for bedload transport calculation. The 

Fluid-Structure Interactions (FSI) are solved using one-way coupling. The bed surface 

elevation and composition are dynamically updated at each computational time step by 

solving the Exner (1925) equation either with or without a bed stratigraphy model 

(Hirano, 1971).  

4.4.2 Hydrodynamic model  

First, a 2-D hydrodynamic model was developed in order to calibrate the background 

horizontal eddy viscosity (used to model 2-D turbulence) and Manning roughness (used 

to model bottom shear stress) using the post-flood velocimetry data (see Table 4.1 & 

Figure 4.3). The post-flood bathymetry data (see Table 4.1) were used as the model 

input. Considering the need of modeling the in-channel bridge piers (width ≈ 6 m) at 

10th St. Bridges and Center St. Bridges, the initial average grid size was set as 6.5 m. 

Steady-state discharge of 103 m3/s and water surface elevation of 1041.27 m were used 

as the model upstream and downstream boundary conditions, respectively. Due to the 

model stability restriction when using an explicit scheme, the initial time step was set 

as 0.023 min so that the Courant-Friedrichs-Lewy (CFL) number was less than 1. The 

initial background horizontal eddy viscosity was set as 0.1 m2/s. The initial Manning 

roughness coefficient was set as 0.030 s/[m1/3], based on the recommended range for 

gravel-bed surfaces (i.e. 0.028 - 0.035 s/[m1/3]) in Benson & Dalrymple (1967). 

4.4.3 Calibration 

The background horizontal eddy viscosity and Manning roughness coefficient were 

calibrated independently (i.e. one parameter was adjusted while keeping the other 

constant), followed by the model sensitivity analysis on grid size. The following 

statistical parameters were used to evaluate the model performance: 
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𝑅2 =

[
 
 
 

∑ (𝑂𝑖 − 𝑂̅)(𝑃𝑖 − 𝑃̅)
𝑁
𝑖=1

√∑ (𝑂𝑖 − 𝑂̅)2
𝑁
𝑖=1 √∑ (𝑃𝑖 − 𝑃̅)2

𝑁
𝑖=1 ]

 
 
 
2

  (4.1) 

𝑁𝑆𝐸 = 1 − 
∑ (𝑂𝑖 − 𝑃𝑖)

2𝑁
𝑖=1

∑ (𝑂𝑖 − 𝑂̅)2
𝑁
𝑖=1

 (4.2) 

𝑀𝐴𝐸 =  
∑ |𝑂𝑖 − 𝑃𝑖|
𝑁
𝑖=1

𝑁
 (4.3) 

𝐵𝑆𝑆 = 1 − 
〈(𝑃𝑒 − 𝑂𝑒)

2〉

〈(𝐵𝑒 − 𝑂𝑒)2〉
 (4.4) 

where 𝑅2 is the coefficient of determination between the observed and predicted data, 

𝑂𝑖 and 𝑃𝑖, respectively; 𝑖 is the sequence number of a sample point, 𝑁 is the total 

number of sample points; 𝑂̅ and 𝑃̅ are the means of the observed and predicted data, 

respectively; 𝑁𝑆𝐸  is the Nash–Sutcliffe model efficiency coefficient (Nash & 

Sutcliffe, 1970); 𝑀𝐴𝐸 is the mean absolute error. 𝐵𝑆𝑆 is the Brier Skill Score (Brier, 

1950), 𝑃𝑒  represents the ensemble predicted post-flood DEM data series, 𝑂𝑒 

represents the ensemble observed post-flood DEM data series, and 𝐵𝑒 stands for the 

ensemble baseline predictions, which are the observed pre-flood DEM data series. The 

angle brackets (< >) signify the mean value.  

Calibration results demonstrated that the best combination of the background horizontal 

eddy viscosity and Manning roughness coefficient is 0.1 m2/s and 0.035 s/[m1/3], 

respectively. Sensitivity analysis on grid size was carried out by comparing the model 

results of using different grid sizes (i.e. 3m and 6m). Results showed that the grid size 

of 6.5 m is sufficient to reproduce the actual flow behaviours (see the grid layout in 

Figure A1 from Appendix A). The comparison between the measured and modeled 

velocity using the calibrated parameters is shown in Figure 4.3. The statistical 

evaluation can be found in Table 4.4. Although errors are relatively high at cross-

sections No.1, 3, 4, 5, 15, 16 and 18, the overall modeled velocity matched well with 

the measured velocity and the performance was evaluated as “good” (see Table 4.4). 

Thus, the model calibration is considered as successful.  
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4.4.4 Morphodynamic model  

The morphodynamic model was developed to reproduce the morphodynamic changes 

observed to have occurred during the 2013 flood. Most settings were directly adopted 

from the hydrodynamic model. Only differences are elucidated herein:  

 Bathymetry. Since there were no high flows in the year of 2011 and 2012 that 

would cause significant sediment transport, the bathymetry data collected on Sep 

9, 2010 were used as the pre-flood bathymetry input; 
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Figure 4.3. Upper image: measured depth-averaged flow velocity on Sep 9th, 2013. Background 

aerial photograph was taken in August, 2013. Blue arrow indicates the flow direction. Lower image: 

comparison between the measured and modeled velocity. Velocimetry points are sequenced from 

upstream to downstream, from the north bank to the south bank. “1” - “19” denote the numbers of 

survey cross-sections. 

 Bed stratigraphy. In order to simulate the bed armouring in the Bow River, the 

bed stratigraphy model (Hirano, 1971) was used, which consists of two types of 

bed layers: the surface layer and the bookkeeping layer(s). Sediments in the surface 

layer are well-mixed and only they can directly interact with the flow. Once the 

surface layer is eroded, it gets replenished by the sediments from the topmost 

bookkeeping layer below. Once external sediments deposit on the surface layer, 

first they get well-mixed with the contents in the surface layer and then redundant 

sediments are pushed down to the topmost bookkeeping layer. As a result, the 

thickness of the surface layer is kept constant while the thickness and number of 

bookkeeping layer(s) changes accordingly. Detailed formulation of the Hirano 

active layer model can be found in Viparelli et al. (2010). 

 Sediment sizes. The surface and subsurface grain size distributions (GSD) of bed 

materials in the study region are shown in Figure 4.4. In order to reproduce the 

non-uniformity of bed sediments, we used a combination of several non-uniform 

sediment fractions in the numerical model, as shown in Table 4.3.  

 

Figure 4.4. Grain size distribution (GSD) of the surface and sub-surface sediments, based on field 

survey data in 2016 (Klohn Crippen Berger, 2016). 
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 Roughness. Manning roughnesses of the inundated places with low, medium, and 

high vegetation were set as 0.045 s/[m1/3], 0.055 s/[m1/3], and 0.065 s/[m1/3], 

respectively, according to Chow (1959).  

 Sediment transport. Gauged data showed that sediments were mainly transported 

in the form of bedload in the model domain (Water Survey of Canada, 2024), which 

makes bedload the key control on the river morphology (Leopold, 1992). Thus, 

suspended loads were not modeled. Places having bank protection measures were 

considered as non-erodible in the model. The hiding and exposure effect was taken 

into account using the formulation developed by Parker et al. (1982). 

 Boundary conditions. The hydrograph of the 2013 flood (see Figure 4.6) recorded 

at the hydrometric station was used as the model boundary conditions, with flow 

discharge as the inflow boundary and water level as the downstream boundary. Due 

to the lack of measured bedload transport data at model boundaries during the flood, 

Neumann boundary condition (i.e. gradient of sediment transport rate 

perpendicular to an open boundary equals to zero) (Roelvink & Walstra, 2004) was 

applied at the model boundaries. This means that the bedload entering or leaving 

the model boundaries will be adapted to the local flow conditions and very little 

accretion or erosion should occur at the model boundaries (Deltares, 2020). 

Table 4.3. Initial thicknesses and contents of bed stratigraphy layers. 

Layers 

Initial  

thickness 

(m) 

𝐷50 of 

layer 

(mm) 

𝐷90 of 

layer 

(mm) 

Sediment  

fractions 

Sediment

𝐷50 (mm) 

Mass fraction 

in the layer 

Surface  

layer 
0.3#1 97.5  179.9  

#1 42  1/3 

#2 96  1/3 

#3 146  1/3 

Bookkeeping  

layer 

0.4*10  

= 4#2  
48.7  109.7  

#4 12  1/3 

#5 48  1/3 

#6 89  1/3 

#1Thickness was equal to armouring layer thickness in field. 

#2The initial bookkeeping layer contains 10 sub-layers with initial thicknesses of each sub-layer of 0.4 m.  
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4.4.5 Validation 

In the model validation stage, a number of model variables were tested in order to find 

the ideal combination to achieve the best model performance: 

 Bedload transport formula. Meyer-Peter & Müller (1948), Soulsby (1997), and 

Van Rijn (2007) were tested in Yu et al. (2022). This study further tested the 

performance of Wilcock & Crowe (2003) and Gaeuman (2009). Results showed 

that Van Rijn (2007) produced the smallest error. The bedload transport 

formulation of Van Rijn (2007) is given in Section 3.6 and discussed in Section 

5.3. 

 Bed-slope effects on bedload. Recent studies highlighted the importance of the 

bed slope parameterization on bedload and associated morphological changes in 

Delft3D (Baar et al. 2019). Delft3D offers two formulations on bed-slope effects. 

The first uses Bagnold (1966) for longitudinal slope effects and Ikeda (1986) for 

transverse slope effects. The second uses Koch & Flokstra (1980). Both options 

were tested in this study. Results showed that Koch & Flokstra (1980) produced 

the smallest error. 

 Model dimension. Sensitivity analysis on the model dimension showed that a 2-D 

model performed better than a quasi-3-D model. This is probably because, unlike 

other 3D software (e.g., Flow3D), the quasi-3D version of Delft3D does not solve 

the three-dimensional Navier-Stokes equations. There is no vertical momentum 

exchange between vertical layers, which may cause inaccurate prediction of the 

velocity profile including the near-bed velocities, particularly when simulating a 

strongly unsteady flood event. 

 Time step. Following on Mahdizadeh & Sharifi (2020)’s findings, we did a 

sensitivity analysis by comparing the morphodynamic model results of using time 

step = 0.001 min (CFL number = 0.2) versus the results of using time step = 0.005 

min (CFL number = 0.9). There was not much difference between these two cases, 

thus, 0.005min was set as the final time step. 

 Manning roughness and eddy viscosity. We re-calibrated the Manning roughness 

and eddy viscosity during the 2013 flood simulation. The resulting bed elevation 

results demonstrated that the ideal combination of Manning roughness and eddy 

viscosity remain 0.035 s/[m1/3] and 0.1 m2/s, respectively. 
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The statistical analysis was carried out by comparing the modeled post-flood DEM with 

the measured post-flood DEM for the entire model domain. Results are shown in Table 

4.4. Model performances near 10SB and CSB are shown in Figure 4.5. Although the 

model underestimated the bar height and scour depth, it successfully predicted the 

growth and formation of flood-induced bars both in terms of locations and areas. Thus, 

the developed model was considered as satisfactory and eligible for the analysis of flood 

morphodynamic processes. 

Table 4.4. Summary of the statistical analysis results of the model calibration and validation. 

Model stage Quantity 
Statistical  

parameters 
Value 

Quality  

evaluation 

Model calibration 

(hydrodynamic) 

Depth-averaged  

flow velocity 

R2 64% 

Good#1#2 NSE 56% 

MAE 0.198 m/s 

Model validation 

(morphodynamic) 
Post-flood DEM 

BSS 0.397 
Good#4 

MAE#3 0.535 m 

#1 The evaluation criteria for 𝑅2 is adopted from Seong et al. (2015): Excellent (0.8 < 𝑅2 ≤ 1 ); Very good 

(0.7 < 𝑅2 ≤ 0.8); Good (0.6 < 𝑅2 ≤ 0.7); Poor (𝑅2 ≤ 0.6). 

#2 The evaluation criteria for 𝑁𝑆𝐸 is adopted from Moriasi et al. (2007): Excellent (0.75 < 𝑁𝑆𝐸 ≤ 1); Very good 

(0.65 < 𝑁𝑆𝐸 ≤ 0.75); Good (0.5 < 𝑁𝑆𝐸 ≤ 0.65); Poor (𝑁𝑆𝐸 ≤ 0.5). 

#3 Places with minor measured morphological changes (i.e. < 0.1m) during the 2013 flood were excluded from the 

dataset before calculating the MAE. 

#4 The evaluation criteria for 𝐵𝑆𝑆  is adopted from Sutherland et al. (2004): Excellent (0.5 < 𝐵𝑆𝑆 ≤ 1 ); Good 

(0.2 < 𝐵𝑆𝑆 ≤ 0.5); Fair (0.1 < 𝐵𝑆𝑆 ≤ 0.2); Poor (0.0 < 𝐵𝑆𝑆 ≤ 0.1); Bad (𝐵𝑆𝑆 ≤ 0). 

4.4.6 Bedload formulation 

In this study, current-induced (i.e. without the presence of waves) bedload transport 

rate is calculated using the empirical formula developed by Van Rijn (2007): 

𝑆𝑏 =  0.5 ∙ 𝜌𝑠 ∙ 𝐷50 ∙ 𝑢∗
′ ∙ 𝐷∗

−0.3 ∙ 𝑇𝑏  (4.5) 

where 𝑆𝑏 is the magnitude of bedload transport rate per unit width [kg/m/s], 𝜌𝑠 is the 

bulk density of sediment [kg/m3], 𝐷50 is the median diameter of sediment [m], 𝑢∗
′  is 

the effective bed shear velocity [m/s], formulated as: 
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𝑢∗
′ = (𝑔 ∙ 𝑢𝑐)

0.5 𝑉̅/𝐶 (4.6) 

where 𝑔 is gravity [ = 9.81 m/s2],  𝑉̅ is the depth-averaged velocity [m/s], 𝐶 is the 

Chézy coefficient [m0.5/s] (calculated from local water depth and user-defined 

Manning’s roughness), 𝑢𝑐 is the efficiency factor [-], formulated as: 

 

Figure 4.5. (a1 & b1) Measured pre-flood DEM, (a2 & b2) Measured post-flood DEM, (a3 & b3) 

Difference of DEM (DoD) between measured post-flood and pre-flood DEM (Blue represents 

erosion, while red represents deposition), (a4 & b4) modeled post-flood DEM, and (a5 & b5) DoD 

between the modeled and measured post-flood DEM around 10SB and CSB, respectively (Blue 

represents underestimation of the actual bed level, while red represents overestimation of the actual 

bed level). Blue arrows indicate the flow directions. Polygons mark the bar locations. Polylines in 

(a1) - (a5) outline the pre-flood river bank at BE-10SB. Note: bridge piers are not included in the 

color maps for better illustration. 
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𝑢𝑐 = 𝑓𝑐
′/𝑓𝑐  (4.7) 

where 𝑓𝑐
′ is the grain-related friction factor [-], formulated as: 

𝑓𝑐
′ =  0.24 ∙ 𝑙𝑜𝑔10(12𝐻 3𝐷90⁄ )−2 (4.8) 

where 𝐻 is the water depth [m], 𝐷90 is the particle diameter representing the 90% 

cumulative percentile value in bed sediment [m], 𝑓𝑐  is the total friction factor [-], 

formulated as: 

𝑓𝑐 =  0.24 ∙ 𝑙𝑜𝑔10(12𝐻 3𝑘𝑠⁄ )−2 (4.9) 

where 𝑘𝑠 is the roughness height [m], formulated as: 

𝑘𝑠 =  30.303 ∙ 𝐻/[𝑒(𝑒
𝐾∙𝐶/𝑔0.5 − 1)] (4.10) 

where 𝐾 is the von Kármán constant [ = 0.41]. 

𝐷∗ is the non-dimensional particle diameter [-], formulated as: 

𝐷∗ = 𝐷50[(𝑠 − 1)𝑔 𝜈2⁄ ]1/3 (4.11) 

where 𝑠 is the relative density of sediment particle to water [-], 𝜈 is the kinematic 

viscosity of water [ = 1.002 *10-6 m2/s, in 20℃].  

𝑇𝑏 is the dimensionless excess bed shear ratio [-], formulated as: 

𝑇𝑏 = 
𝜏𝑏
′ − 𝜏𝑏,𝑐𝑟
𝜏𝑏,𝑐𝑟

 (4.12) 

where 𝜏𝑏
′  is the effective bed shear stress [N/m2], formulated as: 

𝜏𝑏
′ = 𝜌𝑤𝑢∗

′2 (4.13) 
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where 𝜌𝑤 is the density of water [kg/m3]. 

𝜏𝑏,𝑐𝑟 is the critical bed shear stress [N/m2], formulated as: 

𝜏𝑏,𝑐𝑟 = (𝜌𝑠 − 𝜌𝑤)𝑔𝐷50𝜃𝑐𝑟 (4.14) 

where 𝜃𝑐𝑟 is the threshold parameter calculated from the classical Shields curve [-], 

formulated as: 

𝜃𝑐𝑟 =

{
 
 

 
 
0.24𝐷∗

−1           (1 < 𝐷∗ < 4)

0.14𝐷∗
−0.64       (4 ≤ 𝐷∗ < 10)

0.04𝐷∗
−0.1        (10 ≤ 𝐷∗ < 20)

0.013𝐷∗
0.29       (20 ≤ 𝐷∗ < 150)

0.055                (𝐷∗ ≥ 150)

 (4.15) 

4.5 Results 

4.5.1 Global morphological changes 

Unless otherwise stated, all physical quantities/phenomena described and discussed 

hereafter are “modeled” quantities/phenomena. The word “modeled” is omitted in order 

to be concise. Figure 4.6 shows the time history of cumulative deposition, erosion, and 

net volume in the entire model domain along with the flood hydrograph. We divide the 

2013 flood hydrograph into three periods for better interpretation of the results: the 

rising period (from the beginning to 1686.5 m3/s), the peak period (from 1686.5 m3/s to 

1662.7 m3/s), and the falling period (the rest of the flood hydrograph). We selected 

some typical flood stages from each period to investigate the flow and sediment 

transport patterns (see Figure 4.8 & 4.9). Those flow stages are marked by the yellow 

dots in Figure 4.6 and their information is summarized in Table 4.5. 

Figure 4.6 shows that the growth rate of deposition or erosion is relatively low until 

Rising Stage 2, indicating the time when most bed sediments were mobilized. About 

70% of total deposition and 90% of total erosion occurred during the rising and peak 

periods of the 2013 flood. This result coincides with the findings in Staines & Carrivick 

(2015) and Williams et al. (2016). 
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Table 4.5. Information of the selected flood stages during the 2013 flood. 

Flood stages 
Time from the beginning  

(hours) 

Instant flow discharge 

(m3/s) 

Rising Stage 1 12 224.0  

Rising Stage 2 28 917.0  

Peak Stage 1 36 1686.5  

Peak Stage 2 60 1662.7  

Falling Stage 1 84 1227.3  

Falling Stage 2 108 845.7  

Falling Stage 3 132 696.8  

 

Figure 4.6. Time history of cumulative deposition, erosion, and net volume in the river channel 

along with the flood hydrograph. Yellow dots mark the typical flow stages in which the 

hydrodynamic and sedimentary patterns are investigated in Figure 4.8 & 4.9. 

4.5.2 Local morphological changes 

Major morphological changes happened around 10SB and CSB during the 2013 flood. 

Thus, detailed morphodynamic processes will be presented (section 4.2 & 4.3) and 

numerically investigated (section 5.1.1 & 5.1.2) at six selected sites (i.e. Set No.1) 

around 10SB and CSB. Note that those selected sites have the same erosional or 

depositional behaviors in the model as observed in the field data. 
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Figure 4.7 shows the time history of modeled cumulative volumetric change (CVC) at 

Set No.1 along with the flood hydrograph. A rise of CVC indicates deposition while a 

drop of CVC indicates erosion. Model results show continuous bed incision at BI-

UPPB throughout the flood: the changing rate of erosion was relatively low during the 

rising period, suddenly increased during the peak period, and then decreased following 

the trend of declining discharge during the falling period. Deposition at 10SB Stoss 

mainly happened during the rising and peak periods while deposition at 10SB Lee 

mainly occurred during the falling period. The erosion process at BE-10SB mainly took 

place during the peak period. Interestingly, BE-10SB was continuously backfilled 

during the falling period. Deposition processes at CSB Lee and CSB Stoss were similar, 

both mainly happened during the rising and peak periods.  

4.5.3 Flow and sediment transport 

In this section, we present the modeling results of depth-averaged flow velocity (𝑉̅), 

bedload transport rate (𝑆𝑏), median diameter of the computational surface layer (𝐷50), 

and cumulative deposition and/or erosion (𝐶𝐷𝐸) around 10SB (Figure 4.8) and CSB 

(Figure 4.9) at 7 selected flood stages. The initial 𝐷50 of the surface layer is 97.5 𝑚𝑚, 

indicated by the orange color in Figure 4.8c & 4.9c.  

At the 10SB site, flow velocity as well as bedload transport rate were higher at the 

model inflow boundary than immediately after the inflow boundary during the rising 

and peak period (see the arrow in Figure 4.8a3). Accordingly, deposition occurred 

immediately after the inflow boundary (see the upstream arrow in Figure 4.8d4). The 

bed surface near the inflow boundary became fine during the rising period (see arrows 

in Figure 4.8, c1-c3), became coarse during the peak period (Figure 4.8, c3-c4), then 

stayed coarse during the falling period (Figure 4.8, c4-c7). A region of high velocity 

and bedload transport rate (arrows in Figure 4.8, b3-b5) existed at BI-UPPB, associated 

with local scour (Figure 4.7a). Interestingly, surface sediments at BI-UPPB slightly 

coarsened before Rising Stage 2 (Figure 4.8, c1-c2), continuously fined during the peak 

period (Figure 4.8, c2-c4) then slightly coarsened during the falling period (Figure 4.8, 

c4-c7). Velocity (Figure 4.8, a3-a5) and bedload transport rate (Figure 4.8, b3-b5) 

dropped immediately downstream of BI-UPPB. Accordingly, deposition occurred at 

10SB Stoss (Figure 4.8, d3-d5). Surface sediments at 10SB Stoss became finer and finer 

during the rising and peak periods (Figure 4.8, c1-c4). The longitudinal gradient of flow 

velocity and bedload transport rate (arrows in Figure 4.8, b2-b4) gradually increased 
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near BE-10SB during the rising period. Bank erosion (arrows in Figure 4.8d4) and 

surface coarsening (Figure 4.8, c1-c4) occurred at BE-10SB and its opposite bank. 

 

 

Figure 4.7. Time history of modeled cumulative volumetric change (CVC) curve along with the 
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flood hydrograph at Set No.1: (a) “BI-UPPB”, (b) “10SB Stoss”, (c) “10SB Lee”, (d) “BE-10SB”, 

(e) “CSB Stoss”, and (f) “CSB Lee”. 

As for the CSB site, during the rising period, flow velocities were higher upstream than 

downstream of the Center Street Bridge (Figure 4.9a2). Such flow pattern is also 

reflected on the bedload transport rate map (Figure 4.9b2). Accordingly, minor 

deposition (Figure 4.9, d2-d3) along with surface fining (Figure 4.9, c2-c3) occurred 

downstream of the bridge piers in the mid-channel. Three high-flow-velocity regions 

can be seen at Peak Stage 1: the north region, the middle region, the south region 

(arrows in Figure 4.9a3). Velocity and bedload transport rate gradient increased along 

the north bank while decreased along the mid-channel (Figure 4.9, a3-a5, b3-b5). 

Accordingly, deposition (the upper arrow in Figure 4.9d4) started to grow at CSB while 

deposition growth in the mid-channel ceased (the lower arrow in Figure 4.9d4). 

Interestingly, the places with relatively fine surface in the mid channel seemed to split 

into two (arrows in Figure 4.9c3). One shifted to the north bank and then propagated to 

CSB Lee while the other one went downstream and gradually coarsened (arrows in 

Figure 4.9 c3-c5). After the Falling Stage 1, both the bed morphology (Figure 4.9, d5-

d7) and the surface 𝐷50 (Figure 4.9 c5-c7) were relatively stable. 

4.6 Discussion  

4.6.1 Flood morphodynamics 

4.6.1.1 Near 10SB 

The pre-flood river channel is narrower at the inflow boundary (active channel width 

≈ 87 m) than right after the inflow boundary (active channel width ≈ 128 m), which 

results in a negative flow velocity gradient (see the arrow in Figure 4.8a3) and thus a 

negative bedload gradient along the channel right after the inflow boundary. During the 

flood rising period, due to the relatively low flow rate, the fine sediment fraction (i.e. 

Sediment #1) was first fed into the model and deposited right after the inflow boundary 

due to the negative bedload gradient and resulted in surface fining (see arrows in Figure 

4.8, c1-c3). After reaching to the flood peak, the coarser sediment fraction (i.e. 

Sediment #2) was initiated, fed into the model, deposited right after the inflow boundary 

(see upstream arrows in Figure 4.8, d4-d6), and resulted in surface coarsening (see 

arrows in Figure 4.8, c4-c6), also due to the negative bedload gradient at this place. 

However, such deposition right after the inflow boundary was not observed in reality 

(see the upstream arrow in Figure 4.5a5). An intuitive explanation is that the 

implementation of bedload Neumann boundary condition did not represent the actual 
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bedload transport pattern at the inflow boundary (i.e. the boundary effect), which also 

occurred in other morphodynamic studies using Delft3D (e.g. Staines & Carrivick, 

2015; Williams et al., 2016). With this in mind, we had tried to move the inflow 

boundary to further upstream to eliminate this boundary effect; however, results were 

not improved but even worse, both globally and locally (refer to Yu et al., 2022 for 

more details). Another possible explanation is that the transverse flow and bedload 

transport is not properly modeled as the channel expands near UPPB. If properly 

modeled, the excessive deposition right after the inflow boundary would have been 

transported further north to form UPPB such that it would better fit with the 

measurements (see Figure 4.5a5). 

The pre-flood river channel is narrower at BI-UPPB (active channel width ≈ 106 m) 

than right after the inflow boundary (active channel width ≈ 128 m), which induced 

a positive velocity gradient (Figure 4.8a2) at BI-UPPB along the channel and resulted 

in minor bed incision at BI-UPPB during the rising period. As UPPB developed during 

the peak period (see upstream arrows in Figure 4.8, d4-d6), the channel was further 

constricted. This induced an even higher positive bedload gradient (see arrows in Figure 

4.8, b3-b5) as well as a higher rate of scouring at BI-UPPB during the peak period 

(Figure 4.7a). The size of UPPB became stable during the falling period, thus bedload 

gradient at BI-UPPB dropped and the steepness of the CVC curve decreased, following 

the trend of declining discharge afterwards (Figure 4.7a). Interestingly, surface 

sediments at BI-UPPB slightly coarsened before Rising Stage 2 (Figure 4.8, c1-c2), 

continuously fined during the peak period (Figure 4.8, c2-c4) then slightly coarsened 

during the falling period (Figure 4.8, c4-c7). The initial coarsening process corresponds 

to the removal of the finest sediment fraction (i.e. Sediment #1) in the surface layer 

during the rising period. The following fining process corresponds to the continuous 

replenishment of fine sediment fractions (i.e. Sediment #4 & #5) from the bookkeeping 

layer to the surface layer due to the removal of relatively coarse sediment fractions (i.e. 

Sediment #2 & #3) in the surface layer during the peak period. The succeeding 

coarsening process corresponds to exhaustion of relatively fine sediment fractions (i.e. 

Sediment #1, #2, #4 & #5), leaving the relatively coarse sediment fraction (i.e. 

Sediment #6) in the surface layer during the falling period. Such “coarsening – fining - 

coarsening” process corresponds to the process of “armouring layer breakup - exposure 

of the substrate - armouring layer reestablishment” in reality during floods (Orrú et al., 

2016; Parker & Klingeman, 1982; Vericat et al., 2006). 
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During the rising and peak periods, the surface layer at 10SB Stoss became finer and 

finer (Figure 4.8, c1-c4), indicating a continuous accumulation of finer sediments. This 

results from the lowering of longitudinal flow velocity (Figure 4.8, a1-a4) brought by 

the flow splitting into the north side channel of DPPB as well as the channel widening 

after passing DPPB. The surface fining at the wake zone behind the bridge piers is 

indicative of minor deposition at 10SB Lee during the rising and peak periods (Figure 

4.7c). In addition, Figure 4.7 shows that the start-to-rise point of the CVC curve at 10SB 

Lee (≈ 74 hours from the beginning, Figure 4.7c) corresponds to the time when 

deposition at 10SB Stoss (Figure 4.7b) and erosion at BE-10SB (Figure 4.7d) has fully 

developed, which implies that the development of 10SB Lee was probably associated 

with the wake behind 10SB Stoss as well as downstream channel widening. While mid-

event field measurements are not available for direct validation of the predicted 

morphodynamic processes, the reasonability of predicted processes has been 

ascertained by comparison to previous literature. For example, the time lag between the 

CVC curve of 10SB Lee and that of 10SB Stoss (Figure 4.7, b & c) indicates that 10SB 

grew from the stoss side towards the lee side, which coincides with the finding in 

Ashworth (1996). However, both the stoss and lee side of 10SB are fine-sized sediments, 

which is inconsistent with the field observation in Ashworth (1996) and Li et al. (2014) 

where sediments were coarser at the stoss side than the less side of mid-channel bars. 

Such inconsistency may possibly be due to flow deceleration upstream of the bridge 

piers in the middle of 10SB, and/or continuous contribution of subsurface sediments 

from scour at BI-UPPB. During the falling period, due to the channel deepening at BI-

UPPB and deposition growth at 10SB Stoss, the region with the highest longitudinal 

velocity gradient (arrows in Figure 4.8, a4-a6) gradually shifted to upstream, which 

corresponds to the growth of 10SB Stoss towards upstream (see arrows in the middle 

of Figure 4.8, d4-d5). However, such growth was not observed in the field data (see the 

downstream arrow in Figure 4.5a5), probably also due to unrealistic modeling of the 

transverse flow and bedload transport in Delft3D as the flow splits at DPPB and 10SB.  

4.6.1.2 Near CSB 

During the rising period, the flow velocities were higher upstream than downstream of 

the Center Street Bridge (Figure 4.9, a1-a2) due to the channel widening (active channel 

width ≈  80m upstream of the bridge piers and active channel width ≈  100m 

downstream of the bridge piers, see Figure 4.2c). The longitudinal decreasing flow 

velocity (Figure 4.9, a2-a3) and associated decreasing bedload transport rate (Figure 
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4.9, b2-b3) resulted in the deposition (Figure 4.9, d2-d3) as well as surface fining 

(Figure 4.9, c2-c3) behind the bridge piers. 

 

Figure 4.8. Maps of (a1-a7) 𝑉̅, (b1-b7) 𝑆𝑏, (c1-c7) surface 𝐷50, and (d1-d7) 𝐶𝐷𝐸 at the seven 

flood stages near 10SB. Red triangles in (a1) mark the locations of “BI-UPPB”, “10SB Stoss”, 

“10SB Lee”, and “BE-10SB”, respectively, from upstream to downstream. The black arrow in (a1) 

indicates the flow direction. White boxes in color maps are in-channel bridge piers.  
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Figure 4.9. Maps of (a1-a7) 𝑉̅, (b1-b7) 𝑆𝑏, (c1-c7) surface 𝐷50, and (d1-d7) 𝐶𝐷𝐸 at the seven 

flood stages near CSB. Red triangles in (a1) mark the locations of “CSB Stoss” and “CSB Lee”, 

respectively, from upstream to downstream. The black arrow in (a1) indicates the flow direction. 

White boxes in color maps are in-channel bridge piers. 

Interestingly, there are three high-velocity flow regions around CSB from Peak Stage 

1 to Falling Stage 1: the north region, the middle region, and the south region. A higher 

flow velocity gradient along the river can be seen at the north region (Figure 4.9, a3-
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a4) compared to other regions, due to the combination of channel widening and flow 

separation at the river bend, and caused the deposition at CSB Stoss and CSB Lee 

(Figure 4.9, d3-d5) as well as the surface fining (Figure 4.9, c3-c5) at this site, similar 

to the formation of a point bar in a meandering planform. Deposition at CSB mainly 

happened during the rising and peak stages, which is consistent with the field 

observation in Wu et al. (2016). Noteworthy, the places of fine surfaces near CSB 

gradually moved from CSB Stoss to CSB Lee from the Peak Stage 1 to Falling Stage 1 

(see the upper arrows in Figure 4.9, c3-c5), which is possibly due to the presence of the 

middle region of high flow. The modeled result of surface coarsening at the stoss side 

of CSB while fining at the lee side of CSB is also consistent with the field observation 

of the grain size distribution on point-bar surfaces in Ghinassi et al., (2018), Julien & 

Anthony (2002), and Hagstrom et al., (2018). The south region of high flow resulted 

from the inflow from the secondary channel at the south side of the Prince’s Island (see 

Figure 4.1b) during the peak period. The inflow from the secondary channel partly 

constricted the main flow path and caused the high flow velocity in the middle region 

stay high along the mid channel. The middle region of high flow velocity acted as a 

pathway for bedload conveyance, resulting in the transport of fine sediments towards 

downstream (see the lower arrows in Figure 4.9, c3-c5). 

During the falling period, inflow from the secondary channel diminished and the high 

flow regions gradually vanished due to the growth of CSB. The combination of these 

two factors resulted in a relatively uniform flow field and thus minor bed elevation 

changes. 

4.6.1.3 Summing-up 

In the Bow River case, it seems the spatial variation of pre-flood channel planform (e.g. 

widening, narrowing, curvature, etc.) brought a spatial variation to the local flow field, 

led to a spatially-varied bedload transport pattern, and eventually resulted in local 

deposition or erosion during the flood according to the law of continuity. Such 

qualitative relationship between the spatial variation of channel planform and potential 

morphological changes coincides with the findings in other gravel-bed rivers (e.g. 

Luchi et al., 2012; Parker et al., 2010; Righini et al., 2017) and also in bedrock rivers 

(e.g. Hauer & Habersack, 2009; Righini et al., 2017; Yanites, B. J., 2018).  

However, simply relating the flood-induced morphological changes to the pre-flood 

planform neglects the dynamic updating and coupling process between flow and 

channel morphology during the flood. Figure 4.7 already demonstrates such a non-
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linear relationship between flow magnitudes and local-scale flood-induced 

morphological changes. It also overlooks the impact of surface sediment sorting on 

bedload transport, which should be assessed through sensitivity analysis. Thus, those 

two topics will be further investigated and discussed in the next few sections. 

4.6.2 Timing of morphological changes 

Figure 4.7 implies that, for Set No.1, the timings of morphological changes during the 

2013 flood varies with different morphodynamic units (MUs) (i.e. a mid-channel bar, a 

bank-attached bar, bank erosion, bed incision, etc.), which coincides with the field 

observation in Hooke & Yorke (2011). In order to see if similar timings of 

morphological changes exist for similar MUs across different reaches, we investigated 

the timings of morphological changes for a different set of MUs (i.e. Set No.2) in the 

model domain (see Figure 4.10). Same as those sites in Set No.1, the selected sites in 

Set No.2 also have the same erosional or depositional behaviors in the model as in the 

field. Also note that since there are no other mid-channel bars formed in the model 

domain except for 10SB during the 2013 flood, we had to select a mid-channel 

sediment-infilling site (i.e. the Ice Anchor Site, “IAS”) as a substitute. 

In order to quantitatively evaluate the proportion of cumulative morphological changes 

during different flood periods for a certain MU, we introduce a dimensionless 

morphological development index, 𝜂, formulated as: 

𝜂𝑖 = 
𝐶𝑉𝐶𝑖,   𝑒𝑛𝑑 − 𝐶𝑉𝐶𝑖,   𝑏𝑒𝑔𝑖𝑛𝑛𝑖𝑛𝑔

𝑎𝑏𝑠(𝐶𝑉𝐶3,   𝑒𝑛𝑑)
 

 
(4.16) 

where 𝑖=1, 2, and 3, representing the rising period, peak period and falling period, 

respectively. 𝐶𝑉𝐶𝑖,   𝑒𝑛𝑑  and 𝐶𝑉𝐶𝑖,   𝑏𝑒𝑔𝑖𝑛𝑛𝑖𝑛𝑔  are the cumulative volumetric 

changes at the end and the beginning of the flood period 𝑖, respectively. A higher value 

of 𝜂  indicates more morphological changes during that period in the overall flood 

event. This enables the comparison of morphological development process among 

different flood periods for the same MU or among different MUs for the same flood 

period. The quantitative analysis results are shown in Figure 4.11. 

Figure 4.11 show that bank erosion mainly happened during the rising and peak periods 

while bed incision mainly occurred during the peak and falling periods. Such difference 

reflects the different mechanism of those two erosional processes: for a gravel-bed river, 

bed incision required the removal of surface armouring (i.e. surface activation) as a 
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prerequisite, which mainly happens during the rising period (Figure 4.8, c1-c2; also in 

Staines & Carrivick, 2015). In contrast, according to the bank erosion routine in Delft-

3D, dry bank cells will receive a percentage of erosion from adjacent eroded wet cells, 

regardless of the sediment composition of bank cells and flood stages. Interestingly, 

both bank erosion sites underwent continuous deposition (Figure 4.7d & Figure 4.10d) 

during the falling period. We believe both deposition processes are related to the growth 

of upstream bars (i.e. 10SB and EPIB) during the rising and peak periods. The larger 

bar locally constricted the river channel and induced bank erosion immediately 

downstream (i.e. BE-10SB & BE-EPIB) during the rising and peak stage.  Once the 

flow subsided the increased width caused by bank erosion resulted in flow deceleration, 

thus deposition occurred at the erosion sites during the falling stage.   

Deposition at both the stoss and lee sides of bank-attached bars mainly happened during 

the rising and peak period. This is because bank-attached bars formed at the places 

where the flow path widened at one side of the channel, which resulted in flow 

separation and negative longitudinal bedload gradients along the widening side of the 

channel. Such negative bedload gradients lasted from Rising Stage 2 to Falling Stage 1 

(e.g. Figure 4.9, b2-b5) and caused the formation of bank-attached bars. As the bank-

attached bars developed, channel widening and flow separation was gradually mitigated 

thus minor deposition happened during the falling period. Notably, the development 

indices are higher at lee sides than stoss sides for mid-channel bars during the falling 

period, which indicates lee deposition lags behind stoss deposition.  

In contrast, deposition on the stoss and lee sides of mid-channel bars mainly happened 

during the peak and falling periods, respectively. Different from bank-attached bars, 

mid-channel bars formed at the places where the channel widened at both sides (Hooke 

& Yorke, 2011; Klösch et al., 2015; Luchi et al., 2010), which brings negative bedload 

transport gradients dominating at mid-channel. Different from the case in bank-attached 

bars, mid-channel bedload gradients were only high enough to cause notable deposition 

during the peak period (e.g. Figure 4.8, b3-b4). This coincides with the field 

observations of Klösch et al. (2015) where the mid-channel was shown to accrete when 

it was submerged during flood events. As the stoss sides of mid-channel bars developed, 

flow widening effects were mitigated until no further stoss growth occurred. However, 

the fully developed stoss sides introduced wake effects that induced deposition on the 

lees of mid-channel bars during the falling period.  



 

 65  

 

 

Figure 4.10. Time history of modeled cumulative volumetric change (CVC) curve along with the 

flood hydrograph at Set No.2: (a) “BI-EPIB”, (b) “IAS Stoss”, (c) “IAS Lee”, (d) “BE-EPIB”, (e) 

“WPIB Stoss”, and (f) “WPIB Lee”. 
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Figure 4.11. Stacked histograms of the dimensionless morphological development indices (𝜂) of 

three flood periods for different MUs during the 2013 flood. Solid color bars are for Set No.1 and 

lined color bars are for Set No.2. 

In summary, the developments of MUs during the flood event are non-linear in time. 

The timings of morphological changes during the flood event differ for different MUs 

but are similar for similar MUs, despite the planform differences across different 

reaches. These findings suggest that flood-induced erosion and deposition at the local 

morphodynamic unit scale are not likely to be ascertained using approaches based on 

reach averaged stream power (e.g. Hooke, 2016; Magilligan et al., 2015; Righini et al., 

2017). In addition, these findings may also explain why the timing of major deposition 

or erosion varied with the flood magnitudes in Staines & Carrivick (2015): because the 

overall timing of deposition or erosion during the flood depends on the local timings of 

different MUs, whose dominance can vary with the flood magnitude as well as the 

sediment budget. 

4.6.3 Bedload sensitivity analysis 

Although bedload transport rate is dependent on multiple factors, it is considered to be 

mainly a function of flow strength and sediment size, upon which most bedload 

transport formulae are built. However, the relative sensitivity of bedload to these two 

parameters is still in debate (e.g. Cohen et al., 2022; Fernández & Garcia, 2017). In 

addition, the spatial and temporal sensitivity of bedload transport rate to flow velocity 

and sediment size during a flood event has not been evaluated in previous studies. In 
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this section we analyze this sensitivity analytically (i.e., in the formula level) and 

compare with the model results (i.e., in the appearance level). 

Taking 𝜌𝑠 = 2650  kg⁄m3, 𝑠 = 2.65, 𝑔 = 9.81 m/s2, Manning’s n = 0.035 s/[m1/3], 

and 𝐷90 = 2𝐷50 (Van Rijn, 1993; also true in the Bow River case), and substituting 

Eq. (4.6) – (4.15) into Eq. (4.5), we can get the bedload transport rate as a function of 

depth-averaged flow velocity (𝑉̅), water depth (𝐻), and median sediment size (𝐷50). 

Figure 4.12a & b show the variation of S𝑏 as a function of  𝑉̅ and 𝐷50 at different 

water depths and at different sediment size ranges.  

Figure 4.12a shows that, for sand (𝐷50= 0.065mm - 2 mm) and very fine gravels (𝐷50 

= 2mm - 6 mm), bedload transport rate modeled by Van Rijn (2007) is more sensitive 

to velocity than sediment sizes, especially at the fine sand ranges (𝐷50 = 0.065mm - 

0.65 mm). But for medium and coarse gravels (𝐷50 = 6mm - 150mm), which were the 

majorities in the Bow River, bedload transport rate modeled by Van Rijn (2007) is 

almost equally sensitive to 𝐷50 and 𝑉̅, and is becoming more and more sensitive to 

𝐷50 as the water depth increases. Interestingly, the apparent sensitivity is contrary: in 

the Bow River case, the spatial distribution of S𝑏 showed a higher correlation with the 

spatial distribution of  𝑉̅  compared to the spatial distribution of 𝐷50 at a given flood 

stage (Figure 4.12c). In addition, Figure 4.12c shows that correlation between S𝑏 and 

𝑉̅  mostly increased as the flood rose and decreased as the flood fell, while the 

correlation between 𝐷50 and 𝑉̅ varied more irregularly. Thus, Figure 4.12 seems to 

imply that the bedload sensitivity pattern in the appearance level is contradictory with 

that in the formula level. We attribute this inconsistency to different dependency on 

changes in flow velocity and surface 𝐷50 during a large flood in nature (demonstrated 

in Figure A2 in Appendix A). The change of surface 𝐷50 is either from the sediments 

in bedload (at deposition) or from the sediments in the substrate (at erosion), determined 

by the spatial gradient of bedload transport, which makes the interaction between 𝐷50 

and S𝑏  a “self-feedback” and “towards-equilibrium” process. In contrast, flow 

velocity is dependent on external factors such as channel planform, flood discharge, 

and roughness. Although the spatial variation of bedload can change channel planform 

and surface roughness via local deposition/erosion and the updating of surface 𝐷50, 

respectively, and thus influence flow velocity, this is minimal compared to temporal 

changes in velocity with discharge during a flood. Thus, flow velocity can quickly vary 

during a large flood event but the change of 𝐷50 is relatively small and lagging. For 

example, at BI-UPPB, the modeled flow velocity increased from 1.74 m/s to 2.63 m/s 

and bedload transport rate increased from 6.9×10-6 m3/s/m to 2.5×10-5 m3/s/m during 
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the first 24 hours. In contrast, 𝐷50 only slightly increased from 0.097 m to 0.102 m 

during the same period at that site. Such different dependency and temporal variation 

patterns of 𝑉̅ and 𝐷50 results in the similar variation patterns between S𝑏  and 𝑉̅ 

but different variation patterns between S𝑏 and 𝐷50.  

 

Figure 4.12. (a) bedload transport rate (𝑆𝑏) as a function of depth-averaged flow velocity (𝑉̅) and 

median diameter of the computational surface layer (𝐷50 = 0.065mm - 6 mm) when water depth 

(𝐻) is (a1) 3 m, (a2) 6 m, and (a3) 9 m. (b) bedload transport rate (𝑆𝑏) as a function of depth-

averaged flow velocity (𝑉̅) and median diameter of the computational surface layer (𝐷50 = 6 mm – 

150 mm) when water depth (𝐻) is (b1) 3 m, (b2) 6 m, and (b3) 9 m. Note that the average water 
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depth in the model domain varied from 1.6 m to 4.8 m during the 2013 flood. (c) The absolute 

correlation 𝑅  between 𝑉̅  and 𝑆𝑏 , and between 𝐷50  and 𝑆𝑏  in the entire model domain at 7 

different flood stages. 

To summarize, although bedload transport rate is equally sensitive to 𝑉̅ and 𝐷50in the 

formula level for medium and coarse gravels, the model results suggest bedload 

transport rate is more dominated by flow velocity rather than sediment size due to the 

greater spatial and temporal variance of velocity than grain size during a large flood 

event. This finding implies that when building a morphodynamic model for a real river 

reach, detailed field data of the horizontal distribution of surface sediment sizes might 

be less necessary as model input than an accurate flow hydrograph and channel 

bathymetry.  

4.6.4 Implications for flood regulation 

In some urban catchments, flood-induced bank erosion and bar formation need to be 

managed properly in order to mitigate associated risks (e.g. Yu et al., 2022). To this 

end, traditional approaches involve rip-rap installation to stabilize and protect the 

riverbanks and periodic dredging to clear in-channel deposits. The sensitivity analysis 

on bedload transport implies that solving the flow problems rather than the sediment 

problems could be much more effective and efficient in flood risk mitigation. With this 

in mind, combined with the finding on the timing of morphological changes of different 

MUs during floods, we propose the following new flood regulation strategy in urban 

catchments downstream of reservoirs to minimize morphodynamic changes and 

associated flood hazards: While maintaining the same flood peak and flood duration, 

regulating the flood event such that it has a short-lasting rising period, rather than a 

long-lasting rising period, might bring less potential bank erosion and bar growth to 

downstream reaches. In order to test this hypothesis, we ran the validated 

morphodynamic model under a “reversed” 2013 flood event, where flood peak, 

duration and total volume were the same as the original 2013 flood event (i.e., same 

stream power) but the rising period lasted longer than the original 2013 flood event. It 

turned out that the reversed 2013 flood event produced more deposition and erosion 

compared to the original 2013 flood (see Table 4.6), especially around 10SB and CSB 

where major flood-induced morphological changes occurred (see Figure S2-c). 

In engineering practice, although it is not common to adjust the duration of a certain 

flood phase on purpose in a regulated river, this study provides the theoretical 

foundation for decision makers to shorten or lengthen certain flood phases to intervene 

downstream morphological evolution process when there is an opportunity and it is safe 
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to do so. Iñiguez et al. (2019) showed that historical flood events with different phase 

durations can exist in the same regulated river, which demonstrates the potential of the 

abovementioned regulation opportunity. We believe that flood regulation and 

management is a multidisciplinary systemic endeavor that involves hydrology, river 

hydraulics, sediment transport and risk evaluation. The purpose of us raising such a 

flood regulation strategy is to add “potential downstream morphological impacts” to 

the decision tree. 

Table 4.6. Modeled total volumetric changes of a “reversed” 2013 flood compared with the original 

2013 flood. 

Scenarios Total deposition volume (m3) Total erosion volume (m3) 

Original 2013 flood hydrograph 108581.5  54878.2 

Reversed 2013 flood hydrograph 119203.2 (+9.8%)# 58199.9 (+6.1%)# 

# Numbers in brackets indicate the relative volumetric difference compared to the original 2013 flood. 

4.7 Limitations and future concerns 

This study demonstrates that a calibrated and validated morphodynamic model can 

serve as a powerful and efficient tool for investigating flow and sediment transport 

behaviors during a flood event. At the same time, there are some limitations that can be 

improved in future: 

 Representation of the actual morphodynamic processes. Although the 

developed model has been validated against the measured post-flood DEM, it 

remains uncertain whether a morphodynamic model that successfully reproduced 

the observed post-event morphological changes can also reproduce the actual 

morphodynamic processes during the event, including the timing of morphological 

changes. More comprehensive field observations and accompanying modeling are 

required to answer this question. 

 Generalization of the findings. This study only investigated the morphodynamic 

processes at a portion of a bedload-dominant gravel-bed river during a large flood 

event. More MUs should be investigated at other portions of the Bow River to 

derive more generalized findings. In addition, it’s highly possible that Van Rijn 

(2007) may not be the ideal bedload model for other fluvial systems, where 
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different bedload sensitivity patterns could appear, both in terms of the formula 

level and the appearance level. Thus, it remains unknown if the findings from this 

study remain valid for other alluvial rivers (e.g. sand-bed rivers; braided rivers) and 

under other types of floods (e.g. bankfull floods, outburst floods). 

 FCHM models. Although the study done by Mahdizadeh and Sharifi (2020) 

showed that LCHM models can have equivalent performance to FCHM models, 

their performance has not been evaluated in extreme fluvial floods in large-scale 

rivers. Future studies could focus on this topic and provide more robust evidence 

regarding model selection in large floods. 

4.8 Conclusion 

In this study, we developed a morphodynamic model to simulate the morphological 

changes in a gravel-bed river during an 80-year flood event. Notably, the modeled 

“breakup – reestablishment” process of the surface armouring layer as well as the 

modeled surface sorting process at CSB are both in line with the field observations in 

previous relevant studies (e.g. Orrú et al., 2016; Parker & Klingeman, 1982; Vericat et 

al., 2006), which demonstrate the reliability of the model. We used the modeled flow 

and sedimentary data to analyze the morphodynamic process during the flood and found 

that: 

 Although most deposition and erosion occurred during the rising and peak periods 

of the 2013 flood in the global scale, timings of local morphological changes vary 

for different morphodynamic units, but are similar for similar morphodynamic 

units, despite the planform differences across different reaches in the Bow River 

case. Specifically, bank erosion and the growth of bank-attached bars mainly 

happened during the rising and peak periods. Bed incision mainly happened during 

the peak and falling periods. The stoss sides of mid-channel bars mainly formed 

during the peak period while the lee sides of mid-channel bars mainly formed 

during the falling period. 

 The bedload transport formula developed by Van Rijn (2007) is the most reliable 

one to depict the bedload transport pattern in the Bow River case among other 

empirical formula. Although bedload transport rate is almost equally sensitive to 

depth-averaged flow velocity and medium sediment size for medium and coarse 

gravels in the formula level, the model results suggest bedload transport rate is 

more sensitive to depth-averaged flow velocity rather than medium sediment size, 
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due to the greater spatial and temporal variance of velocities than grain sizes during 

a large flood event. 

 From the practical perspective, with the same flood peak and duration, a regulated 

flood event with a short-lasting rising period, rather than a long-lasting rising 

period, might bring less potential bank erosion and bar growth to downstream 

reaches and vice versa according to the modeled results in the Bow River case.  

 More comprehensive field observations and modeling works in different alluvial 

rivers (e.g. sand-bed rivers; braided rivers) and under different types of floods (e.g. 

bankfull floods, outburst floods) are required to solidify and generalize the findings 

of this study. 
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Chapter 5. Impact evaluation of instream bar management 

using morphodynamic modeling 

5.1 Abstract  

The Bow River’s 2013 flood was the costliest natural disaster in the City of Calgary’s 

history. Flood-induced bar growth and subsequent riparian vegetation colonization at 

many locations has constricted the river channel, which increases flood risk. Although 

bar removal has been widely employed as a flood mitigation strategy, its effectiveness 

and associated impacts are still uncertain. This study employs Delft3D to develop a 

two-dimensional (2D) morphodynamic model in order to evaluate the impacts of a 

conventional plan of bar removal and a novel plan of bar realignment in terms of flood 

mitigation, aquatic habitat protection and river recreation realization. A hydrodynamic 

model was firstly developed and calibrated using post-flood spatially distributed 

velocimetry data. A morphodynamic model was then developed and validated using 

post-flood bed elevation survey data. Then, the future channel response and flood peak 

levels using different bar management plans were modeled and compared. Results show 

that appropriate bar realignment can protect aquatic habitat and provide river recreation 

opportunities while bar removal performs the better in terms of lowering the future 

flood peak level. The findings indicate that manipulation on instream bars has little 

morphological impact to downstream reach and creating a less obstructed channel is 

the fundamental strategy in flood mitigation.  
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5.2 Introduction 

In river morphology, bars are elevated sandy or gravelly bedforms in river channels that 

are usually exposed at normal water level while submerged at high water level (i.e. 

floods). Bars are one of the most common geophysical features in fluvial systems. 

Based on the different regions of bar formation, bars can be classified as mid-channel 

bars, bank-attached bars, and river mouth bars (Church 1992), and based on sediment 

size, as gravel bars or sand bars. Fundamentally, bars form at the places where sediment 

supply rate is higher than the sediment transport capacity of the flow.  

In gravel-bed rivers, bars are likely to be created and grow during floods due to the 

excessive amount of bedload carried by floodwater (Mat Salleh & Ariffin, 2013; 

Parsapour-Moghaddam et al., 2019b; Wintenberger et al., 2015). After floods, those 

flood-induced gravel bars become stabilized due to the drop of flow velocity. 

Subsequent riparian vegetation colonization on the exposed bar surface can further 

stabilize the bars (Rood et al., 2019). Gravel bar formation is part of a rivers natural 

migration process and provides important habitat for benthic invertebrates, waterbirds, 

and fish species (Church et al.,2000; Kondolf & Wolman, 1993; Miller et al., 1983; 

Rempel et al., 2012; Zeng et al., 2015; Parsapour-Moghaddam et al., 2019a). However, 

when bars form on managed rivers, they may block the channel, cause navigation 

difficulties, and pose future flood risks to riverine societies (Petit et al., 1996). The 

flood risk can increase when riparian vegetation colonization on the bar surface induces 

additional resistance to the flow, thus cause sediment aggregation around the bar during 

the next flood event (Church et al., 2001; Rood et al., 2019), resulting in a “vicious 

circle” of bar and vegetation growth.  

Since the late 19th century, instream gravel extraction and bar removal has been widely 

applied as a cost-effective way to supply aggregate to the construction industry as well 

as mitigate flood risks and ensure channel navigation (Church et al., 2001; Kondolf, 

1997; Sear & Archer, 1998; Wishart et al., 2008). However, gravel removal may 

generate a deficit in the active fluvial sediment balance, such that the flow becomes 

sediment-starved (Kondolf, 1997), resulting in consequences such as channel incision, 

bed coarsening, undermining of structures, and destruction of aquatic habitat (e.g. 

Brown et al., 1998; Collins & Dunne, 1989, 1990; Pauley et al., 1989; Petit et al., 1996; 

Sear & Archer, 1998; Surian, 1999; Kori & Mathada, 2012). A field study done by 

Wishart et al. (2008) suggested that removing sediment from vegetated bars (indicative 

of long-term storage) is considered to be less likely to generate a deficit in the active 
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fluvial sediment balance and possibly a safe method to mitigate flood risk, yet not 

proven. 

Bar realignment could be an alternative bar management plan as opposed to bar removal. 

Bar realignment refers to the modification of the layout of instream bars within the 

channel without significantly changing the total volume of bars. Theoretically, bar 

realignment could have the following advantages compared with bar removal:  

 Bar realignment can preserve the volume of instream bars, which brings no 

disturbance to the reach-scale sediment budget. Thus, it is reasonable to speculate 

that appropriate bar realignment is less likely to cause downstream incision 

compared to bar removal; 

 By realigning instream bars, the local flow field and sediment transport patterns 

will be altered. This alteration could result in a favorable condition in terms of 

inhibiting future bar growth and channel stabilization, and possibly, lowering the 

future flood level; 

 Appropriate bar realignment has the potential to increase the diversity of river flow 

& channel bed conditions. This diversity can potentially provide an ideal condition 

for new habitat as well as the realization of river recreation (e.g. swimming, surfing, 

kayaking, etc.);  

However, to the best of the authors’ knowledge, the practice of bar realignment has not 

been addressed in the literature and is therefore unproven. In summary, there are still 

research gaps and also opportunities in the evaluation of instream gravel management 

in terms of flood mitigation, morphology, aquatic/riparian habitat, and recreation. 

Morphodynamic modeling could be an efficient tool to study those impacts of instream 

gravel management. Once properly calibrated and validated, morphodynamic modeling 

has the potential to predict future consequences of different gravel management plans 

under different flow conditions. Nonetheless, the morphodynamic studies on gravel 

management are extremely scarce (e.g. Li et al., 2008; Parsapour-Moghaddam et al., 

2019b; Yuill et al., 2016) and preliminary: first, those models are not properly 

calibrated/validated due to the lack of reliable field data. In addition, those models have 

very limited ability to evaluate downstream channel response due to gravel 

management. In summary, the powerful tool of morphodynamic modeling hasn’t been 

fully exploited in the field of instream gravel management.  
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The objective of this study is to evaluate the performance of three instream gravel bar 

management plans in Bow River, Calgary in terms of morphological impacts, future 

flood risks, aquatic habitat protection, and possible river recreation use through 

morphodynamic modeling.  

The major novelty of this study is that we propose a new instream bar management 

strategy of bar realignment and demonstrate its promising applications in river 

engineering. This study demonstrates that manipulations on long-term vegetated gravel 

bars have little morphological impacts to downstream areas, which fills a research gap 

in instream bar management. This study also implies that a more efficient strategy in 

fluvial flood mitigation is to create a uniform, less obstructed river bed, compared to 

river bed widening or lowering. 

This study was carried out using the Delft3D platform. A hydrodynamic model was 

first developed and calibrated against existing velocimetry data. Then, a 

morphodynamic model was developed to simulate a large flood event and validated 

against the post-flood bathymetric survey data. Afterwards, three bar management 

plans: “do nothing”, “bar removal”, and “bar realignment” were implemented 

respectively by altering the river bed DEM (Digital Elevation Model). Following that, 

future performances of those plans were evaluated numerically and compared in terms 

of flood peak levels as well as morphological impacts.  

5.3 Study area and data 

The Bow River, located in southern Alberta, Canada, originates from Canadian Rocky 

Mountains and ends at the confluence with the Oldman River (Figure 5.1a & 1b). It has 

a length of approximately 645 km. It flows through three geographic regions: the 

mountains, the foothills, and the prairies (Veiga et al., 2015). The reach that passes 

through the City of Calgary (will be noted as “the Calgary reach” hereafter) is situated 

at the geological transition region between foothills and prairies. According to the 

“conveyor belt” model raised by Kondolf (1994), the Calgary reach is the “zone of 

transport”, which is characterized by gravel-sized bed sediment, channel meandering, 

and distinct instream bar formation. Several upstream reservoirs have cut off gravel 

transport, resulting in some surface armoring in the Calgary reach.  
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Figure 5.1. (a) The location of Bow River watershed in Canada. (b) The topography (courtesy of 

Dr. Atakan Erdem, University of Calgary) along the Bow River flow path (the blue line) and the 

location of the study area (the green area). (c) The model domain (the yellow polygon) and important 

landmarks. Background satellite image was taken in the year 2021, © Maxmar technologies, Google 

Image. 

In late June 2013, with continuous heavy rainfall and rapidly melting alpine snow, the 

Bow River witnessed the highest flow of the century-long records (Pomeroy et al., 

2016). The flood inundated the downtown Central Business District (CBD) of Calgary, 

and resulted in the evacuation of 26 communities in Calgary and a total cost of $5 billion 

across southern Alberta, which makes the 2013 flood one of costliest flood events in 

https://people.ucalgary.ca/~ljackson/cchung.html
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Canada’s history (Government of Alberta, 2014). The 2013 flood also produced up to 

100 m of bank erosion in several locations of the Bow river as well as creation or 

expansion of extensive, barren, gravel bars and islands (Rood et al., 2019; Slaney et al., 

2019). By the year of 2021, those gravel bars have been mostly vegetated, especially 

the largest ones that are close to the downtown CBD of Calgary: Poppy Plaza bars and 

10th St. Bars (Figure 5.1c). Those bars might pose a flood risk to the city, thus, three 

alternate options have been considered for their management: 

① “Bar removal”. Bars will be fully removed in order to reduce future flood risks; 

② “Do nothing”. Bars will stay in the channel in order to avoid any possible 

consequences brought by human intervention; 

③ “Bar realignment”. Bars will be realigned to new sites without changing the total 

volume of instream bars significantly in order to fulfill multiple needs: reduce future 

flood risks, restore/create aquatic habitat, minimize downstream morphological impacts, 

and create a river surf wave park (Surf Anywhere, 2020) near the 10th St. bar. 

The model domain starts from the 14 St. SW Bridge to the Center Street bar in the Bow 

River (See Figure 5.1c). The total length of this reach is about 3.3 km. The average 

width of this reach is about 85 m. The reasons and advantages of choosing this reach as 

the model domain are:  

 Distinct bar growth. During the 2013 flood, this reach witnessed distinct bar 

formation and growth (See Figure 5.2), which provides the basis of model 

validation and implementation of different bar management plans; 

 Complete dataset support. Abundant survey data and gauged data are available 

(See Table 5.1) in this reach, which provide essential supports to build and test the 

numerical model.  

5.4 Methodology 

This study utilized Delft3D-FLOW to simulate the flow, sediment transport, and 

morphological updating process. In the hydrodynamic aspects, Delft3D-FLOW solves 

the Navier-Stokes equations for an incompressible fluid, under the shallow water and 

the Boussinesq assumptions (Deltares, 2020). In the morphodynamic aspects, Delft3D-

FLOW solves the advection-diffusion (mass-balance) equation for suspended load 

transport and standard (e.g. Van Rijn, 1993) or user-defined formulations for bedload 

transport. The bed elevation is dynamically updated at each computational time-step by 
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solving the Exner (1925) equation. Delft3D-FLOW has been widely used in several 

hydro-morphodynamic studies (e.g. Kasvi et al., 2015; Parsapour-Moghaddam et al., 

2017, 2019a, 2019b; Williams et al., 2016; Yuill et al., 2016) and proved its powerful 

and reliable performance.  

 

Figure 5.2. Aerial photographs of the Bow River before (Sep, 2012; Q ≈ 70 𝑚3/𝑠; sub-figure “a” 

& “c”) and after (Sep, 2014; Q ≈ 95 𝑚3/𝑠; sub-figure “b” & “d”) the 2013 flood for the 10th St. 

bar (sub-figure “a” & “b”) and the Center St. bar (sub-figure “c” & “d”). Image © Maxmar 

technologies, Google Image.  

5.4.1 Hydrodynamic model 

A 2-D hydrodynamic model was initially developed under a low-flow condition for 

which velocity data were collected following the 2013 flood, without considering the 

sediment transport or morphological updating process. The velocity data were used to 

calibrate important model variables such as background horizontal eddy viscosity (used 

to model 2D turbulence as well as dispersion) and Manning roughness (used to model 

boundary shear stress), as will be covered in the next section. 

The model domain covers the river channel and a portion of floodplains (See Figure 

5.1c) in order to accommodate overbank flow and any possible bank erosion. Grid size 

was determined by considering the tradeoff between the computational cost and the 

desired model details as well as considering the dimension of instream bridge piers at 

the 10 St. SW Bridge (width ≈  6 m). Given all these considerations, the initial 

average grid size was set as 6.9 m. The maximum orthogonality and aspect ratio of the 
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model grid are 0.009 and 1.44, respectively, which are both within the recommended 

range by Deltares (2020). 

Table 5.1. Summary of the available dataset in the model domain. 

Data type Date Coverage Spatial Resolution Source 

Survey  

data 

Bed elevation#1 

2010/9/9 
Whole model 

domain 

River bed:  

2.5 m x 40 m 

Dry land:  

0.2 m x 0.2 m 

Golder Associates 

(2011) 

2013/10/28 
Golder Associates 

(2015) 

Velocimetry 

(ADCP) 
2013/9/9 

A portion#2 of the 

model domain 
0.5 m x 100 m 

Golder Associates 

(2015) 

Bed sediment  

gradation 

Year 1986 N.A. Surface layer 

Northwest Hydraulic  

Consultants Ltd. 

(1986) 

Year 2016 
10 St. Bridge & 

Center St. Bridge 

Surface layer, 

Sub-surface layer 

Klohn Crippen  

Berger (2016) 

Gauged#3  

data 

Discharge 
1911-2019, 

Daily 

N.A. N.A. 

Water Survey of 

Canada  

(2024) 

Water level 
2012-2019, 

Daily 

Bedload rate 
1972-1978, 

Daily 

#1 Data were collected using ADCP (Acoustic Doppler Current Profiler), land-based RTK (Real-Time Kinematic) 

GPS, and LiDAR (Light Detection and Ranging). 

#2 See Figure 3 for more details of the velocimetry survey coverage. 

#3 See Figure 1c for the location of the hydrometric gauge station. 

The post-flood bed elevation survey data (surveyed on Oct 28, 2013) were used as the 

bathymetry input. Bridge piers were implemented by using “dry cells” in the model 

domain. Gauged discharge of 103 m3/s and water level of 41.27 m (referenced based 

on the mean sea level) were used as the model upstream and downstream boundary 

conditions, respectively. Steady-state flow was used in the hydrodynamic model due to 

the negligible variation of discharge and water level within a day. Trial runs showed 

that the equilibrium state could be reached in the real-event time of 3 hours, which was 

then set as the event duration of the hydrodynamic model. The time step was determined 

as 0.023 min, considering the requirement that the Courant number should be smaller 
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than 1. The initial background horizontal eddy viscosity was set as 0.1 m2/s, which was 

adopted from Parsapour-Moghaddam et al. (2019b). The initial Manning roughness was 

set as 0.03, based on the recommended roughness for gravel-bed (0.028-0.035) in 

Phillips & Tadayon (2006).  

5.4.2 Calibration & sensitivity analysis 

Figure 5.3 shows the post-flood velocimetry survey routes and velocity magnitude, 

which was collected on Sep 9th, 2013 using RTK-ADCP, and were post-processed using 

in-house Matlab codes (Rennie & Church 2010). Although the velocimetry survey only 

covered the first 1/3 portion of the model domain, the calibration parameters determined 

from the first 1/3 portion could be applied to the remaining 2/3 portion of the model 

domain as there is the little variation of channel surface and flow properties between 

those two portions. 

 

Figure 5.3. Post-flood (Date: 2013/9/9; Q ≈ 103 𝑚3/𝑠 ) velocimetry survey routes and depth-

averaged velocity magnitude. Background satellite image was taken in year 2021, © Maxmar 

technologies, Google Image.  

Table 5.2 shows the scenarios of model calibration and sensitivity analysis and the 

associated statistical results by comparing the modeled and measured values. The 

background horizontal eddy viscosity, grid size, and Manning roughness are calibrated 

using the following approach: First, different values of background horizontal eddy 
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viscosity were trialed while keeping the other two variables constant (E series). After 

the optimal value of eddy viscosity was determined, the same procedure was done for 

Manning roughness (M series), and then the grid size (G series). modeled velocities 

were triangularly interpolated to the locations of velocimetry survey points before 

carrying out the statistical analysis in order to eliminate the errors induced by spatial 

deviation between measured and modeled velocity points. The following statistical 

parameters were used in the statistical analysis: 

𝑅 =  
∑ (𝑂𝑖 − 𝑂̅)(𝑃𝑖 − 𝑃̅)
𝑁
𝑖=1

√∑ (𝑂𝑖 − 𝑂̅)2
𝑁
𝑖=1 √∑ (𝑃𝑖 − 𝑃̅)2

𝑁
𝑖=1

 
(5.1) 

𝑀𝐴𝐸 =  
∑ |𝑂𝑖 − 𝑃𝑖|
𝑁
𝑖=1

𝑁
 (5.2) 

where 𝑅 is the Correlation 𝑅 between the observed and predicted data, 𝑂𝑖 and 𝑃𝑖, 

respectively; 𝑖 is the sequence number of a sample point, 𝑁 is the total number of 

sample points; 𝑂̅  and 𝑃̅  are the means of the observed and predicted data, 

respectively; 𝑀𝐴𝐸 is the mean absolute error.  

Table 5.2. Model calibration and sensitivity analysis scenarios and corresponding statistical results. 

Scenario 

Setups Statistical results 

Grid size  

(m) 

Eddy viscosity,  

m2/s 

Manning  

roughness 
Correlation R 

MAE,  

(m/s) 

E 0.1 

6.5  

0.1  

0.030  

0.797  0.226  

E 0.5 0.5  0.790  0.219  

E 10 10.0  0.713  0.217  

M 0.03 

6.5  0.1  

0.030  0.797  0.226  

M 0.035 0.035  0.793  0.198  

M 0.04 0.040  0.785  0.194  

G1.1 1.1  

0.1  0.035  

0.804  0.190  

G3.4 3.4  0.803  0.190  

G6.5 6.5  0.793  0.198  

G10.2 10.2  0.736  0.234  
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Table 5.2 shows little statistical difference among case “E0.1”, “E0.5” and “E10” in 

terms of the MAE, which indicates that the model results are not sensitive to 

background horizontal eddy viscosity. In order to pursue a higher correlation between 

the measured and modeled data, optimal background horizontal eddy viscosity was set 

as 0.1 m2/s. The case “M0.035” has signification lower errors compared to case 

“M0.03”, while higher correlation R compared to the case “M0.04”. Thus, the optimal 

Manning roughness was set as 0.035. There is little statistical difference among case 

“G1.1”, “G3.4” and “G6.5” in terms of correlation R and MAE, which means that a 

model with an average grid size of 6.5 m is sufficient to reproduce the real flow 

behaviours. Thus, the average grid size of 6.5 m, Manning roughness of 0.035, and 

background horizontal eddy viscosity of 0.1 m2/s were determined as the calibrated 

parameters. 

Figure 5.4 shows the comparison between the measured and modeled velocity as well 

as the differences at each velocimetry survey point when using the calibrated 

parameters. Relatively large errors can be seen in the first five cross-sections after the 

14th St., which is probably because the model is unable to consider the impacts of the 

14th St. bridge piers to the flow field immediately downstream. Overall, the modeled 

velocity matched with the measured velocity within a reasonable range, with a good 

correlation and a relatively low MAE. Thus, the calibration process is considered to be 

successful. 
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Figure 5.4. Comparison between the measured and modeled velocity as well as the differences at 

each velocimetry survey point when using the calibrated parameters. The imbedded plot shows the 

direct comparison between the modeled (yellow dots) and measured (blue dots) velocity: Points are 

sequenced from upstream to downstream, from left bank to right bank. The color map shows the 

velocity difference between the measured and modeled velocity: “Difference = modeled velocity – 

measured velocity”.  

5.4.3 Morphodynamic model 

The morphodynamic model allows for the simulation of bed elevation updating and 

sediment transport. Most settings were directly adopted from the hydrodynamic model. 

Here only the differences are elucidated:  

 Bathymetry. Since there were no high flows in year 2011 and 2012 that would 

cause significant sediment transport, the survey data on Sep 9, 2010 were used as 

the initial pre-flood bathymetry input for the morphodynamic model; 

 Roughness. Manning roughness at vegetated places (i.e. bar surface, Prince’s 

Island) was modified based on the suggested values in Phillips & Tadayon (2006). 

Places having bank protection structures were considered as none-erodible surfaces. 

 Bed stratigraphy. Bed armouring was modeled by means of the bed stratigraphy 

module in Delft3D-FLOW, which consists two bed layers: the surface layer and 

the bookkeeping layer. Only sediments in the surface layer can directly interact 

with the flow. Once the surface layer is eroded, it gets replenished by the sediments 

from the bookkeeping layer below. Redundant sediments in the surface layer are 

pushed down to the bookkeeping layer if sediment deposits at the surface layer 

(Deltares, 2020). As such, the thickness of the surface layer is kept constant while 

the thickness of bookkeeping layer changes accordingly.  

 Sediment transport. The thickness and sediment composition in each bed layer 

are shown in Table 5.3, which was based on the 1986 and 2016 bed surveys (see 

Table 5.1). Gauged data showed that sediments were mainly transported in the form 

of bedload in the model domain (Water Survey of Canada, 2024), which makes 

bedload the key control on the river morphology (Leopold, 1992; Williams et al., 

2016). Thus, the suspended loads were not modeled. During the bedload transport 

process, small grains could be hidden from a current by larger, more exposed grains, 

known as the hiding-exposure effect. This effect is taken into account in this study 

by modifying the effective critical shear stress for different grain classes, using the 

formulation proposed by Parker et al. (1983). Bedload transport is also affected by 

bed level gradients. This effect is considered using the formulation proposed by 
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Koch & Flokstra (1980). Different bedload transport formulas were trialed in the 

model validation stage, which will be covered in the next section.  

Table 5.3. Sediment composition in each bed stratigraphy layer 

Layer 
Initial 

thickness (m) 

Sediment  

fractions 

Median diameter 

(mm) 

Mass fraction 

in the layer 

Surface layer 0.3#1 

No. 1 22.6  33% 

No. 2 89.4  33% 

No. 3 172.9  34% 

Bookkeeping layer 4.0  

No. 4 1.2  33% 

No. 5 30.9  33% 

No. 6 101.3  34% 

 Boundary conditions. The hydrograph of the 2013 flood (See Figure 5.5) was 

used as the boundary conditions of the morphodynamic model. Due to the lack of 

measured bedload transport data at model boundaries during the flood, Neumann 

boundary condition (i.e. sediment concentration gradient perpendicular to an open 

boundary equals to zero) was applied at the model boundaries to calculate the 

input/output bedload transport rate. This means that the bedload entering or leaving 

the model boundaries will be near-perfectly adapted to the local flow conditions 

(Deltares, 2020), which is mostly the case in the Bow River based on the historical 

gauged data (Water Survey of Canada, 2024). 

 

Figure 5.5. Hydrograph of the Calgary 2013 flood. Data were collected at the river gauge station 

05BH004 (Water Survey of Canada, 2024) 



 

 86  

 

5.4.4 Validation & sensitivity analysis 

In this section, the influences of different sediment transport formulas, model 

dimension, and the location of the inflow boundary to the model performance were 

assessed by running several model scenarios. Results of those scenarios were evaluated 

by comparing the modeled and measured post-flood bed elevation in terms of MAE 

(Table 5.4). 

Table 5.4. Model validation and sensitivity analysis scenarios and corresponding statistical results. 

Case 

Setups Statistical results 

Sediment transport  

formula 

Model  

dimension 

Inflow 

boundary location 

Overall 

MAE, m 

MAE at 

bars, m 

Case 1 Van Rijn (1993) 2D 
Broadview  

Park 
0.688  0.593  

Case 2 Van Rijn (1993) 2D 
14 St. SW  

Bridge 
0.692  0.371  

Case 3 Van Rijn (1993) 3D#1 
14 St. SW  

Bridge 
1.483  0.734  

Case 4 Soulsby/Van Rijn (1997) 2D 
14 St. SW  

Bridge 
0.607  0.446  

Case 5 Meyer-Peter-Muller (1948) 2D 
14 St. SW  

Bridge 
0.643  0.478  

#1 the developed 3D model has 4 flow layers and uses k-Epsilon model for 3D turbulence closure 

Three bedload transport formulas were trialed: Van Rijn (1993), Soulsby/Van Rijn 

(1997), and Meyer-Peter-Muller (1948) (case 2, 4, & 5 in Table 5.4). It could be seen 

that Van Rijn (1993) produced the closest prediction in terms of the bar formation while 

Soulsby/Van Rijn (1997) produced the closest overall prediction. Since bar 

management and accurate prediction of subsequent bar formation are the major 

concerns in this study, Van Rijn (1993) was used in the following modeling works. 

There was some concern that the upstream boundary (at 14 St. SW Bridge) is very close 

to the Poppy Plaza bars as well as the 10th St. bars (See Figure 5.1c). This proximity 

might result in inaccurate sediment transport predictions at those bars, with the 

implementation of Neumann boundary condition. Thus, the model sensitivity to the 

upstream boundary location was analyzed by moving the original upstream boundary 

900 m further upstream to the Broadview Park (See Figure 5.1c) and compared the 
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results (case 1 & 2 in Table 5.4). The model sensitivity to the model dimension was 

also analyzed by changing the dimension from 2D to 3D and comparing the results 

(case 2 & 3 in Table 5.4). It could be seen that changing the upstream boundary location 

or the model dimension didn’t bring better results. Thus, the original upstream 

boundary and a model dimension of 2D were adopted in the following modeling works. 

Figure 5.6 shows the measured pre-flood bed elevation, measured post-flood bed 

elevation, modeled post-flood bed elevation using the validated settings, and the 

difference between the modeled and measured post-flood bed elevation. It can be seen 

that the model overestimated the post-flood bed elevation at the ice anchor site (dashed 

circle in Figure 5.6a) and near the outer bend. The model also overestimated the volume 

of the 10th St. bar. Nonetheless, the developed model successfully reproduced the bar 

growth during the 2013 flood with respect to both location and height. The overall bed 

form produced by the model was also similar to the measured one, especially around 

the 10th St. bar and Poppy Plaza bars. From our perspective, the developed model was 

considered to be valid and ready for the simulations of bar management plans. However, 

the overestimation of deposition needs to be considered when interpreting the 

simulation results. 
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Figure 5.6. (a) Measured pre-flood bed elevation map (triangular interpolated from the ADCP 

survey points). Polygons mark the observed locations of channel bars. Dashed circle marks the ice 

anchor site; (b) Measured post-flood bed elevation map (triangular interpolated from the ADCP 

survey points). Polygons mark the observed locations of channel bars; (c) modeled post-flood bed 

elevation map using the validated settings. Polygons mark the modeled locations of channel bars; 

(d) Difference between the measured and modeled maps (Difference = modeled value – measured 

value). Floodplains are excluded from the map for better illustration. 

5.4.5 Bar management plans 

Bar management was carried out for the 10th St. bar and the Poppy Plaza bars (see 

Figure 5.1c). The measured post-flood DEM was modified to reflect the 

implementation of different bar management plans. Those original vegetated and non-

erodible places will be kept by using the same Manning roughness unless they are 

modified or removed in the proposed management plans. Three bar management plans 

(see Figure 5.7) were implemented and modeled in this study: 

(1) “Do nothing”. The river bars were not modified (Figure 5.7a). This plan was 

designed to avoid any possible negative consequences brought by human 

intervention. It is also a reference option to the other two bar management plans. 

(2) “Bar removal”. All gravel bars around the 10th St. Bridge as well as the Poppy 

Plaza were removed from the channel (Figure 5.7b) to lower the future flood peak 

to the largest extent. A constant stream-wise bed surface slope was assigned at the 

removal sites in order to smoothly connect the upstream and downstream edge of 

the removal sites. 

(3) “Bar realignment”. The bar realignment plan was designed (Figure 5.7c) in order 

to ① restore the active channel width, ② reduce flow blockage due to the bars, ③ 

create new aquatic habitat, ④ create a river recreation park for surfing and kayaking. 

In order to minimize the possible negative consequences brought by human 

intervention, the total instream sediment volume before and after the bar 

realignment action is maintained. First, 10th St. bars will be cleared. Some of the 

cleared volume will be piled up to construct a wall at the middle of the channel, 

functioning as a flow guider and a divider. The surface of the dividing wall will be 

covered with riprap to prevent erosion (i.e. non-erodible). The south side of the wall 

will be used to construct a recreation park. Then, a side channel will be excavated 

at the north side of the Poppy Plaza bars, functioning as a shallow channel for fish 

spawning habitat. Finally, the removed gravels were realigned to the top and the tail 

of the bars near the Poppy Plaza. 
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Figure 5.7. Bed elevation map of bar management plans: (a) no management; (b) bar removal; (c) 

bar realignment. Polygons mark the locations of channel bars. Black and white crosses mark the 

modeled velocity inspection sites during the long-term simulation (see Figure 5.12 for details). 

Black crosses: left side channel; white crosses: right side channel. 
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5.4.6 Design hydrographs 

A future flood hydrograph is required for the morphodynamic model to simulate the 

performance of different bar management plans. In order to make the future 

hydrography closer to the reality, the hydrography was designed based on the historical 

daily instantaneous flow records from 1911 to 2021 (Water Survey of Canada, 2024). 

First, according to the study done by Slaney et al. (2019), significant bedload transport 

is expected to begin at around an 8-year flood (𝑄 ≈ 700 𝑚3/𝑠) for the Bow River. 

Thus, those floods with the peak discharge less than 700 𝑚3/𝑠 were filtered out from 

the records. The remaining floods were two 10-year floods, one 25-year flood, one 35-

year flood, and one 100-year flood. Then, the hydrograph of those floods was directly 

adopted and arranged together in 16 days (See Figure 5.8). Two 10-year floods were 

compacted in the first 4 days to represent an equivalent simulation of about 20 years, 

which will be noted as the “short-term” period hereafter. The entire hydrograph (i.e. 16 

days) is equivalent to a simulation of about 100 years, which will be noted as the “long-

term” period hereafter. 

In Delft3D-FLOW, the morphological updating process could be accelerated by using 

the “morphological time scale factor”, MorFac, in order to save the computational cost. 

MorFac has been used by a number studies to model the time-consuming long-term 

morphological process (e.g., Lesser et al., 2004; Moerman, 2011; Mool et al., 2017; 

Parsapour-Moghaddam et al., 2019b; Schuurman et al., 2013; Williams et al., 2016). 

Morfac is implemented in the sediment continuity equation of Delft3D-FLOW:  

∆𝑆𝐸𝐷
(𝑚′,𝑛′)

=
∆𝑡 ∙ 𝑓𝑀𝑜𝑟𝐹𝑎𝑐

𝐴(𝑚
′,𝑛′)

∙ [𝑄𝑢
(𝑚′−1,𝑛′)

−𝑄𝑢
(𝑚′,𝑛′)

+ 𝑄𝑣
(𝑚′,𝑛′−1)

− 𝑄𝑣
(𝑚′,𝑛′)

] (5.3) 

where ∆𝑆𝐸𝐷
(𝑚′,𝑛′)

is the change in quantity of bottom sediment at computational cell 

(𝑚′, 𝑛′) [kg/m2]; ∆𝑡 is the computational time step [s]; 𝑓𝑀𝑜𝑟𝐹𝑎𝑐 is the user-defined 

morphological time scale factor, MorFac [-]; 𝐴(𝑚
′,𝑛′) is the area of cell (𝑚′, 𝑛′) [𝑚2]; 

𝑄𝑢
(𝑚′,𝑛′)

 is the computed bedload sediment transport rate in the 𝑢 direction at cell 

(𝑚′, 𝑛′) [kg/s]. 
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Figure 5.8. The designed future hydrograph. The lighting bolt symbols represent the flood peaks 

that are going to be investigated and compared between different bar managements in terms of flood 

mitigation. 

The model sensitivity to MorFac needs to be analyzed prior to use, as recommended 

by Delft3D (Deltares, 2020). To do this, we designed three model scenarios with 

different combinations of MorFac and the simulated event time while keeping the total 

equivalent event time as well as the time step the same: ① MorFac = 1, simulated event 

time = 16 days, equivalent event time = 16 × 1 = 16 days; ② MorFac = 5, simulated 

event time = 3.2 days, equivalent event time = 3.2 × 5 = 16 days; ③ MorFac = 10, 

simulated event time = 1.6 days, equivalent event time = 1.6 × 10 = 16 days. We ran 

those three scenarios with the bar management plan of “do nothing”. Results showed 

very little differences between case ① and case ② in terms of the developed bed 

morphology (See Figure B1, a & b in Appendix B). In contract, no bed level change 

were found in case ③ (See Figure B1-c in Appendix B), which indicates the large 

model instability when using MorFac = 10. Thus, MorFac = 5 was adopted in 

subsequent simulations. 

5.5 Results 

In all three bar management plans, the morphological evolution pattern of the short-

term and long-term simulations was similar. In addition, a similar pattern of flood 

mitigation could be found between the 35-year flood and the 100-year flood for all bar 

management plans. Thus, only the results of long-term morphological evolution as well 

as the 100-year flood of different bar management plans are presented herein. The 
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results of short-term morphological evolution as well as the 30-year flood peak level of 

different bar management plans can be found in Figure B2 & B3 from Appendix B 

5.5.1 Morphological impacts 

Figure 5.9 & 5.10 shows the cumulative deposition (or erosion) map and bed elevation 

map of different bar management plans after the long-term simulation, respectively. 

The simulation results show that: 

 

Figure 5.9. Cumulative deposition (red) and erosion (blue) map of different bar management plans 

after the long-term simulation: (a) Do nothing; (b) bar removal; (c) bar realignment. Polygons show 

the channel boundary and the channel bars before the run. 

 Do nothing. If nothing is done on the instream bars, deposition will keep occurring 

at the tip and the right side of the 10th St. bar while erosion will happen at the left 

side of the 10th St. bar (Figure 5.9a) after the long-term simulation, which will result 
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in a total occupancy of the right side of the river channel and a deep scour hole near 

the bridge piers (Figure 5.10a). 

 

Figure 5.10. The bed elevation map of different bar management plans after the long-term 

simulation. (a) Do nothing; (b) bar removal; (c) bar realignment. Polygons show the channel bars 

after the run. 

 Bar removal. As for the bar removal plan, abundant deposition happens at the bar 

removal sites. If comparing with the original bars, it can be seen that the new bars 
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deposit at similar locations but with smaller dimension and lower height, compared 

to the original bars (Figure 5.7a and 5.10b). Different from the “do nothing” plan, 

the overall bed form will be nearly uniform and flat after the long-term simulation 

following bar removal. 

 Bar realignment. In the bar realignment plan, minor deposition is predicted to 

happen around the tip of the dividing wall as well as at the entrance of the side 

channel near the Poppy Plaza bars (Figure 5.9c). The overall bed form at the bar 

management site does not change too much, compared with the other two 

management plans. No deep scour hole or high-elevated bars are observed in the 

results of bar realignment. 

Noteworthy, similar downstream morphological impacts are predicted by the model 

regardless of the choice of bar management plans, which are: deposition is predicted to 

happen at the beginning and the end of the river bend while slight erosion will happen 

at the channel bed within the river bend. The long-term simulation results did not show 

any clear bank erosion for all three bar management plans. 

5.5.2 100-year flood peak level 

Figure 5.11 shows the flood mitigation performance of bar removal and bar realignment 

in terms of the modeled 100-year flood peak level. The mitigation performance was 

evaluated by calculating the 100-year flood peak level difference between the 

manipulation plans (i.e. bar realignment and bar removal) and the “do nothing” plan. 

Bar removal is predicted to lower the 100-year flood peak by 0.26 m on average at the 

bar management site (dashed rectangle in Figure 5.11a). In contrast, bar realignment 

lowers the flood peak by 0.07 m on average at the bar management site (dashed 

rectangle in Figure 5.11b). Noteworthy, the flood peak level is predicted to be increased 

by about 0.15 m near the dividing wall in the bar realignment plan. No obvious flood 

level change is found for the downstream reaches in either case. In addition, by 

investigating the overbank flood extent, it can be seen that bar removal is predicted to 

result in a slightly smaller overbank flood extent compared to bar realignment (red 

arrows in Figure 5.11). 
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Figure 5.11. The 100-year flood peak level difference (a) between “bar removal” and “do nothing” 

(Difference = bar removal – do nothing), (b) between “bar realignment” and “do nothing” 

(Difference = bar realignment – do nothing). Red arrows show the locations of flood extent 

differences between bar removal and “do nothing”. Dashed rectangles represent the “bar 

management site” 

5.6 Discussion 

5.6.1 Morphological impacts 

If nothing is done to the instream bars around the 10th St. Bridge, deposition is predicted 

to happen at the tip of the 10th St. bar in the following flood events. The deposition site 

is right ahead of the site of dense vegetation at the 10th St. bar surface, which suggests 

that riparian vegetation colonization on the bar surface would probably induce 

additional resistance to the flow, thus cause sediment aggregation around the bar during 

the next flood event. Deposition is also observed in the right side channel (looking from 

upstream) near the 10th St. bar, which is probably owing to the low flow velocity in the 

right side channel (the orange dashed line in Figure 5.12). Figure 5.10a shows the 

deposition at the right side channel would block the right side channel, which makes 

the floodwater mostly go through the left side channel. As a result, velocity in the left 

side channel dominates (the blue dashed line in Figure 5.12), which further causes 

significant scour at the left side channel (about 1.5 m deep, see Figure 5.9a). This scour 
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would impact the stability of the bridge piers and also the left channel bank. In summary, 

the “do nothing” plan is predicted to result in a narrower and deeper river channel at 

the bar management site after a long-term period, compared to the original river channel. 

 

Figure 5.12. Time-series of modeled velocity at the right side channel (orange lines) and left side 

channel (blue lines) near the 10th St. bar/dividing wall for the “do nothing” plan (dashed lines) and 

bar relocation plan (solid lines) during the long-term simulation. Velocity inspection sites are 

marked by black (left side channel) and white crosses (right side channel) in Figure 5.7. 

In the bar removal plan, bars are predicted to reoccur at the bar management site after 

several flood events. This is probably because the channel widens when flow enters the 

bar management site, which makes the flow velocity drop and thus causes deposition. 

The bar recurrence phenomenon has been widely observed both from field works (e.g. 

Church et al., 2001; Collins & Dunne, 1990; Yuill et al., 2016) and numerical studies 

(e.g. Li et al., 2008; Yuill et al., 2016; Parsapour-Moghaddam et al., 2019b), which 

reflects the resilience of alluvial river channels to an external disturbance. However, 

uncertainty remains in terms of the size of the reoccurred bars compared to the original 

bars: the reoccurred bar in Li et al. (2008) was lower in height compared to the original 

bar after a simulation of 10 years. In contrast, the reoccurred bars in Parsapour-

Moghaddam et al. (2019b) were found to be bigger than the original bars. In this study, 

the reoccurred bars were both smaller and lower compared to the original bars before 

the bar removal after the long-term simulation, which coincides with the finding in Li 

et al. (2008) but different with Parsapour-Moghaddam et al. (2019b). This is probably 

because the MorFac used in Parsapour-Moghaddam et al. (2019b) was 20, which could 

result in significant model instability issues, as reported by Williams et al. (2016).  
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Similar to the plan of “do nothing”, the dividing wall in the bar realignment plan also 

induces blockage to the flow, which results in deposition at the tip of the dividing wall. 

However, the deposition amount at the tip in the bar realignment plan is much smaller 

compared to that in the “do nothing” plan (Figure 5.9, a & c). This is because the 

blockage effect of the thin dividing wall to the flow is smaller than the effect of a wide 

10th St. bar. After constructing the dividing wall, the channels on each side of the 

dividing wall have similar width and thus similar flow velocity (see Figure 5.12), which 

prevents significant erosion/deposition from happening at both side channels. Overall, 

the bar realignment plan is predicted to produce the most stable bed form at the bar 

management site after a long-term simulation compared with the other two plans. 

In terms of downstream morphological impacts, both the bar realignment plan and the 

“do nothing” plan resulted in similar downstream bed morphology between the short-

term (Figure B2, a & c in Appendix B) and long-term simulation (Figure 5.9, a & c). 

This is because both of these two plans preserve the instream sediment volume, which 

brings little impact to the overall bedload transport pattern at the reach scale. Different 

from the bar realignment plan and the “do nothing” plan, very little deposition is found 

at the ice anchor site in the bar removal plan after the short-term simulation (Figure B2-

b in Appendix B). This is because bar removal clears and widens the river channel and 

create a large area of “sediment-starving” regions at the beginning of the simulation. 

These regions capture most of the sediment coming from upstream and prevent them 

from going further downstream during the two 10-year floods. As the sediment 

accumulates in these regions, the “sediment-starving” situation is mitigated. Thus, after 

the two 10-year floods, much less subsequent deposition happens at the bar removal 

site, compared to the depostion during the two 10-year floods (i.e. not much difference 

at the bar removal site between Figure B2b & Figure 5.9b). Excessive sediment is 

transported further downstream to the ice anchor site and deposits (Figure 5.9b). 

Excessive sediment is transported further downstream to the ice anchor site and 

deposits (Figure 5.9b). It could be seen that although bar removal may generate a short-

term sediment deficit to the downstream reach, this deficit could be mitigated or even 

eliminated in a long-term period. As for the further downstream places (i.e. around 

Prince’s Island and Center St. Bridge), the morphological evolution pattern is similar 

among all three management plans, both in short-term and long-term, which 

demonstrates the impact range of such intervention is very limited (about 1 km). In the 

end, the downstream morphological patterns of the three different bar management are 

predicted to be similar, which agrees with the filed work results in Wishart et al., (2008). 
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Thus, it could be concluded that manipulation on vegetated bars has little morphological 

impacts to downstream reach.  

5.6.2 Flood mitigation  

Figure 5.11 indicates that the “do nothing” plan has the highest 100-year flood peak 

level at the bar management site among all three bar management plans, which confirms 

the hypothesis that the existing bars pose a high flood risk to the city. Figure 5.11 also 

shows that the bar removal plan results in a lower 100-year flood peak level at the bar 

management site and a slightly smaller downstream flood extent, compared to the bar 

realignment plan. Similar results could be found for the 30-year flood peak level (see 

Figure B3 in Appendix B). Thus, based on the simulation results, the bar removal plan 

performs the best in terms of flood risk mitigation among the three bar management 

plans. However, the constructability and impacts of wholesale dredging in bar removal 

are significant and likely not practice in this case. As for the bar realignment plan, in 

order to preserve the volume of instream bars, some excessive sediment is piled up to 

form the dividing wall at the design stage. This high-elevated dividing wall is 

considered to increase the 100-year flood peak level near the dividing wall. Regardless, 

the designed bar realignment plan in this study does mitigate the flood risk at most 

places of the bar management site, which demonstrates the potential of generic bar 

realignment actions in terms of flood mitigation. In other words, if instream bars are 

realigned in a different way, it is reasonable to believe that the new plan will result in 

an even better flood mitigation effect. In addition, some combination of the bar removal 

and realignment options might also present a good option in terms of flood mitigation.  

There is an interesting phenomenon in the relation between flood peak mitigation and 

bed elevation change: bar removal is predicted to lower the 100-year flood peak by 0.26 

m on average at the bar management site (Figure 5.11a), compared with the “do nothing” 

plan. However, the average bed elevation difference at the bar management site 

between bar removal and “do nothing” at the time of 100-year flood peak is only 0.0029 

m (see Figure 5.13). This high inconsistency indicates that the quantitative bed 

elevation difference between those two cases at the time of 100-year flood peak is not 

the fundamental cause of the flood peak reduction. To the authors’ point of view, this 

reduction is because the bar removal case brings a more uniform and less obstructed 

bed form compared to the “do nothing” case at the time of 100-year flood peak, which 

resulted in a lower flow resistance and thus greater ability to convey flood water. In 

comparison, the average bed elevation difference at the bar management site between 
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bar realignment and “do nothing” at the time of 100-year flood peak is 0.07 m (Figure 

5.11b). Since the sediment volume in the bar realignment case is preserved, the 

mitigation to the flood water blockage is limited. Thus, the quantitative bed elevation 

difference becomes dominant in the determination of the flood peak reduction, which 

is 0.07 m in average at the bar management site (Figure 5.13). It could be learned that 

simply relating the lowering of flood peak level to the lowering of river bed level could 

be misleading, as the propagation of floodwater is a continuous and highly dynamic 

progress. Flood peak could still be lowered through altering the river bed form and 

lowering flow resistance, with or without lowering of river bed level. The approach of 

creating a uniform, less obstructed river bed form needs to be paid more attention in 

terms of fluvial flood mitigation. 

 

Figure 5.13. The average flood peak difference and bed elevation difference at the bar management 

site between bar removal (or bar realignment) and “do nothing” at the 100-year flood peak. 

Difference = “do nothing” - “bar removal” (or “bar realignment”). 

5.6.3 Aquatic habitat & river recreation 

Figure B2b (in Appendix B) shows that after total bar removal, it will likely require 

several bed mobilizing flood events and thus possibly decades for the bars to reform. 

During those years, the bed morphology at the bar removal site will be relatively flat 

and uniform, which is generally unfavorable for fish habitat. Even after the recurrence 

of the instream bars, the overall bed morphology is still more uniform and lower in 

variety compared to the bar realignment plan or “do nothing” plan. In contrast, after the 

long-term run of using the bar realignment plan, although the entrance to the designed 

fish-spawning side channel near the Poppy Plaza bar is blocked, the side channel is still 
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accessible during high-flow, which could provide refuge for fish during floods. In 

addition, the bed form variety in the bar realignment plan is quite high and remains 

relatively stable without significant deposition or erosion after a quite long term. This 

provides a favorable condition for aquatic ecosystem development for fish, water birds, 

as well as aquatic plants. In summary, the bar realignment plan performs better in terms 

of the protection of aquatic habitat compared to the bar removal plan. 

At the design stage of different bar management plans, a river recreation park was 

proposed at the right side of the dividing wall in the bar realignment plan. According 

to the long-term simulation results (Figure 5.11c), no significant deposition or erosion 

occurs at the right side channel, which indicates that the river recreation park could 

maintain its normal functionality for a long time without maintenance works such as 

dredging. In contrast, this site was both filled with sedimentation in the bar removal 

plan and the “do nothing” plan. In conclusion, the bar realignment performs the best in 

terms of the realization of river recreation purpose among all three bar management 

plans. 

5.6.4 Limitations and future concerns 

The use of numerical models always involves a compromise between the computational 

cost and model details. In addition, numerical models also require a series of 

assumptions to represent and simplify the actual physical process and properties, which 

brings additional uncertainties to the results. Limitations of this study are addressed 

herein for further improvement: 

 In order to save computational cost, the model domain only includes a part of the 

dry land, which prevents the floodwater to propagate further across the inland 

model boundary. Nonetheless, the modeled flood inundation areas match with the 

observed flood extent (Zhang & Crawford, 2020). Thus, this limitation was not 

considered to influence the model results, especially the morphodynamic aspect. 

Future study could extend the model domain so that the overall flood extent could 

also be used as a validation parameter. 

 Impact from climate change is not considered in the design hydrograph, which 

limits the application of the projection results. Nonetheless, this study mainly 

focuses on the comparative study of the performance of different bar management 

plans. Thus, results are still meaningful to understand instream bar management 

and guide engineering practice. Climate change could be introduced in future 
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studies to study the resulted bed form of a pre-selected bar management plan in a 

more accurate manner. 

 Delft-3D is not capable of modeling the colonization process of bar surface 

vegetation during a series of flood events. In reality, the bar removal option might 

create new bars that quickly vegetate and become permanent, they may be even 

more stable, grow even faster, and result in even higher flood levels at the bar 

management site than the model assumes. Thus, the actual flood mitigation effect 

of bar removal might not be that good. Again, since this study is mainly a 

comparative study and the colonization process is not considered for all three cases, 

results are still meaningful. 

5.7 Conclusion 

In this study, we developed a high-resolution morphodynamic model to reproduce the 

flood-induced morphological change in the Bow River, Calgary. We then utilized the 

developed morphodynamic model to evaluate the performance of three gravel bar 

management plans in terms of morphological impacts, flood mitigation, aquatic habitat 

protection, and possible river recreation use. This study demonstrates the consequences 

of instream bar management to the riverine environment and shows the great potential 

of a morphodynamic model as an impact and risk assessment tool. Several conclusions 

could be drawn herein: 

 If no management action is taken to deal with the flood-induced instream bars in 

Bow River, the river channel is predicted to become narrower and deeper near those 

bars, which brings instability issues to the bridge piers and a high flood risk to the 

riverine neighborhood. 

 Bar removal may bring a sediment deficit at the removal site, which induces bars 

recurrence in the Bow River case. The reoccurred bars are predicted to be both 

smaller and lower compared to the original bars. Although bar removal presents 

the best flood mitigation effect among all three plans, the constructability and 

ecological impacts of wholesale dredging should not be overlooked. 

 Bar realignment plan can stabilize the channel bed thus performs better in terms of 

aquatic habitat protection as well as the realization of river recreation in the Bow 

River case. Although the proposed bar realignment plan in this study has limited 

ability to mitigate flood risk due to the construction of a dividing wall, it is 
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reasonable to speculate that a different realignment strategy could have better 

mitigation effects.  

 The downstream morphology could be affected in a short-term if the bar 

management plan brings sediment deficit to the Bow River reach (i.e. bar removal). 

However, no matter which plan is applied, the downstream morphological patterns 

are predicted to be similar in a long-term. Thus, manipulation on vegetated 

instream gravel bars does not have obvious morphological impact to the 

downstream river reach.  

 Simply relating the lowering of flood peak level to the lowering of river bed level 

could be misleading because the propagation of floodwater is a continuous and 

highly dynamic progress. Creating a uniform, less obstructed river bed is believed 

to be the fundamental strategy in flood mitigation. 
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Chapter 6. TiFA: An Efficient and Robust LSPIV Algorithm 

Based on Joint Distribution Analysis 

6.1 Abstract 

The incapability of processing flow velocities under low tracer density conditions is 

one of the limitations of the traditional Large-Scale Particle Image Velocimetry 

(LSPIV). This study developed a new LSPIV algorithm, Time Frequency Analysis 

(TiFA), to overcome such a limitation, enhance computational efficiency, and improve 

the accuracy of derived velocities. TiFA investigates the temporal joint distribution 

pattern of two velocity components at each location. By assuming that the valid 

velocities follow a quasi-normal distribution in the velocity time series, TiFA can 

quickly and accurately separate the valid velocities from background noise and outliers. 

The performance of TiFA was evaluated by comparing with other algorithms including 

Traditional LSPIV, Ensemble Correlation (EC), Large-Scale Particle Tracking 

Velocimetry (LSPTV), and Seeding Density Index (SDI) in an experimental hydraulic 

model and two field cases. TiFA showed the highest overall accuracy and lowest 

computation cost in data analysis, especially under low tracer density conditions. In 

addition, TiFA showed its unique ability of automatically filtering out velocity data 

from low-quality zones such as no-tracer zones and surface glare zones. TiFA also 

showed its potential in processing turbulent flow. In summary, the newly-developed 

algorithm, TiFA, has demonstrated strong capability and competence in various flow 

and tracer scenarios, making it a valuable candidate for future applications. 
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6.2 Introduction 

Flow velocity measurement is the fundamental step of understanding flow behaviors. 

Velocities can be measured using either intrusive or nonintrusive techniques. Intrusive 

techniques involve placing instruments, such as propeller current meters, 

electromagnetic current meters, Acoustic Doppler Velocimetry (ADV) and Acoustic 

Doppler Current Profilers (ADCP), into the flow to measure velocity. However, 

intrusive techniques become inefficient for situations that require knowledge of the 

spatial distribution of flow velocities over a large area. As an alternative, nonintrusive 

techniques can measure a wide range of flow movement simultaneously using camera 

recordings (which provide particle locations at different time steps) and control points 

(which provide reference distance). Commonly used nonintrusive approaches include 

Particle Image Velocimetry (PIV), Particle Tracking Velocimetry (PTV), Kanade 

Lucas Tomasi Image Velocimetry (KLT-IV) (Perks, 2020), Space-Time Image 

Velocimetry (STIV) (Fujita et al., 2007), Surface Structure Image Velocimetry (SSIV) 

(Leitão et al., 2018), and Optical Tracking Velocimetry (OTV) (Tauro et al., 2018b).   

Large Scale Particle Image Velocity (LSPIV) is one of the PIV approaches that can be 

applied in large-scale flow domains such as rivers to measure surface flow velocities 

(Fujita et al., 1997). Its reliability and performance have been tested in many different 

scenarios. For example, Muste et al. (2004) showed that the relative error of LSPIV was 

less than 1.5% under ideal conditions in a physical model. Bandini et al. (2022) showed 

that LSPIV could reconstruct the river velocity profile with an accuracy of a few 

centimeters/seconds and coefficient of determinations (R2) larger than 0.7 (in half of 

the cases larger than 0.85). LSPIV has been applied in many different situations such 

as measuring velocities in ship‑induced waves (Fleit & Baranya, 2022), near hydraulic 

structures (Strelnikova et al., 2020; Kantoush et al., 2011), in steep bedrock canyons 

(Ansari et al., 2018), and during flood events (Le Coz et al., 2010; Lin et al., 2024). 

Recent studies also showed the capability of integrating LSPIV with artificial 

intelligence (Ansari et al., 2023) and satellite platform (Legleiter & Kinzel III, 2021; 

Masafu & Williams, 2024).  

LSPIV requires a clear and consistent identification of certain flow surface features to 

ensure a correct estimation of instantaneous velocity vectors from cross-correlation 

calculation in consecutive frames (Dal Sasso et al., 2021). Natural surface features such 

as ripples and foams can be used in LSPIV when there is enough turbulence (Liu et al., 

2021; Li & Yan, 2022). However, such conditions do not always exist in all rivers at 
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all times. Artificial surface tracers are commonly introduced to the flow by seeding the 

study area with particles such as wood chips (Detert et al., 2017), rice cereal (Duan et 

al., 2023), eco foams (Strelnikova et al., 2020), and fluorescent particles (Naves et al., 

2019) to facilitate image interpretation. Either way, high tracer density is crucial for 

accurate velocity estimates using traditional LSPIV. Otherwise, the instantaneous 

velocity vectors derived from no-tracer zones will be different (usually lower) from 

those vectors derived from other zones, which underestimates the final velocity after 

time-averaging. However, favourable tracer conditions were rarely encountered both in 

experimental and field studies (Muste et al., 2004; Lewis & Rhoads, 2015; Yu et al., 

2015; Tauro et al., 2017; Dal Sasso et al., 2020), which becomes one of the major 

limitations of traditional LSPIV (Tauro et al., 2017).  

There are several options to deal with the velocity processing issue under low tracer 

density conditions: 

 Ensemble Correlation (EC). EC was originally developed by Santiago et al. 

(1998) as a velocity vector processing algorithm in MicroPIV. It was then 

introduced to LSPIV by Meinhart et al. (2000). Since then, EC has been further 

refined and improved through various studies (Westerweel et al., 2004; 

Sciacchitano et al., 2012; Theunissen & Edwards, 2018; Edwards et al., 2020). It 

showed improved performance in many different low tracer density situations (e.g. 

Jeon et al., 2014; Strelnikova et al., 2020; Ljubičić et al., 2024), compared to 

traditional LSPIV. In addition, as a subsidiary tool of traditional LSPIV, EC does 

not involve additional user-defined parameters. However, EC showed limited 

ability in turbulent flow situations (Strelnikova et al., 2020). In addition, since EC 

does not involve any data filtering process, EC users could not tell if the processed 

velocity vectors are derived from the movement of the tracers or merely from 

background noise.  Moreover, EC showed a high computational cost and 

unreliable correlation results when processing a large number of frames in large-

scale domains (Strelnikova et al., 2020). 

 Large-Scale Particle Tracking Velocimetry (LSPTV).  Different from LSPIV, 

where velocities are associated with integration windows, velocities derived from 

LSPTV are associated with surface tracers. In this way, LSPTV avoids generating 

velocities from the places where there are no tracers. Recent studies have shown 

that LSPTV is an optimal choice as opposed to traditional LSPIV under low tracer 

density conditions (Tauro et al.,2017; Dal Sasso et al., 2020) and in unsteady flows 

(Tauro et al., 2018a). However, LSPTV requires the size and shape of the tracers 
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to be clear, uniform and consistent across frame pairs (Gharahjeh & Aydin, 2016; 

Dal Sasso et al., 2020; Pearce et al., 2020). In addition, Jolley et al. (2021) reported 

that detecting erroneous vectors is more challenging in LSPTV due to its 

unstructured features (i.e., does not conform to a gridded system as LSPIV does).  

 Seeding Density Index (SDI). SDI was developed by Pizarro et al. (2020a), tested 

in field cases and further improved by Pizarro et al., (2020b) and Dal Sasso et al. 

(2021). The advantage of SDI is that it focuses only on those frames where tracers 

are relatively dense and disregards the others for a specific region, which indirectly 

increases the tracer density and significantly reduces the computational loads at the 

selected region. However, the performance of SDI highly relies on the selection of 

the Area of Interest (AOI): a smaller size of AOI will produce better results (Dal 

Sasso et al., 2021), but a smaller size of AOI might also increase the computational 

cost globally.  

In order to overcome the limitations of the abovementioned algorithms and improve the 

accuracy and efficiency of surface velocimetry processing under low tracer density 

conditions, we developed a new LSPIV algorithm named Time Frequency Analysis 

(TiFA). TiFA investigates the temporal joint distribution pattern of two velocity 

components at each location. Then, by assuming that the valid velocities follow a quasi-

normal distribution in the velocity time series, TiFA can quickly separate the valid 

velocities from background noise and outliers. TiFA was applied to estimate flow 

velocities from video footage of an experimental hydraulic model (will be noted as 

“physical model” hereafter) and two field cases. The performance of TiFA was 

evaluated by comparing velocity results to those derived using the other aforementioned 

algorithms including the traditional LSPIV, EC, LSPTV, and SDI. The newly 

developed algorithm, TiFA, demonstrated the highest overall accuracy and lowest 

computation cost in data analysis among all five algorithms, especially under low tracer 

density conditions. In addition, TiFA showed its unique ability of automatically 

filtering out velocity data from low-quality zones such as no-tracer zones and surface 

glare zones. TiFA also showed its potential in identifying the average flow velocity 

from a turbulent flow region. 
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6.3 Methodology 

6.3.1 Image velocimetry algorithms 

This section introduces the concepts and data process procedures of five image 

velocimetry algorithms that were used in this study. All images used in the analysis 

were orthorectified. The data process procedures are also illustrated in Figure 6.1. 

 

Figure 6.1. Data process procedures of different surface velocimetry algorithms: Traditional LSPIV, 

TiFA, EC, LSPTV, and SDI. “IA” is the abbreviation for “Interrogation Area”. “SA” is the 

abbreviation for “Search Area”. 

6.3.1.1 Traditional LSPIV 

At a specific region (i.e., determined by the interrogation area), traditional LSPIV first 

calculates the instantaneous correlation matrix (𝑀𝑡=1 ) from one frame pair by 
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performing cross-correlation analysis in neighboring regions (i.e. search area). Then, 

the instantaneous velocity vector (𝑉𝑡=1) is determined by searching the peak value from 

the instantaneous correlation matrix. This process is repeated for all frame pairs to 

derive a time series of instantaneous velocity vectors (𝑉𝑡=1, 𝑉𝑡=2, 𝑉𝑡=3, … , 𝑉𝑡=𝑇) at 

that region. The final velocity vector (𝑉̅) at that region is determined by averaging all 

instantaneous velocity vectors. This process is repeated for all regions across the frame 

to generate a complete spatially-distributed velocity map. More details of traditional 

LSPIV algorithms can be found in (Raffel et al., 2018). 

The freeware RIVeR version 2.6 (Patalano et al., 2017) with PIVlab version 2.59 

(Thielicke et al., 2021; Thielicke, 2022) was used in this study to perform traditional 

LSPIV analysis. Traditional LSPIV algorithm used the Fast Fourier Transformation 

(FFT) window deformation method to perform correlation analysis on each 

Interrogation Area (IA) and the neighboring Search Area (SA). As recommended by 

Raffel et al. (2018), two correlation search passes were used in this study, with the IA 

size of the second pass equal to half of the IA size of the first pass. Recent studies have 

shown that the results of traditional LSPIV are sensitive to the size of IA (Pearce et al., 

2020). In this regard, for a specific case, RIVeR provides three alternative IA sizes for 

the second pass based on the overall displacement of particles, particle counts, and 

practical experience and then the median of those three IA sizes is selected as the final 

IA size. Gaussian 2x3-point interpolation was used to fit the correlation peak, which 

could bring the resolution to the sub-pixel level (Hou et al., 2022). Background noise 

and outliers were marked as not a number (NaN) values using a standard deviation filter 

along with a magnitude notch filter.  Then, time series of instantaneous velocities at 

different sites were averaged (all NaN values were excluded before the averaging) to 

produce a final velocity map. 

6.3.1.2 EC 

Different from traditional LSPIV, EC uses the time series of instantaneous correlation 

matrices (𝑀𝑡=1 , 𝑀𝑡=2 , 𝑀, … , 𝑀𝑡=𝑇−1) at a specific velocity site to calculate an 

ensemble correlation matrix (𝑀𝑠𝑢𝑚=∑ 𝑀𝑡
𝑇−1
𝑡=1 ). The final velocity vector at that site is 

determined from the peak of the ensemble correlation matrix (𝑀𝑠𝑢𝑚). This process is 

repeated for all regions across the frame to generate a velocity map. By operating on 

instantaneous correlation matrices rather than instantaneous velocity vectors, EC 

“dilutes” the random, erroneous peak correlation values (from background errors and 
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outliers) and “concentrates” the consistent, valid peak correlation values (from tracers). 

A detailed description of EC can be found in Meinhart et al. (2000).   

The freeware RIVeR version 2.6 with PIVlab version 2.59 was also used to perform the 

image velocimetry analysis using EC. Similar to the approach adopted for traditional 

LSPIV, two correlation search passes were used in EC. In order to make the comparison 

of computational cost among different algorithms meaningful, the same settings of IA 

and step size in each search pass were applied to EC, as they were in traditional LSPIV. 

Different from traditional LSPIV or TiFA, data post-processing (e.g., filtering, 

interpolation, etc.) is not feasible in EC, as EC generates a final velocity map directly 

from the consecutive frame series, without any intermediate stages or accessible data. 

6.3.1.3 LSPTV 

The freeware PTVlab version 2.59 (Patalano, 2024) was used to perform the LSPTV 

analysis. First, a Gaussian mask was used to detect and mark the locations of surface 

tracers in all frames with the help of three user-defined filtering parameters: correlation 

threshold, particle size, and intensity threshold. Different from traditional LSPIV, only 

one correlation search pass was available in LSPTV. The IA size adopted for LSPTV 

conformed to the IA size adopted for the second pass in traditional LSPIV. Then, the 

correlation between the IA centered at a specific tracer in one frame and the SAs 

centered at neighbouring tracers in the next frame was analyzed to determine the 

locations of the same tracer in consecutive frames, from which the instantaneous 

velocity vectors for that specific tracer were calculated. The correlation analysis process 

was repeated for all tracers across all frame pairs to generate a Lagrangian velocity map, 

which was then converted to the Eulerian form to produce a complete velocity map by 

taking the time-averaged values at different sites. A detailed description of LSPTV can 

be found in Brevis et al. (2011). 

6.3.1.4 SDI 

Different from other algorithms focusing on velocity recognition and post-processing, 

the Seeding Density Index (SDI), introduced by (Pizarro et al., 2020a), aims at image 

pre-processing by selecting the most informative sequence of frames from the video. 

SDI is defined as: 

𝑆𝐷𝐼 =  𝐷𝑇
0.1/(

𝜌𝑐
𝜌𝑐𝜈1

) (6.1) 
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where 𝐷𝑇, 𝜌𝑐, and 𝜌𝑐𝜈1 are the empirical spatial clustering level of tracers [-], the 

seeding density [particles per pixel (ppp)], and the converging seeding density at the 

Poisson case (𝐷𝑇 = 1) [ppp], respectively. 𝐷𝑇 is computed as 

𝐷𝑇 = [𝑉𝑎𝑟(𝑁)/𝐸(𝑁)]/1 (6.2) 

where 𝑉𝑎𝑟(𝑁) and 𝐸(𝑁) are the spatial variance and mean value of the number of 

tracers in the AOI, respectively). 𝜌𝑐𝜈1 was estimated as 1.52 × 10−3 ppp in Pizarro 

et al. (2020a).  

In SDI, first, an AOI (usually the smallest area that covers all probe measurements) was 

first selected. Then, an optimal frame window was determined based on two criteria: 

(a) the maximization of the number of frames, subject to (b) the minimization of SDI 

(Pizarro et al., 2020b). Next, the velocimetry analysis was carried out from those 

selected frame series using traditional LSPIV. A detailed description of the SDI-based 

method can be found in Pizarro et al., (2020a), Pizarro et al., (2020b) and Dal Sasso et 

al., (2021). In order to make the comparison of computational cost among different 

algorithms meaningful, the same settings were applied in SDI, as they were in 

traditional LSPIV. 

6.3.1.5 TiFA 

At a certain site in a specific flow case, each velocity vector from the velocity time 

series can either be a “valid velocity” (recognized from actual tracer movement), or 

“invalid velocity” (recognized from background noise, surface random fluctuation, 

surface glares, camera movement, etc.). We can assume that, in steady-state flow, at 

each site, valid velocities in the velocity time series will follow a quasi-normal 

distribution with its peak frequency corresponding to the actual local time-averaged 

flow velocity. The invalid velocities due to the background noise (if there are any) will 

also follow a quasi-normal distribution with its peak frequency corresponding to 

“velocity≈0”. The invalid velocities due to other factors will follow a quasi-uniform 

distribution. TiFA was developed based on these assumptions. Readers can download 

the full Matlab code of TiFA (with comments and usage instructions) from the “Data 

Availability Statement” section for free. TiFA’s algorithm is illustrated in Figure 6.2 

and described in detail as follows:  
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Figure 6.2. Illustration of the full algorithm of TiFA and associated matrices’ structures. “𝑥” is the 

axis in the image width direction while “𝑦” is the axis in the image height direction. 

 The total number of frames (𝑇), total number of velocity sites in one frame (𝑁𝑣), 

and the instantaneous velocities matrices in the 𝑥 and 𝑦 direction ([3] in Figure 

6.2) generated from traditional LSPIV were known input parameters. A user needs 
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to estimate the overall average surface flow velocity (𝑉𝑠̅) and the overall average 

tracer density (𝜌𝑇) of the target flow, which are the user-defined input parameters 

([1] in Figure 6.2). Other input parameters ([2] in Figure 6.2) are derived from the 

above-mentioned input parameters using the empirical formulas provided below: 

𝑉𝑛𝑜𝑖𝑠𝑒 =  0.23 ∙ 𝑉𝑠̅ (6.3) 

𝑁𝑐 =  17543.86 ∙ 𝜌𝑇 (6.4) 

𝑎 =  𝑚𝑖𝑛 [(𝑇 100⁄ ), 2] (6.5) 

𝑏 = 𝑟𝑜𝑢𝑛𝑑(√𝑇 − 1); (6.6) 

𝑛𝑐 = 𝑟𝑜𝑢𝑛𝑑[(𝑇 − 1) ∙  5%] (6.7) 

where 𝑉𝑛𝑜𝑖𝑠𝑒 is the noise threshold [pixel/frame], 𝑉𝑠̅ is the overall average surface 

flow velocity of the target flow [pixel/frame], 𝑁𝑐 is the count threshold [-], 𝜌𝑇 is the 

overall average surface tracer density of the target flow [ppp], 𝑎 is the edge limiter [-, 

integer], 𝑇 is the total number of frames [-, integer], 𝑏 is the total bin number of the 

joint distribution histogram [-, integer], 𝑛𝑐 is the number of velocity candidates [-, 

integer]. 

 For a certain velocity site “𝑚” (1 ≤ 𝑚 ≤ 𝑁𝑣), TiFA investigates the temporal joint 

distribution pattern of two velocity components, 𝑉𝑒𝑙𝑚,𝑥  and 𝑉𝑒𝑙𝑚,𝑦  ([4] in 

Figure 6.2), by a joint frequency matrix 𝐽𝐹𝑚
𝑏×𝑏 = 𝑓𝑉𝑒𝑙𝑚,𝑥,𝑉𝑒𝑙𝑚,𝑦([5] in Figure 6.2). 

The size of 𝐽𝐹𝑚 is calculated from the total number of frames (i.e. sample volume) 

using the "square root rule" (Eq.4), which ensures the preservation of the 

distribution pattern of the ensemble. Each row and column of 𝐽𝐹𝑚 corresponds to 

a certain range of 𝑉𝑥 and 𝑉𝑦, respectively. Each element in 𝐽𝐹𝑚 stands for the 

total number (i.e. count) of velocities whose two components, 𝑉𝑥 and 𝑉𝑦, fall into 

the velocity ranges determined by the row (ranges of 𝑉𝑥) and column (ranges of 

𝑉𝑦) of that element. A figure illustration of the 𝐽𝐹𝑚 matrix is provided in Figure 

6.3a.  

 For a certain site, those bins ranked in top “𝑛𝑐” based on their frequency counts 

(i.e., the bin with highest count, the bin with the 2nd highest count, the bin with the 

3rd highest count,…, the bin with the 𝑛𝑐
𝑡ℎ highest count) in 𝐽𝐹𝑚 will be selected 
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as candidates. Their positions in 𝐽𝐹𝑚  (i.e., rows and columns), mean flow 

velocities, and frequency counts are stored in matrix 𝑆1 ([6] in Figure 6.2). These 

candidate bins will undergo the following rounds of screening process ([7] in 

Figure 6.2) to identify the bin storing the actual flow velocity at the investigated 

site:   

(1) “C#1” & “C#2”: Candidate bins located near the edges of 𝐽𝐹𝑚  will be 

eliminated, as the corresponding velocities were likely to be outliers. 

(2) “C#3”: Among the remaining candidates, bins with frequency counts less 

than 𝑁𝑐 will be removed (i.e., “Condition #3” in Figure 6.2), as bins with 

low frequency counts have a low confidence level in representing the actual 

flow velocity. 

(3) “C#4”: From the remaining candidates, bins that do not represent a local 

maximum of the frequency counts in 𝐽𝐹𝑚  (i.e., the highest frequency 

count among neighbouring bins in 𝐽𝐹𝑚) will be discarded, as we assume 

that the actual flow velocity should follow a quasi-normal distribution. 

(4) “C#5”: Finally, among the remaining candidates, bins with an average flow 

velocity magnitude lower than 𝑉𝑛𝑜𝑖𝑠𝑒 will be excluded. The remaining bin 

will be treated as the bin containing the actual flow velocity. 

 The valid bin will be stored in the matrix 𝑆2 ([8] in Figure 6.2). 𝑆2(1,3) and 

𝑆2(1,4)  store the final velocity components, from which the final velocity 

magnitude was determined. In some cases, there is more than one row in 𝑆2. For 

those cases, the row with the highest frequency count is used. In rare cases there is 

more than one row with the same highest frequency count. In those cases, TiFA 

will further investigate the unimodal temporal frequency distributions of 𝑉𝑥 and 

𝑉𝑦  separately and use the row with the highest sum of the count of their 

corresponding velocity ranges in the unimodal distributions. 

 The above mentioned process was repeated for all velocity sites until generating a 

complete spatial-distributed velocity map. 

To help readers gain a more intuitive understanding of the TiFA algorithm, the image 

velocimetry results processed by TiFA at a sample location in the physical model 

(marked by the yellow circle in Figure 6.4b) is shown in Figure 6.3. Note that the 

original elements in 𝐽𝐹𝑚  (i.e. count) in the TiFA code have been converted to 

𝑙𝑛(𝑐𝑜𝑢𝑛𝑡 + 1)  in Figure 6.3a for better illustration. With the velocity screening 
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condition #3, TiFA can avoid identifying random outliers as the valid velocities. With 

the velocity screening condition #4, TiFA identifies both the background noise and 

valid velocities as valid velocity candidates. Then, with the velocity screening condition 

#5, TiFA can pick out the actual valid velocities and filter out background noise (see 

Figure 6.3a). With application of all those velocity screening processes, TiFA identifies 

that valid velocities at the example location should fall into the bin where 𝑉𝑥 ∈

[7.4,8.1] and 𝑉𝑦 ∈ [−1.175,−0.625]. In the end, velocities in the selected bin were 

averaged to get the final valid velocity as 𝑉𝑥 = 7.77 pixel/frame and 𝑉𝑦 =

−0.91 pixel/frame at the example location. Figure 6.3(d) shows that the valid 𝑉𝑦 

generated by TiFA does not correspond to the peak in the unimodal distribution map of 

𝑉𝑦, which means that using unimodal distribution map to identify the valid velocity can 

be unreliable as the high-frequency background noise will not be filtered out.    

 

Figure 6.3. Illustration of image velocimetry results processed by TiFA at a sample location (marked 

by the yellow circle in Figure 6.4b) in the physical model. (a) Joint frequency distribution of 𝑉𝑥 

and 𝑉𝑦 time series. Note that the black circle & cross in (a) mark the selected bin element by TiFA, 

from which the final velocity magnitude is calculated. (b) Time series of the scattered velocity 

components; (c) & (d) Unimodal frequency distribution of 𝑉𝑥  and 𝑉𝑦  time series and the 

components of TiFA-processed flow velocity (the red dashed line and the blue dashed line). Note 

that unimodal frequency distribution is not part of TiFA, unless there is more than one row with the 

same highest frequency count stored in matrix 𝑆2. 

6.3.2 Physical model 

First, we used a physical model (Figure 6.4a) to test the performance of TiFA and 

compared it with other image velocimetry algorithms. This section introduces the 

setups and experimental procedures of the physical model. 
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The physical model was located in the National Research Council of Canada’s Ocean 

Coastal and River Engineering Research Centre (NRC-OCRE), a Canada research 

laboratory in Ottawa, Ontario. The three-dimensional model included an approximately 

1 km reach of the Bow River near Calgary, Alberta, Canada, represented using an 

undistorted geometric scale of 1:30. The model was initially designed to evaluate flood 

management strategies and channel morphodynamics at the study site. The model 

channel was approximately 30.4 m in length and 5.2 m in width at model-scale.  

 

Figure 6.4. (a) Physical model layout, digital elevation model (lower left figure, units are in model 

scale) of the channel, and velocity measurement sites (“V1”, “V2”, “V3”, and “V4”; upper right 

figure). (b) An example of a distortion-corrected frame. “CP1” – “CP4” represent the ground control 

points for rectification and velocity unit conversion. Orange dashed lines mark the river channel 

boundary. The yellow circle in (b) marks the sample velocity site where the temporal joint 
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distribution of velocity components and TiFA-processed velocity are investigated (see Figure 6.3). 

Flow velocities were interpreted using a single, tested flow condition comprised of a 

constant discharge of 0.284 m3/s and a downstream water depth of 0.203 m (model-

scale). This coincides with a full-scale flow of 1400 m3/s, representing an 

approximately 35-year flood event at the study site. Two Nortek® Vectrino ADVs (“V1” 

& “V3”, see Figure 6.4a) and two Alec® electromagnetic current meters (ECM) (“V2” 

& “V4”, see Figure 6.4a) were installed in the vicinity of Louise Bridge to measure the 

flow velocity. Note that measurement site “V4” was located downstream of a bridge 

pier and was also near a localized channel constriction, where flow is more turbulent. 

An AXIS® P1378-LE Network Camera was mounted to a catwalk above the physical 

model, looking straight down to collect video data (Figure 6.4b). The size of the video 

image was 3840 x 2160 pixels, with a resolution of 96 dots per inch (DPI). The 

recording rate was 30 frames per second (FPS). Ground control points were painted 

onto the channel banks using spray paint, and surveyed using a HILTI POS 180 (see 

Figure 6.4b, CP1-CP4). All overhead lights that would cause surface glares were turned 

off in order to ensure a consistent and uniform light condition, except for the one close 

to the model downstream boundary (see Figure 6.4b), which would be used to test the 

performance of different image velocity algorithms in the glare zone. 

The experimental procedures are described as follows:  

 The desired flow discharge and downstream water level conditions were 

established and kept constant for the duration of the test.  

 Buoyant, biodegradable packing peanuts (made from starch) were introduced to 

the flow at the upstream boundary for 2 minutes. At the same time, the ADV and 

ECM probes started to collect velocity data and the camera started to record until 

all tracers had left the field of view.  To avoid surface tracer clusters, the surface 

tracer density was low (see Table 6.1). Since the surface tracers were manually 

introduced into the flow, the feeding rate was not constant. Additionally, due to the 

channel widening near the inflow boundary (Figure 6.4a), the spatial distribution 

of surface tracers was also uneven. These factors together created the opportunity 

to evaluate the performance of different algorithms under unfavorable tracer 

conditions. 

 Velocity data from the ADV and ECM instruments were time-averaged and 

converted to the surface flow velocity using the classical log-law (Keulegan, 1938) 

and the measured water depth and probe depth. 
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Table 6.1. Summary of the flow and tracer conditions and user-defined parameters in different cases. 

  Physical model Bradano River Arrow River 

Characteristics 

low tracer density 

surface glares 

turbulent flow 

background noise 

low tracer density 

background noise 

frequent outliers 

high tracer density 

flow in river bends 

Number of frames [-] 1260 600 99 

IA size [pixel] 32 36 20 

𝑉𝑠̅
#1 [pixel/frame] 5.59  3.47  4.83  

𝑉𝑛𝑜𝑖𝑠𝑒  calculated from Eq. (1) 

[pixel/frame] 
1.3  0.8  1.1  

𝑉𝑛𝑜𝑖𝑠𝑒  used in TiFA  

[pixel/frame] 
2.5#2  0.8  1.1  

 𝜌𝑇
#3 [ppp] 1.29*10-4 1.71*10-4 5.79*10-4 

𝑁𝑐  calculated from Eq. (2) [-] 2.3 3.0 10.2 

 𝑁𝑐 used in TiFA [-] 4#2 3.0 10.2 

#1 “𝑉𝑠̅” stands for average surface flow velocity 

#2 Values are adjusted to filter out data from low-quality zones, which will be discussed in section 4.3. 

#3 “𝜌𝑇” stands for average surface tracer density 

 A 42-second segment of the video was selected and exported as 1260 consecutive 

frames. Lens distortion was then corrected using the intrinsic parameters of the 

camera (see an example frame in Figure 4b). After that, frames were converted to 

greyscale and background was removed by subtracting the mean frame. Those 

converted frames were used to generate surface velocimetry results using the five 

image velocimetry algorithms. User-defined parameters are summarized in Table 

6.1. Readers can access the original video and converted frames from the “Data 

Availability Statement” section. 

 Using four ground control points (“CP1” – “CP4”) in the frame (see Figure 4b) and 

the camera frame rate of 30 FPS, frames were rectified and flow velocity vectors 

in the camera coordinates (i.e. pixel/frame) were transformed into velocity vectors 

in the world coordinates (i.e. meter/second). 

6.3.3 Field cases 
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In this section, two field cases from Perks et al. (2020) were introduced to further 

evaluate the performance of five image velocimetry algorithms. 

The first field experiment took place in the valley portion of the Bradano River, located 

in the Basilicata region of Italy. On 14 October 2016, an experiment was undertaken to 

explore the optimal setup for surface velocimetry techniques (Dal Sasso et al., 2018). 

At the time of the experiment, the maximum water depth and average surface velocity 

were 0.80 m and 0.75 m/s, respectively. Charcoal particles were added to the flow 

acting as surface tracers. A DJI® Phantom 3 Pro Unmanned Aerial Systems (UAS) 

equipped with a Sony® EXMOR 1/2.3 in. (1.10 cm) CMOS camera sensor was deployed 

to record a video for 1 min 43 s at a pixel resolution of 1920 x 1080 and a frame rate of 

24 Hz. A total of 600 images (stabilized, contrast-corrected, orthorectified and 

converted to greyscale intensity) were extracted from the footage for further analysis. 

All frames have a resolution of 0.009 m/pixel. Validation data in the form of surface 

velocities were obtained at 7 points (see Figure 6.5-a1) in a cross section using a Seba® 

F1 current flowmeter, attached to a tether line. More details about the experiment can 

be found in Dal Sasso et al. (2018) and Perks et al. (2020). The velocity data and results 

processed by TiFA at location “7” in the Bradano River case are shown in Figure 6.5 

(a3) & (a2), respectively. 

The second field experiment was undertaken in the Arrow River, located in 

Warwickshire, UK., to ascertain the accuracy of different image velocimetry 

approaches. During the experiment, the average water depth and average surface 

velocity were 0.22 m and 0.42 m/s, respectively. Ecofoam chips were added to the flow 

acting as surface tracers. A GoPro® Hero 4 mounted at a stationary telescopic pole at a 

height of approximately 2 m above the water surface was used to collect a video for 

5 min 37 s at a pixel resolution of 1920 x 1080 and frame rate of 30 Hz. Datasets of 99 

consecutive images (sampled at a frame rate of 5 Hz, orthorectified and converted to 

greyscale intensity) were extracted from the footage for further analysis. All frames 

have a resolution of 0.0174 m/pixel. Reference velocity data at 49 sites (see Figure 

6.5b1) were obtained using a Valeport® 801 electromagnetic current meter. 

Measurements were made for a period of 30 s just below the water surface, with the 

time-averaged value being reported. More details about the experiment can be found in 

Perks et al. (2020). The velocity data and results processed by TiFA at location “36” in 

the Arrow River case are shown in Figure 6.5 (b3) & (b2), respectively. 
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Figure 6.5. (a1) & (b1) A video frame and velocity measurement sites (yellow dots) in the Bradano 

River case and the Arrow River case (Perks et al., 2020), respectively. Yellow arrows mark the flow 

direction; (a2) joint frequency distribution of velocity components at the measurement site “7” in 

the Bradano River case; (a3) Time series of velocity components, (a4 – a5) unimodal frequency 
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distribution of velocity components, and (b2) joint frequency distribution of velocity components 

at the measurement site “36” in the Arrow River case (b3) Time series of velocity components, (b4 

– b5) unimodal frequency distribution of velocity components, and. The black circle & cross in (a2) 

& (b2) mark the bin from which the TiFA-processed final velocity is calculated. 

The procedures for the five image velocimetry algorithms in the two field cases are 

similar to those in the physical model case (see Section 2.2). User-defined parameters 

are summarized in Table 6.1. Note that, in Figure 6.5 (a5), TiFA discarded the element 

of the highest frequency in the joint frequency matrix 𝐽𝐹𝑚  at the sample location 

owing to the implementation of “Condition #1” & “Condition #2”. Velocities 

corresponding to the discarded element were found to be a systematic error, which is 

likely due to the error from the camera stabilization algorithm and/or the swinging 

motion of the tether line in the Bradano River case.  

6.4 Results 

Note that hereafter “LSPIV” in figures means “traditional LSPIV”. Mean Absolute 

Error (MAE) and the coefficient of determination (R2) were used to evaluate the 

performance of different algorithms, and were calculated as follows: 

𝑀𝐴𝐸 =  
∑ |𝑂𝑖 − 𝑃𝑖|
𝑁
𝑖=1

𝑁
  (6.8) 

𝑅2 =

[
 
 
 

∑ (𝑂𝑖 − 𝑂̅)(𝑃𝑖 − 𝑃̅)
𝑁
𝑖=1

√∑ (𝑂𝑖 − 𝑂̅)2
𝑁
𝑖=1 √∑ (𝑃𝑖 − 𝑃̅)2

𝑁
𝑖=1 ]

 
 
 
2

  (6.9) 

where  𝑀𝐴𝐸  is the mean absolute error; 𝑅2  is the coefficient of determination 

between the measured data (𝑂𝑖) and the image velocimetry data (𝑃𝑖); 𝑖 is the sequence 

number of a measured velocity data, 𝑁 is the total number of measured velocity data; 

𝑂̅  and 𝑃̅  are the means of the measured and image velocimetry data at all 

measurement sites, respectively.  

6.4.1 Physical model 

Figure 6.6 shows the results of five image velocimetry algorithms in the physical model 

at four measurement locations.  
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Figure 6.6a shows a significant velocity underestimation using traditional LSPIV and 

SDI at measurement locations. Figure 6.6b demonstrated the similarly good 

performance of TiFA, EC, and LSPTV at the measurement locations. Among them, 

TiFA showed the highest accuracy with the lowest MAE (Figure 6.6b) and the highest 

R2 (Figure 6.6c). The MAE of TiFA is 41% lower than the second lowest MAE 

produced by LSPTV, and the R2 of TiFA is 100% higher than the second best R2 value 

produced by EC. In addition, both TiFA and LSPTV showed more reliable velocity 

predictions at the turbulent region (i.e. site “V4”) than the other three algorithms. This 

also confirms the relatively inadequate performance of EC in turbulent flow.  

 

Figure 6.6. Results of five image velocimetry algorithms at the velocity measurement locations in 

the physical model. (a) Measured velocity versus image velocimetry results at different 

measurement locations, “V1” - “V4”; (b) MAE of five image velocimetry algorithms; (c) R2 of five 

image velocimetry algorithms; (d) Computational cost of five image velocimetry algorithms. 

Figure 6.6d shows the computational cost of five image velocimetry algorithms in the 

physical model case. The working platform was a DELL® Precision 5570 Workstation 

with an Intel® Core™ i7-12700H processor (14 cores, 4.70 GHz, and 20 threads). The 

computational cost is the sum of the time spent on the setup of user-defined parameters 

and data processing (including correlation analysis and data post-processing). The time 

spent by TiFA on data processing is almost the same as that of traditional LSPIV. 

However, less parameter setup time was required for TiFA compared to traditional 

LSPIV. EC requires minimal parameter setup time, but requires higher data processing 
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time compared to LSPIV and TiFA. LSPTV had the highest computational cost of the 

tested algorithms with regard to both data processing time and parameter setup time. 

Although being efficient in only processing the selected AOI in SDI, the total 

computational cost of SDI is still quite high if processing the whole frame area. 

Figure 6.7 shows the velocity maps generated from the five image velocimetry 

algorithms in the physical model. Note that only the velocity map in the AOI that is 

around the velocity measurement sites was shown in the SDI case as it is adequate to 

demonstrate SDI’s performance.  

 

Figure 6.7. Velocity maps of five image velocimetry algorithms in the physical model. (a) 

Traditional LSPIV; (b) TiFA; (c) EC; (d) LSPTV; (e) SDI. White polygons mark the downstream 

glare zone. White circles mark the no-tracer region. White arrows mark the flow direction. 

Figure 6.7 further confirms the substantial velocity underestimation using traditional 

LSPIV and SDI. Figure 6.7 also shows the similar performance among TiFA, EC, and 

LSPTV. Nevertheless, in the high velocity region, overall velocities are slightly higher 

in LSPTV than TiFA while slightly lower in EC than TiFA. Considering the fact that 

TiFA produced the smallest error at the velocity measurement sites, we suspect LSPTV 

and EC might have overestimated and underestimated the overall flow velocity, 

respectively. In addition, there are large discrepancies between EC and LSPTV in terms 

of the velocities at the downstream glare zone (see white polygons in Figure 6.7), which 

demonstrates the uncertainties of EC and LSPTV under unfavorable light conditions. 

In contrast, TiFA filtered out those uncertain velocities and marked them as NaN. 

Moreover, there is a region close to the inflow boundary where tracers rarely passed 

through (see the white circles in Figure 6.7) due to the surface wake produced by a 

sensor probe in front of it. Velocities in this region were processed as “0” in EC while 

as “NaN” in TiFA and LSPTV. TiFA had successfully marked the entire no-tracer 

region while LSPTV and EC only marked a portion of that region. The treatment on 
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glare zones and no-tracer regions demonstrates the strong capability of TiFA in terms 

of filtering out data with low fidelity.  

6.4.2 Field cases 

Figure 6.8 & Figure 6.9 show the accuracy and computational cost of five image 

velocimetry algorithms in the Bradano River case and in the Arrow River case, 

respectively. The velocity map results in those two cases can be seen in Figure C1 & 

Figure C2 in Appendix C. 

 

Figure 6.8. Accuracy and computational cost of five image velocimetry algorithms in the Bradano 

River case. (a) Measured velocity versus image velocimetry results at different measurement 

locations, V1-V7; (b) MAE of five image velocimetry algorithms; (c) R2 of five image velocimetry 

algorithms; (d) Computation cost of five image velocimetry algorithms. 

Figure 6.8 shows that the performance of TiFA was still the best both in terms of 

accuracy and efficiency in the Bradano River case. Unlike the physical model case, 

traditional LSPIV did not substantially underestimate all flow velocities in the Bradano 

River case. This is possibly due to the high-frequency residual error (see Figure 6.5-a2) 

coming from the drone movement correction algorithm in the Bradano River case: the 

magnitude of the residual error is about 11.6 px/frame, which is much higher than the 

background noise of about 0.86 px/frame (see Figure 6.5-a2). After time-averaging all 

velocity data at a certain site in traditional LSPIV, the high-magnitude, high-frequency 



 

 124  

 

residual error outweighs the low-magnitude, high-frequency background noise and 

causes the traditional LSPIV to no longer substantially underestimate flow velocities in 

the Bradano River case. Nevertheless, the performance of traditional LSPIV is still not 

acceptable considering an R2 value of 16% (Figure 6.8c). EC showed moderate 

performance both in terms of accuracy and efficiency. However, EC substantially 

overestimated the velocity at site “V7” (Figure 6.8a). Although the overall accuracy of 

LSPTV is acceptable, it took the second longest time to process velocity data. In 

addition, LSPTV didn’t produce any flow velocity data at site “V1” & “V7” (Figure 

6.8a). Similar to the physical model case, SDI produced the highest error in the Bradano 

River case.  

Figure 6.9 shows that, under the favorable tracer condition, TiFA is equally accurate as 

the other algorithms. Noteworthy, TiFA no longer had the computational cost 

advantage over EC in the Arrow River case, due to efforts on parameter setup in TiFA. 

Nevertheless, the computational time TiFA spent on data processing was still much 

lower than that of EC. The performances of LSPTV, LSPIV, and SDI in the Arrow 

River are similar to that in previous cases. 

 

Figure 6.9. Accuracy and computational cost of five image velocimetry algorithms in the Arrow 

River case. (a) Measured velocity versus TiFA results at different measurement locations. (b) MAE 

of five image velocimetry algorithms. (c) R2 of five image velocimetry algorithms. (d) Computation 
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cost of five image velocimetry algorithms. 

6.5 Discussion  

6.5.1 Evaluation: Accuracy 

In traditional LSPIV, invalid velocities are filtered out using post-process filters such 

as neighboring filter, standard deviation filter, and magnitude notch filter. However, 

those filters are constant for each frame, regardless of the variation of local flow 

conditions, light conditions, and tracer density conditions at different regions. Applying 

weak filters may preserve noise and outliers, while using harsh ones may discard valid 

data. In addition, to the best of our knowledge, no filters in PIVlab can filter out the 

high-frequency outliers in the Bradano River case. Those limitations make the 

parameter tuning process very challenging in traditional LSPIV, especially under low 

tracer density conditions. In this regard, time-averaging on the velocity time series 

could result in great uncertainties, and thus low accuracy (see Figure 6.6b & Figure 

6.8c) under low tracer density conditions.  

In EC, infrequent velocities are “diluted” and frequent velocities are “concentrated” in 

the ensemble correlation matrix. By doing so, EC can accurately identify those frequent 

velocities from the correlation matrices time series regardless of the variation of flow, 

tracers, or light conditions. However, the identification process relies on the hypothesis 

that “frequent velocities” and “valid velocities generated from tracer movement” are 

equivalent at all times. This hypothesis may not hold under the conditions of (1) 

turbulent flow, where ripples and foams generated from surface fluctuations may 

interfere (see Figure 6.6a, “V4”); (2) existence of high-frequency outliers, which may 

be incorrectly recognized as valid velocities (see Figure 6.8a, “V7”); and (3) glare zones 

and no-tracer zones, where noise may be incorrectly recognized as valid velocities (see 

Figure 6.7c, the white circle and the white polygon).  

Different from EC, all velocities in LSPTV are linked to tracers, which avoids 

extracting velocity data from background noise, ripples or foams due to surface 

turbulence. Thus, LSPTV shows a very good overall accuracy under the low tracer 

density conditions (see Figure 6.6b & Figure 6.8b) and in turbulent regions (Figure 6.6a, 

“V4”). However, the correlation analysis in LSPTV is based on the identification of 

surface tracers, which is mainly performed using the greyscale intensity threshold. In 

this regard, LSPTV may wrongly treat surface glares as surface tracers and produce 

unreliable results accordingly (see Figure 6.7d). In addition, LSPTV requires a 

consistent particle shape & intensity between successive frames to produce valid 
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velocity results. Otherwise, it may lose track of particles and produce “NaN” results 

(see Figure 6.8a, “V1” & “V7”). 

The basic principle of TiFA is similar to that of EC, both attempting to link the high-

frequency data to the valid data. Different from EC, where high-frequency data are 

directly treated as valid data, TiFA has the flexibility to filter out invalid data from the 

high-frequency data by incorporating additional filters (i.e. Figure 6.2, “Condition#1 - 

#5”). By doing so, TiFA has the ability of (1) generating accurate average velocity 

estimates in turbulent flow regions (see Figure 6.6a, “V4”); (2) not being affected by 

high-frequency outliers (see Figure 6.8a, “V7”); (3) filtering out velocities from glares 

and no-tracer zones (see Figure 6.7b, the white circle and the white polygon). Compared 

to LSPTV, TiFA is more flexible and robust as it does not require consistent particle 

shape & intensity to produce velocity results (see Figure 6.8a, “V1” & “V7”). With 

those advantages, TiFA produced the lowest overall error over the others under the low 

tracer density conditions (Figure 6.6c & Figure 6.8c). However, since TiFA is built on 

statistical analysis, the applicability and performance of the algorithm is contingent on 

the availability of a suitable sample size (i.e. total number of frames). This may explain 

why TiFA did not show a significant advantage over the others in the Arrow River case 

(Figure 6.9b & 6.9c) where the sample size was relatively low. It is believed that the 

performance of TiFA can be improved in the Arrow River case, if provided with more 

frames (e.g. > 500 frames).  

In SDI, an optimal frame window was selected based on the tracer density in the AOI. 

This image pre-processing technique reduced the background noise to a certain extent. 

However, SDI did not fully remove background noise. It still requires the same post-

processing filters as traditional LSPIV does, thus shares the same limitation as 

traditional LSPIV. Noteworthy, the optimal frame window determined by SDI is based 

on the overall tracer density in the AOI. Thus, the local tracer density (e.g. at velocity 

measurement sites) in the selected frame window might be lower than the overall tracer 

density in the AOI. In addition, SDI substantially reduced the total number of target 

frames (e.g., SDI selected 102 frames out of 1260 frames based on the selected AOI), 

which induced information loss. The decrease of the total number of frames also makes 

SDI very sensitive to outliers (Figure 6.8a, “V1” & “V6”). As a result, SDI did not 

perform better than LSPIV in the low tracer density cases as expected (Figure 6.6b & 

6.8b). 
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6.5.2 Evaluation: Efficiency  

In traditional LSPIV, the user-defined parameters are mainly the post-process filters. 

As mentioned before, the tuning process of those parameters can be very challenging 

under low tracer density conditions. Nevertheless, data processing requirements for 

traditional LSPIV generally have low computational cost. Thus, the overall efficiency 

of traditional LSPIV depends on the total number of frames: when the total number of 

frames is not large (i.e. the Arrow River case), the time spent on user-defined 

parameters will be dominant, which makes traditional LSPIV relatively inefficient 

(Figure 6.9d); when there is a large amount of frames (i.e. the physical model case and 

the Bradano River case), the time spent on data processing will be dominant, which 

makes traditional LSPIV very efficient (Figure 6.6d & 6.8d).  

Compared to traditional LSPIV, EC does not involve any additional user-defined 

parameters, which makes it very user-friendly. However, the data process time of EC 

is about 2 to 3 times that of traditional LSPIV. It is suspected that is because, for a 

certain location, EC needs to compute and store all elements in all instantaneous 

correlation matrices in the computer Random Access Memory (RAM) in order to 

calculate the ensemble correlation matrix, which might slow down the computation. In 

addition, since the number of elements in each correlation matrix is proportional to the 

square of the IA size, running the multi-pass correlation analysis in such an algorithmic 

framework probably further increases the computational cost of EC. Therefore, the 

overall computational cost of EC is about 2 times that of TiFA when the total number 

of frames and the frame size are medium (Figure 6.8d) or large (Figure 6.6d).  

TiFA adopts the correlation analysis framework of traditional LSPIV and does not 

compute or store any of the time series of correlation matrices as EC does, which makes 

TiFA more efficient in data analysis than EC. TiFA only involves two input parameters, 

“average surface flow velocity 𝑉𝑠̅ ” and “average tracer density 𝜌𝑇 ”. Those two 

parameters are easier to determine compared to the post-process filters in traditional 

LSPIV. Thus, TiFA combines the advantages of traditional LSPIV and EC in terms of 

the overall framework efficiency, which makes it extremely efficient when the total 

number of frames and the frame size are medium (Figure 6.8d) or large (Figure 6.6d). 

When the total number of frames is small, TiFA is comparatively more computationally 

expensive than EC as it requires more parameter setup effort, yet still ranks the second 

most efficient among all five algorithms. 
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The number of user-defined parameters involved in LSPTV is the highest among all 

algorithms. Parameters in the particle detection stage include “correlation threshold”, 

“pixel size threshold”, and “intensity threshold”. Parameters in the correlation analysis 

stage include “IA size”, “minimum correlation”, and “neighbouring similarity level”. 

Those parameters are dependent on the quality and physical properties of frames and 

tracers, which are not straightforward to determine. This makes the parameter tuning 

process in LSPTV very time-consuming. During the data analysis stage, for each frame 

pair, the computational cost of LSPTV is not only a function of the IA size, but also a 

function of the total number of tracers, which makes the data analysis also very time 

consuming. Thus, LSPTV combines the disadvantage of traditional LSPIV and EC in 

terms of the framework efficiency, which makes it extremely inefficient in various 

conditions (Figure 6.6d, Figure 6.8d, and Figure 6.9d). 

As an image pre-processing algorithm, SDI does not involve many additional user-

defined parameters. Thus, the computational time spent on parameter setting in SDI is 

similar to that in traditional LSPIV. By reducing the total number of target frames, the 

time spent on the correlation analysis is dramatically reduced in SDI. However, 

corresponding results are only for the target AOI. In order to cover the entire flow area, 

the correlation analysis process needs to be looped (Figure 6.1). In this regard, the 

overall efficiency of SDI is similar to traditional LSPIV (Figure 6.6d, Figure 6.8d, and 

Figure 6.9d). 

6.5.3 User-defined parameters in TiFA 

The original user-defined input parameters in TiFA are “Noise threshold 𝑉𝑛𝑜𝑖𝑠𝑒” and 

“Count threshold 𝑁𝑐”. They are applied in velocity screening conditions “Condition 

#3” & “Condition #5” to filter out noises and ensure the frequency of valid velocities 

in the velocity time series, respectively. However, the meanings of 𝑉𝑛𝑜𝑖𝑠𝑒 and 𝑁𝑐 are 

not straightforward. After investigating TiFA’s performance in different cases, we 

found that 𝑉𝑛𝑜𝑖𝑠𝑒 and 𝑁𝑐 seem to follow a linear relationship with overall average 

surface velocity “𝑉𝑠̅” and overall surface tracer density “𝜌𝑇”, respectively (see Table 

6.1 and Figure C3 in Appendix C). Thus, 𝑉𝑠̅ and 𝜌𝑇 are selected as the user-defined 

parameters, and 𝑉𝑛𝑜𝑖𝑠𝑒 and 𝑁𝑐 are calculated using the empirical formulas Eq.(1) and 

Eq.(2). When the target flow is free of glares, users should directly adopt the values of 

𝑉𝑛𝑜𝑖𝑠𝑒 and 𝑁𝑐 calculated from the empirical formulas. When there are surface glares, 

using empirical formulas to determine 𝑉𝑛𝑜𝑖𝑠𝑒 and 𝑁𝑐 will still produce valid results 

at glare-free regions. Users should exercise judgement to adjust the values of 𝑉𝑠̅ and 
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𝜌𝑇  to filter out glares (see Table 6.1), which might impact the results at glare-free 

regions. 

6.5.4 Limitations and future concerns 

This study demonstrates the great potential of TiFA in various situations, especially 

under low tracer density conditions. However, there are several limitations in this study 

that need to be addressed for future exploration: 

 Sensitivity analysis and optimal settings. This study aims to show the accuracy 

and efficiency of TiFA in different situations by comparing with other algorithms. 

To facilitate comparison, this study used the same IA size for all algorithms in each 

case. In addition, default values were adopted for some user-defined parameters in 

this study, such as “minimum correlation” and “neighbouring similarity level” in 

LSPTV. In addition to the “square root rule”, there are other options to select the 

optimal bin number that have not been tested in TiFA, such as the Sturges’ rule, 

Rice’s rule, Freedman-Diaconis rule, and others (Hacine-Gharbi & Ravier, 2021). 

Therefore, the tested algorithms were not thoroughly optimized in this study and 

the results presented in this study may not reflect the best results achievable for the 

tested algorithms. Future works should try to evaluate the accuracy of different 

algorithms using the optimal settings of user-defined parameters, with a thorough 

sensitivity analysis. 

 More trials. There are some other competitive image velocimetry algorithms that 

are not investigated in this paper such as KLT-IV, STIV, SSIV, and OTV. Future 

works should consider a more thorough evaluation of TiFA by comparing with 

those algorithms. In addition, the successful performance of TiFA in turbulent flow 

was demonstrated at only one localized region in the physical model. More diverse 

flow conditions should be used to further test TiFA’s performance under different 

situations, especially in turbulent flow. Moreover, TiFA should also be trialed and 

further polished in other challenging situations such as the presence of rod-like 

tracers (e.g. Pizarro et al., 2020a) and irregular shadows (e.g. Dal Sasso et al., 2021). 

 Empirical formula. The empirical formulas (i.e., Eq. [1] - [5]) presented in this 

study produced the best velocity results in the physical model and two field cases 

using TiFA. However, those formulas were not validated against independent data. 

Thus, it is possible that they will not apply to new data sets. More datasets from 
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different situations are needed to further test and polish the empirical formulas used 

in TiFA. 

6.6  Conclusion 

The incapability of processing flow velocities under low tracer density conditions has 

constrained the application of traditional LSPIV for a long time. This study developed 

a new LSPIV image velocimetry algorithm, Time Frequency Analysis (TiFA), to 

overcome such a limitation. We evaluated the performance of TiFA in a physical model 

and two field cases and compared with other algorithms including traditional LSPIV, 

Ensemble Correlation (EC),  Large-Scale Particle Tracking Velocimetry (LSPTV), 

and Seeding Density Index (SDI).  

Under low tracer density conditions, TiFA showed the highest accuracy among all five 

algorithms: the coefficient of determination of TiFA (R2 ≈ 83%) is approximately 

two times higher than that of the second-best performing algorithm (R2 ≈ 44%). 

Under favorable tracer conditions, TiFA’s performance is similar the other algorithms, 

which demonstrates the robustness and adaptability of TiFA. It was found that the 

accuracy of different algorithms not only depends on their ability to identify valid flow 

velocities, but also depends on their ability to recognize and discard invalid velocities. 

The authors believe the latter mainly determines the image velocimetry accuracy under 

unfavorable conditions and is the fundamental reason for TiFA’s success. In addition, 

TiFA showed its ability of filtering out velocity data from surface glare zones and no-

tracer zones, which LSPTV and EC are not capable of. TiFA also showed its potential 

of identifying average velocity from turbulent flow regions, where EC generally 

performs poorly. Since TiFA is based on statistical analysis, its performance is 

contingent on the availability of a suitable sample size (i.e. number of frames). 

As for the computational efficiency, results show that TiFA is the most efficient 

algorithm among all five algorithms when the total number of frames is medium (i.e. 

600 frames) or large (i.e. 1260 frames). When the total number of frames is small (i.e. 

99 frames), TiFA’s efficiency ranks the second highest as it requites more time on user-

defined parameters than EC. Nevertheless, only two user-defined parameters are 

involved in TiFA: “noise threshold 𝑉𝑛𝑜𝑖𝑠𝑒” and “tracer count threshold 𝑁𝑐”. We found 

that those two parameters show linear relationships with the average surface flow 

velocity and average tracer density, respectively, which are relatively easy to determine.  
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In summary, the newly-developed image velocimetry algorithm, TiFA, has shown its 

great competence in various situations, especially under low tracer density conditions. 

Future studies can work on more trials on TiFA to further improve its accuracy and 

efficiency. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

 132  

 

Chapter 7. Inundation Dynamics of an Extreme Urban 

Confluence Flood: Insights from In-Situ Measurements, 

Remote Sensing, and Hydrodynamic Modelling 

7.1 Abstract  

While the flow characteristics of open channel confluences have been extensively 

studied, the inundation dynamics of urban confluence floods remain unexplored. This 

study aims to fill this research gap by investigating a 100-year flood event at the 

Ottawa-Gatineau (OG) confluence in Canada, utilizing in-situ measurements, remote 

sensing, and a two-dimensional (2D) hydrodynamic model. A flow rating curve was 

first developed at the confluence outlet, showing that the total discharge and water level 

follow a power-law function, with minimal influence from confluence discharge ratio. 

The developed rating curve also showed a distinct segmentation behavior, where water 

level increases faster with total flow discharge in the overbank flow stage than that in 

the in-channel flow stage, probably due to the combined effects of the change of 

roughness and friction slope. Then, we employed MIKE+ to develop a two dimensional 

(2D) unsteady hydrodynamic model to study the confluence flood dynamics. The 

developed 2D model reproduced well the measured inland floodwater velocity and 

urban flood inundation extent, demonstrating its reliability in simulating large-scale 

urban confluence floods. Model results show that confluence flood inundation extent is 

mainly a function of total flow discharge, with minimal impact from discharge ratio or 

flow unsteadiness. Therefore, using steady-state models may be appropriate in future 

modeling of urban confluence floods.  
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7.2 Introduction 

Open channel confluences are important nodes in river flow networks. On the one hand, 

confluences offer great water resources, fishery resources, and waterway transportation 

convenience to human society (Cao et al., 2023; Wang et al., 2024c). On the other hand, 

confluences are susceptible to contamination (Yuan et al., 2019; Haque et al., 2024), 

bank erosion (Lawal & Omosanya, 2023; Kumar et al., 2024), and risks of urban 

flooding (De Leo et al., 2020; Ravichandran et al., 2024). In recent years, climate 

change and urbanization have significantly altered both global and local hydrological 

processes (Qian et al., 2022), which brings additional uncertainties to urban confluence 

floods.  

Numerical modelling is a powerful and cost-effective tool in studying fluvial urban 

floods. Van Emelen et al. (2012) found that even though three-dimensional (3D) models 

may improve the accuracy of the simulated results for a fluvial urban flood event, 2D 

models appear to be satisfactory for predicting flows in complex situations with a 

reasonable computational and meshing effort. Costabile et al. (2020) benchmarked 

three flood inundation models including a 2D shallow-water model, a 2D diffusive 

wave model, and a 2D porosity model in experimental and field environments. Results 

demonstrated that the 2D shallow-water model produced the best prediction in terms of 

water depths, which makes 2D shallow-water models more commonly used in fluvial 

urban flood modelling compared to other types of models (e.g. Bisht et al., 2016; 

Dasallas et al., 2019; Horváth et al., 2020; Farooq et al., 2019; Mustafa & Szydłowski, 

2021; Marangoz & Anilan, 2022; Yu et al., 2022; Devi & Kuiry, 2024). 

Although being suitable and widely used in fluvial urban floods simulations, 2D models 

may no longer be suitable for confluence environments, as the flow features in open 

channel confluences are characterized by significant secondary flow and 3D turbulent 

features (Best, 1987; Lewis & Rhoads, 2018; Yuan et al., 2021; Xu et al., 2022), which 

makes 3D models more widely used in studying confluence hydrodynamics (e.g. 

Bradbrook et al., 2000; Baranya et al., 2013; Sukhodolov et al., 2017; Constantinescu 

et al., 2011; Dai et al., 2020; Pandey & Mohapatra, 2022; Yan et al., 2024). However, 

in the field of fluvial urban flood modeling, relatively large model domain yet small 

mesh size is usually required with large computational cost, thus 2D models are still 

preferred over 3D models, particularly for unsteady flood simulations. By evaluating 

the performance of a 2D model at a tidal confluence, Xie et al. (2018) claimed that for 

a confluence with a large width-to-depth ratio, a 2D model is an acceptable compromise 
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as long as the secondary flow corrections are included. Horváth et al. (2020) evaluated 

the performance of different shallow-water schemes in an overbank confluence flood 

event. Results showed that 2D models can provide accurate prediction in terms of the 

spatial distribution and temporal variation of water level. Although not focused on 

urban environments, those numerical studies demonstrate the potential of using 2D 

models in urban confluence flood simulations. However, numerical studies on urban 

confluence floods are less prevalent compared to the numerical studies on confluence 

hydrodynamics and urban floods in straight channels. Neal et al. (2009) used a 1D/2D 

coupled model, LISFLOOD-FP, to investigate an urban confluence flood event. The 

model was validated against more than 200 spatially-distributed debris wrack and water 

level marks across the whole city. Although the overall average error was 0.32m, the 

model produced the highest errors (≈ 0.8m in average) at densely built-up areas and 

also near the confluence regions, demonstrating the limited model performance in the 

urban confluence. Li et al. (2016) developed a 1D/2D coupled hydrodynamic model 

using MIKE FLOOD to study the inundation extent of confluence floods with different 

reoccurrence intervals in Taining county, China. However, inland buildings were not 

considered as impermeable in the computational cells in their study. Yang et al. (2022) 

utilized a 2D morphodynamic model to study urban flood inundation behaviors during 

a flash flood event at a river confluence. Results showed that the flash flood 

enlargement in confluence streams is mainly induced by the inflows. However, the 

developed model was not validated against any observed flood inundation data. In 

summary, further investigation of urban confluence flooding through numerical 

modeling is necessary, with rigorous model validation to ensure the model's accuracy 

and effectiveness. 

One of the key characteristics of confluence flow is the confluence hydrodynamic zones 

(i.e. CHZ, see Best (1987)), whose features may vary with discharge ratio (Yuan et al., 

2016) and water level (Yuan et al., 2021). Thus, validation against spatially distributed 

flow velocity across the CHZ at different flow stages (i.e. low flow and high flow) is a 

critical step in evaluating numerical model performance, especially for simplified 2D 

models. However, insufficient and/or unsatisfactory validation against measured flow 

velocity at CHZ is a shared imperfection among most numerical studies on confluence 

hydrodynamics (e.g. Bradbrook et al., 2000; Sukhodolov et al., 2017; Xie et al., 2018; 

Constantinescu et al., 2011; Dai et al., 2020; Liu et al., 2020; Shi et al., 2022) and on 

confluence floods (e.g. Li et al., 2016; Aureli et al., 2021; Kim et al., 2021; Nguyen et 

al., 2021; Yang et al., 2022). Moreover, Bates & De Roo (2000) reported that 2D 

models may not be suitable for urban inundation modelling as flow at the transition 
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region between river channel and floodplain has strong 3D features due to intense shear. 

Thus, model validation against inland floodwater velocity is also critical if overland 

food dynamics is one of the research concerns. However, due to the unpredictability 

and hazards of floods, very few studies have collected inland floodwater velocity data 

during fluvial urban flood events (e.g. Brown & Chanson, 2013). To the best of the 

authors’ knowledge, no fluvial urban flood numerical studies have validated their 

model against inland floodwater velocities in urban areas.  

Steady-state models are commonly thought to overestimate the peak flood level, as they 

do not allow for water storage over the floodplain (Ahmadisharaf et al., 2018). Thus, 

unsteady models are widely used in studying overland fluvial floods, including 

confluence floods (e.g. Neal et al., 2009; Li et al., 2016; Xie et al., 2018; Horváth et al., 

2020; Yang et al., 2022). However, Naulet et al. (2005) only found a minimal 

overestimation of 2% in terms of the flood peak when using steady models. Ruiz-Bellet 

et al. (2017) also argued that the overestimation effect may be diminished in floods with 

a prolonged, stable peak flow, and virtually equivalent to a steady flow. In confluence 

studies, Neal et al. (2012) found the maximum water surface difference between a 

steady model and an unsteady model was 0.345m, using the model developed by Neal 

et al. (2009). However, as mentioned before, the developed model in Neal et al. (2009) 

tends to overestimate the observed water level by about 0.8m at confluence regions. 

Thus, conclusions drawn from that 0.345m difference are inevitably somewhat 

unconvincing. In summary, the extent to which flow unsteadiness influences the 

confluence flood dynamics and inundation extent are still unclear. In addition, to the 

best of the authors’ knowledge, no studies have evaluated the confluence inundation 

extent difference between two numerical models with different tributary unsteadiness 

(i.e. rising, steady, or falling flow). If the differences are minimal, it would suggest that, 

in some certain situations, a steady-state model could be used in place of an unsteady 

flow model to simulate confluence floods to reduce computational cost without 

producing unrealistic results. 

Numerical modeling on confluence floods requires an accurate setting of water surface 

elevation (WSE) at the model downstream boundary. For an actual flood event, 

downstream WSEs can be obtained from field recording (e.g. Yang et al., 2022) or from 

remote sensing (e.g. Gleason & Wang, 2015). However, when simulating a design flood 

event, the relationship between the confluence flow discharge and downstream WSE 

(i.e. “Q-H” relationship, or flow rating curve) must be established. Although the unique 

one-to-one power law Q-H relationship was found invalid upstream of river 



 

 136  

 

confluences due to the backwater effect (Hidayat et al.,2011; Liu et al., 2023), it remains 

uncertain whether the total discharge and WSE at the confluence outlet follows a 

power-law relationship during confluence floods. It also remains unclear if and how 

much downstream WSE will be affected by confluent flow discharge ratio and/or flow 

unsteadiness. On the one hand, the presence of the flow recovery zone may result in a 

stable energy slope at the confluence outlet (Liu et al., 2023), making the power law 

potentially applicable. On the other hand, the combined effect of momentum exchange 

and secondary flow lead to complex spatial variation of water level within the 

confluence flow zone (Biron et al., 2002; Zhang et al., 2020; Shen et al., 2023), which 

might invalidate the power law. Some researchers chose to move their downstream 

model boundaries far away from the confluence region to some known gauge stations 

(e.g. Ding & Wang, 2012; Shi et al., 2022) to avoid such an uncertainty, which led to 

unnecessary computational cost. Thus, field measurements are still needed to 

understand the Q-H relationship at the confluence outlet.  

In order to overcome the abovementioned limitations and fill the research gaps in urban 

confluence floods, we investigated the inundation dynamics of an extreme urban flood 

event at a large river confluence using multi-source data and unsteady 2D numerical 

modeling. With the help of in-situ measurements and remote sensing data, we 

established a flow rating curve at the confluence outlet and found that the total 

discharge and water level at the confluence outlet follow a power-law function, with 

minimal influence from confluence discharge ratio. Then we developed a 2D numerical 

model and validated it against in-channel flow velocity data obtained during different 

in-channel flow periods, inland floodwater velocity collected during an overland flood 

event, and flood inundation extent mapped using remote sensing data. The model 

results demonstrate that under the same time history of total discharge and downstream 

water level, the overall flood inundation extent at open channel confluences is more 

sensitive to the total discharge, with minimal impact from discharge ratio or flow 

unsteadiness. Therefore, using steady-state models is probably appropriate in studying 

confluence flood inundation.  

7.3 Methodology 

7.3.1 Study area and background 

The Ottawa-Gatineau (OG) confluence is situated on the border between Ontario and 

Quebec, Canada, where the Gatineau River (tributary) merges with the Ottawa River 

(main channel) (see Figure 7.1). About 1.4 million people live in the vicinity of the OG 
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confluence region (City of Ottawa, 2024; City of Gatineau, 2024), making it the largest 

and the most prosperous urban confluence in the Ottawa River watershed. The average 

width of the Ottawa River upstream of the OG confluence, the Gatineau River, and the 

Ottawa River immediately downstream of the OG confluence are about 600m, 200m 

and 300m, respectively. From year 2010 to 2024, the daily average flow discharges of 

the Ottawa River and the Gatineau River were about 1429 m3/s and 390 m3/s, with an 

average daily confluence discharge ratio of 0.297. Note that, in this study, confluence 

discharge ratio (will be short-noted as “discharge ratio” hereafter) is defined using the 

following equation: 

𝛼 = 
𝑄𝑡
𝑄𝑚

 (7.1) 

where α is the discharge ratio; 𝑄𝑡  is the tributary (i.e. the Gatineau River) flow 

discharge; 𝑄𝑚 is the main channel upstream (i.e. the Ottawa River) flow discharge, 

which will be short-noted as the “main channel discharge”.  

The OG confluence has suffered from multiple overbank floods in history due to the 

combined effects of heavy rainfall, rapid snowmelt, ice jams, and coincidence of spring 

annual peaks of two rivers (Buttle et al., 2016). On April 28, 2019, an extreme flood 

event with a recurrence interval of 100 years took place at the OG confluence, resulting 

in the evacuation of 111 homes, damage to 923 properties, and insurance costs of 200 

million CAD (CBC News 2019a & 2019b; Kirchmeier-Young et al., 2021). The peak 

discharges of the Ottawa River and the Gatineau River were 6110 m3/s and 1133 m3/s 

during the 2019 flood, respectively (see Figure 7.2). Three urban neighbourhoods were 

seriously inundated on the north bank of the Gatineau River (Zone A, B, and C in Figure 

7.1b). The area of interest (AOI, see the white polygon in Figure 7.1b) of this study was 

the region covering all open water bodies (including inland floodwater, rivers, and lakes) 

at the OG confluence during the 2019 flood.  
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Figure 7.1. (a) Map of Ottawa River watershed (modified after Ottawa RIVERKEEPER (2024)). 

Black arrows mark the flow directions. (b) Satellite imagery of the OG confluence during the 2019 

flood (collected on April 28th, 2019). Blue arrows mark the flow directions. The white polygon 

marks the numerical model domain. Blue solid lines mark the model inflow boundaries and the 

downstream boundary. Yellow dots mark the houses and buildings that were inundated during the 

2019 flood. 
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Figure 7.2. Hydrograph of the Ottawa River and Gatineau River from 2019 to 2024 (Water Survey 

of Canada, 2024; Ottawa River Regulation Planning Board, 2024). Color bars mark the periods 

when different field data were collected. Note that satellite imageries collected before the year of 

2019 are not shown in this figure. Letters “A” - “F” correspond to times when certain data points in 

Figure 7.8 were collected. 

7.3.2 Field data 

7.3.2.1 In-situ measurement data 

(1) Flow velocity. Inland floodwater velocity was collected using a SonTek® 

RiverSurveyorTM M9 Real-Time Kinematic (RTK) Acoustic Doppler Current 

Profiler (ADCP), tethered by a canoe, at Zone B during the 2019 flood (red lines in 

Figure 7.3b) on May 1st,2019 (see Figure 7.2). In-channel velocity data were 

collected using the same equipment, mounted at one side of a motorboat (see Figure 

7.3a), during a low flow period in 2021 and a high flow period in 2022 (see Figure 

7.2). Raw data were depth-averaged and post-processed using in-house Matlab® 

code (Rennie & Church, 2010). Every eleven neighbouring velocity measurements 

were spatially averaged to their center to minimize systematic errors. Those velocity 

data were used to calibrate and validate the numerical model (see Figure 7.4 & 

Figure 7.5). 

(2) Flow discharge. The Ottawa River and the Gatineau River each have a hydrometric 

station located 15 km (gauge station #02KF005, “Ottawa River at Britannia”) and 

9 km (gauge station “Gatineau River at Chelsea”) upstream of the OG confluence, 

respectively, to monitor daily river discharge. Note that two smaller rivers, the 

Rideau Canal and Rideau River, flow into the Ottawa River at sites between the 

Ottawa River hydrometric station and the OG confluence. Their discharge is also 

monitored by hydrometric stations. The term “discharge of the Ottawa River” 

heretofore and hereafter refers to the total discharge of Ottawa River, Rideau Canal 

and Rideau River. Flow discharge of the Ottawa River and the Gatineau River was 

also measured by ADCP during the in-channel flow velocimetry campaign, which 
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was used to validate the flow discharge data monitored by hydrometric stations (see 

Figure 7.4). The relative difference between the ADCP-measured discharge (𝑄𝐴𝐷𝐶𝑃) 

and the discharge monitored by hydrometric stations (𝑄ℎ𝑦𝑑𝑟𝑜) was 6.8% and 3.1% 

during the low flow and high flow periods, respectively. The average value between 

𝑄𝐴𝐷𝐶𝑃 and 𝑄ℎ𝑦𝑑𝑟𝑜was used in subsequent numerical modelling and analysis. 

 

Figure 7.3. (a) Instruments used in the in-situ measurements. (b) The Digital Elevation Model 

(DEM) of the AOI, an example of the model mesh, inland velocimetry survey sites in 2019, in-

channel velocimetry survey sites in 2022, and the HOBO® logger deployment site in 2024. 
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Figure 7.4. Field data and their usage in this study.  

(3) Bathymetry. Bathymetry at the AOI was measured using a NORBIT® 400kHz 

12004 iWBMS wideband multibeam echo-sounder (MBES) mounted at the other 

side of the motorboat (see Figure 7.3a). The survey took place at the low flow period 

from July 21st to July 26th, 2021 (see Figure 7.2). High precision positioning data 

were acquired using an integrated Global Navigation Satellite System/Inertial 

Navigation System (GNSS/INS) navigation system comprised of a motion unit built 

in the MBES head and two antennas placed above the MBES head (see Figure 7.3a). 

The horizontal and vertical resolution of the MBES measurement is 1m and 0.02m, 

respectively. The beam angle of the MBES was set to 180° in order to make sure 

(1) there were enough overlapping data between parallel survey passes for 

subsequent post-processing; and (2) bathymetry close to the river banks was 

included in the measurement. Raw bathymetry data were post-processed using the 

QPS® software packages, Qimera and FMGeocoder Toolbox (FMGT). Bathymetry 

was also measured by the vertical beam of ADCP, which was used to validate the 

bathymetry data measured by MBES (see Figure 7.4). The mean difference and 

mean absolute difference between them was about 0.03m and 0.06m, respectively. 

Bathymetry data collected by MBES was used as the final bathymetry in subsequent 

modelling. 
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(4) WSE during a freshet season. During the velocimetry survey campaigns in 2021 

and 2022, WSE data at the downstream boundary were also collected using ADCP, 

which were set as the downstream boundary conditions of calibration runs in the 

numerical model (see Figure 7.4). Those data were also used to develop the flow 

rating curve at the OG confluence outlet (see Figure 7.4). Additionally, a HOBO® 

U20 water level logger (see Figure 7.3a) was deployed at the confluence outlet on 

March 14th, 2024 (see location in Figure 7.3b) to collect real-time (every 15 minutes) 

water depth data during the 2024 freshet event (from April 1st to May 22nd, 2024, 

see Figure 7.2), with a measurement accuracy of 0.015 m. The WSE data collected 

by a land-based Stonex S900A RTK GNSS device at the HOBO® logger 

deployment site was used to validate the HOBO® logger data and convert it to WSE 

data, which were then used to develop the flow rating curve at the OG confluence 

outlet (see Figure 7.4). 

(5) WSE during an overbank flood season. On April 26th 2023, another overbank 

flood event took place at the OG confluence. The 2023 flood just barely overtopped 

the riverbank without inundating urban areas, which facilitated the in-situ 

measurement of WSE at the downstream boundary using the RTK GNSS device. 

The collected data was then used to develop the flow rating curve at the OG 

confluence outlet (see Figure 7.4). 

7.3.2.2 Remote sensing data 

(1) Dryland DEM. A dryland DEM obtained from the City of Gatineau was collected 

using airborne Light Detection and Ranging (LiDAR) technique, which can provide 

a horizontal resolution of 0.1m and vertical resolution of 0.15m. LiDAR signals 

scattered from vegetation canopies and the ground were differentiated (cf., Clark et 

al., 2004) to remove surface vegetation from the DEM. The dryland DEM was 

collected in the fall of 2018, during which the total discharge of the OG confluence 

was less than 2500 m3/s. The dryland DEM thus provides an opportunity to identify 

downstream WSE from high-resolution satellite imageries collected during periods 

when the total discharge of the OG confluence is higher than 2500 m3/s. The dryland 

DEM was merged with the bathymetry data to form a complete surface elevation 

map as an input for the numerical model (see Figure 7.3b, Figure 7.4).  

(2) Flood inundation extent. Two pan-sharpened satellite imageries, one collected on 

April 28th, 2019 (Figure 7.1b) with a horizontal resolution of 0.5m, and the other 

one collected on April 30th, 2019 with a horizontal resolution of 0.4m, were used to 
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identify the flood inundation extent of the 2019 flood (see Figure 7.2), which was 

used to validate the numerical model (see Figure 7.4). 

(3) WSE during freshet seasons. Four pan-sharpened satellite imageries (average 

resolution = 0.5 m) during historical freshet seasons (2500 m3/s < total discharge < 

3500 m3/s) in 2020, 2022, and 2024 were collected (see Figure 7.2). For a certain 

satellite imagery, WSE at the downstream boundary was calculated by averaging 

the inland DEM values at the places where flow touches the drylands (i.e. at flow 

boundaries). This method has been widely applied in determining the Q-H 

relationship during floods and has shown good performance (e.g. Tarpanelli et al., 

2013; Pavelsky, 2014; Gleason & Wang, 2015). Among those satellite imageries, 

two were collected at the time when the HOBO® logger was also recording WSE 

data (see Figure 7.2). Thus, those remote-sensed WSE data were used to validate 

the WSE data collected by the HOBO® logger at corresponding dates (see Figure 

7.4). The average absolute difference between them is 0.042 m, demonstrating the 

accuracy of obtaining WSE data from satellite imagery. WSE data derived from the 

remaining satellite imageries were used to develop the flow rating curve at the OG 

confluence outlet (see Figure 7.4).  

(4) WSE during overbank flood seasons. Three pan-sharpened satellite imageries 

(resolution = 0.38 m in average) during overbank flow events (total discharge ≥ 

3500 m3/s) in 2019 and 2023 were also obtained (see Figure 7.2). WSE at the 

downstream boundary was calculated by averaging the inland DEM values at the 

places where floodwater touches the drylands in the satellite imageries. Those 

remote-sensed WSE data were used to develop the flow rating curve at the OG 

confluence outlet (see Figure 7.4). The remote-sensed overbank WSE data during 

the 2019 flood were also used as the downstream boundary condition of the 

numerical model at the model validation stage (see Figure 7.4).    

7.3.3 Flow rating curve at confluence outlet 

With the help of multi-source field data, data series of total discharge and corresponding 

WSE at the confluence outlet were obtained, from which a flow rating curve was 

developed. To ensure consistency in the data collection periods, all data series used in 

the flow rating curve analysis were collected from the rising periods of historical flood 

events. 
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According to the Manning’s equation (Chow, 1959), for a uniform, gravity-driven, 

fully-developed, turbulent flow in rough open channels, the flow rating curve at a 

certain river channel cross-section will follow a power law, which has the form of: 

𝑄(𝐻) =  𝑎1(𝐻 − 𝑏1)
𝑐 (7.2) 

where 𝑄 is flow discharge; 𝐻 is the WSE relative to a given datum (usually the local 

mean sea level); 𝑎1 is a scaling coefficient related to the characteristics of the section 

control or channel control; 𝑏1 is a cease-to-flow reference level; and 𝑐 is an exponent 

related to the type of hydraulic control (Le Coz et al., 2014). The 𝑐 value is 1.5 for 

perfect rectangular channels and is 2.5 for V-shaped channels (WMO, 2010). Thus, the 

𝑐 value range of [1.5, 2.5] was applied as the constraint in the curve-fitting calculations.  

Although natural flow is rarely perfectly uniform, the power law derived from the 

uniform flow assumption was still satisfactory in most field cases (Hrafnkelsson, 2020). 

However, considering the turbulent flow features and distinct spatial distribution 

patterns of WSE in river confluences (Biron et al., 2002; Zhang et al., 2020; Shen et al., 

2023), especially during flood events, it remains unknown if the flow rating curve at a 

confluence outlet follows the power law. In this study, first we assumed the flow rating 

curve at the confluence outlet would follow Eq. (7.2). Then, we used least squares 

fitting to derive the function of the flow rating curve, based on the observed data series 

of total discharge and WSE at the confluence outlet, and evaluated the reliability of 

such fit using the coefficient of determination R2 (Eq. 7.4). The derived flow rating 

curves were used to determine the downstream boundary condition for the numerical 

model as well as to analyze the confluence inundation behavior. 

7.3.4 Numerical model 

7.3.4.1 Model setup 

MIKE+® (MIKE Plus) was used in this study to simulate the inundation process of the 

2019 urban flood at the OG confluence. MIKE+ is a comprehensive urban, river, and 

flood modelling platform. It is featured by the integration of multiple tools and 

packages including the Modelling of 1D river network (MIKE HYDRO River), 2D 

overland flow (MIKE 21 FM), 1D collection systems (MIKE URBAN), rainfall (MIKE 

ZERO), water quality (MIKE ECO Lab) and sediment transport (ST). MIKE+ and its 

predecessor, MIKE FLOOD, have been widely used in urban flood flooding in recent 
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years (e.g. Li et al., 2016; Zhou et al., 2022; Chen et al., 2023a, 2023b; Pariartha et al., 

2023; Deopa et al., 2024).  

In this study, the “2D overland” subroutine is applied. It solves the shallow water 

equations using an explicit finite volume solver (the two-stage explicit second-order 

Runge-Kutta scheme in this study). The unstructured triangular mesh facilitates using 

fine grid cells at densely-built urban areas (cell size ≤ 5 m2 in this study) and relatively 

coarse grid cells at river channels (cell size ≤ 50 m2 in this study) (see Figure 7.3b), 

which balanced the computational accuracy and the overall efficiency. A sensitivity 

analysis on grid size was carried out by comparing the modeled in-channel velocity 

with the measured ones using “cell size ≤ 50 m2” and “cell size ≤ 30 m2” in river 

channels. Results show that “cell size ≤ 50 m2” is sufficient to reproduce the measured 

velocity (see section 7.3.4.2 for more details). The total number of computational cells 

in this study is 611437. During each simulation, the time step was allowed to vary from 

0.001 seconds to 0.1 seconds as long as the local Courant-Friedrichs-Lewy (CFL) 

number remained less than 1. Buildings and bridge piers were set as permanent dry 

cells. Two upstream boundaries (where inflow discharge of the Gatineau River and the 

Ottawa River are defined) and one downstream boundary (where WSE is defined) were 

used in this study. The initial Manning roughness values for paved roads, grasslands, 

and forests were set as 0.02 s/m1/3, 0.03 s/m1/3, and 0.05 s/m1/3, respectively, based on 

Chow (1959). These values were subsequently adjusted during the model validation 

stage (see Section 7.3.4.3), and the final Manning roughness values were adjusted to be 

0.01 s/m1/3, 0.035 s/m1/3, and 0.08 s/m1/3, respectively . The method of using surface 

roughness to represent floodplain surface vegetation has been widely used and proven 

effective in fluvial floods numerical modeling (Straatsma & Baptist, 2008; Croissant et 

al, 2018; Chaulagain et al., 2022; Herrera Gómez et al., 2024). 

7.3.4.2 Model calibration 

Model calibration aims to determine Manning roughness of the river channel and eddy 

viscosity by comparing the modeled and measured flow velocity (e.g., Williams et al. 

2013; Parsapour-Moghaddam & Rennie, 2018; Yu et al., 2022). It can also demonstrate 

how well a 2D model can reproduce the flow field in a large-scale open channel 

confluence. 

A low flow event in 2021 and a high flow event in 2022 were used as two calibration 

cases. Average discharge measured by ADCP and hydrometric stations was set as the 

inflow boundary. WSE measured by ADCP near the downstream boundary was set as 

https://agupubs.onlinelibrary.wiley.com/authored-by/Croissant/Thomas
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the downstream boundary (see Table 7.1, also in Figure 7.8). During each ADCP 

measurement campaign, flow discharges in the two confluent rivers were relatively 

stable. Thus, flow conditions were set as steady state during the model calibration stage. 

Mean absolute error (MAE), coefficient of determination (R2), and percent bias (PBIAS) 

were used to evaluate the calibration and validation results, and were calculated as 

follows: 

𝑀𝐴𝐸 =  
∑ |𝑂𝑖 − 𝑃𝑖|
𝑁
𝑖=1

𝑁
  (7.3) 

𝑅2 =

[
 
 
 

∑ (𝑂𝑖 − 𝑂̅)(𝑃𝑖 − 𝑃̅)
𝑁
𝑖=1

√∑ (𝑂𝑖 − 𝑂̅)2
𝑁
𝑖=1 √∑ (𝑃𝑖 − 𝑃̅)2

𝑁
𝑖=1 ]

 
 
 
2

  (7.4) 

𝑃𝐵𝐼𝐴𝑆 =
∑ (𝑂𝑖 − 𝑃𝑖)
𝑁
𝑖=1

∑ 𝑂𝑖
𝑁
𝑖=1

× 100%  (7.5) 

where  𝑀𝐴𝐸  is the mean absolute error; 𝑅2  is the coefficient of determination; 

𝑃𝐵𝐼𝐴𝑆 is the percent bias between the measured depth-averaged velocity (𝑂𝑖) and 

modeled depth-averaged velocity (𝑃𝑖); 𝑖 is the velocity sequence number, 𝑛 is the 

total number of velocity data; 𝑂̅ and 𝑃̅ are the means of the measured and modeled 

depth-averaged velocity, respectively.  

Table 7.1. Boundary conditions of calibration and validation runs. 

Model stage Flow event 

Upstream discharge [m3/s] Downstream  

WSE [m] Ottawa River Gatineau River 

Calibration run1 
Low flow, steady 

(July 23rd, 2021) 
1175.35  111.74  41.384 

Calibration run2 
High flow, steady 

(April 25th, 2022) 
2893.48  751.05  42.677  

Validation run1 
2019 flood, unsteady 

(April 28th - 30th, 2019) 
5620 → 6110 1133 → 1024 44.900 → 45.043 

Validation run2 
2019 flood, steady 

(May 1st, 2019) 
6087  1006  45.030 
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Calibration results are shown in Figure 7.5. Figure 7.5(a) shows that the ideal Manning 

roughness for the low flow and high flow periods is 0.05 s/m1/3 and 0.032 s/m1/3, 

respectively. Manning roughness represents the surface resistance to the flow, which is 

not only a function of absolute surface properties, but also a function of water depth. 

Resistance from surface roughness in deep flow is less dominant compared to that in 

shallow flow, which explains why the calibrated Manning roughness is higher during 

the low flow simulations. This also implies that the river channel Manning roughness 

during even higher flow (e.g., the overbank flood event in 2019) should be lower than 

0.032 s/m1/3, although total compound roughness will also depend upon floodplain 

roughness. Figure 7.5(b) shows that the model is less sensitive to eddy viscosity than 

to Manning roughness, which is also reported in other large-scale numerical simulations 

(e.g. Parsapour-Moghaddam & Rennie, 2018; Yu et al., 2022). Thus, eddy viscosity 

was set as 0.5 m2/s in all subsequent modeling. The calibrated parameters produced an 

overall MAE of 0.07 m/s, R2 of 77%, and PBIAS of 7.4% in the high flow simulation, 

which indicates that the 2D model well reproduced confluence flow behaviors during 

high flow. 

 

Figure 7.5. Statistical results of “Calibration run1” and “Calibration run2”. (a) MAE and R2 of 

calibration runs with different Manning roughness and constant eddy viscosity (0.2 m2/s for low 

flow runs and 0.5 m2/s for high flow runs). (b) MAE and R2 of calibration runs with different eddy 

viscosity and constant Manning roughness (0.05 s/m1/3 for low flow runs and 0.032 s/m1/3 for high 

flow runs). 

7.3.4.3 Model validation 

The numerical model was then validated against the urban inundation extent derived 

from two satellite imageries during the 2019 flood (one on April 28th, 2019 and the 
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other one on April 30th, 2019). Those satellite imageries were also used to set up the 

downstream WSE at corresponding dates. Flow discharge monitored at hydrometric 

stations on the corresponding dates was set as the upstream boundary. Unsteady 

simulation was used in the model validation stage, starting from April 28th, 2019 and 

ending on April 30th, 2019 (“Validation run1” in Table 7.1, also see Figure 7.8c). 

Manning roughness of the river channel was determined as 0.025 s/m1/3, which 

produced the best match between modeled flood extent with measured flood extent.  

The numerical model was further validated against the measured inland floodwater 

velocity collected on May 1st, 2019 (“Validation run2” in Table 7.1, also see Figure 

7.8c). A constant flow discharge monitored at the hydrometric stations on May 1st, 2019 

was set as the upstream boundary. Downstream WSE was determined from the total 

discharge, using the developed flow rating curve (see Section 7.4.1). 

Figure 7.6 (a) - (d) show the observed and modeled flood extent superimposed on the 

satellite imagery collected on April 28th, 2019 at Zone A, B, and C. Due to the relatively 

small WSE variation between April 28th and April 30th (see Table 7.1) and partial cloud 

coverage at AOI on April 30th, 2019, results are shown at two locations (red polygons 

in Figure 7.6a & 7.b) where noticeable changes in inundation area were observed 

between April 28th and April 30th in Figure D1 from Appendix D.We used the critical 

success index (CSI) to quantitatively evaluate the model performance in reproducing 

the observed flood inundation extent (Lim & Brandt, 2019; Sreekumar et al., 2024): 

𝐶𝑆𝐼 =
𝐴𝑐

𝐴𝑐 + 𝐵𝑐 + 𝐶𝑐
 (7.6) 

where 𝐴𝑐 is the number of model cells correctly predict the measured flood extent; 𝐵𝑐 

is the number of model cells overestimate the measured flood extent (i.e. false alarms); 

𝐶𝑐 is the number of model cells underestimate the measured flood extent (i.e. misses). 

To avoid overstating the merits of the developed model, CSI is only calculated at 

floodplain cells. Due to the partial cloud coverage on April 30th, 2019, CSI is only 

calculated on April 28th, 2019, which gives a value of 0.88, demonstrating the good 

performance of the model. Figure 7.6 also demonstrates that, although the numerical 

model overestimated the flood extent at some locations in Zone A and Zone C (Figure 

7.6a & 7.6b), the overall modeled flood event matched with the observed flood extent 

very well, especially at the most serious inundation area, Zone B. Additionally, Figure 

7.6(e) compares the inland floodwater velocity measured by ADCP and modeled in 

“Validation run2”. The validated parameters produced an overall MAE of 0.036 m/s, 
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R2 of 85.4%, and PBIAS of -13.5%. Thus, the 2D model well reproduced both the flood 

inundation extent and overland floodwater hydrodynamic behavior during the 2019 

flood event. Consequently, the numerical model can be used to analyze the inundation 

dynamics at the OG confluence. 

 

Figure 7.6. Results of “validation run1” and “validation run2”. (a) & (b) Modeled flood extent and 

observed flood extent on April 28th, 2019 at Zone A, B, and C. Background satellite imagery was 

collected on April 28th, 2019. (c) & (d) Modeled flood extent on April 28that the places marked by 

the red polygons in Figure 7.6 (a) & (b). Background satellite imagery was collected on April 28th, 

2019. Black arrows mark the flow direction. Closed polygons inside the flood inundation extent 

mark the dry areas. (e) Measured and modeled inland floodwater velocity on May 1st, 2019. 
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7.3.4.4 Inundation behavior modelling 

During the 2019 flood, the Ottawa River experienced rising flow while the Gatineau 

River experienced falling flow, which brings the question “will the flood inundation 

process or extent be different if both confluent rivers experience rising flow?”. To the 

best of the authors' knowledge, this problem has not been addressed in previous studies. 

Studying this topic can help to gain deeper understanding on how the backwater effect 

impacts confluence floods and also help to develop flood mitigation strategies 

accordingly.  

Two unsteady flood cases were modeled with equal total discharge hydrographs (see 

Figure 7.7). In the first case (i.e. “Run 01”), both the Ottawa River and the Gatineau 

River experience rising flow. In the second case (i.e. “Run 02”), the Ottawa River 

experiences a rising flow while the Gatineau River experiences a falling flow, similar 

to the 2019 flood case. The initial total discharge is set as 4967.2 m3/s in both cases, 

which equals to the discharge on April 26th, 2023 (the time when floodwater just 

overtops the bank). The final total discharge is set as 6753 m3/s in both cases, which 

equals to the discharge on April 28th, 2019 (the 2019 flood event). Note that the rate of 

increase of total discharge is two times higher than the gauge records in order to (1) 

study flood inundation dynamics under strongly unsteady flow, and (2) save 

computational cost. The total discharge increases over time in both cases, making sure 

the flow conditions always represent overbank floods in both cases. Such a setting also 

allows determination of the downstream WSE from the total discharge using the 

derived flow rating curve (see Section 3.1) at the confluence outlet, as the flow rating 

curve was developed based on data from rising periods. Note that, at any give time 

stamp, both total discharge and downstream WSE were kept the same between the two 

flow scenarios, while discharge ratio differed between the two cases (see Figure 7.7c). 

The rationale for such setup is discussed in Section 4.2.  
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Figure 7.7. (a) & (b) Design flow hydrograph of “Run 01” and “Run 02”, respectively. (c) time 

history of discharge ratio in “Run 01” and “Run 02”. 

7.4 Results 

7.4.1 Flow rating curve at confluence outlet 

Figure 7.8a shows the scatter plot of measured water surface elevation and total 

discharge along with the fitted flow rating curves at the OG confluence outlet. The flow 

rating curve was divided into three segments named “Phase 1”, “Phase 2”, and “Phase 

3”, respectively. WSE of the segmentation point is approximately 42.40 m between 

Phase 1 and Phase 2, which can be seen from the zoomed-in view (see the lower right 

embedded figure in Figure 7.8a). Rating curve segmentation has often been observed 

when flow transitions from in-channel flow (i.e., Phase 2 in this study) to overbank 

flow (i.e., Phase 3 in this study) (e.g., Yonesi et al., 2013; Lindroth et al., 2020; Naghavi 

et al., 2022). Therefore, although there is no clear trend difference between Phase 2 and 

Phase 3 in this study, we still differentiated them to account for the different flood 

stages they represent. We discuss the possible reasons for no clear segmentation 

between Phase 2 and Phase 3 in Section 4.1.1. WSE of the segmentation point between 

Phase 2 and Phase 3 is likely to be 43.66 m (i.e., data point “D”), which corresponds to 

the bankfull flood stage at the confluence outlet (see Figure 7.8b).  

All discharge data used to develop the flow rating curve were collected from 

hydrometric stations. The majority of WSE data in Phase 1 were collected from the 

HOBO® logger in 2024 with one WSE data collected from the ADCP survey in 2021 

(i.e., data point “A” in Figure 7.8a). As for Phase2, WSE data of point “B”, “C”, and 

“D” were collected from ADCP, land-based RTK GNSS, and satellite imagery, 

respectively. The remaining data in Phase 2 (those around the segmentation points) 

were collected from the HOBO® logger. Note that the numerical model boundary 

conditions in “Calibration run1” (i.e., data point “A” in Figure 7.8a) and “Calibration 

run2” (i.e., data point “B” in Figure 7.8a) belong to Phase 1 and Phase 2, respectively. 

WSE data of point “D”, “E”, and “F” in Phase 3 were collected from satellite imageries. 

In this study, a three-segment flow rating curve can be modeled using the following 

power-law equation sets, assuming a rectangular channel shape (Reitan & Petersen-

Øverleir, 2009; Qiu et al., 2021): 
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𝑄(𝐻) =  

{
 
 
 
 

 
 
 
 𝐾𝑆1√𝑆𝑓

1𝐵𝑤1
⏟      

𝑎1
1

(𝐻 − 𝑏1
1)𝑐1⋯ 𝑘1 ≤ 𝐻 < 𝑘2(𝑘1 ≥ 𝑏1)⋯  𝑃ℎ𝑎𝑠𝑒1

𝐾𝑆2√𝑆𝑓
2𝐵𝑤2

⏟      
𝑎1
2

(𝐻 − 𝑏1
2)𝑐2⋯ 𝑘2 ≤ 𝐻 < 𝑘3(𝑘2 > 𝑏2)⋯  𝑃ℎ𝑎𝑠𝑒2

𝐾𝑆3√𝑆𝑓
3𝐵𝑤3

⏟      
𝑎1
2

(𝐻 − 𝑏1
3)𝑐3⋯   𝐻 ≥ 𝑘3(𝑘3 > 𝑏3)⋯  𝑃ℎ𝑎𝑠𝑒3

 (7.7) 

 

Figure 7.8. (a) Raw data points and fitted flow rating curve segments at the OG confluence outlet 

(b) the cross-sectional shape of the confluence outlet and WSE data ranges of different rating curve 

segments. 

where 𝐾𝑆 is the Strickler flow resistance coefficient [m1/3/s]; 𝑆𝑓 is the friction slope; 

𝐵𝑤 is the width of the rectangular channel [m]; The product of 𝐾𝑆, √𝑆𝑓 and 𝐵𝑤 is 

equivalent to the scaling coefficient “𝑎1” in Eq.(7.2); 𝑏1 is the cross-section offset [m], 

and 𝑐 is the exponent related to the type of hydraulic control (Le Coz et al., 2014); 𝑘1, 

𝑘2 and 𝑘3 are the activation flow stage [m]. 

Using least squares fitting, the resulting flow rating curve functions in this study are 

expressed as: 
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𝑄(𝐻) =  {

984 ∙ (𝐻 − 40.184)1.500⋯  41.316 ≤ 𝐻 < 42.400⋯  𝑃ℎ𝑎𝑠𝑒1

361 ∙ (𝐻 − 38.078)1.524⋯  42.400 ≤ 𝐻 < 43.666⋯  𝑃ℎ𝑎𝑠𝑒2

215 ∙ (𝐻 − 37.555)1.733⋯  𝐻 ≥ 43.666⋯  𝑃ℎ𝑎𝑠𝑒3

 (7.8) 

The PBIAS values of fitted flow rating curves for Phase 1, Phase 2 and Phase 3 are -

3.31%, 0.48% and 0.13%, respectively, which demonstrates the overall reliability of 

using the power law (i.e. Eq. 7.2) to describe the flow rating curve at the confluence 

outlet, especially during Phase 2 and Phase 3. Note that the model with more segments 

(i.e., will be referred to as “Model-2” hereafter) almost always shows a better fit to the 

observed data than the model with less or no segment (i.e., will be referred to as 

“Model-1” hereafter). Thus, it is important to assess whether Model-2 offers a 

significantly better fit to the data than Model-1 (i.e. the significance of using multi-

segment). One common approach to address this issue is to calculate the F-statistic 

(Chow, 1960): 

𝐹 =

𝑅𝑆𝑆1 − 𝑅𝑆𝑆2
𝑝2 − 𝑝1
𝑅𝑆𝑆2
𝑁 − 𝑝2

=
𝑅𝑆𝑆1 − 𝑅𝑆𝑆2

𝑅𝑆𝑆2
∙
𝑁 − 𝑝2
𝑝2 − 𝑝1

 (7.9) 

where 𝐹 is the F-statistic; 𝑅𝑆𝑆1 and 𝑅𝑆𝑆2 are the residual sum of squares of Model-

1 and Model-2, respectively; 𝑝1 and 𝑝2 are the number of unknown parameters in 

Model-1 and Model-2, respectively; 𝑁 is the total number of observations. In F-test, 

the null hypothesis (i.e., Model-2 does not provide a significantly better fit than Model-

1) will be rejected if the calculated F-statistic is higher than the threshold value of the 

F-distribution at a specified significance level (e.g., 0.01). 

Table 7.2 shows that, in the OG confluence case, the F-statistic of a 2-segments model 

versus a no-segment model is equal to 2817.0, much higher than the corresponding 

threshold of 3.9. The F-statistic of a 3-segments model versus a 2-segments model is 

equal to 9.7, also higher than the corresponding threshold of 3.9. Thus, the 3-segments 

model offers a significantly better fit to the data than 2-segment model or no-segment 

model with a confidence level higher than 99%. In other words, it is necessary to use 

3-segment to model the flow rating curve at the confluence outlet. 

In order to quantitatively describe and analyze rate of increase of WSE as the total 

discharge varies at different flow stages, here we define a new parameter, 𝑆𝑄𝐻 , as 

below: 
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𝑆𝑄𝐻 =
∑ (

𝑊𝑆𝐸𝑖+1 −𝑊𝑆𝐸𝑖
𝑄𝑖+1 −𝑄𝑖

)𝑛−1
𝑖=1

𝑁 − 1
  

(7.10) 

where 𝑆𝑄𝐻 is the average  rate of increase of WSE [cm/(m3/s)]; 𝑊𝑆𝐸𝑖 [cm] and 𝑄𝑖 

[m3/s] are the WSE and total discharge at the 𝑖𝑡ℎ data point in a dataset arranged in 

ascending order, respectively; and 𝑁 is the total number of data points in a certain 

flow rating curve segment. 𝑆𝑄𝐻 can be interpreted as the reciprocal of the average 

slope of the rating curve of a certain flow rating curve segment. The calculation results 

show that the 𝑆𝑄𝐻 value of Phase 1 is 0.05 cm/(m3/s) while the 𝑆𝑄𝐻 value of Phase 2 

and Phase 3 is 0.07 cm/(m3/s), which implies that WSE at confluence outlet increases 

faster with total flow discharge in Phase 2 and Phase 3 than that in Phase 1. 

Table 7.2. F-statistic results of using different segmentation models. 

Model-1 Model-2 
𝑅𝑆𝑆1 

[(m3/s)2] 

𝑅𝑆𝑆2 

[(m3/s)2] 

𝑝2 𝑝1 𝑁 𝐷𝑂𝐹𝑛
#1 𝐷𝑂𝐹𝑑

#2 𝐹𝛼=0.01
#3  𝐹#4 

No  

segment 

Two  

segments 
2.47*107 9.93*105 6 3 360 3 354 3.9 2817.0  

Two  

segments 

Three  

segments 
9.93*105 9.17*105 9 6 360 3 351 3.9 9.7  

#1 𝐷𝑂𝐹𝑛 is the degree of freedom of the numerator, 𝐷𝑂𝐹𝑛 = 𝑝2 − 𝑝1; 

#2 𝐷𝑂𝐹𝑑 is the degree of freedom of the denominator, 𝐷𝑂𝐹𝑑 = 𝑁 − 𝑝2; 

#3 𝐹𝛼=0.05
#3  is the threshold F-statistic under the confidence level of 99% for a certain 𝐷𝑂𝐹𝑛 and 𝐷𝑂𝐹𝑑; 

#4 𝐹#4 is the F-statistic calculated from Eq.(7.9) 

7.4.2 Modeled mid-channel WSE 

Urban inundation mainly happened at the Gatineau River side during the 2019 flood. 

Thus, the WSE variation along the mid channel of Gatineau River at different flood 

stages and among different flow scenarios was investigated (see Figure 7.9). Figure 

7.9a shows the mid-channel WSE difference between “Run 01” and “Run 02” at four 

different time stamps: 12 hours, 36 hours, 42 hours, and 60 hours. Table 7.3 lists the 

model boundary conditions at those time stamps in “Run 01” and “Run 02”. The mid-

channel WSE difference is calculated as: 

𝐷𝑖𝑓𝑓𝑇=𝑡
(𝑥,𝑦)

= 𝑊𝑆𝐸𝑇=𝑡
(𝑥,𝑦),𝑅𝑢𝑛02

−𝑊𝑆𝐸𝑇=𝑡
(𝑥,𝑦),𝑅𝑢𝑛01

  (7.11) 
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where 𝐷𝑖𝑓𝑓𝑇=𝑡
(𝑥,𝑦)

 is the mid-channel WSE difference between “Run 02” and “Run01” 

at time stamp 𝑡 (𝑡 = 12 hours, 36 hours, 42 hours, or 60 hours) and at location (𝑥, 𝑦). 

𝑊𝑆𝐸𝑇=𝑡
(𝑥,𝑦),𝑅𝑢𝑛02

 and 𝑊𝑆𝐸𝑇=𝑡
(𝑥,𝑦),𝑅𝑢𝑛01

 are the mid-channel WSE value at the time 

stamp “𝑡” and at location (𝑥, 𝑦) in “Run 02” and “Run01”, respectively.  

Figure 7.9a shows that the WSE along the Gatineau River mid channel in “Run02” is 

higher than that in “Run 01” at the earlier stage of the design flood, but this difference 

diminishes as the flood rises. At the latter stage of the design flood, the situation 

reverses and the WSE along the Gatineau River mid channel in “Run01” becomes 

higher than that in “Run 02”. Notably, such difference is decreasing towards the 

tributary confluence mouth along the channel. 

Figure 7.9 (b) & (c) show the WSE increment over 24 hrs (i.e., rate of increase of WSE) 

at two different stages of the flood in “Run 01” and “Run 02”, respectively. The orange 

lines lie below the yellow lines in both Figure 7.9(b) & (c), which indicates that the 

WSE rises faster in the earlier flood stage than that in the latter stage, both in “Run 01” 

and “Run 02”. In addition, the shape of the orange line is similar to that of the yellow 

line in both Figure 7.9 (b) or Figure 7.9 (c), which indicates that the spatial distribution 

of WSE increment speed does not change much over time. Noteworthy, in “Run 01”, 

the WSE increment rate is greater at the upstream end of the domain, with faster 

increases in WSE near the inundation zones than at the downstream boundary. The 

situation in “Run 02” is reversed, where the WSE increment rate is lower upstream than 

downstream.     

Table 7.3. Boundary conditions at 12 hours, 36 hours, 42 hours, and 60 hours in “Run 01” and “Run 

02”. 

Case 
Time 

 stamp 

Ottawa River  

discharge [m3/s] 

Gatineau River 

discharge  [m3/s] 

Total  

discharge 

 [m3/s] 

Downstream  

WSE  [m] 

Discharge  

ratio [-] 

Run 01 

12 hours 4351.60  870.71  5222.31  43.88  0.20  

36 hours 4774.40  958.14  5732.54  44.23  0.20  

42 hours 4880.10  980.00  5860.10  44.31  0.20  

60 hours 5197.20  1045.57  6242.77  44.55  0.20  

Run 02 

12 hours 4133.03  1089.29  5222.31  43.88  0.26  

36 hours 4730.69  1001.86  5732.54  44.23  0.21  

42 hours 4880.10  980.00  5860.10  44.31  0.20  

60 hours 5328.34  914.43  6242.77  44.55  0.17  
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Figure 7.9. Variation of WSE along the mid channel (the mid channel is shown by the black line in 

the legend box) at different flood stages and between different flow scenarios. (a) mid-channel WSE 

difference between Run01 and Run02 at different time stamps. (c) & (d) Temporal WSE increment 

over 24 hrs along the mid channel in “Run 01” and “Run 02”, respectively. 

7.4.3 Modeled inundation extent 

Figure 7.10 shows the modeled flood inundation extent of “Run 01” and “Run 02” at 

different flood stages. Results show that, at 12 hours, “Run 01” produced a slightly 

smaller inundation extent in Zone B compared to that in “Run 02” (Figure 7.10a1). At 

36 hours, the modeled inundation extent in Zone B is almost identical between “Run 

01” and “Run 02” (Figure 7.10a2). At 60 hours, “Run 01” produced a slightly larger 

inundation extent in Zone B compared to that in “Run 02” (Figure 7.10a3). The overall 

inundation extent in Zone C between “Run 01” and “Run 02” is almost identical at all 

three time stamps.  
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Figure 7.10. Modeled flood inundation extent of “Run 01” and “Run02”. (a1), (a2), and (a3) 

modeled flood inundation extent at Zone B at 12 hours, 36 hours, and 60 hours, respectively. (b1), 

(b2), and (b3) modeled flood inundation extent at Zone C at 12 hours, 36 hours, and 60 hours, 

respectively. Polygons inside the flood inundation areas are indicative of dry areas. Black arrows 

mark the inundation difference between “Run 01” and “Run02”.  

The inundation process at Zone B is quite different from that at Zone C. Inundation at 

Zone C is an overbank process throughout the flood event, where floodwater gradually 

increased until surpassing the bank edge and inundating the inland areas. In contrast, 
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inundation at Zone B starts from an inland culvert (see its location in Figure 7.3b). At 

12 hours, Zone B was not directly inundated by the floodwater in the Gatineau River, 

but by the floodwater from the inland culvert. At 36 hours and 60 hours, inland 

floodwater at Zone B came from both the inland culvert and the Gatineau River.  

7.5 Discussion  

7.5.1 Flow rating curve at confluence outlet 

7.5.1.1 Segmentation 

The segmentation behavior of flow rating curves is common in nature (e.g. Petersen-

Øverleir & Reitan, 2005; Birgand et al., 2013; Lindroth et al., 2020; Qiu et al., 2021; 

Muste et al. 2022; Kang et al., 2024). Factors that may lead to the segmentation includes 

overbank flow, morphological changes, unsteady flow (known as the hysteresis effect), 

vegetation growth or decay, backwater, ice cover, etc. (Herschy, 2008).  

For a given overbank flow discharge, WSE would be lower in the case with a floodplain 

compared to the case without a floodplain (i.e., the original shape of channel cross-

section is maintained and extrapolated), which causes the overbank flow rating curve 

to be more gradual (i.e., flatter) than the in-channel flow rating curve in the H (y-axis) 

– Q (x-axis) plot (e.g., Herschy, 2008; Yonesi et al., 2013; Kavousizadeh & Ahmadi, 

2018; Lindroth et al., 2020; Naghavi et al., 2022). However, in the OG confluence case, 

the upper segments (i.e., Phase 2 & 3) are steeper than the lower segment (i.e., Phase 1) 

in the H-Q plot. To the best of the authors’ knowledge, such a flow rating curve 

segmentation behavior has not been observed in experimental studies, but has been 

observed in a few field cases (e.g. Birgand et al., 2013; Sahoo et al., 2014; 

Kavousizadeh & Ahmadi, 2018; Hrafnkelsson, 2020; Kang et al., 2024; Li et al., 2024). 

However, none of those studies have provided detailed analysis on this matter. 

Herein, we analyze this distinct segmentation behavior from the perspective of rating 

curve equations. Note that there are no channel constriction sites or dams downstream 

of the confluence outlet. Thus, the flow rating curve at the confluence outlet is mainly 

a channel control. Eq.(7.8) shows that the 𝑎1 value in Phase 2 (i.e., 𝑎1
2 = 361) is 

much lower than the 𝑎1 value in Phase 1 (i.e., 𝑎1
1 = 984). Consider that “𝑎1” is the 

product of 𝐾𝑆, √𝑆𝑓 and 𝐵𝑤, the decrease of “𝑎1” should arise from the decrease of 

𝐾𝑆, √𝑆𝑓 and/or 𝐵𝑤. Figure 7.8b shows that the equivalent flow width, 𝐵𝑤, does not 

change much from Phase 1 to Phase 2, which does not contribute to the change of the 
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“𝑎1” value. Water level increases by about 0.2 m from the end of Phase 1 to the 

beginning of Phase 2. As a result, the in-channel Manning’s 𝑛 may slightly decrease 

from Phase 1 to Phase 2, which can result in a minor increase of the Strickler flow 

resistance coefficient, 𝐾𝑆 (= 1/𝑛), and thus cause a slight increase of “𝑎1” (c.f., Pan 

et al., 2016). Therefore, the lower value of “𝑎1” in Phase 2 probably results from  the 

decrease of friction slope, 𝑆𝑓, around data point “B”, which outweighs the impact of 

𝐾𝑆. The lower value of 𝑆𝑓 in Phase 2 is probably due to two reasons: 

(1) The hysteresis effect. During flood events, the temporal variation of flow discharge 

may lag behind the variation of friction slope in open channel flow (Muste et al. 

2022). This phenomenon was also recently observed immediately downstream of a 

confluence flume by Tang et al. (2024). In this regard, the friction slope, 𝑆𝑓, may 

be smaller when flow approaches to the discharge peak (the time when data points, 

“B”, “C”, and “D” were collected in this study) compared to the earlier stages of 

flow rising periods (the time when HOBO® logger data were collected), which 

contributes to the decrease of the “𝑎1” value in Phase 2. 

(2) The backwater effect. Castelltort et al. (2020) reported a decrease of friction slope 

immediately downstream of a large confluence during an extreme flood event due 

to the combined effects of backwatering and downstream constriction, which 

probably also exists in the OG confluence case. In addition, during the high flow 

ADCP survey in the OG confluence (corresponds to the data point “B” in Figure 

7.8a), although the river bank at the confluence outlet was not overtopped (see 

Figure 7.8b), we observed in the field that the left bank of the Ottawa River at the 

upstream confluence junction was inundated, which can also contribute to the 

decrease of friction slope in the Ottawa River.  

Although friction slope data at different flow events were not collected in this study, 

we provide a calculation sheet in Appendix D using known and assumed data to show 

that a sudden decrease of friction slope around data point “B” is theoretically possible 

and can lead to the observed flow rating curve segmentation behavior in this study. 

Flow at the confluence outlet changes from in-channel flow to overbank flow at data 

point “D”. Hrafnkelsson (2020) found that the “𝑐” value in Eq. (7.8) was higher during 

overbank flow stages compared to in-channel flow stages in a trapezoidal shape river 

channel. Similarly, in this study, the “𝑐” value in Phase 3 (𝑐3 = 1.733) is higher than 

that in Phase 2 (𝑐2 = 1.524) and in Phase 1 (𝑐1 = 1.5) , which demonstrates the impact 

of overbank flow to the flow rating curve after data point “D”. However, the flow rating 
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curve in Phase 3 still does not show a more gradual trend compared to that in Phase 2, 

as it would in most overbank flow situations (e.g., Herschy, 2008; Yonesi et al., 2013; 

Lindroth et al., 2020; Naghavi et al., 2022). This is also probably due to the lower “𝑎1” 

value in Phase 3 than that in Phase 2, which offsets the impact of a higher “𝑐” value in 

Phase 3. Among the three determinants (𝐾𝑆, √𝑆𝑓 and 𝐵𝑤) of “𝑎1”, the value of 𝐵𝑤 

may be higher in Phase 3 as the flow width increases from Phase 2 to Phase 3. At the 

same time, the Manning’s 𝑛 of forests and houses (𝑛 ≈ 0.08 s/m1/3) is much higher 

than that of river channel (𝑛 ≈ 0.025  s/m1/3, as shown in section 2.4.3) during 

overbank flow, which may cause the overall Manning’s 𝑛 to be higher and the value 

of 𝐾𝑆 to be lower in Phase 3. In addition, the hysteresis effect may cause the friction 

slope, 𝑆𝑓, to be even lower in Phase 3 than that in the earlier stages as the flow reaches 

to the peak discharge (data points “E” and “F”). Thus, the decrease of both 𝐾𝑆 and 

√𝑆𝑓 probably offsets the increase of 𝐵𝑤 and finally results in a lower “𝑎1” in Phase 3 

than that in Phase 2. In summary, the effect of overbank flow to the flow rating curve 

segmentation was outweighed by the change of floodplain roughness (c.f. Yonesi et al., 

2013) and friction slope, which finally results in a similar rating curve shape between 

Phase 3 and Phase 2. 

In summary, the flow rating curve at the confluence outlet can be modeled using the 

power law in segments. The unique segmentation behavior of the flow rating curve at 

the OG confluence outlet mainly results from the combined effect of the change of 

roughness and friction slope, while the impact of overbank flooding appears to be 

relatively minor. Such a segmentation behavior suggests, when modeling confluence 

floods, determining downstream WSE from the in-channel flow rating curve may 

significantly underestimate the flood inundation extent. For example, if using the rating 

curve of Phase 1 to model the WSE at the peak of the 2019 flood at the OG confluence 

outlet, the WSE of the downstream boundary will be underestimated by about 1.15m. 

Additionally, the fact that the 𝑆𝑄𝐻 value is higher in Phase 2 and Phase 3 than in Phase 

1 suggests that the flood inundation extent may increase faster with the flow discharge 

during overbank flow stage, posing additional risks to riverine neighborhood. Decision-

makers should take this into account when developing flood mitigation strategies for 

cities situated at confluences, especially in terms of the evacuation plan before and 

during confluence floods.  
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7.5.1.2 Sensitivity to discharge ratio 

The impact of discharge ratio on the flow field and morphodynamic process in open 

channel confluences has been extensively studied and documented (e.g. Riley et al., 

2014; Yuan et al., 2016; Sukhodolov & Sukhodolova, 2019; Yu et al., 2020; Yuan et 

al., 2021). Spatially-varied WSE has also been reported in open channel confluences 

under different discharge ratios by different researchers (e.g., Biron et al., 2002; Zhang 

et al., 2020; Shen et al., 2023). However, due to the limited datasets in those studies, 

the sensitivity of WSE to discharge ratio at large-scale river confluences has not been 

investigated. In this study, we intend to tackle this problem by answering the following 

question: is the WSE at confluence outlet not only a function of total discharge, but also 

a function of discharge ratio? 

In order to address this question, we calculated the correlation R between discharge 

ratio and residual error of flow discharge using the following equation: 

𝑅 =
∑ (𝛼𝑖 − 𝛼̅)(𝜀𝑖 − 𝜀)̅
𝑁
𝑖=1

√∑ (𝛼𝑖 − 𝛼̅)2
𝑁
𝑖=1 √∑ (𝜀𝑖 − 𝜀)̅2

𝑛
𝑖=1

  
(7.12) 

where 𝛼𝑖 is the discharge ratio of the flow data point indexed with 𝑖; 𝛼̅ is the average 

discharge ratio of all flow data points; 𝜀𝑖 is the residual error of flow discharge at data 

point indexed with 𝑖 , calculated as: 𝜀𝑖 = 𝑄𝑠𝑖𝑚,𝑖 − 𝑄𝑜𝑏𝑠,𝑖 , where 𝑄𝑠𝑖𝑚,𝑖  is the flow 

discharge calculated from the fitted flow rating curve functions (see Eq. 7.8) at the data 

point indexed with 𝑖  and 𝑄𝑜𝑏𝑠,𝑖  is the measured flow discharge of the data point 

indexed with 𝑖; 𝜖 ̅ is the average residual error of flow discharge of all flow data points.  

The calculation gave an 𝑅 value of 0.108, which indicates the correlation between 

discharge ratio and residual error of flow discharge is weak. In other words, errors of 

the developed flow rating curve functions can not be explained by or related solely to 

discharge ratio. Thus, in the OG confluence case, WSE at the confluence outlet is 

mainly a function of the total discharge, with only minor impact from the discharge 

ratio between two confluent rivers. Such a finding provides basis for the numerical 

model setting of determining the downstream WSE merely from the total discharge in 

this study, regardless of the discharge ratio variation. This finding also demonstrates 

that the spatial variation of WSE in open channel confluences under different discharge 

ratio conditions is probably not comparable to the temporal WSE variation induced by 

changes in total discharge. Note that the discharge ratio in the collected datasets falls 
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within the range of [0.09, 0.26]. Thus, it is still possible that a larger variation of 

discharge ratio may have a comparable impact to the downstream WSE. Thus, further 

field investigations are still required to fully understand this issue. 

7.5.2 Impact of tributary unsteadiness on inundation 

dynamics 

In order to study the impact of tributary unsteadiness on confluence flood inundation, 

downstream WSE was kept the same between “Run 01” and “Run 02” to control 

variables. Since downstream WSE is mainly a function of total discharge, total 

discharge was also kept the same between the two flow scenarios. However, the setting 

of different tributary unsteadiness (i.e. rising or falling tributary flow) between the two 

flow scenarios resulted in different time histories of discharge ratio (Figure 7.7c). Thus, 

it is important to note that, only at the “42 hours” time stamp, both the tributary 

discharge and discharge ratio are identical between “Run 01” and “Run 02” (i.e. the 

tributary unsteadiness is the only variable, see Figure 7.7c). At all other times, the 

tributary discharge, discharge ratio, and tributary unsteadiness are different between 

“Run 01” and “Run 02”.  

The Gatineau River discharge is higher at 12 hours in “Run 02” (i.e., 1089.29 m3/s) 

than that in “Run 01” (i.e., 870.71 m3/s), which results in a higher WSE at 12 hours in 

“Run 02” compared to that in “Run 01” (the red line in Figure 7.9a). As the Gatineau 

River discharge rises in “Run 01” while drops in “Run 02” (Figure 7.7a & 7.7b), the 

WSE difference curve between them also goes down (i.e. red line → green line →

 orange line → blue line in Figure 7.9a). Importantly, at 42 hours, the tributary 

unsteadiness is the only variable between “Run 01” (i.e., rising flow) and “Run 02” (i.e., 

falling flow), yet there is barely any WSE difference between “Run 01” and “Run 02” 

(the orange line in Figure 7.9a). We also carried out an additional steady-state 

simulation using the boundary conditions at 42 hours. The mid-channel WSE along the 

tributary channel in the steady-state simulation is also the same as that in “Run 01” or 

“Run 02”. Thus, given the same total discharge, the tributary mid-channel WSE is 

mainly a function of the tributary discharge and is not sensitive to tributary flow 

unsteadiness (i.e., rising, steady-state, or falling). In addition, the model validation 

against overland floodwater velocity was carried out using a steady-state model in this 

study. The validation results suggest that steady-state numerical model can reproduce 

the floodwater dynamics. Considering all those findings, it is worth considering to use 
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steady-state numerical models in future confluence floods simulations to further save 

computational cost.  

Figure 7.9a also shows that the WSE difference between “Run 01” and “Run 02” is not 

constant along the tributary, but decreases towards downstream (Figure 7.9a), which 

suggests that impact of tributary discharge on the tributary WSE becomes weaker and 

impact of total discharge starts to dominate when approaching to the confluence mouth 

(“[2]” in Figure 7.9a). At the point where the WSE difference between “Run 01” and 

“Run 02” almost equals to zero (i.e., downstream of the tributary mouth), the tributary 

discharge no longer affects the local WSE for a given total discharge, as the WSE at 

the downstream boundary is entirely a function of total discharge. 

Figure 7.9b & 7.9c shows that the WSE increment rate in zone “[1]” in “Run 01” is 

higher than that in “Run 02” between 12 hours and 36 hours and also between 36 hours 

and 60 hours, which might seem to suggest that the tributary unsteadiness affects the 

WSE increase rate in the tributary channel. However, these differences arise from the 

different instantaneous tributary flow discharge between the two cases, not the flow 

unsteadiness itself.  For example, at 200 m downstream of the tributary inflow 

boundary, the modeled tributary WSE is 44.01 m and 44.05 m at 12 hours in “Run 01” 

and “Run 02”, respectively. The modeled tributary WSE is almost the same between 

“Run 01” and “Run 02” at 42 hours, which produces a lower rate of WSE increase in 

“Run 02” compared to that in “Run 01” between 12 hours and 42 hours. Such a lower 

rate of WSE increase does not result from different tributary unsteadiness, but is merely 

due to the higher initial tributary WSE in “Run 02” compared to “Run 01”, which 

results from a higher initial tributary flow discharge in “Run 02”. Thus, given the same 

total discharge, the tributary WSE increase rate is related to the tributary WSE at 

different time stamps, which, as discussed before, results from the real-time tributary 

flow discharge. The variation of tributary flow unsteadiness does not bring any distinct 

impact on this matter.  

Figure 7.10 (a1) show that, at 12 hours, flood inundation extent in Zone B in “Run 02” 

is larger than that in “Run 01”. This is because the discharge and WSE (see the red line 

in Figure 7.9a) of the tributary are both higher in “Run 02” than those in “Run 01”. The 

flood inundation extent in Zone B at 36 hours (Figure 7.10a2) and 60 hours (Figure 

7.10a3) can also be linked to the WSE difference at the Gatineau River at the 

corresponding time stamp between “Run 01” and “Run 02” (the green and blue lines in 

Figure 7.9a, respectively). Thus, flood inundation extent at tributary side is directly 

related to tributary WSE, and as discussed before, related to tributary discharge (or 
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discharge ratio) when total discharge is constant. There is no clear inundation extent 

difference at Zone C between “Run 01” and “Run 02” (Figure 7.10 b1-b3) at all times. 

This is because Zone C is near the downstream model boundary, where the same WSE 

was applied between “Run 01” and “Run 02” at all times. Thus, flood inundation extent 

downstream of the confluence is directly related to downstream WSE, and as discussed 

before, related to total discharge, with no clear impact from discharge ratio or flow 

unsteadiness. We calculated the 𝑆𝑄𝐻 value in the tributary channel from the modeled 

tributary discharge and WSE data at 200 m downstream of the tributary inflow 

boundary during overbank floods. The 𝑆𝑄𝐻  value in the tributary channel is 0.017 

cm/(m3/s), which is much lower than the 𝑆𝑄𝐻   value of  0.069 cm/(m3/s) at the 

confluence outlet during Phase 2. This suggests that the impact of tributary discharge 

variation on tributary WSE is not comparable to the impact of total discharge variation 

on downstream WSE. This also explains why the variation of tributary discharge has a 

minor impact on the tributary inundation extent (Figure 7.10, a1-a3). In summary, 

numerical model results show that, under the condition of constant total discharge, 

WSE and flood inundation extent at the tributary side is mainly a function of real-time 

tributary flow discharge, regardless of different tributary flow unsteadiness. The overall 

flood inundation extent at open channel confluences is mainly determined by total 

discharge, with minimal impact from discharge ratio or flow unsteadiness. Thus, it is 

probably appropriate to use steady-state numerical models in future confluence floods 

simulations to further save computational cost. 

7.5.3 Limitations and future concerns  

This study demonstrates that multi-source field data along with a calibrated and 

validated numerical model can serve as a powerful tool in investigating urban 

confluence floods. In this section, we point out some limitations of this study and 

propose some potential future concerns accordingly: 

 Data volume. Datasets during extreme floods are quite limited, which constrained 

the reliability of the developed flow rating curve in Phase 2 and Phase 3 to a certain 

extent. In addition, we are not fully certain about the friction slope variation across 

the AOI due to lack of field measurement data. 

 Validation results. Although the validation results are satisfactory in this study, 

the reason why the numerical model overestimates the observed flood inundation 

extent during the 2019 event is still unknown. In addition, flood inundation extent 
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data at different flood stages and during different flood events need to be collected 

for further model validation. 

 Object diversity. The variation of discharge ratio is very limited in the OG 

confluence case. River confluences of different sizes, junction angles, and 

discharge ratios should be investigated in the future to understand the general flood 

inundation behaviors. 

7.6 Conclusion 

In this study, we analyzed the flood inundation behaviors of an extreme urban 

confluence flood event at the Ottawa-Gatineau confluence using multi-source field data 

and a 2D hydrodynamic model. We developed a flow rating curve at the confluence 

outlet using available datasets and found that a segmented power law is applicable. A 

distinct segmentation behavior was observed in the developed rating curve. Different 

from the segmentation behavior previously observed in overbank flow situations, WSE 

at the confluence outlet increases faster with total flow discharge in the overbank flow 

segment than that in the in-channel flow segment, which is probably due to the 

combined effects of the change of roughness and friction slope. We found that water 

surface elevation (WSE) is mainly a function of total discharge and it is not sensitive to 

discharge ratio in the range of [0.09, 0.26] at the confluence outlet in the OG confluence 

case. This suggests that the spatial variation of WSE at open channel confluences, as 

reported in previous studies, is probably not comparable to the temporal variation of 

WSE with total flow discharge.  

This is the first study to validate a fluvial urban flood numerical model against the 

observed flood inundation extent as well as the inland floodwater velocity. The 

numerical model reproduced both of two validation datasets with reasonable success, 

which suggests that a 2D hydrodynamic model is adequate in simulating large-scale 

urban overland confluence floods. The developed model was used to simulate the 

inundation dynamics of two design flood events with the same time series of total 

discharge but different tributary flow unsteadiness (i.e. rising or falling). Under such a 

condition, the tributary WSE and flood inundation extent are mainly determined by the 

instantaneous total discharge and the instantaneous tributary discharge, but not the 

tributary flow unsteadiness in the OG confluence case. The overall flood inundation 

extent at the OG confluence  is thus most sensitive to the total discharge, with only 

relatively minor impact from discharge ratio, and no apparent influence of flow 
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unsteadiness. This suggests that steady-state numerical models have the potential to be 

considered for modeling confluence floods to further save computational cost. 

The current study is limited to the OG confluence, and further research is needed to 

obtain generalized conclusions. If such general conclusions can be achieved, they 

would have significant implications for engineering practice. Specifically, flood 

managers should focus on the design of “total discharge hydrograph” at river 

confluences and minimize the magnitude and duration of “total discharge peak” by 

shifting the peaks of the two confluent flows when possible to mitigate the flood risks. 

Discharge ratio, flow unsteadiness and hydrodynamic interactions between the two 

confluent flows are probably not the main issues in confluence flood mitigation. 

Decision-makers may also need to take the distinct flow rating curve segmentation 

behavior into account when developing strategies in terms of the evacuation plan before 

and during confluence floods.  
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Chapter 8. Conclusions and future work 

8.1 Conclusion 

This thesis aimed to fill research gaps in fluvial urban floods in terms of flood 

morphodynamic processes, in-channel bar management, flood velocity data collection, 

inundation dynamics of confluence floods, model development, etc. The major findings 

and conclusions are summarized as below: 

 In flood morphodynamics, we found that the timings of local morphological 

changes during extreme floods vary for different morphodynamic units, but are 

similar for similar morphodynamic units, despite the planform differences across 

different reaches. Numerical model results show that bedload transport rate is more 

sensitive to depth-averaged flow velocity rather than medium sediment size, due to 

the greater spatial and temporal variance of velocities than grain sizes during a 

large flood event. The model results also show that with the same flood peak and 

duration, a regulated flood event with a short-lasting rising period, rather than a 

long-lasting rising period, might bring less potential bank erosion and bar growth 

to downstream reaches and vice versa.  

 In in-channel bar management, bar removal presents the best flood mitigation 

effect compared to bar realignment and the “do nothing” plan. However, the 

constructability and ecological impacts of wholesale dredging should not be 

overlooked. Bar realignment plan can stabilize the channel bed thus performs better 

in terms of aquatic habitat protection as well as the realization of river recreation. 

The downstream morphology of a river could be affected in a short-term if the bar 

management plan brings sediment deficit to the river reach (i.e. bar removal). 

However, no matter which bar management plan is applied, the downstream 

morphological patterns are predicted to be similar after a long term. Thus, 

manipulation on vegetated instream gravel bars does not have obvious 

morphological impact to the downstream river reach. The model results also show 

that creating a uniform, less obstructed river bed is believed to be the fundamental 

strategy in flood mitigation. 

 In flood velocity data collection, we developed a new Large-Scale Particle Image 

Velocimetry (LSPIV) algorithm, Time Frequency Analysis (TiFA), to overcome 

the limitations of other algorithms including the traditional LSPIV, Ensemble 

Correlation (EC), Large-Scale Particle Tracking Velocimetry (LSPTV), and 
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Seeding Density Index (SDI). Among those algorithms, TiFA showed the highest 

overall accuracy and lowest computation cost in data analysis, especially under low 

tracer density conditions. In addition, TiFA showed its unique ability of 

automatically filtering out velocity data from low-quality zones such as no-tracer 

zones and surface glare zones. TiFA also showed its potential in processing 

turbulent flow. In summary, the newly-developed algorithm, TiFA, has 

demonstrated strong capability and competence in various flow and tracer 

scenarios, making it a valuable candidate for future applications.  

 In confluence inundation dynamics, we developed a flow rating curve at the 

outlet of Ottawa-Gatineau confluence using available datasets and found that a 

segmented power law is applicable. A distinct segmentation behavior was observed 

in the developed rating curve, which is probably due to the combined effects of the 

change of roughness and friction slope. We found that water surface elevation 

(WSE) at the confluence outlet is mainly a function of total discharge with minimal 

sensitivity to discharge ratio. We are the first study to validate a two-dimensional 

(2D) hydrodynamic model against the observed flood inundation extent as well as 

the inland floodwater velocity. The numerical model reproduced both of two 

validation datasets with reasonable success, which suggests that the 2D model is 

adequate in simulating large-scale urban overland confluence floods. The 

numerical model results suggest that the tributary WSE and flood inundation extent 

are mainly determined by the instantaneous total discharge and the instantaneous 

tributary discharge, but not the tributary flow unsteadiness. The overall flood 

inundation extent at open channel confluences is thus most sensitive to the total 

discharge, with only relatively minor impact from discharge ratio, and no apparent 

influence of flow unsteadiness. This suggests that steady-state numerical models 

can be used in modeling confluence floods to further save computational cost.  

8.2 Future works 

Although this thesis addresses several research gaps in fluvial urban flood modeling, 

numerous research gaps and challenges remain in the research field. Additionally, this 

thesis has limitations that require further refinement to enhance its robustness and 

applicability. Key areas for future work include:  

 The actual river morphodynamic processes during floods. Although the 

developed morphodynamic model has been validated against the measured post-

flood Digital Elevation Model (DEM), it remains uncertain whether a 
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morphodynamic model that successfully reproduced the observed post-flood 

morphological changes can also reproduce the actual morphodynamic processes 

during the flood, including the timing of morphological changes. More 

comprehensive field observations and accompanying modeling are required to 

answer this question. In addition, we only investigated the morphodynamic 

processes at a portion of a bedload-dominant gravel-bed river during a large flood 

event. More comprehensive field observations and modeling works in different 

alluvial rivers (e.g. sand-bed rivers; braided rivers) and under different types of 

floods (e.g. bankfull floods, outburst floods) are required to solidify and generalize 

the findings. 

 Improvement of model accuracy and representation of actual situations. 

Although previous studies show that loose-coupled morphodynamic models can 

have equivalent performance to fully-coupled morphodynamic models, their 

performance has not been evaluated in extreme fluvial floods in large-scale rivers. 

Future studies could focus on this topic and provide more robust evidence 

regarding model selection in large floods. In addition, impact from climate change 

is not considered in the design flood hydrograph in the Bow River case, which 

limits the application of the projection results. Moreover, the morphodynamic 

model’s (Delft-3D) ability to reproduce post-flood bathymetry requires further 

improvement. Possible improvements in terms of model inner structures include: 

bedload inflow boundary, interchange between bed stratigraphy layers, dynamic-

updating of surface roughness, etc. 

 Enhancement of LSPIV algorithm. LSPIV holds great potential for development 

and application in measuring flood velocities. Although the accuracy and 

efficiency of the newly-developed algorithm, TiFA, are both superior comparing 

with other algorithms, the empirical formulas used to determine the user-defined 

parameters in TiFA are not validated against an independent dataset. Thus, more 

datasets from different situations are needed to further test and polish the empirical 

formulas used in TiFA. Velocity map results generated from the current version of 

TiFA are still not smooth. Future work can consider to introduce new tools such as 

neighboring value analysis to improve TiFA’s performance. In addition, there are 

some other competitive image velocimetry algorithms that are not investigated in 

this thesis such as KLT-IV, STIV, SSIV, and OTV. Future works should consider 

a more thorough evaluation of TiFA by comparing with those algorithms. 

Moreover, more diverse flow and tracer conditions should be used to further test 



 

 170  

 

TiFA’s performance 

 More field data during river confluence floods. Datasets during extreme 

confluence floods are quite limited in the OG confluence study, especially in terms 

of the water surface slope data, which constrained the reliability of the 

interpretation on confluence flow rating curve segmentation behavior to a certain 

extent. In addition, flood inundation extent data at different flood stages and during 

different flood events need to be collected to test if a steady-state model works in 

all flood situations in confluences. Moreover, the variation of discharge ratio is 

very limited in the OG confluence case. River confluences of different sizes, 

junction angles, and discharge ratios should be investigated in the future to 

understand the general flood inundation behaviors. 
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Appendix A 

This appendix archives additional information that supports “Chapter 4: Gravel-bed 

river morphodynamic processes throughout an 80-year flood event from numerical 

modeling: implications for flood regulation strategies”. It contains two supplementary 

figures: Figure A1 shows the computational grid used in this study. Figure A2 described 

logical relationships of bedload transport rate on surface sediment size and flow 

velocity. Figure A3 showed the difference in the modeled volumetric changes between 

the original 2013 flood and the “reversed” 2013 flood, in order to testify the hypothesis 

on flood regulation strategy that the author proposed in the manuscript. 

 

Figure A1. Computational grid used in the study. 
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Figure A2. Dependent relationships of bedload transport rate on surface sediment size and flow 

velocity. Arrows mean “contribute to the change of” or “cause the change of”. Thicker arrows imply 

higher contributions. Dashed lines mean “weak contributions”. 
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Figure A3. (a) Cumulative deposition or erosion (CDE) map under the original 2013 flood event, 

(b) CDE map under the “reversed” 2013 flood event, (c) Difference map between “(b)” and “(a)” 

(i.e. “Difference” = “(b)” – “(a)”). 
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Appendix B 

This appendix archives additional information that supports “Chapter 5. Impact 

evaluation of instream bar management using morphodynamic modeling”. It contains:  

 Model sensitivity analysis results of the parameter “𝑀𝑜𝑟𝐹𝑎𝑐”; 

 Cumulative deposition and erosion map of different bar management plans after 

the short-term simulation; 

 30-year flood peak level difference between “bar removal” and “do nothing”, and 

between “bar relocation” and “do nothing”; 

 

Figure B1. Cumulative deposition and erosion map of using different 𝑀𝑜𝑟𝐹𝑎𝑐 after a long-term 

simulation of the “do nothing” plan (a) 𝑀𝑜𝑟𝐹𝑎𝑐 = 1. (b) 𝑀𝑜𝑟𝐹𝑎𝑐 = 5. (c) 𝑀𝑜𝑟𝐹𝑎𝑐 = 10. 
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Figure B2. Cumulative deposition and erosion map of different bar management plans after the 

short-term simulation. (a) do nothing; (b) bar removal; (c) bar relocation. 
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Figure B3. 35-year flood peak level difference (a) between “bar removal” and “do nothing”, and (b) 

between “bar relocation” and “do nothing”. 
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Appendix C 

This appendix archives additional information that supports “Chapter 6. TiFA: An 

Efficient and Robust LSPIV Algorithm Based on Joint Distribution Analysis”. It 

contains:  

 The velocity map produced by five image velocimetry algorithms in the Bradano 

River case;  

 The velocity map produced by five image velocimetry algorithms in the Arrow 

River case;  

 The linear relationship between noise threshold, 𝑉𝑛𝑜𝑖𝑠𝑒  and average surface 

velocity 𝑉̅; 

 The linear relationship between count threshold, 𝑁𝑐 and average surface tracer 

density, 𝜌𝑇. 

 

Figure C1. Velocity maps of five image velocimetry algorithms in the Bradano River case. (a) 

background map; (b) Traditional LSPIV; (c) TiFA; (d) EC; (e) LSPTV; (f) SDI. White arrows mark 

the flow direction. 
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Figure C2. Velocity maps of five image velocimetry algorithms in the Arrow River case. (a) 

background map; (b) Traditional LSPIV; (c) TiFA; (d) EC; (e) LSPTV; (f) SDI. The white arrow 

marks the flow direction. 
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Figure C3. (a) The linear relationship between noise threshold, 𝑉𝑛𝑜𝑖𝑠𝑒 and average surface velocity 

𝑉𝑠̅; (b) The linear relationship between count threshold, 𝑁𝑐 and average surface tracer density, 𝜌𝑇. 
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Appendix D 

This appendix archives additional information that supports “Chapter 7. Inundation 

Dynamics of an Extreme Urban Confluence Flood: Insights from In-Situ Measurements, 

Remote Sensing, and Hydrodynamic Modelling”. It contains:  

• Model validation results on April 30th, 2019; 

• Derivation process of the flow rating curve (i.e. “Q-H” relationship) at a trapezoidal 

compound channel. The flow rating curve contains a “in-channel phase” and a 

“compound phase”; 

• Exploration on the possibility of the decreasing friction slope assumption at the 

Ottawa-Gatineau confluence. 

D.1. Model validation results on April 30th, 2019  

 

Figure D1. Modeled flood extent on April 30th, 2019 at two places marked by the red polygons in 

Figure 7.6 (a) & (b). Background satellite imagery was collected on April 30th, 2019. 

D.2. Derivation of the flow rating curve at a trapezoidal compound 

channel 

This section provides the derivation of the flow rating curve in the following trapezoidal 

compound channel (see Figure D2). 

𝐵1 is the bottom base width of the none-compound portion; 𝐵2 is the bottom base 

width of the compound channel; 𝛼 is the slope angle of the none-compound portion; 

ℎ1 is the channel height of the none-compound portion; 𝛽 is the slope angle of the 
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compound portion; 𝐻  is the water surface elevation relative to the cease-to-flow 

reference level 𝐻0; 𝐷 is the water depth. 

 

Figure D2. The cross-sectional view of an idealized trapezoidal compound channel. 

Based on the Chezy's formula, flow discharge of uniform flow can be formulated as: 

𝑄 = 𝑉 ∙ 𝐴 = 𝐶√𝑅𝑆 ∙ 𝐴 =
1

𝑛
𝑅1/6 ∙ √𝑅𝑆 ∙ 𝐴 =

1

𝑛
∙ √𝑆 ∙ 𝑅2/3 ∙ 𝐴 (D1.1) 

where 𝑄  is flow discharge,  𝑛  is Manning roughness, 𝑆  is friction slope, 𝑅  is 

hydraulic radius, 𝐴 is flow cross-sectional area. 

D.2.1. In-channel phase 

When 0 < 𝐷 ≤ ℎ1, the cross-sectional area is: 

𝐴 = (2𝐷 ∙ 𝑡𝑎𝑛𝛼 + 𝐵1 + 𝐵1) ∙ 𝐷 ∙
1

2
= 𝐷(𝐵1 + 𝐷 ∙ 𝑡𝑎𝑛𝛼) (D1.2) 

The wetted perimeter is: 

𝑃 =
2𝐷

𝑐𝑜𝑠𝛼
+ 𝐵1 (D1.3) 

The hydraulic radius is: 

𝑅 =
𝐴

𝑃
=
𝐷(𝐵1 + 𝐷 ∙ 𝑡𝑎𝑛𝛼)

2𝐷
𝑐𝑜𝑠𝛼 + 𝐵1

=
𝐷 ∙ 𝑐𝑜𝑠𝛼 ∙ (𝐵1 + 𝐷 ∙ 𝑡𝑎𝑛𝛼)

2𝐷 + 𝐵1𝑐𝑜𝑠𝛼
  

=
𝐷 ∙ 𝑐𝑜𝑠𝛼 ∙ (1 +

𝐷
𝐵1
∙ 𝑡𝑎𝑛𝛼)

2𝐷
𝐵1
+ 𝑐𝑜𝑠𝛼

 (D1.4) 
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With the wide channel approximation (i.e., 𝐷 ≪ 𝐵1), Eq. (D1.4) can be approximated 

as: 

𝑅 ≈
𝐷 ∙ 𝑐𝑜𝑠𝛼 ∙ (1 + 0 ∙ 𝑡𝑎𝑛𝛼)

0 + 𝑐𝑜𝑠𝛼
= 𝐷 (D1.5) 

Substitute Eq. (D1.2) and Eq. (D1.5) into Eq. (D1.1), we have: 

𝑄 =
1

𝑛
∙ √𝑆 ∙ 𝐷

2
3 ∙ 𝐷 ∙ (𝐵1 + 𝐷 ∙ 𝑡𝑎𝑛𝛼)  

=
1

𝑛
√𝑆𝐵1 ∙ 𝐷

1.67 +
1

𝑛
√𝑆 ∙ 𝐷2.67𝑡𝑎𝑛𝛼 (D1.6) 

=
1

𝑛
√𝑆 ∙ 𝐵1 ∙ (𝐻 − 𝐻0)

1.67 +
1

𝑛
√𝑆 ∙ 𝑡𝑎𝑛𝛼 ∙ (𝐻 − 𝐻0)

2.67⋯0 ≤ 𝐻 < 𝐻0 (D1.7) 

D.2.2. Compound phase 

When 𝐷 > ℎ1, the in-channel cross-sectional area is: 

𝐴1 = (2ℎ1 ∙ 𝑡𝑎𝑛𝛼 + 𝐵1 + 𝐵1) ∙ ℎ1 ∙
1

2
= ℎ1(𝐵1 + ℎ1 ∙ 𝑡𝑎𝑛𝛼) (D1.8) 

The compound cross-sectional area is: 

𝐴2 = [4𝐵2 + 2𝐵1 + 4ℎ1 ∙ 𝑡𝑎𝑛𝛼 + 2(𝐷 − ℎ1)𝑡𝑎𝑛𝛽] ∙ (𝐷 − ℎ1) ∙
1

2
  

= [2𝐵2 + 𝐵1 + 2ℎ1 ∙ 𝑡𝑎𝑛𝛼 + (𝐷 − ℎ1)𝑡𝑎𝑛𝛽] ∙ (𝐷 − ℎ1) (D1.9) 

The total cross-sectional area is: 

𝐴 = 𝐴1 + 𝐴2 = (𝐵1ℎ1 + ℎ1
2 ⋅ tanα) + [2𝐵2𝐷 − 2𝐵2ℎ1 + 𝐵1𝐷 − 𝐵1ℎ1

+ 2ℎ1𝐷 ∙ 𝑡𝑎𝑛𝛼 − 2ℎ1
2 ⋅ tanα + (𝐷 − ℎ1)

2𝑡𝑎𝑛𝛽] 
 

= 2𝐵2𝐷 − 2𝐵2ℎ1 + 𝐵1𝐷 + 2𝐷ℎ1 ∙ 𝑡𝑎𝑛𝛼 − ℎ1
2 ⋅ 𝑡𝑎𝑛𝛼 + (𝐷 − ℎ1)

2𝑡𝑎𝑛𝛽 (D1.10) 

The wetted perimeter is: 

𝑃 = 2𝐵2 + 𝐵1 +
2ℎ1
𝑐𝑜𝑠𝛼

+
2(𝐷 − ℎ1)

𝑐𝑜𝑠𝛽
 (D1.11) 

The hydraulic radius is: 
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𝑅 =
𝐴

𝑃
=
2𝐵2𝐷 − 2𝐵2ℎ1 + 𝐵1𝐷 + 2𝐷ℎ1 ∙ 𝑡𝑎𝑛𝛼 − ℎ1

2 ⋅ 𝑡𝑎𝑛𝛼 + (𝐷 − ℎ1)
2𝑡𝑎𝑛𝛽

2𝐵2 + 𝐵1 +
2ℎ1
𝑐𝑜𝑠𝛼

+
2(𝐷 − ℎ1)
𝑐𝑜𝑠𝛽

 (D1.12) 

=
𝑐𝑜𝑠𝛼 ∙ 𝑐𝑜𝑠𝛽 ∙ [2𝐵2𝐷 − 2𝐵2ℎ1 + 𝐵1𝐷 + 2𝐷ℎ1 ∙ 𝑡𝑎𝑛𝛼 − ℎ1

2 ⋅ 𝑡𝑎𝑛𝛼 + (𝐷 − ℎ1)
2𝑡𝑎𝑛𝛽]

(2𝐵2 + 𝐵1) ∙ 𝑐𝑜𝑠𝛼 ∙ 𝑐𝑜𝑠𝛽 + 2ℎ1𝑐𝑜𝑠𝛽 + 2(𝐷 − ℎ1)𝑐𝑜𝑠𝛼
 (D1.13) 

=
𝑐𝑜𝑠𝛼 ∙ 𝑐𝑜𝑠𝛽 ∙ [(2𝐵2 + 𝐵1)𝐷 − 2𝐵2ℎ1 + 2𝐷ℎ1 ∙ 𝑡𝑎𝑛𝛼 − ℎ1

2 ⋅ 𝑡𝑎𝑛𝛼 + (𝐷 − ℎ1)
2𝑡𝑎𝑛𝛽]

(2𝐵2 + 𝐵1) ∙ 𝑐𝑜𝑠𝛼 ∙ 𝑐𝑜𝑠𝛽 + 2ℎ1𝑐𝑜𝑠𝛽 + 2(𝐷 − ℎ1)𝑐𝑜𝑠𝛼
 (D1.14) 

=
𝑐𝑜𝑠𝛼 ∙ 𝑐𝑜𝑠𝛽 ∙ [𝐷 −

2𝐵2ℎ1
2𝐵2 + 𝐵1

+
2𝐷ℎ1 ∙ 𝑡𝑎𝑛𝛼
2𝐵2 + 𝐵1

−
ℎ1
2 ⋅ 𝑡𝑎𝑛𝛼
2𝐵2 + 𝐵1

+
(𝐷 − ℎ1)

2𝑡𝑎𝑛𝛽
2𝐵2 + 𝐵1

]

𝑐𝑜𝑠𝛼 ∙ 𝑐𝑜𝑠𝛽 +
2ℎ1𝑐𝑜𝑠𝛽
2𝐵2 + 𝐵1

+
2(𝐷 − ℎ1)𝑐𝑜𝑠𝛼
2𝐵2 + 𝐵1

 (D1.15) 

With the wide channel approximation (i.e., [ℎ1 ≪ 2𝐵2 + 𝐵1] and [𝐷 − ℎ1 ≪ 2𝐵2 +

𝐵1], Eq. (D1.15) can be approximated as: 

𝑅 ≈
𝑐𝑜𝑠𝛼 ∙ 𝑐𝑜𝑠𝛽 ∙ [𝐷 −

2𝐵2ℎ1
2𝐵2 + 𝐵1

+
2𝐷ℎ1 ∙ 𝑡𝑎𝑛𝛼
2𝐵2 + 𝐵1

−
ℎ1
2 ⋅ 𝑡𝑎𝑛𝛼
2𝐵2 + 𝐵1

+
(𝐷 − ℎ1)

2𝑡𝑎𝑛𝛽
2𝐵2 + 𝐵1

]

𝑐𝑜𝑠𝛼 ∙ 𝑐𝑜𝑠𝛽 + 0 + 0
 (D1.16) 

= 𝐷 −
2𝐵2ℎ1
2𝐵2 + 𝐵1

+
2𝐷ℎ1 ∙ 𝑡𝑎𝑛𝛼

2𝐵2 + 𝐵1
−
ℎ1
2 ⋅ 𝑡𝑎𝑛𝛼

2𝐵2 + 𝐵1
+
(𝐷 − ℎ1)

2𝑡𝑎𝑛𝛽

2𝐵2 + 𝐵1
 (D1.17) 

= 𝐷 +
2𝐷ℎ1 ∙ 𝑡𝑎𝑛𝛼 + (𝐷 − ℎ1)

2𝑡𝑎𝑛𝛽 − ℎ1
2 ⋅ 𝑡𝑎𝑛𝛼 − 2𝐵2ℎ1

2𝐵2 + 𝐵1
 (D1.18) 

Substitute Eq. (D1.10) and Eq. (D1.18) into Eq. (D1.1), we have the Q-H relation in a 

trapezoidal compound channel as: 

𝑄 =
1

𝑛
∙ √𝑆 ∙ [𝐷 +

2𝐷ℎ1 ∙ 𝑡𝑎𝑛𝛼 + (𝐷 − ℎ1)
2𝑡𝑎𝑛𝛽 − ℎ1

2 ⋅ 𝑡𝑎𝑛𝛼 − 2𝐵2ℎ1
2𝐵2 + 𝐵1

]

2
3

∙ (2𝐵2𝐷 − 2𝐵2ℎ1

+ 𝐵1𝐷 + 2𝐷ℎ1 ∙ 𝑡𝑎𝑛𝛼 − ℎ1
2 ⋅ 𝑡𝑎𝑛𝛼 + (𝐷 − ℎ1)

2𝑡𝑎𝑛𝛽) 

(D1.19) 

D.2. The possibility of a sudden decrease of friction slope 

With the standard rating curve function (Eq. D1.19) at a trapezoidal compound channel, 

we can substitute the known physical parameters at the Ottawa-Gatineau confluence 

(e.g. roughness, channel width, slope angle, water surface elevation, flow discharge, 

etc.) into the Eq. (D1.19) to see if a sudden decrease of friction slope around data point 

“B” can lead to the flow rating curve segmentation. Note that data points “A” – “D” 

correspond to the “In-channel phase” (Eq. D1.6) while data points “E” and “F” 

correspond to the “Compound phase” (Eq. D1.19) in this document. 
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The calculation results are presented in Table S1. River cross-sectional shape and data 

points are shown in Figure D3. All friction slope data except for data point “D” are 

assumed values. Friction slope at data point “D” (i.e. 0.0011%) is measured from land-

based RTK GNSS. Results show that the modeled total discharge can fit with the 

observed values quite good, which indicates that a sudden decrease of friction slope (i.e. 

from 0.0016% to 0.0013%) around data point “B” is theoretically possible. 

Table D1. Calculation of the total discharge using the trapezoidal compound channel rating curve. 

Data  

points 

Manning's 

n [s/m1/3] 
Slope [-] 

𝐵1   

[m] 

𝐵2  

[m] 

𝐻  

[m] 

𝐻0  

[m] 

𝐷  

[m] 

ℎ1  

[m] 
tan(α) tan(β) 

𝑄𝑝𝑟𝑒  

[m3/s] 

𝑄𝑜𝑏𝑠 

[m3/s] 

A 0.050  0.0006% 300  —— 41.384  28.290  13.094  —— 4  —— 1287.0  1287.0  

A1 0.041  0.0012% 300  —— 42.030  28.290  13.740  —— 4  —— 2366.0  2366.0  

A2 0.036  0.0016% 300  —— 42.401  28.290  14.111  —— 4  —— 3289.0  3289.0  

B 0.030  0.0013% 300  —— 42.677  28.290  14.387  —— 4  —— 3644.5  3644.5  

C 0.027  0.0012% 300  —— 42.989  28.290  14.699  —— 4  —— 4031.0  4031.0  

D 0.023  0.0011% 300  —— 43.664  28.290  15.374  —— 4  —— 4967.2  4967.2  

E 0.021  0.0010% 300 10 44.864  28.290  16.574  16 4  160 6753.0  6753 

F 0.020  0.0010% 300 10 45.073  28.290  16.783  16 4  160 7134.0  7134 

#1 𝐻 corresponds to the measured water surface elevation (WSE) data. 

#2 𝑄𝑝𝑟𝑒 corresponds to the predicted total flow discharge, using Eq.(D1.19). 

#3 𝑄𝑜𝑏𝑠 corresponds to the observed total flow discharge at gauge stations. 

#4 Manning’s roughness at data point “A” is calibrated in the numerical model in the “low flow” run. 

#5 Manning’s roughness at data point “B” is calibrated in the numerical model in the “high flow” run. 
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Figure D3. (a) Raw data points and fitted flow rating curve segments at the OG confluence outlet 

(b) the cross-sectional shape of the confluence outlet and WSE data ranges of different rating curve 

segments. 
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