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Abstract: This research is focused on two key areas. The first is mapping the 2022 flood in the Red River of the 

North near Grafton, North Dakota, US, and the second is evaluating the scour potential of the Grafton Bridge. 

Local scour of bridge piers can cause hydraulic structures such as bridge piers and abutments to fail during 

floods, making it a crucial area of investigation. To collect bathymetry and discharge data during low and high 

flow conditions, including a flood event with a 16.5-year return period in 2022, an Autonomous Surface Vehicle 

(ASV) incorporated with LiDAR DEM (Digital Elevation Model) data obtained from the US Geological Survey 

(USGS) National Map was used. Flood mapping and evaluation of local scour around the bridge pier were 

conducted using the HEC-RAS 6.0.0 software, which utilizes the Colorado State University method as a default 

equation. This research demonstrates the potential of ASVs in collecting critical data and LiDAR DEM data is 

an efficient method for flood mapping and determining scour potential, as it integrates bathymetry, flow 

velocity, and flood prediction. 

Keywords: HEC-RAS model; Red River; LiDAR data; flood mapping; manning’s n-coefficient; 

contraction scour depth 

 

1. Introduction 

The flood phenomenon is a dynamic problem. A good understanding of channel bed 

bathymetry and velocity field is required. Forecasting river and lake water flows are critical for flood 

warnings and water resource management. Few peer-reviewed articles specifically address flood 

forecasting in the Red River despite the Red River of the North’s propensity for flooding. Atashi et 

al. [1] established effective methods that use a classical statistical method, a classical Machine learning 

algorithm, and a Deep Learning method. The results indicated that the LSTM approach outperformed 

the SARIMA and Random Forest methods in terms of prediction accuracy for three stations in the 

Red River: Pembina, Drayton, and Grand Forks. Lim and Voeller (2009) discussed methods for 

estimating flood levels in the Red River using two different techniques: L-Moment-Based Index-

Flood and Bulletin 17B Procedures [2]. Their findings showed that the L-moment-based index-flood 

(LMIF) approach has various benefits over standard moment methods, including higher resilience 

and identifiability of the best-fitted distribution, which is especially important for regional research. 

Todhunter [3] investigated the maximum flow data for the Grand Forks, North Dakota station. 

Todhunter (2012) advised investigating the assumptions based on the LP3 distribution to apply the 

stationary frequency analysis suggested in Bulletin 17B, guidelines for Determining Flood Flow 

Frequency. The existence of climate cycles, the temporal independence of the records, changes in 

watersheds, and flood mechanisms were suggested in the Todhunter study [3]. Deschamps et al. 

(2002) also concluded that the Red River floodplain is not clearly defined, although it does encompass 

the lakebed of ancient Lake Agassiz [4]. 

Bathymetry and LiDAR data offer valuable insights into the topography of land and water 

bodies, enabling more effective flood prediction and prevention strategies. Bathymetry data provides 

information on the depth and shape of water bodies, aiding in flood forecasting and mitigation 
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efforts. LiDAR data, on the other hand, can create highly detailed topographic maps of land and 

floodplains. Recently, the average current depth, velocity, and discharge field have been estimated 

using the ADCP [5–10]. These devices can generate spatially extensive velocity and discharge 

patterns [11–14], which could be utilized to calibrate and validate numerical models. 

In this study, we provide flow measurements using an ASV called HYCAT (Figure 3b) and an 

ADCP (Acoustic Doppler Current Profilers) [15], which measures flow discharge and velocities 

(Figure 3a). This ASV uses GPS to navigate autonomously along preprogrammed routes on the water 

surface. A bathymetric survey of the streambed around the bridge sites allows us to collect water 

depth data as point clouds for 3-D bathymetric mapping, which is created using the HEC-RAS model. 

The HEC-RAS model is a valuable tool for modeling floods and identifying flood maps for 10-, 25-, 

50-, and 100-year return periods [16]. Also, to gather input data on river geometry characteristics 

(cross sections, streamlines, river banks), several DEMs including Shuttle Radar Topography Mission 

(SRTM), Light Detection and Ranging (LiDAR), and Interferometric Synthetic Aperture Radar 

(IFSAR) were integrated into HEC-RAS [17–21]. 

The integration of bathymetry and LiDAR datasets can also lead to the creation of precise flood 

maps, which can be used to develop targeted flood prevention and mitigation strategies. By 

identifying at-risk communities and infrastructure and enabling precise flood forecasting, flood 

mapping plays a crucial role in mitigating and preventing the impact of floods. 

The first part of the study used the Ras-Mapper tool in HEC-RAS to plot flood inundation 

mapping. Flood inundation mapping assists flood hazard management and flood extent area 

identification by visualizing prospective flooding scenarios, identifying locations and resources that 

may be in danger, and improving local response efforts during a flooding disaster [22]. Inundation 

mapping accuracy can be improved by using high-resolution topographic data generated by LiDAR 

technologies associated with ADCP bathymetry data to reveal unprecedented-level topographic 

features. The maps typically show the extent of flooding, including the depth and velocity of the 

water, and may also include information on evacuation routes, critical infrastructure, and other 

relevant data. 

The study of Namara et al. (2022) aimed to map flood inundation using the HEC-RAS model for 

the Awash Bello flood plain in Ethiopia. The HEC-HMS model was used to compute annual peak 

flood frequency analysis for different recurrence intervals. The results showed that the whole area is 

under the influence of flood inundation due to intensive rainfall events [23]. Zheng et al. (2018) 

propose a new workflow called GeoFlood for flood inundation mapping using high-resolution 

terrain data. The approach involves automatic channel network extraction, computing a Height 

Above the Nearest Drainage (HAND) raster to quantify elevation differences, and generating 

inundation maps using synthetic stage-discharge rating curves. The approach is evaluated in the 

Onion Creek Watershed in Central Texas and shows promising results in capturing general 

inundation patterns, with potential for informing real-time flood disaster response [24]. Pinos et al. 

(2019) evaluate the performance of three hydraulic 1D models (HEC-RAS, MIKE 11, and Flood 

Modeller) in estimating inundation water levels for a mountain river. The models were evaluated 

under steady-state conditions for 10 scenarios, using two types of cross-sectional data. The authors 

found that the models performed similarly when using detailed field survey data (type I), but the 

goodness of fit decreased when using cross-sections derived exclusively from DEM (type II). The 

authors recommend using type I geometric data for practitioners to obtain similar model 

performance [25]. 

The second part of the research was focused on assessing the scour that occurs specifically 

around the pier of the bridge, known as local scour. Both bathymetry and LiDAR datasets can help 

prevent scouring near bridges by providing detailed information on the underwater topography, 

such as the depth of the water and the composition of the riverbed. Scouring at bridges is a highly 

intricate phenomenon that involves various processes such as local scour around the piers and 

abutments, contraction scour, channel bed degradation, channel widening, and lateral migration, 

which can occur simultaneously. The collective and interconnectedness of these river processes make 

the scouring process very complex and difficult to model mathematically. Furthermore, the presence 
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of countermeasures such as riprap, grout bags, and gabions adds another layer of complexity to the 

analysis. To fully comprehend the scouring process around bridges, a thorough evaluation should 

account for all these factors. Engineers have been working to create and sustain bridge and hydraulic 

structure foundations that are secure from scouring for more than four decades. The HEC-RAS is a 

popular tool researchers used for analyzing bridge scour. While there are several equations available 

for computing scour around piers and abutments, the ones included in the HEC-RAS are widely 

preferred by researchers and engineers [26–28]. 

By the introduction, the main goals of this project are as follows: 1) to map the 2022 flood in Red 

River of the North in Grafton using the bathymetric and LiDAR data, 2) to evaluate local scour around 

the bridge pier which employs the Colorado State University method as a default equation. Flow 

conditions were approximated for a 2022 flood event with a 16.5 return period in the Red River of the 

North using HEC-RAS flow modeling software. The outcomes will enable us to understand the 

hydraulics and scour potential, propose remedial design options, and revisit the site for 

measurements after implementing the countermeasure. It is important to note that one of the 

novelties of our study lies in the fact that we measured one of the rare flood events and due to a lack 

of tools and the risk involved in taking measurements during flood events, not many studies have 

been done on these measures in the past. 

2. Study Area 

The Red River originates near Wahpeton in North Dakota at the intersection of the Bois de Sioux 

and the Otter Tail rivers between the U.S. states of Minnesota and North Dakota. The river’s mouth 

is located northeast of Winnipeg in Manitoba, Canada, flowing into Lake Winnipeg. The slope of the 

Red River of the North varies along its length which is 545 miles. In the region of Fargo-Halstad, the 

gradient of the Red River averages 5 inches per mile of length. In the region of Drayton-Pembina, 

however, the gradient drops to 1.5 inches per mile. The Red River of the North is considered to have 

a relatively gentle slope with a catchment area of 178,645 mi2 (287,500 km2) (Figure 1a) [29]. Ice jams 

in the north cause major floods because of the backwater effect of the frozen water [30]. The warmer, 

southern part of the Red River melts first during the spring thaw, and the meltwater flows north into 

colder temperatures while the northern portion of the Red River basin is still frozen, resulting in 

floods [2]. Rainfall in the spring and early summer, when there is still snow on the ground, relates to 

quick melting, and when paired with the previously described features, the Red River Valley is 

extremely vulnerable to floods in March and April. These factors increase the need to study flooding 

in this region to better identify the precursors that influence the hydrological conditions generated 

during spring snowmelt floods. 

       (a) 
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(b) 

Figure 1. a) The research location in the Red River of the North. b) Red River East of Grafton, ND 

(48°24’47.56”N 97° 8’15.99” W) 

A section of the Red River east of Grafton, Walsh County, North Dakota (48°24’47.56”N 97° 

8’15.99” W) and Marshall County, Minnesota has been chosen for this study (Figure 1b). The study 

reach is approximately 11 miles upstream of the Drayton USGS station, No. 05092000, which is in 

Pembina County, North Dakota. This study location is between two USGS stations that provide 

discharge data: the Red River at Drayton, ND (05092000) and the Red River at Grand Forks, ND 

(05082500), therefore, there are no stations with discharge information for around 50 miles. 

Additionally, there were concerns about potential scour holes near the Red River of the North the 

Grafton Bridge (Bridge 5872 in Minnesota and Bridge 0017-140.372 in North Dakota) is a two-span 

Parker through truss that carries State Highway 17 in Walsh County, North Dakota, and Minnesota 

Trunk Highway 317 in Marshall County, Minnesota since the bridge scour is the primary cause of 

bridge failure in the United States, making the risks associated with it substantial [31]. 

3. Material and Methods 

To produce the flood inundation map and investigate scour depth around the bridge in HEC-

RAS, we first constructed a hydraulic model of the river or channel using the most reliable 

bathymetry and Lidar data available. Subsequently, we introduced the roughness coefficient for the 

channel and overbanks based on previous research, as well as any other necessary parameters into 

the model. We executed the model to compare predicted water surface elevations and velocities with 

observed data. The primary data employed in this study included pier dimensions, pier shapes, flow 

depth, sediment samples, and river cross-section, while secondary data consisted of discharge data, 

topographic maps, maps of the study area, and river length, all of which were entered as input data. 

Finally, we utilized HEC-RAS software 6.0.0 to analyze the data and determine the local scour depth 

around the bridge piers, and to generate the flood map of the study area. 
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Figure 2. Flowchart outlining HEC RAS model development. 

3.1. Bathymetry and LiDAR Data 

RiverSurveyor and HYPACK software was used to collect discharge and raw velocity and 

bathymetry data from the Red River, respectively. The stationary measurement instrument M9 

ADCP (Figure 3a) was deployed on an Autonomous Surface Vehicle (ASV), and kept in position 

using a remote controller on the channel riverbed (Figure 3b). The M9 can monitor water depth 

(ranging from 0.2 to 131.23 feet at velocities ranging from 0 to 65.6 ft/s), velocity, and discharge 

profiles [32]. 

(a) (b) 

Figure 3. a) RiverSurveyor/HydroSurveyor M9 ADCP unit b) ASV stationed at the Red River. 

Morphological changes were measured with an acoustic Doppler current profiler on peak 

discharge days in April, May, and June 2022. Moving boat measurements for the repeat transects 

perpendicular to the flow were obtained at each transect location to begin collecting bathymetry data 

[33,34]. Most of the transects captured several acoustic reciprocal pairs, whereas the remaining 

transects contained one to three traversing passes. There was a total of 64 transects, and each transect 

took an average contact time of 4.5 minutes. The discharge was measured between April 2022 and 

June 2022, which was a flood event with a 16.5-year return period. The occurrence frequency of a 

specific flood event, also known as its return period, was computed using PeakFQ software obtained 

from the US Geological Survey [35]. The dataset used for the analysis spans from the year 1882 up to 

2021 and is based on peak discharge measurements collected at the Grand Forks station. The 
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maximum discharge based on which the return period was estimated is 63,900 cfs, which is the 

highest recorded discharge for Grand Forks USGS station on April 24th, 2022. The return period of a 

flood refers to the average number of years between occurrences of a flood of a certain size or greater. 

It is calculated based on the probability of the flood occurring and the frequency of occurrence. The 

discharge in this investigation ranged from 13,000 to 47,150 cfs. LiDAR data is commonly used to 

create high-resolution topographic maps and digital elevation models. In this study, the overbank’s 

elevation was obtained from LiDAR data using the National Map of the U.S. Geological Survey with 

a resolution of 7.5 x 7.5 minutes to complete the cross-sections as input for the source of elevation 

information for flood mapping in HEC-RAS. 

3.2. Model Description 

HEC-RAS simulates 1D hydraulic processes for a complete network of natural and man-made 

channels. Four 1D hydraulic components in HEC-RAS simulate water quality, moveable boundary 

sediment transport, steady water flow, and unsteady water flow surface profiles. The HECRAS 6.0.0 

software was used in this paper to generate a 1D hydrodynamic model and determine and map the 

flooding of the present Red River reach. The conventional step method is used to calculate water 

surface profiles from one cross-section to the next by solving the energy equation iteratively. The 

coefficients of contraction or expansion were multiplied with the change in velocity head to 

determine energy losses when the channel geometry changed. The following is the energy equation 

[36]: 𝑍ଵ + 𝑌ଵ +
ఈభ௏భమଶ௚ + ℎ௘ = 𝑍ଶ + 𝑌ଶ +

ఈమ௏మమଶ௚  (1) 

in which: 

Y1, Y2 = flow depth at cross sections (ft) 

Z1, Z2 = elevation of the main channel inverts (ft) 

V1, V2 = average velocities (ft/s) 

α1, α2 = velocity weighting coefficients 

g = gravitational acceleration (ft2/s) 

he = energy head loss (ft) 

The empirical Energy equation, in the form of equation (1), was used in the model to provide 

the relationship between river discharge, hydraulic resistance, river geometry, and friction energy 

loss. The determination of total conveyance and the velocity coefficient for a cross-section requires 

that flow be subdivided into units for which the velocity is uniformly distributed. 

Using the input cross-section n-value break points as the foundation for subdivision, the HEC-

RAS method divides flow into main channel and the overbank regions. Manning’s equation, 

expressed in equation (2), is used to determine conveyance within each subdivision [37]: 𝑄 = (1.486/n) A𝑅ଶ/ଷ𝑆௙ଵ/ଶ
 (2) 

In the equations above: 

Q = flow rate (cfs) 𝑆௙ = energy slope (ft/ft) 

n = Manning’s roughness coefficient 

A = flow area (ft2) 

R = hydraulic radius (ft) 

3.3. Geometric and Hydrologic Data and Data processing in the RAS-mapper tool 

The bathymetry data obtained from both ADCP and LiDAR was used to prepare cross-sectional 

data and hydraulic structure data for river networks. Discharge and boundary conditions are 

provided in a steady flow file. Discharge data were established for the calculation procedure and 

completing the model building after geometric data entry. Six different discharges collected in the 

2022 flood have been used as steady flow data to run HEC-RAS. In this study, the normal depth was 

used as the boundary condition for both the upstream and downstream areas. The normal depth was 

determined based on the slope of the study area. The defined plan is executed in a steady flow 
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analysis when the proper data is entered into the geometry and steady flow files. Twenty 100-foot 

interval cross-sections were surveyed along the 2000-foot study reach, with two 40-foot interval cross-

sections upstream and downstream of the bridge for greater bathymetry precision. RAS-Mapper was 

used to generate terrain models and display HEC-RAS data on maps by using river digitization to 

extract GIS data from overbank lines, centerlines, flow, and cross-section lines (Figure 4) [38]. In 

Figure 4, red points show channel overbanks which describe a cross-section’s primary channel 

overbanks, the blue lines indicate the flow path lines and the green lines are representative of cross-

sections cut lines are used to obtain the terrain’s elevation data to build a ground profile spanning 

channel flow. 

 

Figure 4. Cross-sections and reach details of the study. 

3.4. Bridge Scour Modeling 

The scour depth of bridge piers located on rivers can be determined by the software using 

hydraulic flow data, along with the shape and geometric characteristics of the bridge pier, and the 

composition and form of the riverbed substrate. The default model for estimating the local scour 

depth around bridge piers in the software is known as the CSU model, which is described as follows 

[27]. 

Yୱ =  .0 KଵKଶKଷKସ𝛼଴.଺ହYଵ଴.ଷହFrଵ଴.ସଷ
 (3) 

where: Yୱ= the maximum scour depth; α= width or diameter of the pier; Yଵ= the flow depth in the 

pier upstream; Kଵ= the pier shape coefficient; Kଶ=the coefficient of the impact angle; Kଷ=the bed 

condition coefficient; Kସ =the bed’s coefficient of reinforcement by the sediment particles; Frଵ = 

Froude number. 

To calculate bridge scour, one can open the Hydraulic Design Functions window and choose the 

scour at bridges function. This selection will prompt the program to retrieve output for the approach 

section, upstream section, and sections within the bridge from the output file. Input data, a graphic, 

and a summary results window are also available. Input data tabs can be accessed for contraction 

scour, pier scour, and abutment scour. When entering contraction scour data, variables other than Kଵ 

and Dହ଴ can be automatically obtained from the HEC-RAS output file. When calculating contraction 

scour, the user needs to input only the Dହ଴ (average size of bed material) and water temperature to 

determine the Kଵ factor. To enter pier scour data, the user only needs to provide the pier nose shape 

(Kଵ), the angle of attack for incoming flow, the bed condition (Kଷ), and the Dଽହ size fraction of bed 

material, with all other values, obtained automatically from the HEC-RAS output file. 

4. Results 

4.1. Model Manning Coefficient 

An observed flow of 13,250 cfs, 47,150 cfs, 36,250 cfs, 27,700 cfs, 19,500 cfs, and 13,000 cfs at the 

river upstream was used from the flood event in 2022 with a 16.5-year return period. These flow rates 

are considered low, medium, and high flow in the Red River. In this study, we selected the value for 
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Manning’s roughness coefficient based on previous studies. The previous studies introduced ranges 

of Manning’s n-coefficient values and we evaluated these ranges using statistical parameters to 

determine the best n-coefficient value for our case study. The selected n-coefficient value was then used 

in our hydrological analysis to improve the accuracy of flood prediction. Based on the literature 

review [37,39], the initial value of the n-coefficient was set to be between 0.04 and 0.05 for the channel 

bed river and between 0.06 and 0.16 for the river banks. 

Table 1 presents information on water level data that was both observed and simulated for a 

range of discharge data collected on the 2022 flood. R-squared is a statistical measure that indicates 

how well a regression model fits the observed data, with higher values indicating a better fit. For 

statistical analysis, the R-squared for Red River bathymetry data and simulated data were calculated, 

and the formula is: 𝑅ଶ = 1−  
ௌ௨௠ ௌ௤௨௔௥௘ௗ ோ௘௚௥௘௦௦௜௢௡ (ௌௌோ)்௢௧௔௟ ௌ௨௠ ௢௙ ௌ௤௨௔௥௘௦ (ௌௌ்)

= 1−  
∑(௬೔ି௬ഢෞ)మ∑(௬೔ି௬ത)మ  (3) 

where: 𝑦௜ is the ith water level value generated by the model, 𝑦పෝ  is the ith water level value generated by measured data, 𝑦పഥ  is the mean water level value of measured data series, 

n is the total number of data series. 

The value of the coefficient of determination (R2), 93%, indicates that 0.046 for the river channel, 

and 0.06 for the overbanks, is the best Manning’s n-coefficient value to use because it offers an excellent 

match between the observed and simulated water surface profile. 𝑛஼௛௔௡௡௘௟  shows the value of 

Manning’s n-coefficient for the main channel, and 𝑛௢௩௘௥௕௔௡௞  indicates the value of Manning’s n-

coefficient for the overbanks. Since the left overbank (LOB) and right overbank (ROB) areas have 

similar vegetation, so only one value used is used for both overbanks. 

Table 1. Manning’s n-coefficient for observed and simulated water level data. 

Date Q (cfs) 

Water Elev (ft) Water Elev (Hec-RAS) (ft) 

Observed Data 
nchannel=0.046 

noverbank=0.06 

4/8/2022 13,250 787.00 787.24 

4/27/2022 47,150 807.00 800.98 

5/7/2022 36,250 805.00 799.37 

5/27/2022 27,700 799.00 798.08 

6/12/2022 19,500 795.00 792.11 

6/20/2022 14,500 791.00 788.05 

4.2. Model Flood Mapping 

Figure 5 depicts the topographical surface, which comprises multiple cross-sections in the HEC-

RAS model for the research area at the Red River near the Grafton Bridge (Bridge 5872 in Minnesota 

and Bridge 0017-140.372 in North Dakota). The 3D Viewer’s multiple cross-sections visualize HEC-

RAS simulation results and terrain data in three dimensions, which assists engineers when 

communicating hydraulic modeling results to decision-makers. The simulated inflow discharge 

water surface profile of 47,150 cfs and 13,000 cfs are depicted in Figure 5a, and Figure 5b, which are 

the high and low flow values of the measured data, respectively. The river flow entered the overbanks 

on the left overbank first due to the lower altitudes of the left overbank incorporated into the 

backwater phenomena when the flow gets close to the bridge or any obstacles. The term “backwater” 

refers to the rise in water level [40]. The bridge’s pier will obstruct the flow and raise water levels 

upstream for subcritical flows. The entire overbank was underwater during the April 2022 Red River 

flood near Grafton (Figure 5b). 
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(a) 

 
(b) 

Figure 5. HEC-RAS simulated topographical surface profile (a) Q=13,000 cfs, and (b) Q=47,150 cfs. 

Figure 6 depicts the water levels at the first and the last cross-section (Figure 4) extracted from 

DEMs using geometry data. The ADCP bathymetry and LiDAR data could be combined into a single 

point cloud because the ADCP incorporated with ASV used in this study is a sensor platform capable 

of using data from multiple sources. A broad framework of standard specifications, practices, and 

guidelines is also necessary to enable multiple groups to consistently contribute well-described 

LiDAR and integrated digital elevation models (DEMs) to the development of an elevation in the 

river area. The National Geophysical Data Center (NOAA) and the USGS Earth Resources 

Observation & Science Center collaborated to create this framework to provide a single national 

representation of bathymetry and topography in the United States. Combining these two sets of 

information in the Ras Mapper’s terrain-making capability enables the creation of a single, 

continuous surface from several tiles that are all registered, have the same cell resolution, and are 

edge matched. This option can use many LiDAR tiles that line up. 

  
(a)Cross-section No. 1691 (b) Cross-section No. 133 

Figure 6. Water depths at the Upstream and Downstream Cross-sections. 
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The simulation results indicate that cross-section No. 133, the last designed cross-section, is less 

impacted by the flood, whereas cross-section No. 1691, located upstream of the bridge, is more 

susceptible to flooding at low flow discharge conditions, which is 13,000 cfs (Figure 6a,b). The water 

level for cross-sections No. 133 and No. 1691 is 788.14 ft and 789.00 ft, respectively. The existence of 

bridge piers or abutments in the streams will affect the stream flow and riverbed locally, causing the 

water to flow faster, the bridge to scour, and potentially jeopardizing the structure. A faster cross-

section would have less depth when the discharge is the same, according to the continuity equation. 

The flood map presented in Figure 7 illustrates the depth changes at each cross-section with a 

steady flow simulation, where dark blue denotes deeper depths, and light blue denotes lower depths. 

The simulated flood maps illustrate the variance in water depths along the channel in terms of color. 

All discharges were measured for six time periods, from April 2022 to June 2022, and the highest flow 

was on April 27th at the Red River study location. The current study’s results indicate that the 

corresponding discharge was between 13,000 cfs and 47,150 cfs from April 2022 to June 2022. 

Downstream cross-sections, which were located downstream from the bridge, had a shallower depth 

during peak discharge conditions, and the upstream cross-sections were more affected by the flood 

(Figure 7a,b). The water level tends to be higher on the upstream side of a bridge because the bridge 

deck acts as an obstacle to the water flow, causing it to flow through a narrower space. This creates a 

barrier, which in turn causes the water to accumulate and rise around the bridge as it flows around 

it. The results indicate that a substantial change in the water flow of 34,150 cfs resulted in a significant 

difference in flooding extent. The flood inundation extent determined using the HEC-RAS model 

varied substantially with slight changes in water depth because the Red River has a flat landscape. 

  
Q=13,000 cfs Q=14,500 cfs 

  
Q=19,500 cfs Q=27,700 cfs 
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Q=36,125 cfs Q=47,150 cfs 

Figure 7. Simulated flood inundation map of Red River near Grafton from April 2022 to June 2022 

flood event for different discharges. 

Figure 8 illustrates the simulation results of the velocity distribution for Q= 13,000 cfs, 19,500 cfs, 

and 47,150 cfs. These velocity mapping effects will help prevent erosion in the river overbanks and 

around bridge piers. The results from all three scenarios, which are low, medium, and high flow in 

the 2022 flood event, indicate that the flow velocity near the right side of the river overbank after the 

bridge location had higher values; therefore, protection may be required on this side of the river 

overbank. Furthermore, a high-velocity counter line, which is eddy flow, can be observed at all three 

discharges after bridge pier cross-section No. 933 (Figure 4) in the river’s center. The existence of piers 

can cause the formation of eddies, which are circular currents that can change the flow patterns and 

speed of the water downstream of the pier. This fast-moving eddy flow becomes larger at higher 

velocities after the bridge pier, which could increase scour after the bridge pier. The maximum 

recorded velocity in the study area was 1.85 ft/s, 2.79 ft/s, and 6.75 ft/s for discharge values of 13,000 

cfs, 19,500 cfs, and 47,700 cfs, respectively, occurring after cross-section No. 933 (Figure 4). 

  
Q=13,000 cfs Q=19,500 cfs 

 
Q=47,150 cfs 
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Figure 8. Simulated velocity distribution for Q= 13,000 cfs, 19,500 cfs, and 47,150 cfs (base map from 

google earth [41]). 

4.3. Model Scour Bridge 

In this project, hydraulic analysis was conducted using the HEC-RAS 6.0.0 software, which uses 

a steady flow simulation. The study aimed to predict local scour depth around an existing bridge, 

specifically caused by contraction scour and piers with square nose shapes. Most of the data required 

for calculating contraction scour was generated automatically by the HEC-RAS program, based on 

the steady flow analysis. The remaining data, including sediment diameter (𝐷ହ଴) on each left and 

right overbank and channel, were entered manually. The HEC-RAS program automatically 

calculated the coefficient 𝐾ଵ  using the available 𝐷ହ଴  field measurements. Finally, the program 

analyzed the contraction scour depth around the piers using the CSU equation. Then the modeling 

of local contraction scour depth with HEC-RAS 6.0.0 can be seen in Figure 9. 

 

Figure 9. Discharge Vs. Froude number and contraction scour Depth. 

Figure 9 shows the relationship between contraction scour depth (Yୱ) and the Froude number 

(F୰) on the existing bridge concerning discharge increasing. There is a rise in Froude number between 

Q=19,500 cfs and Q=36,250 cfs. The contraction scours depth and the Froude’s number increase 

further for the Q=13,000 cfs to Q=14,500 cfs of as the water level overtopped to the deck of the bridge. 

For the discharge of 47,150 cfs the water level reaches the deck of the bridge and due to this 

contraction scour depth increases whereas Froude’s number decreases. 

When the discharge increases in a river, the velocity of the water also increases, which leads to 

a higher Froude number. This is because the inertial forces become relatively more significant as the 

velocity increases. However, as the water reaches the deck, the depth of the water decreases, and the 

gravitational forces become more important. This causes a decrease in the Froude number, even 

though the velocity may still be high. 

As water flows towards a bridge, the channel or riverbed in which it is flowing becomes 

constricted due to the presence of the bridge piers or abutments. This narrowing of the channel causes 

an increase in the velocity of the water as it passes through the bridge opening and the cross-sectional 

area of the channel must decrease to maintain the same mass flow rate. Therefore, as the water passes 

through the bridge opening, the depth of the water decreases. This can lead to a concentrated flow of 

water around the piers or abutments, which can increase the potential for erosion and scour around 

the bridge foundations. On the other hand, the contraction scours depth continues to increase even 

after the Froude number has decreased. This is because the velocity of the water is still high, and it 

can still cause erosion of the riverbed, leading to deeper contraction scour depths. 
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5. Conclusions 

Authors should discuss the results and how they can be interpreted from the perspective of 

previous studies and the working hypotheses. The findings and their implications should be 

discussed in the broadest context possible. Future research directions may also be highlighted. 

Our measurement of one of the most extreme flood occurrences in this paper’s invention allowed 

us to validate the accuracy of the HEC-RAS model’s flood predictions and evaluate the model’s 

performance under extreme flood events. By using geospatial techniques, we were able to enhance 

the accuracy of the model’s flood mapping by incorporating topographic data and other relevant 

information. This study’s findings can contribute to better flood management and emergency 

response planning in the study area and other regions facing similar flood events. 

The study aims to determine the best value for the Manning coefficient to improve the accuracy 

of flood prediction in the Red River. The selected value for Manning’s roughness coefficient was 

based on previous studies, and statistical analysis was performed to determine the best value for the 

case study. The value of the coefficient of determination (R2), which was 93%, indicates that 0.046 for 

the river channel and 0.06 for the overbanks is the best Manning’s n-coefficient value to use. 

The bathymetry data were collected using ADCP and ASV combined with LiDAR data to 

determine the flow for a flood event in 2022, and the flood mapping was generated using HEC-RAS 

modeling. Flood inundation mapping indicates that an eddy flow occurs immediately after the bridge 

and becomes relatively larger with an increase in flow discharge and velocity. The results showed 

good agreement between the methodologies, indicating the potential of using ADCPs incorporated 

with ASV and LiDAR data together for flood inundation mapping studies due to the advantages of 

integrating bathymetry, flow velocity, and discharge flood data. 

The study also showed that as discharge increases, the Froude number and contraction scour 

depth increase, but as the water level reached the deck of the bridge, the Froude number decreases 

while contraction scour depth continues to increase due to high velocity. Narrowing the channel by 

bridge piers can lead to concentrated flow and increase scour potential. 
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