
ABSTRACT 

EL-KHOURY, LAYLA . Comparing Methods for Quantifying and Predicting Streambank 

Retreat and Associated Sediment and Pollution Loads at Both Watershed and Reach Scales. 

(Under the direction of Dr. Barbara Doll). 

 

Excessive streambank erosion poses a threat to infrastructure, water quality and the 

ecosystem. Quantifying sediment and pollutant loads from erosion is challenging, especially 

across large spatial scales and short monitoring periods. This dissertation evaluated and 

developed field-based and desktop approaches for measuring and predicting streambank erosion 

at both reach and watershed scales.  

From 2020 to 2022, 15 stream reaches in the Blue Ridge and Ridge Valley of Virginia 

were monitored for streambank erosion. Streambank conditions were characterized along each 

study reach and streambank lateral retreat rates due to erosion were quantified using repeat 

surveys performed at 82 channel cross-sections. Channel morphology and soils data were 

collected from the eroding streambanks at each study site. Three sites located in open pastures 

were used to compare approaches for estimating reachwide erosion volumes. Three methods 

were used to quantify bank retreat and paired with field-measured bank heights to estimate the 

reachwide volumes: 1) cross-section surveys, 2) top of bank (TOB) surveys, and 3) aerial 

imagery analysis. Digital elevation models (DEM) of Difference (DoD) using light detection and 

ranging (LiDAR) data were also used to estimate reachwide erosion. While all methods were of 

similar magnitude, DoD produced the lowest estimates and the highest uncertainty. Cross-section 

surveys proved the most reliable for low-order streams over short timeframes. Across all 

methods, excluding DoD, the sediment volume ranged from 0.18 to 1.26 m3/m/yr. 

The Bank Erosion Hazard Index (BEHI) and near bank stress (NBS) field assessments 

were completed at all 15 Virginia sites and used to develop the Bank Assessment for Non-point 



source Consequences of Sediment (BANCS) model. Geospatial land cover and climate data were 

combined with NBS and individual BEHI metrics assessed and used to develop statistical models 

to predict observed erosion rates. These models outperformed the BANCS modelsô predictions 

of erosion rates, highlighting the importance of including land cover and climate data as 

predictor variables. 

From 2022 to 2024, streambank conditions were assessed at 163 locations across the 

Falls Lake watershed in North Carolina, and bank retreat was quantified at 28 sites using repeat 

field-based cross-section surveys. A series of predictive models was developed to estimate 

sediment and nutrient loads delivered to Falls Lake, including a classification model for erosion 

severity and regression models for bank height, TOB width and annual bank retreat. Delivery 

ratios from literature and the US Geological Surveyôs (USGS) NC SPARROW model were used 

to estimate the load proportion delivered. Field validation and comparison to existing models 

confirmed the reliability of the predictions. Results indicated streambank erosion contributes 35 

to 58% of the total suspended solids (TSS), 13 to 18% of the total phosphorus (TP) and 1 to 3% 

of the total nitrogen (TN) loads delivered to Falls Lake.  

This research demonstrates how desktop analyses can be used for identifying high-

priority restoration sites based on erosion severity and pollutant loads. While remote sensing 

methods offer efficiency, field surveys are best for accurately characterizing streambank erosion 

for short-term monitoring on low-order streams. Predictive models are valuable tools for 

estimating retreat rates when time is limited, but require site calibration to ensure their accuracy.  
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CHAPTER 1: Introduction and Literature  Reviews 

Background and Introduction 

Streambank erosion is a geomorphic process driven by fluvial and gravitational forces 

altering channel forms and sediment loads. Both external and internal factors influence the rate 

of bank retreat along a stream. Precipitation, climate, seasonality, land cover/use and sediment 

supply are external drivers of stream morphology and processes. The internal factors are the 

channel geometry, form and instream features that change in response to the external drivers. 

The Bank Assessment for Non-point source Consequences of Sediment (BANCS) method (D. L. 

Rosgen, 2001) does not consider external influences like land use (current and historic), and 

changes in the flow and sediment regime (Bigham et al., 2018; Gamble, 2021; Ghosh et al., 

2016; Sass & Keane, 2012). 

While streambank erosion is a natural geomorphic process, it becomes problematic when 

its magnitude disrupts the stream system and larger watershed (Simon & Rinaldi, 2006; Wohl et 

al., 2015). Numerous studies have shown that streambank erosion can be a significant source of 

instream sediment and phosphorus loads posing water quality, infrastructure and ecosystem 

threats (Fox, Purvis, et al., 2016; Miller et al., 2014; Paterson et al., 1993; Simon & Rinaldi, 

2006; F. F. Williams et al., 2023). To assess whether streambank erosion is a significant 

contributor to degradation within the watershed and whether its impacts are localized or 

widespread, sediment budgets are indispensable (Hamshaw et al., 2017; Palmer et al., 2014). 

However, there is no standardized method for constructing sediment budgets (Walling & Collins, 

2008) and the complexity of watershed sediment dynamics makes certain sources, like 

streambank erosion, especially challenging to quantify (Allmendinger et al., 2007; Gellis et al., 

2017). As the spatial scale increases and the temporal resolution decreases, the difficulty in 
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quantifying streambank retreat and estimating associated sediment nutrient loads becomes 

increasingly difficult (Couper, 2004; Palmer et al., 2014).  

Many models built to predict bank retreat heavily emphasize internal factors and usually 

address external factors more indirectly, often through flow parameters. Flow is a main driver of 

bank erosion, both fluvial erosion and bank failure (mass wasting and unstable undercutting). 

However, flow, like streambank erosion and deposition, is influenced by external factors: land 

cover and land use, precipitation, and climate.  

Merritts et al. (2011) proposes that conceptual models that only consider ñmodern upland 

land use are incomplete for valleys impacted by milldams.ò The type of factors used in a model 

depend on its purpose: predictive or explanatory. Predictive modeling cares more about the best 

combination of factors to predict the dependent variable but those factors may not be able to 

fully explain what is happening. This emphasizes the importance of both contextualizing streams 

based on how they were shaped and recognizing the drivers of internal changes as necessary for 

watershed management decisions (Johnson et al., 2023; Wohl et al., 2015). The transportation 

and deposition of in-stream sediment is important to understand to quantify delivered sediment 

yields. 

Predicting streambank erosion remains a challenge, particularly in the context of 

restoration. The BANCS method is the most commonly applied method for estimating pre- and 

post-restoration erosion rates (Altland et al., 2020). However, its reliability is limited, especially 

when using it outside the region the curve was developed. BANCS curves are also often 

constructed from relatively few data points but are used to represent large physiographic regions 

(Allmanová et al., 2019; Gamble, 2021). Additionally, these curves are not updated or verified to 

confirm retreat rates have remained consistent since being developed. The method is more likely 
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to produce poor relationships in regions where streambank erosion is controlled by subaerial 

processes (Couper & Maddock, 2001; Wynn & Mostaghimi, 2006), hydrologic fluctuations and 

localized disturbances. Therefore, exploring alternative models that use easily attainable inputs is 

essential for providing more reliable estimates of streambank erosion while maintaining model 

accessibility for practical applications.  

Developing desktop-based analyses to identify erosion hotspots can streamline watershed 

management planning and optimize resources (Bledsoe et al., 2012; Hopkins et al., 2024). The 

first step is detecting which subwatersheds contribute disproportionately high sediment and 

nutrient loads downstream. Then the next step is to pinpoint streambanks exhibiting severe 

erosion that may pose environmental or public safety risks. Narrowing down priority areas 

before fieldwork allows practitioners to strategically use limited resources, improving efficiency 

for restoration and stabilization projects.  

Physiographic Regions of Study Areas 

The physiographic region plays a large role in defining the characteristics of the valleys 

and streams within them (Wohl et al., 2015). This dissertation examines streams within three 

regions: the Blue Ridge and Valley and Ridge regions of Virginia and the Piedmont of North 

Carolina.  

The Blue Ridge region contains many steep mountain ridges and includes the Blue Ridge 

Belt, which is characterized by metamorphic rock (NC DEQ, 1991; Nelms et al., 1997). Diverse 

parent material produces a wide range of soil particle sizes, but the subsurface tends to be 

composed of clay (Nagy et al., 2011). Mean base flows range from 0.02 to 2.44 cfs/mi2 reflecting 

the wide range of elevations above sea level from 220 ft at the Potomac River up to 5,729 ft at 

Mount Rogers. Annual precipitation ranges from 38 to 48 in/yr (Nelms et al., 1997).  
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As its name suggests, the Valley and Ridge region has valley and ridges running in the 

northeast and southwest directions, formed by Paleozoic sedimentary rocks (Nelms et al., 1997). 

Generally, the Valley and Ridge has high transmissivity due to karst formations and folded 

sedimentary rocks, (Swain et al., 2004), promoting greater subsurface flows and increasing the 

importance of seepage erosion. Average annual precipitation ranges from 36 to 50 in/yr across 

the region. However, the northern section of the region lies in a rain shadow, with 10 to 14 in/yr 

lower annual precipitation compared to the southern portion. Mean base flows range from 0.01 to 

1.51 cfs/mi2 (Nelms et al., 1997). Generally, boulders and bedrocks form the channels of the 

streams in this region and Blue Ridge (Wohl et al., 2015) characterized with steeper slopes 

(Nelms et al., 1997) that offer less flow resistance.  

The Piedmont in North Carolina is typically defined as having rolling hills with long low 

ridges. The elevation difference between hills and valleys is usually a few hundred feet (Nagy et 

al., 2011; NC DEQ, 1991). It includes several different geologic settings like the Carolina Slate 

Belt, Triassic Basins, Raleigh Belt, Eastern Slate Belt, and Inner Piedmont Belt. These contain 

both metamorphosed volcanic and sedimentary rocks. The Piedmont tends to have clayey surface 

and subsurface soils with a high erosion potential (Nagy et al., 2011). Streams in this region tend 

to have gentler slopes and higher sinuosity compared to mountainous regions. The bank material 

is mostly composed of erodible materials like silts and sand (Wohl et al., 2015).  

While both colluvial and alluvial valleys exist in the Piedmont, alluvial streams are more 

common due to historical land disturbances. From the 18th to early 20th centuries, agricultural 

practices, like hillslope farming, generated significant upland erosion that accumulated in 

headwater valleys. The influx of sediment aggraded channels and was deposited on floodplains, 

with much of the eroded sediment becoming trapped behind mill dams. This legacy sediment 
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accumulated along lower order streams of the Piedmont. With the collapse and removal of dams, 

legacy sediment has been transported downstream joining the eroded legacy sediment from 

streambanks. (Atkins et al., 2023; Royall & Kennedy, 2016).  

Mechanisms and Drivers of Streambank Erosion 

Stream stability is not a static concept but a balance between erosional and depositional 

forces where there is little net sediment yield from a watershed. The spatial and temporal scale 

on which one considers what is stable is essential to define (Wohl and Merritts, 2007). A single 

reach within a watershed could be unstable and produce a significant amount of erosion, but at 

the watershed scale, much of that eroded sediment may be redeposited before leaving the system, 

resulting in little to no influence on the net sediment yield. It is natural for erosion and deposition 

to occur and cause lateral migration over time (Wohl et al., 2015; Wohl and Merritts, 2007). 

When these processes are accelerated and produce significant amounts of sediment, the river 

system is no longer considered stable or natural. 

Types of Erosion 

The type of erosion that occurs will depend on the driving mechanisms. There are two 

main types of bank erosion: flow-driven erosion (fluvial erosion or surface scour) and 

geotechnical failure or bank failure (unstable undercutting and mass wasting). 

Flow-Driven Erosion 

Flow-driven erosion or fluvial erosion is characterized by the detachment, entrainment, 

and removal of bank material (individual particles or aggregates) by flow. Particle entrainment 

by flows occurs when the boundary shear stress is greater than the critical shear stress. The point 

at which the boundary shear stress exceeds the critical shear stress is not just dependent on the 

flow but also bank material. Bulk density, grain size distribution and soil moisture content 
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govern critical shear stress that is a function of the particle diameter and soil density (Daly et al., 

2015; Zhao et al., 2022).  

Subaerial processes, such as freeze-thaw, wetting-drying cycles and piping/seepage 

flows, play a role in fluvial erosion. The subaerial processes can be considered preparatory 

processes that weaken the physical structure of the bank face making it more susceptible to 

fluvial erosion and bank failure (Wynn, 2020; Wynn et al., 2008). The subaerial process that will 

have the largest effect on bank stability is heavily dependent on bank composition and 

geography.  

While subaerial processes act as preparatory processes for fluvial erosion, flow is the 

main driver of the timing and magnitude. Darby et al. (2007) noted the most fluvial erosion 

occurred during the peak flow. During peak flows, stream stages are at their highest marking the 

largest possible hydraulic radius. As a function of the hydraulic radius, in addition to water-

surface slope, and specific weight of water (Simon et al., 2000), boundary shear stress on the 

banks is highest during peak flows.  

Geotechnical Failure 

Gravitational forces govern bank failure. The forces resisting gravity comprise of 

cohesion from soil particles and roots, matric suction, and hydrostatic pressure. Once these 

forces are overcome by the weight of the soil, seepage and excessive soil pore-water pressure 

(gravitation forces) bank failure occurs (Simon et al., 2000; Zhao et al., 2022). This type of 

erosion is considered episodic in nature contrasting the more continuous and progressive fluvial 

erosion (Zhao et al., 2022).  
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Subaerial Processes 

Freeze-thaw cycling is an important process that influences the rate of erosion in areas 

like the Valley and Ridge and Blue Ridge regions of Virginia where freezing temperatures occur. 

Not all climates support freeze-thaw cycling - parts of the southern US rarely reach freezing 

temperatures. At night, the soil moisture in streambanks freezes forming ice crystals, then thaws 

as temperatures increase during the day. The growth of ice crystals forces the bank to expand, 

increasing the soil volume and decreasing density. This enhances the erodibility of the bank 

likely leading to increases in fluvial erosion (Gamble, 2021; Wynn et al., 2008; Zhao et al., 

2022).  

Freeze-thaw cycles dominate in soil with high silt content due to the pore size 

distribution. Silt has pores small enough for capillary action creating a soil moisture gradient that 

draws moisture to the surface, but large enough to facilitate the movement of water at rate that 

allows ice crystals to form (Wynn et al., 2008; Zhao et al., 2022). In contrast, clay pores are too 

small to promote growth in ice crystals (Wynn, 2020).  

The frequency of freeze-thaw cycles is positively correlated with the soil erodibility of 

high silt content banks. As a result, these banks are more likely to experience greater erosion 

during winter months (Simon et al., 2000; Wynn et al., 2008). In the Valley and Ridge region of 

Viriginia, Gamble (2021) found that freeze-thaw cycles were the main driver of erosion in the 

winter. Collectively, these studies demonstrate freeze-thaw cycling is a significant contributor to 

erosion severity in areas susceptible to this process like Valley and Ridge and Blue Ridge.  

Wetting-drying cycles also influence bank erosion, particularly along banks composed of 

shrink-swell soils (Wynn, 2020). Desiccation of the bank can cause fissures, increasing bank 

erodibility through the reduction of the bankôs structural integrity (Zhao et al., 2022), thereby 
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enhancing both fluvial erosion and bank failure. Saturation of the banks occurs from high flows, 

infiltration from precipitation and groundwater and surface water exchanges. As the bankôs soil 

moisture content approaches saturation, the soil pore-water pressure increases, reducing the 

matric suction between soil particles. When high flows recede, the confining pressure of 

saturated banks is removed, leaving behind saturated bank material. Gravitational forces increase 

from the added weight of the saturated soil, leading to a greater likelihood of bank failure as 

those forces exceed resisting ones. Once the gravitational forces exceed the resisting forces, bank 

failure occurs (Wynn, 2020; Zhao et al., 2022).  

Flow Dynamics 

Flow dynamics are a primary driver of both the type and magnitude of streambank 

erosion. The depth and duration of flow events, combined with antecedent bank conditions of 

moisture content and geometry indicate whether fluvial erosion or geotechnical failure is the 

dominant process. While fluvial erosion and unstable undercutting are more likely to occur at 

lower flow events, near-bank and overbank flows are more likely to initiate mass wasting.  

According to Wegmann et al. (2012), even slight increases in stream stage above 

baseflow were sufficient to mobilize sediment, elevating turbidity levels beyond water quality 

standards in Richland Creek, NC. Similarly, Midgely et al. (2012) and Simon et al. (2000) 

observed that consecutive medium sized events produced substantial bank erosion and failure. 

Simulations by Rinaldi et al. (2004) confirmed that near saturated bank conditions were not 

required to trigger mass wasting. Together, these studies suggest that flows below bankfull can 

also cause bank failure, dependent on antecedent moisture, and the geometry and composition of 

the bank geometry.  
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Bank stability is further influenced by the frequency and duration of flow events which 

alter the saturation and soil-moisture content of the banks that are key factors controlling the 

hydrostatic and pore-water pressure (Simon et al., 2000; Zhao et al., 2022). Studies have 

revealed that prolonged wet periods, often characterized by multipeak flow events are more 

destabilizing than singular peak events (Rinaldi et al., 2004; Simon et al., 2000). For example, 

bank failures were observed along Goodwin Creek after a multipeak event kept the river stage 

above baseflow (Simon et al., 2000). Instead of occurring after a multipeak event, Rinaldi et al. 

(2008) discovered mass wasting occurs between the falling limb of the first peak and rising limb 

of the second, confirming similar findings of Darby et al. (2007). These conditions keep banks 

saturated, causing reduced matric suction and positive pore-water pressure that trigger bank 

failure.  

The dominant type of erosion is dependent on the placement of the noncohesive layer in 

relation to the stream stage and groundwater table. When the noncohesive layer is under the 

cohesive layer, unstable undercutting tends to occur eventually leading to geotechnical failure 

(Zhao et al., 2022). Groundwater table levels near or above the stream stage produce pore-water 

and confining pressure conditions favorable to seepage erosion which exacerbate unstable 

undercutting preceding bank failure (Fox et al., 2006, 2007; Rinaldi et al., 2008).  

Seepage erosion often occurs in stratified banks with contrasting hydraulic conductivities, 

particularly in noncohesive layers that transmit water more readily than cohesive layers with 

higher clay contents. These conditions promote lateral subsurface flows that erode away the non-

cohesive soil destabilizing the overhanging bank (Fox et al., 2006; Zhao et al., 2022). Fluvial 

entrainment removes the eroded material at the toe of the bank from undercutting and mass 

wasting, enabling the continuation of subsurface flows and erosion (Fox et al., 2006). 
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Vegetation Influences 

Vegetation is one of the main drivers of streambank stability. In general, riparian cover 

provides some protection against erosional forces by increasing the tensile strength of banks and 

reducing soil moisture. The density and type of vegetation affect the degree of protection offered.  

Purvis and Fox (2016) found annual bank retreat along bare banks was approximately 

three times greater than the retreat along banks with riparian vegetation. Woody vegetation, with 

its extensive root system, is better able to stabilize banks by reducing soil erodibility and critical 

shear stress on the bank. Although grasses have shallower root systems and are less effective 

than trees at stabilizing streambanks, grassy banks offer more protection than woody shrubs 

against fluvial erosion by folding over to shield the banks (Hopkinson & Wynn, 2009).  

Sparsely planted trees have some impact on the flow near the banks, but did little to 

change the velocity and shear stress in comparison to bare banks (Hopkinson & Wynn, 2009). A 

lab-scale study by Smith et al. (2023) found that sparsely spaced roots increased erosion rates 

due to higher turbulent stress. Plant and microbial extracellular polymeric substances (EPS) can 

further increase bank resistance to streambank erosion. Smith et al. (2023) reported synthetic 

roots and EPS reduced fluvial erosion rates by 86%, nearly matching the reduction of live roots 

reported from 95% to 100%. If EPS increases bank cohesion, it could make the bank more 

resistant to bank failure. However, further field-based research is needed to validate these 

findings.  

Vegetation also influences subaerial processes. As previously mentioned, reduced soil 

moisture from vegetation can decrease the frequency of freeze-thaw cycles, therefore lowering 

erosion rates (Zhao et al., 2022). Wynn and Mostaghimi (2006) discovered banks with deciduous 

forest cover experienced more freeze-thaw events than those with herbaceous cover. During 
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winter, the lack of canopy cover in deciduous forests exposed the banks to solar heating and 

night cooling. In contrast, herbaceous banks retain coverage in the winter, insulating the banks 

from freeze-thaw cycling. Streams in the Blue Ridge and Valley and Ridge are better protected 

from freeze-thaw cycling and associated erosion by herbaceous and evergreen riparian cover.  

Vegetation promotes streambank stability by intercepting rainfall, increasing tensile 

strength, and reducing bank susceptibility to fluvial erosion through the reduction of subaerial 

processes (Zhao et al., 2022). As such, vegetation is a key factor of stream stabilization and 

restoration efforts, often determining the success of the project.  

Anthropogenic Drivers  

The severity of streambank erosion worsens with greater anthropogenic disturbances that 

convert natural landscapes into agricultural and developed areas (Hupp et al., 2013; Wohl et al., 

2015). When impervious cover reaches or exceeds 10%, streams are classified as urban streams 

characterized by greater incision and accelerated erosion rates. Increased impervious coverage 

alters watershed hydrology producing higher peak flows with shorter lag times that generate 

more energy from flows driven by stormwater runoff. This causes excessive channel incision and 

widening, leading to diminished streambank stability.  

Channel incision, quantified by the bank height to bankfull height ratio, indicates 

presence of accelerated erosion once ratios exceed 1.2 (Bigham et al., 2018; D. L. Rosgen, 

2001). As the ratio increases, the bank approaches the point of failure when the gravitational 

forces exceed the shear strength of the bank material (Simon et al., 2000; Zhao et al., 2022). 

Incision also severs the streamôs connection to the floodplain further intensifying bank instability 

and erosion. Due to geological formations, stream incision is a more dominant driver of stream 

stability in the Piedmont compared to the Valley and Ridge and Blue Ridge. Post-colonial forest 
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removal and agricultural practices generated accelerated upland erosion that was stored along 

valleys and trapped behind milldams throughout the Piedmont (Wegmann et al., 2013). Current 

streams are cutting down through this legacy sediment in this region, increasing turbidity 

resulting in water quality issues.  

Streambank Erosion as a Source of Sediment and Nutrients 

Sediment 

The relative importance of streambank erosion to overall sediment export is going to be 

determined by the stream conditions and watershed characteristics. The physiographic region 

plays a large role in defining the characteristics of the valleys and streams within them. (Wohl et 

al., 2015). In some watersheds, streambank erosion can be the most significant process 

contributing to in-stream sediment loads (Stott, 1997), ranging from 17 up to 92% (Palmer et al., 

2014; Purvis & Fox, 2016). For example, Gellis and Noe (2013) found streambank erosion 

alongside agricultural practices were the greatest contributors to sediment loads in Linganore 

Creek, Maryland. In contrast, along agricultural streams in the Minnesota River Basin, 

streambank erosion contributions exceeded those from field erosion (Lenhart et al., 2018).  

Streams in the Blue Ridge and Ridge and Valley have greater capacity to transport 

sediment loads than those in the Piedmont due to higher mean baseflows (Nelms et al., 1997), 

steeper slopes and bedrock channels. Whereas, streams in the Piedmont are characterized by both 

erosional and depositional processes, pointing to the importance of streambank erosion in 

sediment dynamics (Wohl et al., 2015). Wider valleys with erodible bank materials allow 

streams to meander, commonly exhibiting erosion on the outside of bends and depositional bars 

on the inside.  
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While fluvial erosion may produce lower magnitudes of eroded sediment relative to bank 

failure (Rinaldi et al., 2008), its importance to the stream instability and overall sediment loads 

cannot be overlooked. Simulations revealed fluvial erosion contributed less than bank failure to 

the sediment load, only accounting for approximately 30% of the load. Nevertheless, fluvial 

erosion coupled with mass wasting produced 66% more eroded material compared to scenarios 

with just bank failure (Rinaldi et al., 2008). This finding demonstrates that fluvial erosion 

exacerbates mass wasting. The interactions between different mechanisms of erosion are often 

overlooked with most models decoupling fluvial erosion from geotechnical failure.  

Pre- and post-restoration monitoring of an urban stream in Virginia revealed the 

restoration led to improved bank stabilization, preventing sloughing and further channel incision 

(Selvakumar et al., 2010). Multiple approaches can be used to stabilize banks, including 

engineered in-stream structures and bank armoring. Research on bank stabilization found 

protecting the toe of the bank can reduce erosion by up to 90% (Simon et al., 2009). 

Nutrients 

Sediment from streambanks also can serve as a dominant source of nutrient pollution. 

Most streambank erosion studies focus primarily on phosphorus (P), not nitrogen (N) loads since 

nitrate is easily leached making it highly mobile (Killpack & Buchholz, 2022). Streambank 

erosion can contribute between 6 to 93% of total phosphorus (TP) loads in a watershed (Fox, 

Purvis, et al., 2016; Kronvang et al., 2012; Sekely et al., 2002).  

 Differences between wet and dry years can cause substantial variation in nutrient loads. 

During a dry year, streambank erosion was responsible for 44 to 62% of the diffuse P load 

compared to just 21 to 23% during a wet year (Kronvang et al., 2012). Total nitrogen and 

phosphorus loads to Falls Lake, NC from all sources were found to vary in proportion to annual 
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rainfall. In 2018, when rainfall was 30% higher than the average, nutrient loads were 

significantly higher compared to an average rainfall year (UNRBA, n.d.). Although this appears 

to contradict findings from Kronvang et al. (2012), these differences suggest that during drier 

years streambank erosion is a more dominant source of P relative to other sources, like surface 

runoff that will have larger contributions during wetter years.  

To better quantify these contributions, studies have been conducted to understand and 

predict the contributions of streambank and bed erosion to phosphorus concentrations in streams. 

Banks are more likely to serve as a source of P due to the high percentage of fines present in the 

material increasing the banksô capacity to sorb P. The coarser material of streambeds allows 

them to serve as sinks. In fact, fine particles in the stream can sorb P from sewage and industrial 

waste and carry that P further downstream (Inamdar et al., 2020). This emphasizes the 

importance of reducing excess sediment from streambank erosion, which not only transports 

phosphorus already bound to soil particles but also mobilizes additional phosphorus from other 

sources.  

In simulations of the impact of various stream restoration practices on nutrient removal, 

Lammers and Bledsoe (2017) reported that bank stabilization offered the greatest potential for 

the prevention and removal of TP (609 kg P/km/yr). Inamdar et al. (2020) suggest legacy 

sediments have the capacity to sorb P which could be strategically incorporated during 

restoration efforts. Floodplains recreated with legacy sediments could function as sinks for P by 

maintaining oxic conditions required to retain P.  

Methods to Quantify Streambank Erosion Rates 

Various methods exist for documenting and quantifying streambank erosion rates through 

field and remote sensing techniques. In the field, cross-sectional surveys and toe pins are 
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commonly used to measure bank retreat (Purvis & Fox, 2016). Cross-sections can be manually 

measured using bank pins or electronically surveyed with total stations, Global Navigation 

Satellite System Real-Time Kinematic (GNSS RTK) system, or terrestrial light detection and 

ranging (LiDAR) scanning (TLS).  

The spacing of bank pins or point density affects the survey resolution, as too few points 

will fail to accurately capture the shape of the bank. While these methods can be used along 

highly vegetated banks as well as bare banks (Myers et al., 2019), they are better suited for small 

scale studies as labor and costs become prohibitive at larger spatial scales (F. Williams et al., 

2020). 

Cross-section surveys are only representative of changes to that specific location, making 

them incapable of capturing episodic streambank erosion (Purvis & Fox, 2016). The longitudinal 

distance between cross-sections should be three channel widths or less to fairly represent the 

entire study reach. At these longitudinal distances, variability was significantly reduced when 

estimating reachwide erosion rates from cross-section surveys (Gamble, 2021).  

To more effectively document the longitudinal variations in bank retreat along reaches, 

top of bank (TOB) surveys can be conducted either in the field or remotely using aerial imagery 

analysis. In the field, survey points are taken along the edge of the bank (El-Khoury et al., 2024). 

Unlike other methods that capture geomorphic change, vegetation poses minimal interference in 

field TOB surveys. 

Compared to field surveys, aerial imagery analysis is more conducive to larger 

spatiotemporal scales. Banks are manually digitized using GIS software (Belmont et al., 2011; 

Heeren et al., 2012; Purvis & Fox, 2016; Ross et al., 2019; F. Williams et al., 2020). Foliage 

from heavily vegetated banks can prevent one from being able to differentiate the bank from the 
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stream. To mitigate this limitation, aerial images should be collected when vegetation is dormant 

(Myers et al., 2019; F. Williams et al., 2020). Selection of aerial images should ensure 

geomorphic change is greater than the spatial resolution of the images, often accomplished by 

increasing the temporal interval between images.  

While manually delineating the banks typically produced highly accurate results, it is 

time consuming and leaves room for subjectivity, limiting the ability to replicate studies (F. 

Williams et al., 2020). To combat these limitations, Williams et al. (2020) developed an 

automated Python and ArcPY model called Aerial Imagery Migration Model (AIMM). AIMM 

produces both migration maps and volume calculations from two aerial images, a digital 

elevation model (DEM) and a river centerline file. This program reduced analysis time from an 

average of ten hours for manual bank delineations down to one and a half hours. (F. Williams et 

al., 2020). Increasing access to high-resolution aerial images combined with AIMM has 

expanded the opportunities for exploring geomorphic change on spatial scales larger than 

individual reaches over multiyear periods.  

DEMs are composed of a set of measured elevation points so the spatial proximity and 

relationships between points can be implicitly or explicitly established. DEMs can be derived 

from a variety of survey methods including airborne and terrestrial LiDAR, total stations, and 

RTK GPS (Fisher & Tate, 2006). DEMs of Difference (DoD) quantify volumetric changes 

between successive topographic surveys (R. D. Williams, 2012). 

Just as dense vegetation hinders aerial imagery analysis, it also affects the accuracy of 

DEMs derived from LiDAR. The likelihood the laser pulse will reach the ground is inversely 

proportional to the vegetation density (Schaffrath et al., 2015). Total stations can be used to 

gather checkpoint data in heavily vegetated areas to better define the uncertainty of the DEMs in 
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those locations. Cloud point density is a better indicator of DEM uncertainty than vegetation 

height. A density near one means the above-ground point density is higher than the bare-ground 

point density indicating the presence of dense vegetation (Schaffrath et al., 2015).  

The complexity of collecting, processing, and calibrating the data before applying 

geomorphic change detection (GCD) software increases the potential errors and uncertainties 

compounded with each step (Gkiatas et al., 2022; Hohenthal et al., 2011; James et al., 2012; 

Schaffrath et al., 2015). Airborne LiDAR is usually collected along flightlines with a 10 to 30% 

overlap. Each overlap can generate calibration errors that can be corrected with the original GPS 

and laser data to filter out overlapping points (Schaffrath et al., 2015). Other sources of error can 

stem from weather conditions, dense vegetation, shadows, terrain-shading, and georeferencing 

(Gkiatas et al., 2022; Hohenthal et al., 2011; James et al., 2012; Ludwig et al., 2020; Schaffrath 

et al., 2015). James et al. (2012) and Schaffrath et al. (2015) break down uncertainty sources in 

DEMs and DoD, emphasizing the importance of documenting uncertainty at each step.  

 As one of the most difficult banks to capture, undercut banks are often excluded from 

studies. Erosion pins are not recommended for use along these banks since they are susceptible 

to shifting or burial, rendering them unusable for accurate measurements (Myers et al., 2019). 

Aerial imagery analysis usually assumes a 90° bank angle, overlooking the presence of undercut 

banks. Additionally, many GCD software process 2.5 D surfaces. These surfaces only allow one 

coordinate per elevation (R. D. Williams, 2012), making them unable to render undercut banks. 

These simplifications, which eliminate undercut banks, ignore the influence of the bank angle on 

the erosion mechanism affecting the magnitude and timing of erosion. This leaves cross-sections 

surveyed with total stations, RTK or TLS as the best methods for capturing undercut banks, but 



18 

 

these banks remain more challenging than others to survey. El-Khoury et al. (2024) describes 

two approaches for accurately surveying an undercut bank in the field.  

Geospatial Approaches for Streambank Erosion Identification and Prioritization 

Although past fluvial geomorphology studies have been limited spatiotemporally by 

traditional field methods (Boothroyd et al., 2021), technological advances have increased the 

accessibility, quality and amount of high-resolution topographic data allowing streambank 

erosion to be remotely identified, monitored and predicted. Greater computation power is needed 

to keep up with advances in data collection, and recent improvements in data processing and 

storage have made this possible (Schaffrath et al., 2015). Incorporating geospatial data into 

fluvial geomorphology studies has expanded the spatiotemporal scale and enabled the possibility 

to remotely identify problematic areas prior to any field assessments.  

Palmer et al. (2014) began exploring how to use the relationship between 1-m LiDAR 

data and locations of severe erosion to predict severe erosion in other watersheds. A drawback to 

this is the expense of collecting LiDAR data. It is most cost effective to be collected on areas 

larger than 20 mi2 (Hohenthal et al., 2011). Expenses stem from costly equipment requiring 

advanced expertise, particularly for projects requiring higher resolution data (Yen et al., 2011). 

Furthermore, extensive processing is required to transform the LiDAR data into usable data as 

reflected by the methodologies outlined by Schaffrath et al. (2015) and Hohenthal et al. (2011).  

Multiple approaches for transforming the data can be selected by including analytical 

hill -shading, sky-view factor (SFV) and openness. The intended purpose of the data will inform 

the best approach to use. Hill-shading is best suited for visualizing objects with sharp well-

defined edges but is limited by the use of a single light making it difficult to depict structures 

parallel to the light source. Positive openness (PO) is best at illustrating concave surfaces, like 
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streams, by representing depressions where the angles are less than 90°. Additionally, PO is less 

sensitive to noise from the DEMs. (Yokoyama, 2002). 

USGS has developed a downloadable PO layer for the greater Raleigh area, NC (Gurley 

et al., 2023). Using a pre-processed data layer will save time and reduce costs due to the 

technical complexity and time required to collect and process LiDAR data. Applying the PO 

layer in analysis requires less specialized technical capabilities compared to creating the initial 

DEM, allowing less experienced GIS users to extract information.  

The shift towards creating accessible data repositories and sharing methodologies will 

help create a more complete and comprehensive understanding of environmental processes. For 

example, Daxer (2020) outlines steps to compute openness from a DEM in QGIS. The ability to 

use free software, QGIS, to generate PO increases its accessibility. Applying geospatial 

techniques opens the potential to examine channel processes on larger spatial scales over longer 

time periods to gain a better understanding of the episodic nature of streams. These methods 

could capture both short- and long-term rates of change. As indicated by El-Khoury (2022), PO 

has the potential to be an effective tool for evaluating channel incision and instability. This could 

assist at local to federal levels for remotely prioritizing areas for stream restoration interventions.  

Predicting Streambank Erosion Rates 

Bank Assessment for Non-point Source Consequences of Sediment (BANCS) 

The Bank Assessment for Non-point Source Consequences of Sediment (BANCS) model 

is a commonly used ñempirically derived, process-integrated-streambank erosion prediction 

modelò (D. L. Rosgen, 2001). It is used to predict annual erosion rates for specific physiographic 

regions, composed of two parameters: the Bank Erosion Hazard Index (BEHI) and the near bank 

stress (NBS) rating.  
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The BEHI rating represents the erosion potential of the bank through quantitative and 

qualitative variables. Higher BEHI ratings indicate greater erosion potentials. The following five 

variables are used to calculate the BEHI score, each given 1 to 10 points: 

1. Bank height to bankfull height ratio 

2. Root depth to bank height ratio 

3. Weighted root density 

4. Bank angle 

5. Surface protection 

Two adjustment factors based on bank material and stratification are used to add or 

subtract points.  

NBS describes the shear stress applied to the banks through a rating system of very low 

to extreme. It can be assessed by seven different methods depending on the data available and 

the type of stream. Method 1 is a visual assessment based on instream features and the channel 

pattern. Method 2 is a ratio of the radius of curvature to the bankfull width. Method 3 is the pool 

slope to average water surface slope ratio, and Method 4 is the pool slope to riffle slope ratio. 

Method 5 is the near-bank maximum depth to bankfull mean depth ratio. Method 6 is the near-

bank shear stress to bankfull shear stress ratio requiring the most amount of data to be collected. 

Method 7 is based on vertical velocity profiles. A higher rating for the BEHI and NBS indicates 

a higher risk for bank erosion (Bigham et al., 2018; McMillan et al., 2017). Further details on 

how to calculate the BEHI and NBS score and associated ratings are given in Rosgen (2001) and 

Bigham et al. (2018).  

BANCS models must be calibrated for a particular region using measured streambank 

erosion rates and associated BEHI and NBS ratings to fit a linear regression model. The linear 
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regression usually uses NBS as the predictor variable and BEHI as the categorical variable 

(Figure 1.1).  

 

 
Figure 1.1. NC stream bank erodibility curves (Doll et al., 2003). 

 

BANCS Limitations 

Because BANCS focuses on channel form and geometry instead of physical processes 

that drive erosion (Castro-Bolinaga and Fox, 2018), it prevents this method from working well in 

streams that behave differently than those in Colorado and Montano where BANCS originated. 

This is demonstrated by how few studies have been able to replicate the success of producing 

erosion curves like Rosgen produced in Colorado, Montana and Wyoming (Allmanová et al., 

2019; Bigham et al., 2018; Gamble, 2021; Ghosh et al., 2016; McMillan et al., 2017; Rosgen, 
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2001). To improve model performance, future studies should explore how to modify the existing 

BEHI and NBS factors and identify missing parameters, especially those that capture regional 

variability. 

These types of models are also spatially restricted. A BANCS curve is only applicable in 

the study area where the data were gathered, i.e., the North Carolina BANCS curve should not be 

used in Virginia. Variations in bank retreat also exist within a state allowing them to be broken 

down on smaller spatial scales. For example, there are different geologic regions within a state 

where streams behave differently in each region. Any BANCS model used for predictions should 

be validated for the study area.  

Van Eps et al. (2004) demonstrated the accuracy of their developed BANCS model was 

dependent on discharge. Discharge was near bankfull when collecting data to build the model. 

Therefore, the model is the most accurate for predicting erosion rates during bankfull flows with 

decreasing accuracy when flows are substantially higher or lower than bankfull (Van Eps et al., 

2004). As such, it is good practice to report the flow conditions the model was developed under 

to know when it is appropriate to use the model.  

In addition to flows varying bank retreat rates from year-to-year, precipitation and 

watershed disturbances also contribute to these fluctuations. However, BEHI and NBS 

assessments are a snapshot of the bank conditions meant to estimate annual bank retreat rates. 

This snapshot disregards the antecedent conditions that prime a bank for erosion and the flow 

conditions that occurred during the time of interest. None of the variables in the BANCS models 

represent temporal variation so the same annual bank retreat is predicted for a bank segment year 

after year despite changes in the flow regime. A change in the predicted retreat will only occur if 

the bankôs BEHI or NSB rating shifts. On a year-to-year basis, there is often not a drastic enough 
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shift along a bank to warrant a change to the BEHI or NBS rating. Consequently, BANCS is 

unable to capture hydrodynamic variability demonstrated by McMillan et al.ôs (2017) attempt to 

develop BANCS curves for the Northern Gulf of Mexico Coastal Plain.  

BEHI and NBS were also inadequate predictors of retreat for the Bakreshwar River, India 

illustrated by low r2 values of 0.28. Ghosh et al. (2016) determined the unsatisfactory curve was 

due to substantial erosion from high seasonal water levels along segments dominated by non-

cohesive soils. This is likely due to the absence of BEHI parameters to capture governing 

processes of erosion for non-cohesive soils. As discussed earlier, this is driven by subsurface 

flows controlled by hydraulic conductivity, groundwater table height relative to stream stage and 

bank stratification (Fox et al., 2006, 2007; Zhao et al., 2022). While BEHI does have an 

adjustment factor for stratification, the number of points added is objective and will vary 

depending on the assessor. Still, there are no parameters representing soil-moisture, preventing 

BANCS models from accounting for the effects of seepage erosion and performing poorly on 

non-cohesive streambanks.  

Many studies have found a lack of correlation between NBS and erosion rates 

(Allmanová et al., 2019; Ghosh et al., 2016; McMillan et al., 2017). This lack of correlation 

indicates NBS and BEHI parameters do not capture important drivers of erosion. The shear stress 

of flow on the banks, which governs fluvial erosion, is indirectly accounted for by NBS. The 

ability of NBS to capture applied shear stress is dependent on the selected method. While 

Method 7 is the most thorough, it is rarely used in studies due to the impracticality of calculating 

velocity isovels, like its exclusion from the BANCS study by Bigham et al. (2018). Each method 

is not equivalent to another, as assessors are instructed to use the highest NBS rating from all 

applied methods, not an average (Bigham et al., 2018).   
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McMillan et al. (2017) began to delve into ways to modify NBS Methods 2 and 5 in an 

attempt to more accurately model the relationship between channel size, discharge and near bank 

stress. To correct for NBS methodôs disregard of upstream channel dynamics that impact 

downstream erosion, McMillan et al. (2017) used an equation to transform the previous linear 

relationship between channel sinuosity and erosion rates to one that depicts how erosion rates 

decline after reaching a peak associated with 1.5-3.5 curvature ratios. Method 5, near-bank 

maximum depth to bankfull mean depth ratio, was scaled by the channel width. The scaling of 

Method 5 to channel width improved erosion rate predictions, matching previous studies that 

found correlations between channel width and migration rates. However, the r2 values (0.33 and 

0.31 for Method 2 and 5 respectively) were still too low to accept using the BANCS curve to 

predict erosion rates in the northern Gulf of Mexico (McMillan et al., 2017).  

Gamble (2021) also explored modifying NBS for a stronger theoretical framework to 

address fluvial shear stress. Two hydrograph-based methods and two DuBoys methods were 

tested. The hydrograph methods quantified the number of peak flows above baseflow and 

percentage of time above baseflow. The first DuBoys method used the DuBoys equation to 

estimate shear stress and second standardized the estimated DuBoys shear stress with the radius 

of curvature. The modified BANCS curves produced with the hydrograph methods had lower r2 

than the traditional BANCS curves. The best regression fit used the modified DuBoys equation 

but was still only able to explain 4% of the variance (Gamble, 2021). Even with NBS 

modifications, the BANCS model was unable to explain more than 5% of the variance in bank 

retreat for the Valley and Ridge region of Virginia. This indicates that there are several 

fundamental drivers of erosion rates that are not included in the model, like freeze-thaw cycling 

(Gamble, 2021; Wynn et al., 2008).  
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One strength of the BANCS model is its ability to represent the forces that resist bank 

failure. Soil and bank cohesion are represented by the weighted root density, root depth to bank 

height ratio, and material adjustment. Bank angles are also a critical factor in stream evolution 

helping to identify the stage of channel evolution pointing towards the dominant channel 

processes (Simon, 1989; Simon & Rinaldi, 2006). The angle can be a good indicator if fluvial 

erosion or bank failure is more likely to occur. For example, angles greater than 90° depict 

undercutting that eventually leads to bank failure. This aligns with approaches by Pizzuto (1990) 

and Nagata et al. (2000) who modeled bank failure when the slope was greater than the angle of 

repose.  

Modeling Watershed-Scale Sediment and Nutrient Loads from Streambank Erosion 

Identifying areas of severe erosion and deposition and gauging the contribution of 

channel instability as a source of sediment and nutrients is vital to developing a watershed 

management plan to address sedimentation and eutrophication. However, quantifying these loads 

from streambank erosion at the watershed-scale is difficult to do without geospatial data. Large-

scale models often rely on generalized stream characteristics across large reaches, working on 

larger spatial resolutions. For example, the NC SPARROW model has one reach per catchment, 

excluding many smaller headwater streams (USGS, 2018). As a result, mapped spatial 

distributions identifying eroding streambanks at the watershed scale are rare (Wolter et al., 

2021), limiting efforts to accurately estimate loads from streambank erosion.  

While sediment transport naturally occurs, excessive sediment mobilization or deposition 

can disturb a systemôs dynamic equilibrium, altering the ecosystem services (Florsheim et al., 

2008; Hupp et al., 2013). This often occurs in urbanized watersheds where continued 

development increases impervious coverage altering the watershed hydrology. Greater surface 
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flows produce higher peak flows and shorter lag times, generating greater energy from 

stormwater runoff-driven flows and amplifying channel incision and widening (Hupp et al., 

2013; Wohl et al., 2015). Shifts in sediment regimes can degrade stream health by impairing 

instream habitats (Florsheim et al., 2008; Gage et al., 2004) and increasing contaminant 

concentrations (Hopkins et al., 2018; US EPA, 2017).  

Reaches and watersheds, depending on spatial scale, can be classified as balanced, net 

erosional or net depositional regarding sediment transport. Dynamic equilibrium is achieved 

when erosional inputs balance deposition (Wohl et al., 2015). In a larger study area, like the 

Chesapeake Bay, headwater streams could be net erosional with downstream reaches net 

depositional creating a balanced equilibrium at the watershed scale (Noe et al., 2022). To fully 

capture how significant streambank erosion is within a region, a sediment budget is required.  

Sediment budgets allow one to understand the roles of sources and sinks within a 

watershed; however, there is no standardized methodology for constructing them. Additionally, 

sediment transport varies both spatially and temporally making it challenging to quantify and 

predict. (Walling & Collins, 2008). Recent years have seen an increased need for quantifying 

erosion at a watershed scale (Hopkins et al., 2018; Palmer et al., 2014; Purvis & Fox, 2016).  

Sediment fingerprinting is common method used to build sediment budgets. Suspended 

sediment samples are collected across the watershed along with soil samples from possible 

sediment sources. All samples are tested for concentrations of various elements and 

radionuclides to identify the sediment origin. (Voli et al., 2013; Walling & Collins, 2008). Voli 

et al. (2013) applied a Monte Carlo simulation to estimate the contributing percentage of each 

source. The age of alluvial deposits on streambanks was calculated through radiocarbon dating of 

woody materials and sediment (Voli et al., 2013). 
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Tracking radionuclides is a technique often used for sediment fingerprinting. Cesium-137 

(137Cs), produced by testing nuclear weapons in the 1950s and 60s, can be detected up to 40 

years later. Tracing this isotope in soil samples determines sediment distribution across the 

watershed (Walling & Collins, 2008).  

Allmendinger et al. (2007) and Gellis et al. (2017) constructed sediment budgets by 

measuring erosion and deposition rates through the watershed and extrapolating results based on 

stream order. Both studies used cross-sectional surveys to quantify different geomorphic 

processes. Allmendinger et al. (2007) used them to measure streambank erosion while Gellis et 

al. (2017) documented changes in the channel bed and floodplain. Instead, Gellis et al. (2017) 

used erosion pins to measure erosion and deposition along streambanks.   

Allmendinger et al. (2007) created a sediment budget for first-order streams to quantify 

the sediment input into the Good Hope Tributary in Montgomery County, Maryland. The 

sediment budget was simplified to exclude sediment storage due to a lack of floodplains along 

the first-order streams. Upland erosion was estimated from regressions while dendrochronology 

was used to estimate sediment stored on floodplains (Allmendinger et al., 2007). This study 

found that floodplain storage, upland and channel erosion were all significant and of similar 

magnitude in their contributions to the sediment budget.  

In Difficult Run, Virginia, Gellis et al. (2017) used powdered white feldspar clay as field 

markers to measure deposition on floodplains. Multiple measurements were taken over the 

monitoring period, including post Tropical Storm Lee and Super Storm Sandy. Upland erosion 

was calculated as the difference between the measured sediment input from channels and 

sediment storage and measured sediment export. (Gellis et al., 2017). This study captured the 
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influence of extreme events on sediment transport within the watershed, allowing comparisons to 

be drawn of erosion rates under varying hydrologic conditions.  

Shifting from field-intensive methods, Noe et al. (2022) develop a modeling framework 

to estimate a watershed budget for the Chesapeake Bay using extensive geospatial data collection 

and monitoring. Multiple models were built to predict streambank, floodplain, suspended 

sediment, TN, and TP loads. Geospatial data was used to collect watershed attributes as inputs 

for the models while reach-scale geomorphometry of channels and floodplains was measured 

with LiDAR data. RUSLE2 estimated upland erosion delivered to steams. Random Forest 

regressions and USGS SPARROW models were used to estimate the final pollutant loads 

delivered to the Chesapeake Bay. (Noe et al., 2022). 

Wolter et al. (2021) also used LiDAR data to estimate regional-scale sediment and 

phosphorus loads, coupled with field validation of eroding bank locations. However, this method 

was only applied to third order streams and higher since many of the first and second order 

streams had tree canopies and overhanging vegetation obscuring the banks. To account for both 

sides of the stream, the total eroding stream length was doubled, estimating around 41% of banks 

were severely eroding (Wolter et al., 2021). This assumes that if one bank is eroding the 

opposing bank must be as well. However, this is not always the case, particularly along 

meanders.  

Royall and Kennedy (2016) compared sediment budgets the Blue Ridge and Piedmont 

regions of North Carolina for watersheds with similar land cover. The Blue Ridge watersheds 

produced greater sediment yields and colluvial storage while the Piedmont watersheds 

experienced greater alluvial storage. Higher sediment yields are expected for mountainous 

streams due to decreased opportunities for sediment deposition and storage from steeper slopes 
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(Royall & Kennedy, 2016). As demonstrated by this study, mountainous streams have a greater 

capacity for sediment transport with small alluvial storage relative to the large sediment yields. 

Contrasting previous studies, Royall and Kennedy (2016) only considered upland erosion 

ignoring streambank erosion. This indicates streambank erosion is not a significant source of 

sediment in these watersheds. 

While various approaches are used to construct sediment budgets, they all break down to 

the same principal components: channel erosion, upland erosion, and floodplain storage. Many 

variabilities within these components of sediment transport are not fully understood or captured 

with existing approaches. A lot of uncertainty remains around identifying patterns of erosion and 

deposition on varying spatiotemporal scales making sediment transport difficult to model 

(Walling & Collins, 2008).  

The temporal scale of the monitoring period is a key factor for capturing erosion 

dynamics (Florsheim et al., 2008; Palmer et al., 2014; Purvis & Fox, 2016). Longer monitoring 

periods are more representative of annual averages (Gamble, 2021; Palmer et al., 2014) due to 

their ability to cover a wider range of conditions, i.e., wet and dry years, extreme storm events 

and land use changes. Palmer et al. (2014) documented wet versus dry years significantly 

impacted the annual sediment load.  

Spatially, many studies use measured erosion from a few sites to extrapolate streambank 

sediment loads across an entire watershed. Purvis and Fox (2016) found this approach to lead to 

an underestimation of sediment loads. Future studies should focus on collected data over a larger 

spatial area, representative of variations across the watershed. This wider sample range will help 

researchers understand explanatory factors of streambank erosion. If these explanatory factors 

are pulled from GIS data, then sediment loads can be estimated on watershed and regional scales 
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with minimal effort. Recent studies like Noe et al. (2022) have taken advantage of this to predict 

delivered loads to the Chesapeake Bay. Utilizing geospatial layers for watershed modeling will 

help reduce time, effort and resources compared to more traditional methods of quantifying and 

measuring loads in the field.  

Project Description 

Quantifying streambank erosion remains a challenge, particularly for time-constrained 

projects on lower order streams (El-Khoury et al., 2024). Using models to predict bank retreat 

rates instead of measuring them can be a suitable alternative provided the model is reliably 

accurate for the area of interest. While the established BANCS erosion curve is appealing 

because of its rapid field assessments (D. L. Rosgen, 2001), it is spatially restricted to the area of 

development, ignores subaerial processes (Gamble, 2021) and relies on subjective parameters 

(Bigham et al., 2018). 

However, the limitations of the BANCS model become more apparent when expanding 

the spatial area of interest from individual reaches to watershed or regional levels. At these larger 

spatial scales, the dynamics of loading from streambank erosion become increasingly complex. 

To truly understand the role of streambank erosion within a watershed, it is necessary to estimate 

its contribution to sediment and nutrient loads and identify localized impacts in need of more 

immediate attention. This watershed perspective recognizes the importance of incorporating 

sediment regimes into management planning acknowledging the dynamic role of sediment in 

fluvial systems (Wohl et al., 2015). Desktop and geospatial tools offer scalable approaches for 

estimating erosion and facilitating the prioritization of areas for restoration and watershed 

management (Bledsoe et al., 2012; Hopkins et al., 2024). To address these methodological and 

spatial limitations, this dissertation examines the following objectives:  
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1. Compare the accuracy of field-based assessments to aerial imagery and LiDAR-based 

approaches for estimating total reachwide sediment volumes from streambank erosion. 

2. Develop predictive models of annual streambank erosion rates using field measured 

streambank and channel morphology data combined with terrain and climate data. 

3. Validate watershed-scale estimates of sediment and nutrient loads from watershed models 

with field-assessed streambank conditions, field-measured erosion rates, and soils data 

combined with statistical modeling.  

Specific hypotheses to be tested are:  

1. Bank retreat rates quantified from cross-section surveys, field top of bank (TOB) surveys, 

and aerial imagery analysis will be statistically different.  

2. Reachwide sediment volumes from streambank erosion estimated by cross-section 

extrapolation, field TOB surveys, aerial imagery analysis and differencing of DEMs 

(DoD) will be statistically different.  

3. The addition of watershed and climate factors will improve model performance for 

predicting annual bank retreat rates, outside what BEHI and NBS alone can explain in the 

Ridge and Valley and Blue Ridge physiographic regions of Virginia.  

4. Streambank erosion is a significant source of (1) total suspended solids (TSS), (2) total 

phosphorus (TP), and (3) total nitrogen (TN) delivered to Falls Lake, NC.  

Chapter 2 compares physical surveys, aerial imagery, and UAS LiDAR surveys for 

quantifying streambank erosion along low-order streams under short temporal scales at three 

sites in the Blue Ridge and Ridge and Valley regions of Virginia. Three methods were used to 

quantify bank retreat from 2020-2022 at specific locations along each reach: (1) cross-section 

(XS) surveys, (2) TOB surveys, and (3) aerial imagery analysis. These retreat rates were 
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compared to longer-term rates quantified from aerial images collected between 2007 to 2019. All 

three methods were paired with field-measured bank heights to estimate reachwide erosion 

volumes in addition to applying DoD from collected UAS LiDAR data. ANOVA and Tukeyôs 

HSD tests were applied to the bank retreat and volumes estimates to determine if different 

methods produced statistically different estimates. The comparisons outlined in this chapter 

begin to address the challenges of reliably quantifying sediment loads for restoration actions, 

meeting the need for site-specific, low-cost, and timesaving methods. Recommendations are 

provided for selecting the most appropriate method for documenting and quantifying erosion 

depending on time constraints, purpose of estimating erosion, resolution required and stream 

conditions.  

Chapter 3 examines empirical modeling approaches for predicting annual streambank 

retreat rates in the Blue Ridge and Ridge and Valley regions of Virginia. At 15 stream sites, 

BEHI and NBS assessments were conducted alongside erosion rate quantification using cross-

section surveys and soil samples. The first modeling approach followed the BANCS method, 

creating separate regressions for each BEHI category with NBS as the predictor of annual bank 

retreat. The second approach explored five types of regressions: (1) multiple linear regression 

(MLR), (2) Ridge regression, (3) Lasso regression, (4) Principal Component Regression (PCR), 

and (5) Random Forest. Predictor variables were selected from individual BEHI parameters, 

NBS ratings, reach characteristics, watershed attributes and climate metrics. The best predictive 

model was selected based on the root mean squared error (RMSE) and correlation coefficient 

squared (r2), the coefficient of determination (R2), adjusted R2, and Akaike Information Criterion 

(AIC). The best-performing models were used to predict annual bank retreat rates and estimate 

reachwide sediment and nutrients in combination with soil data. Measured retreat rates were 
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compared to the North Carolina (NC) and Maryland (MD) BANCS erosion curves to assess if 

either curve could be used in Virginia. The alternative modeling approaches aimed to address 

some of the limitations of the BANCS method to better capture the variability in streambank 

erosion across the region. The final models are meant to provide practitioners with a user-

friendly tool to estimate sediment loads pre- and post-restoration with easily attainable inputs.  

Chapter 4 explores a watershed modeling approach for predicting TSS, TP and TN loads 

delivered to Falls Lake, NC from streambank erosion. A total of 111 100-ft study reaches were 

assessed for bank erosion classification and channel dimensions. 28 of those sites exhibiting 

active erosion were selected for cross-section surveys to quantify bank retreat rates and analysis 

of streambank soils for bulk density, TN and TP concentrations and grain size distribution. A 

series of statistical models were built with GIS data to predict bank erosion classification, bank 

height, TOB width and annual bank retreat. Models were validated in the field using data from 

52 new sites. Model estimates were used to calculate delivered TSS, TP and TN loads from 

streambank erosion, determining if streambank erosion was a significant contributor to sediment 

or nutrients in Falls Lake. To evaluate the practicality of model estimates, predictions were 

compared to other model estimates and literature values.  
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Abstract 

Excessive or accelerated streambank erosion can harm stream ecosystems and negatively 

impact water supply and infrastructure systems. Streambank erosion can be the most significant 

source of in-stream sediment loads and associated contaminants. Site-specific, low-cost and 

timesaving methods to quantify active erosion rates are needed to identify and prioritize 

locations for restoration actions focused on reducing sediment loads and improving stream 

functions. Therefore, we examined several methods for quantifying streambank erosion at 

smaller spatial and temporal scales that are typical of most restoration projects. Physical surveys, 

aerial imagery analysis, and Unmanned Aircraft System (UAS) based light detection and ranging 

(LiDAR) surveys were conducted to document erosion at three streams in the Blue Ridge and 

Ridge and Valley regions of Virginia. Three methods were used to quantify bank retreat: 1) 

cross-section (XS) surveys, 2) top-of-bank (TOB) surveys and 3) aerial imagery analysis. The 

bank retreat rates were compared to rates estimated from aerial images collected during 2007 to 

https://doi.org/10.1002/esp.70039
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2019. All  three methods were then paired with field measured bank heights to estimate the 

volume of erosion. Reachwide erosion volumes were also estimated with digital elevation 

models (DEM) of Difference (DoD) using LiDAR data collected with an UAS. The estimated 

eroded sediment volumes varied widely across all methods but were of a similar magnitude. 

DoD produced the lowest estimated sediment loads, highest uncertainty and was statistically 

different from the average of the maximum erosion measured at all cross-sections. The volume 

of streambank erosion ranged from 0.18 to 1.26 m3/m/yr across all sites for all methods 

excluding DoD. Based on the small size of our study streams and the short monitoring period 

(one to two years), DoD was the least suitable method. Selecting the appropriate method for 

documenting and quantifying erosion depends on the time available, the purpose of estimating 

erosion, the resolution required and stream conditions. 

Keywords: streambank erosion, aerial imagery, LiDAR, geomorphic change, physical surveys 

Introduction  

Erosion, sediment transport and deposition are natural stream processes that are essential 

for healthy river ecosystems (Wohl et al., 2015). However, accelerated erosion has numerous 

negative consequences. Sediment can cover spawning fish habitats, disturb filter feeders and 

decrease the biodiversity of species, thus reducing ecosystem functions (DWER, 2000; Gage et 

al., 2004; Paterson et al., 1993; US EPA, 2017). Accelerated erosion can reduce the storage 

capacity in reservoirs and lakes, increase costs for hydroelectricity, water treatment and 

stormwater drainage, exacerbate flooding impacts, and degrade aesthetics (Paterson et al., 1993; 

US EPA, 2015). Streambed incisions and associated bank erosion can cause structural damage or 

failures that are a public safety hazard (Simon & Rinaldi, 2006). Problematic excessive erosion is 

primarily due to geological or anthropogenic disturbances (Florsheim et al., 2008; Hupp et al., 
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2013; Wohl et al., 2015). Geologic disturbances like earthquakes cause dramatic shifts in the 

sediment regime causing instability through the imbalance of sediment transport (Hupp et al., 

2013). Urbanization and development, for example, destabilize streams by increasing runoff and 

introducing new sediment sources from construction, gravel landscaping and road-deposited 

sediments (Atkins et al., 2023; Hopkins et al., 2015; Noe et al., 2022; Russell et al., 2017, 2019; 

Wohl et al., 2015). Removal of vegetation, straightening and deepening of streams and other 

watershed disturbances such as cattle grazing can increase erosion. In some watersheds, 

streambank erosion can be the most significant process contributing to in-stream sediment loads 

(Stott, 1997).  

Stream restoration and bank stabilization practices are used to address accelerated 

streambank erosion in hopes of recovering stream functions. Most restoration contracts span 

three to five years including monitoring allowing for one pre- and post-monitoring visit 

(Johnson, 2010). Some watershed management programs use pre- and post-monitoring for 

crediting streambank erosion reductions achieved through restoration (Altland et al., 2020). 

Various rapid geomorphic assessments are used to determine current stream conditions. The 

assessment used can result in different restoration approaches and priorities (Habberfield et al., 

2014). The Bank Assessment for Non-point source Consequences of Sediment (BANCS) model 

can be used to predict sediment loads to assess restoration priorities (D. L. Rosgen, 2001) and is 

one of the most commonly used methods for pre-restoration assessments (Altland et al., 2020). 

The BANCS method produces curves for specific physiographic regions (the Piedmont of North 

Carolina (Doll et al., 2003), the Front Range of Colorado (D. L. Rosgen, 2001), Northeast 

Kansas (Sass & Keane, 2012), Yellowstone National Park in Montana (D. L. Rosgen, 2001)) that 

estimate a bank retreat rate based on the existing condition of an eroding streambank. However, 
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the curves are an oversimplification of erosion rates across large spatial scales that may not be 

representative of the current conditions at a specific site (Couper, 2004; Goode et al., 2024). In 

fact, the erodibility of streambanks a few miles apart can be significantly different (Fox, 

Sheshukov, et al., 2016). Nevertheless, BANCS assessments are used by several U.S. state 

programs when quantifying the ecological uplift and associated mitigation credits allocated for 

stream restoration efforts (Donatich et al., 2020). Site-specific field surveys require longer 

periods of time (months to years) and physical labour to quantify erosion. This effort may not fit 

within the scope of a restoration project. Remote sensing methods often lack the resolution 

required to quantify channel changes on lower order streams (F. F. Williams et al., 2020). Goode 

et al. (2024) states the need for lower cost site-specific methods for facilitating stream restoration 

and mitigation projects. 

Various methods exist for documenting and quantifying streambank erosion rates through 

field and geospatial desktop methods. 

In the field, cross-section surveys and bank pins are commonly used to measure bank 

retreats (Purvis & Fox, 2016). Bank pins are installed horizontally into the bank at specified 

intervals and the exposed length of the pins is repeatedly measured to capture bank erosion 

(Myers et al., 2019; Purvis & Fox, 2016). A total station survey instrument can be used to 

accurately measure cross-section geometry. The point density affects the survey resolution, 

where too few points fail to capture streambank retreat. These field methods are better suited for 

smaller-scale studies due to the time and cost required to perform the surveys and measurements 

(F. F. Williams et al., 2020). They are also only representative of changes at the specific cross-

section and are unable to capture episodic streambank erosion (Purvis & Fox, 2016). The use of a 
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total station for surveying has been shown to work well on both vegetated and bare banks (Myers 

et al., 2019). 

Surveys can also be conducted along the top of bank (TOB), here-in referred to as TOB 

surveys, in the field to quantify reach wide erosion. Points are taken along the edge of the bank 

to capture the shape of the bank (El-Khoury et al., 2024). Unlike other methods that capture 

geomorphic change, field surveys are less limited by the presence of vegetation, but the labour 

and cost required are prohibitive when surveying large spatial scales. 

Aerial imagery analysis is another method used to quantify streambank retreat that is 

more conducive for larger study areas and over multiple years. Streambanks are manually 

digitized using aerial imagery in GIS (Belmont et al., 2011; Heeren et al., 2012; Purvis & Fox, 

2016; Ross et al., 2019; F. F. Williams et al., 2020), which can be difficult when there is dense 

vegetation. This method assumes vertical banks and excludes undercutting, which creates a bias. 

Aerial imagery analysis is time consuming and leaves room for subjectivity limiting the ability to 

replicate studies (F. F. Williams et al., 2020). Many studies have applied aerial imagery on high-

order streams over multiple-year periods (Bartley et al., 2008; Belmont et al., 2011; Heeren et 

al., 2012; Larsen et al., 2006; Purvis & Fox, 2016; Ross et al., 2019; F. F. Williams et al., 2020, 

2023) but not on first- or second-order streams over a period less than two years. 

Digital elevation models (DEM) of Difference (DoD) involves quantifying volumetric 

change between successive topographic surveys (R. D. Williams, 2012). DoD analysis for 

estimating morphological change can be completed using DEMs produced through light 

detection and ranging (LiDAR) data, which uses point clouds to capture three-dimensional 

surfaces from laser-based measurements (Myers et al., 2019; R. D. Williams, 2012). Like aerial 

imagery, dense vegetation can affect the accuracy of DEMs derived from LiDAR. The chance 



39 

 

the laser pulse will reach the ground is inversely proportional to the vegetation density 

(Schaffrath et al., 2015). The complexity of the method from collecting the data, processing and 

calibrating the data, creating a surface and processing it with a Geomorphic Change Detection 

(GCD) software increases the number of potential errors and uncertainties that can compound 

with each step (Gkiatas et al., 2022; Hohenthal et al., 2011; James et al., 2012; Schaffrath et al., 

2015; R. D. Williams, 2012). 

Different methods of measuring erosion rates provide varying levels of resolution and 

spatial scales that make direct comparisons of results difficult. Mapping the TOB from field 

surveys or by analysing aerial imagery, and DoD analysis can capture reachwide streambank 

retreat while cross-section surveys represent erosion only for a specific point. However, undercut 

banks which are the most difficult to measure, survey and quantify erosion rates for, are only 

captured with cross-section surveys. Bank angles are an important factor in streambank evolution 

helping to identify the stage of channel evolution which points towards the dominant channel 

processes (Simon, 1989; Simon & Rinaldi, 2006). Mass wasting (gravity-driven erosion) often 

occurs with undercut banks which is a different physical erosion process than flow-driven 

erosion that is caused by hydraulic forces (Zhao et al., 2022). Bank angles are commonly 

assumed to be near vertical for aerial imagery analysis and TOB surveys, which ignores the 

influence that bank angle has on the failure mode. Guidelines that recommend the best methods 

for measuring and predicting erosion rates based on stream type, physiographic region and the 

required spatial resolution could help to ensure the most appropriate methods are applied. 

This study quantified and compared streambank erosion rates and reachwide volume 

estimates from different methods suitable for smaller spatial and temporal scales. Specifically, 

three methods were used to quantify bank retreat: 1) cross-section (XS) surveys, 2) field surveys 
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of TOB and 3) aerial imagery analysis of TOB. The bank retreat rates were compared to rates 

estimated from aerial images collected during 2007 to 2019. Reachwide erosion volumes were 

also estimated with DoD using LiDAR data collected with an Unmanned Aircraft System (UAS). 

The research objectives were to: 1) quantify rates of erosion for streams in the Ridge and Valley 

and Blue Ridge regions in Virginia, 2) determine if erosion rates were comparable or statistically 

different between methods, 3) examine the suitability of each method on low-order streams 

under short-time periods and provide recommendations based on findings. 

Methodology and Methods 

Study Area 

Three sites in Virginia were selected to compare various methods for quantifying 

streambank erosion. Rock Creek and Turkey Creek are located in the Blue Ridge and Sinking 

Creek is in the Valley and Ridge physiographic region (Figure 2.1). All three sites are second-

order streams in the New River watershed. The three sites were initially identified by the U.S. 

Department of Agriculture's Natural Resources Conservation Service (NRCS) for future 

restoration to help with the recovery of the Eastern Hellbender (Cryptobranchus alleganiensis). 

Since the 1970s, their populations have been declining mainly due to the degradation of streams 

causing them to be listed as rare, threatened or endangered. Stream restoration is one of the ways 

the Virginia Department of Wildlife Resources is working on Eastern Hellbender conservation 

(Virginia DWR, 2021). The average channel slope ranged from 0.0022 m/m to 0.0144 m/m 

(Table 2.1). The largest percentage of land cover was forested for all site's watersheds followed 

by agriculture with less than 10% developed lands. Cattle were present at all three sites. 

However, the cattle were fenced out of Sinking Creek prior to the start of the study. 
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Figure 2.1. Study sites location map. 

Table 2.1. Watershed and channel characteristics of each site. 

Site Rock Creek Sinking Creek Turkey Creek 

Watershed Area (ha) 774 7542 2041 

Impervious (%) 0 0.3 0.2 

Developed (%) 1.2 4.7 4.1 

Forested (%) 84.8 55 66.3 

Agriculture (%)  14 38.7 28.7 

Channel Length (m) 347 384 509 

Channel Slope 0.0144 0.0032 0.0022 

Channel Evolution Stage IV IV III  

*W bkf/WbkfVR  0.7 0.6 0.4 

Mean Bank Height (m) 1 1.5 1.6 

Mean Wbkf (m) 4.2 9.8 3.8 

*Wbkf = bankfull width measured at cross-sections; WbkfVA = bankfull width estimated from Valley and 

Ridge hydraulic geometry regional curve (Keaton et al., 2005) 

 

Site Selection 

These three sites were selected for a comparison of methods because of the presence of 

streambank erosion and minimal tree canopy obscuring the banks. Located in open pastures with 

easily identifiable TOB, these sites are ideal for both aerial imagery analysis and UAS-based 

surveys where there would be little vegetation to hinder drone flight and data collection. The 

target reach length for each site was approximately 300 m. The channel evolution stage (Simon, 
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1989) was determined for each stream based on channel dimensions and reach conditions. The 

average measured bankfull width (Wbkf) was compared to the bankfull width calculated using the 

Valley and Ridge hydraulic geometry regional curve (WbkfVA) (Keaton et al., 2005).  

Analysis Approach 

To capture streambank erosion rates during the study period, all sites were surveyed with 

a total station and/or Global Navigation Satellite System Real-Time Kinematic (GNSS RTK) 

system and streambank erosion conditions, see section 2.6, and bank heights were recorded along 

the entire reach between January 2020 and January 2021. Bank pins were not considered for this 

study because they tend to increase bank instability during installation (Myers et al., 2019), and 

cattle were present at two of three sites. Six cross-sections were selected at Rock Creek and five 

cross-sections were selected at both Sinking and Turkey Creek in areas where bank erosion was 

present representative of all eroding banks along the reaches. The cross-sections were marked 

using rebar pins driven in the ground at the cross-section extents. Sinking and Turkey Creeks 

were surveyed approximately one year after the initial survey and Rock Creek was surveyed 

again after approximately two years. (Table 2.2). UAS-based LiDAR surveys were conducted in 

March 2021 and February 2022 including capturing aerial images. A minimum of one year of 

data is recommended to account for seasonal changes influencing erosion rates, as the variability 

of estimating annual erosion volumes decreases once at least a year of data is used (Gamble, 

2021). To compare estimated streambank erosion rates to historical rates over a longer time 

period, aerial imagery analysis was conducted using the four available years of aerial images 

obtained for the Virginia Department of Emergency Management (VA EM) (2007, 2011, 2015 

and 2019) (Virginia Department of Emergency Management, 2024). A summary and timetable 

of the methods applied to each study site are provided in Table 2.2. 
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Table 2.2. Monitoring period for each survey method. 

Site XS Survey TOB Survey UAS LiDAR Survey 

Rock Creek Jan 27, 2020 Dec 13, 2021 Jan 4, 2021 Dec 13, 2021 

Mar 16, 2021 Feb 15, 2022 Sinking Creek June 8, 2020 June 28, 2021 June 8, 2020 June 28, 2021 

Turkey Creek Jan 4, 2021 Dec 13, 2021 Jan 4, 2021 Dec 13, 2021 

 

Precipitation Analysis 

Daily rainfall data were downloaded from the PRISM Climate Group (Oregon State 

University, 2024) from January 1, 1981 (the earliest date available) through December 31, 2022. 

Annual precipitation was compared to the annual mean of the 41-year precipitation record using 

z-scores to determine if a year during the monitoring period fell outside the normal variation 

range following methods used by Zaimes et al. (2006). A year was considered outside the normal 

range of variability if it had a z-score less than negative three or greater than three (Zaimes et al., 

2006).  

Annual Bank Retreat Rates 

Survey points were collected along the selected cross-sections (Figure 2.2) by two teams 

using either a Trimble R10ï2 GNSS System RTK, Trimble S5 Robotic Total Station or a Topcon 

GT 505 Series. The GNSS RTK system consisted of a base station set on a permanent rebar 

monument and a rover. The survey data were collected and then post-corrected though the 

National Oceanic and Atmospheric Administration's Online Positioning User Service (NOAA 

OPUS) (National Oceanic and Atmospheric Administration, n.d.). All surveys were conducted 

using the Virginia State Plane Coordinate System. The GNSS RTK system can reach up to 1 cm 

accuracy under ideal circumstances (e.g. clear weather, non-extreme temperature, clear line of 

sight, stable ground for instrument set up and a properly levelled instrument). The tolerance to 

record survey points with the Trimble TSC-3 controller was set to < 0.015 m horizontal and < 

0.02 m vertical to allow points to be captured in remote locations with dense canopy cover or 

when high ridgelines were present (Z. Edwards, personal communication, August 13, 2021). The 
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Topcon GT 505 Series total station has an accuracy of 2 mm Ñ 2 ppm under ideal conditions 

(Topcon, 2016). 

 
Figure 2.2. Location of cross-sections for each site. 

To accurately survey undercut banks, two techniques were applied. First, the horizontal 

offset between the survey rod and the bank was measured (Figure 2.3). The offset value was 

recorded so the horizontal station could be adjusted in post-processing to reflect the undercut. 

Second, when the survey instrument was positioned on the opposing bank with a clear view of 

the undercut bank, the prism was placed directly against the bank using 0 m for the rod height 

(Figure 2.3). 
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Figure 2.3. Example of surveying undercut banks. The left image shows measuring the horizontal offset. The right 

image shows placing the prism directly against the bank. 

The cross-section survey data were exported into Microsoft Excel. The data were 

graphed, and the elevations for the top and bottom of the streambank were selected to isolate the 

bank from the channel bed and floodplain. The horizontal stations for the first- and second-year 

surveys were interpolated at every 0.15 m elevation interval from the predefined top and bottom 

of streambank elevations. Bank retreat was calculated by subtracting the stations. Minimum, 

average and maximum bank retreat values for each individual streambank at each cross-section 

were calculated to account for uncertainty in measurements and variability in erosion rates (El-

Khoury et al., 2024). This method was similar to the bank retreat calculation method applied 

by Resop and Hession (2010). Any streambanks experiencing deposition, such as point bars, 

were excluded from this analysis. 

To determine the survey error, two teams surveyed the same cross-sections on the same 

day at select locations in December 2021 following recommendations by Lawler (1993). 

Distances between the two teams' survey points were calculated. The median difference was used 

as the survey error. Factors that contribute to survey error and reducing data precision include 
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human error (e.g. incorrectly setting the rod height, taking points when the rod is not completely 

vertical, collecting a survey shot when the rod is not in contact with the ground, etc.) and 

environmental conditions (e.g. animal and/or human disturbance of the survey pin, freeze/thaw 

cycles moving the pin, etc.) (Myers et al., 2019). Any bank retreat values less than or equal to the 

survey error were assumed to be 0 m. 

Because erosion is generally non-uniform, TOB surveys were also included. Survey 

points were collected along the top of the streambanks extending both upstream and downstream 

of the cross sections for the length of the bank that was eroding or along the entire length of the 

surveyed channel. 

Aerial imagery analysis was conducted on both historical images obtained from the VA 

EM (Virginia Department of Emergency Management, 2024) and from UAS images captured in 

2021 and 2022. The VA EM images were collected in 2007, 2011, 2015 and 2019 and had 0.3 m 

resolution. The UAS images were collected to enable a temporally direct comparison to the 

LiDAR-based DoD analysis. These images had a resolution that ranged from 0.012 to 0.019 m 

depending on the site and year the image was taken. Streambanks were manually digitized from 

the images using ArcMap to quantify erosion following methods outlined by Purvis & Fox 

(2016). 

Bank retreat rates at each cross-section were quantified in two ways in ArcGIS Pro for 

the delineations of TOB from field surveys and aerial imagery analysis. First, the bank retreat 

was directly measured at each cross-section location. Second, the eroded area was divided by the 

bank length from the first-year survey near each cross-section similar to methods described by 

Larsen et al. (2006) and Heeren et al. (2012). 
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All bank retreat rates were annualized by adjusting for the temporal distribution in 

rainfall energy and intensity (Renard, 1997). Linear interpolation was used to find the energy 

times intensity (EI) distribution for each day of the year based on the USDA Agriculture 

Handbook 703 (Renard, 1997) to calculate the EI value for each monitoring period. The bank 

retreat rates were divided by the EI value for an annual rate, except for the historical aerial 

images since the exact dates when the images were taken are unknown. 

Reachwide Erosion Volumes 

Both sides of the banks were visually assessed to classify if the bank was stable or 

eroding. Banks were classified as stable if they were fully covered with vegetation, and there was 

no bare soil. All other banks were classified as eroding. In addition, the general character of the 

erosion was also noted including surface scour, mass wasting, undercutting, bank toe erosion 

and/or hoof sheer by livestock. A GPS (Juniper Systems, Logan, UT) unit linked to the ArcGIS 

Collector app was used to record the start and end point of each eroding bank and the bank 

height. 

Bank retreat values from all surveyed cross-sections at a site were averaged for the mean 

and maximum values that were measured. A reachwide volume of eroded material (m3/yr) was 

then estimated for the entire study reach by multiplying the average bank retreat value (m/yr) by 

the sum of the product of bank height (m) and length for each eroding section (m). The volume 

was estimated using both the mean and maximum measured bank retreat values to show the 

possible range of erosion. 

For the TOB surveys and aerial imagery analysis, a lateral area of erosion was calculated 

by comparing the TOB digitization in ArcGIS from different years (Table 2.2), closely following 
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the methods laid out by Purvis & Fox (2016). The lateral area of erosion was then multiplied by 

the field-measured bank height to estimate the volume of total erosion. 

For the aerial imagery analysis, the error was estimated by having two assessors complete 

the aerial imagery analysis for Turkey Creek. The total area of erosion for each streambank was 

divided by the length of the bank (year 1) to obtain square meters of areal erosion per linear 

meter of stream per year. Erosion estimates were combined for the right and left banks. The 

percent difference in erosion areas was calculated between the two assessor's estimates. 

To apply DoD, a geospatial mapping contractor collected LiDAR elevation data using a 

DJI Matrice 600 Pro unmanned aerial vehicle (UAV) equipped with a RIEGL miniVUX1-UAV 

LiDAR sensor (RIEGL, Austria) during March 2021 and February 2022. The UAV was 

equipped with a GNSS RTK. A base station was set up on the same surveyed rebar monument 

for each flight to allow for post-processing correction. The LiDAR sensor collected points at a 

density of 40 points per square meter with a stated accuracy of 1.5 cm. However, the checkpoints 

were only within ±3 to 6 cm of the LiDAR-measured elevations. The permanent rebar pins on 

the ends of each cross-section were used as ground control points. 

The raw LiDAR data was filtered and classified by the contractor using a variety of 

proprietary software following standard industry practices and best professional judgement. First, 

the raw LiDAR data was downloaded, then the trajectory information stored was extracted into 

the Applanix PosPac software (Applanix Corp., Richmond Hill, Canada) to run the Post-

Processed Kinematic solution. The corrected trajectory information was then loaded into the 

Riegl RiProcess software package and output into a LaSER (LAS) point cloud file. Leica 3DR 

software (Leica, Wetzlar, Germany) was used to remove extraneous points and to identify the 

ground points. The point cloud was processed into a 3D mesh and Triangulated Irregular 
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Network (TIN) surface in LandXML format. The LandXML surface was converted into a DEM 

using ArcGIS Pro (ESRI, 2022a). The DEM was created using a linear interpolation of the 

LandXML surface with a cell resolution of 0.03 m to ensure the bank edges were captured in the 

DEM. The resulting DEM had some voids where overhanging banks could not be reconciled by 

raster DEM algorithms. These overhanging areas were filled by using the ArcGIS Pro óElevation 

Void Fillô Raster Function assuming linear interpolation across the voids. 

The Geomorphic Change Detection (GCD) Software (version 7; Wheaton et al., 2010) 

was used to estimate the year-over-year volumetric change in the channel banks (erosion and 

deposition). The bounds for the DoD analysis were set to 1.52 m outside the top of the bank. The 

narrowest edge of the water boundary from the two aerial images was traced to remove the areal 

extent of the water since LiDAR cannot completely penetrate the water to the stream bed, and 

the analysis was focused on streambanks, not bed features. The DEM error was used to calculate 

a propagated error within the GCD software (Wheaton et al., 2010). Reachwide erosion volumes 

were annualized the same way bank retreat rates were. 

Statistical Analysis 

Statistical analysis was performed in R 4.2.2 (R Core Team, 2023) to determine if there 

were statistical differences in the magnitude of reachwide erosion rates and annual bank retreat 

rates based on the method used. An Analysis of Variance (ANOVA) test with a randomized 

block design was implemented with eroded volume per linear meter or annual bank retreat as the 

value, the method as the treatment level and the site as the block. To keep the residuals centered 

around zero, the eroded volume was raised to the power of 0.8. Tukey's Honestly Significant 

Difference (HSD) test was used to further determine which, if any, methods were statistically 
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different from each other. Similar tests were performed by Myers et al. (2019), Purvis & Fox 

(2016), and Zaimes et al. (2006) to examine differences in erosion rates. 

The ANOVA and Tukey's HSD test were run twice for the annual bank retreat rates: once 

for the rates measured along the XS alignment and again for rates calculated by dividing the 

eroded area by the bank length. A square root transformation applied to the annual bank retreat 

was used for both sets of tests to ensure the residuals were centered around zero with a normal 

distribution. Prior to the transformation, the residuals were right-skewed.  

Results 

Precipitation 

The average annual precipitation over the 41-year record for Rock, Sinking and Turkey 

Creek was 1,079, 1,084 and 1,081 mm, respectively. Since 1981 the total annual precipitation has 

been trending upward (Figure 2.4). The annual precipitation totals for all sites were within the 

normal range, although the z-score for Turkey and Rock Creek was three in 2020 (Figure 2.5).   
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Figure 2.4. Annual precipitation (mm) from 1981 to 2022 for all sites. The red dashed line marks the average 

annual precipitation: 1,079, 1,084 and 1,081 mm for Rock, Sinking and Turkey Creek. 
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Figure 2.5. Z-scores for annual precipitation (mm) from 1981-2022. 

 

Annual Bank Retreat Rates 

The bank retreat was calculated for the eroding bank at each of the 16 cross-sections 

across all three sites from field surveys (XS and TOB surveys) and aerial imagery analysis. The 

short-term annual bank retreat rates were compared to historical annual bank retreat rates from 

the analysis of aerial images taken in 2007, 2011, 2015 and 2019 (Figure 2.6 andFigure 2.7). The 

2021ï2022 aerial imagery (<0.02 m resolution) produced the lowest bank retreat rates. 
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Figure 2.6. Comparison of annual bank retreat rates across different methods and time periods by directly 

measuring along the XS alignment. 

 

 
Figure 2.7. Comparison of annual bank retreat rates across different methods and time periods by dividing the 

eroded area by the bank length. 
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Rock and Sinking Creek show continually increasing annual bank retreat rates from 2007 

to 2019 based on median values from aerial imagery analysis (Figure 2.6 and Figure 2.7). Bank 

retreat rates decreased from 2007 to 2011 and increased from 2011 to 2019 at Turkey Creek. The 

median values of the max retreat rates from XS surveys for each study site are similar to the 

median values of 2015ï2019 aerial imagery analysis. The median TOB survey retreat rates are 

closest to the median values of the mean XS survey rates for Rock and Turkey Creek and the 

max XS survey rates for Sinking Creek. Based on the historical aerial imagery analysis, there is 

an overall upward trend in bank retreat rates that could be from lateral migration or stream 

widening. All streams exhibited widening with an average increase in stream width of over 1 m 

occurring between 2007 to 2019. This is further supported by the ratios of less than one for the 

measured bankfull width compared to the bankfull width predicted based on watershed size from 

the Valley and Ridge regional curve (Keaton et al., 2005) (Wbkf/WbkfVR in Table 2.1).  

There were statistically significant differences between methods (p = 0.021) but not 

between sites (p = 0.71) for the ANOVA test for annual bank retreat measured along the XS 

alignment. Tukey's HSD test revealed there was a statistical difference between the max XS and 

2021ï2022 aerial imagery (<0.02 m resolution) (p = 0.0085).  

The ANOVA test for annual bank retreat calculated using the area divided by the bank 

length found statistical differences between the methods (p = 0.013) but not between sites 

(p = 0.11). Tukey's HSD test revealed there was a statistical difference between the 2015ï2019 

aerial imagery (0.3 m resolution) and 2021ï2022 aerial imagery (<0.02 m resolution) 

(p = 0.0076). Refer to Supporting Information for tables with all p-values.  

Figure 2.8 compares the annual bank retreats for each individual cross-section from the 

methods applied over a one-to-two-year period. There was a wide range of lateral bank retreat 
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measured across all sites from 0 to 1.27 m/yr. As expected, aerial imagery produced the lowest 

rate except for Sinking 1. If the digitization of the TOB had been selected differently, it is 

possible the bank retreat at Sinking 1 would also have the lowest retreat rate. There will always 

be some degree of subjectivity when determining the TOB placement or where to take a survey 

shot along a cross-section. 

 
Figure 2.8. Annual bank retreats reported for the individual cross-sections for short-term methods. 

The precision of the total station and RTK survey data was estimated at 0.03 m based on 

the median lateral difference between repeated cross-section surveys completed on the same day 

by two different groups. Therefore, any measured bank retreat less than 0.03 m could not be 

confidently classified as erosion and was assumed to have an annual bank retreat rate of 0 m/yr. 
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The percent difference between surveyors ranged from 0 to 7.5% with an average of 1%. The 

comparison of repeat aerial imagery analysis conducted by two different assessors showed a 

range in percent difference from 0.5 to 22% with an average of 9.6% for Turkey Creek when 

comparing the values for the area of erosion per linear meter of the stream.  

Reachwide Erosion Volumes 

The total estimated annual erosion volumes for Rock, Sinking and Turkey Creeks are 

illustrated in Figure 2.9. No reachwide erosion volume for TOB is reported for Sinking Creek 

since TOB surveys were not completed along the entire reach. The only methods that can be 

directly compared are the XS and TOB surveys at Sinking and Turkey Creek and 2021ï22 aerial 

imagery and DoD analysis. Data for the other methods were collected during different time 

periods, which introduced other sources of variability (i.e. discharge), so a direct comparison 

would require that we account for differences in stream discharge between the different time 

periods. Flow data were not available at the sites, but precipitation was used as a proxy for flow. 

However, annual erosion volumes between Rock, Sinking and Turkey Creeks were similar 

across the different methods. The DoD method produced the lowest volume for all sites which 

was statistically different from the other methods. While not statistically significant, the XS 

survey volume estimates are more than double the volume estimated by the other methods for 

Rock and Turkey Creek (Figure 2.9), which is still a substantial difference.  
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Figure 2.9. Annual eroded volume per linear meter of stream for all methods. 

The max XS survey volume for Turkey Creek is 2.3 times greater than the mean XS 

survey volume due to a high presence of undercut banks. Turkey Creek exhibited undercutting at 

four of the five cross-sections and it was noted at several other eroding banks along the reach. No 

undercutting was present at the cross-sections for Rock and Sinking Creek, but undercutting was 

noted at a couple of spots along the reaches. As a result, the difference between the average 

mean bank retreat and average max bank retreat at Turkey Creek (0.36 m/yr) was more than 

twice that of Rock Creek (0.07 m/yr) and Sinking Creek (0.11 m/yr). 

The percentage of eroding banks along the reach ranged from 39% at Sinking Creek, 

54% at Rock Creek to 79% at Turkey Creek. Turkey Creek had the largest eroded volume per 

linear meter of stream across all methods, except for aerial imagery volume at Sinking Creek. 
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Sinking Creek, with the lowest percentage of eroding banks, had the smallest volume, except for 

the aerial imagery volume. Turkey Creek has the most eroding banks which may have influenced 

why there was a larger annual volume of erosion per linear meter of stream estimated for this 

site.  

The ANOVA test comparing reachwide erosion volumes did not have statistically 

significant differences between the sites (p = 0.16) but did between the methods (p = 0.05). 

Tukey's HSD test showed that there is a statistical difference between the DoD method and the 

max XS survey method (Table 2.3). The DoD method has an error range from 25 to 44% across 

all three sites corresponding to ± 0.02 m3/m/yr for Rock and Sinking Creek and ± 0.03 m3/m/yr 

for Turkey Creek. Even with the error added to the DoD volume, it is still less than the other 

methods. 

Table 2.3. P-values from Tukey's HSD test for reachwide erosion volume. Statistically significant p-values (<0.05) 

are signified with an asterisk. 

Methods p-value  

Max XS Survey Reach Estimate|DoD 0.022* 

Max XS Survey Reach Estimate | Aerial Imagery - <0.02m resolution 0.093 

Max XS Survey Reach Estimate | TOB Survey 0.12 

Mean XS Survey Reach Estimate | DoD 0.20 

Max XS Survey Reach Estimate | Mean XS Survey Reach Estimate 0.45 

Mean XS Survey Reach Estimate | Aerial Imagery - <0.02m resolution 0.70 

Mean XS Survey Reach Estimate | TOB Survey 0.70 

Aerial Imagery - <0.02m resolution | DoD 0.77 

TOB Survey | DoD 0.89 

Aerial Imagery - <0.02m resolution | TOB Survey 1.00 

  

Discussion  

Annual Bank Retreat Rates 

Our study results reported a range of bank retreat rates across three study sites. The 

amount of erosion we recorded was likely influenced by riparian, watershed and climate 

conditions among other factors such as livestock access. Our range of measured bank retreat 

rates was similar to rates reported for forested and agricultural watersheds in Maryland, North 
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Carolina, Pennsylvania and Tennessee (Gellis et al., 2017) and measured at Stroubles Creek in 

Blacksburg, Virginia (Resop & Hession, 2010). Gellis et al. (2017) demonstrated the temporal 

variability in erosion rates for the urban Upper Difficult Run watershed in northern Virginia with 

only 20 of 140 streambanks continually eroding during the four periods. In contrast, most of the 

banks in this study continually eroded from 2007 to 2022 (Supporting Information Table A.5) 

despite fluctuations in annual precipitation. It is anticipated that all sites will continue to 

experience increasing bank retreat rates until the stream reaches the quasi-equilibrium phase 

(Simon, 1989). Evaluation of the historical aerial imagery helped us to determine the current 

channel evolution phase for the stream, which provides insight regarding the potential trajectory 

of bank retreat rates in the future.  

After notable precipitation resulting from tropical storm Lee, Gellis et al. (2017) observed 

most reaches had eroded. Booth and Henshaw (2001), Palmer et al. (2014) and Zaimes et al. 

(2006) also found correlations between temporal variations in erosion rates and precipitation 

factors with higher amounts of precipitation causing greater streambank erosion and channel 

changes. Zaimes et al. (2006) also observed some high rates of bank erosion during low daily 

precipitation events that suggest the influence of additional factors other than precipitation such 

as vegetation cover and freezeïthaw cycles.  

When comparing the average bank retreat to the average annual precipitation during each 

monitoring period, larger precipitation amounts correlated to higher bank retreat, similar to 

previous studies. The one exception is the 2011ï2015 period at Turkey Creek indicating other 

factors are influencing the erosion rate (Figure 2.10). 
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Figure 2.10. Average bank retreat (m/yr) compared to annual precipitation (mm/yr) for each monitoring period. 

Aerial imagery from 2007 to 2019 has 0.3 m resolution and <0.02 m resolution from 2021 to 2022. 

Streambank erosion rates are often higher in the winter even though these months have 

lower magnitude flows compared to summer months which typically experience the highest peak 

flows (Wolman & Miller, 1960). This can be attributed to freezeïthaw cycles that have been 

identified as significant drivers of erosion along with other subaerial processes (Couper & 

Maddock, 2001; Zaimes et al., 2006; Zhao et al., 2022). This is especially important in regions 

with freezing temperatures, like the Valley and Ridge region of Virginia where it has been 
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proven that freezeïthaw cycles play an important role in streambank erosion (Gamble, 2021; 

Wynn et al., 2008; Wynn & Mostaghimi, 2006). Couper and Maddock (2001) found that most 

erosion along the River Arrow, UK was driven by subaerial processes that occurred during the 

months where no flow events reached the level of erosion pins. This emphasizes how freezeï

thaw cycles are just as important as fluvial processes to streambank erosion and bank failure. 

The bank retreat rate from the mean XS survey, TOB survey and 2021ï2022 aerial 

imagery were lower than the bank retreat rate from the 2015ï2019 aerial imagery analysis across 

all sites (Figure 2.6, Figure 2.7, and Figure 2.10). These three methods may have reported lower 

bank retreat rates since they had a shorter timeframe to quantify erosion compared to a four-year 

period. The frequency and intensity of storms combined with antecedent soil conditions dictate 

the amount of erosion that will occur due to unstable undercutting and mass wasting (bank 

failure) (Daly et al., 2015; Midgley et al., 2012). This is why streambank erosion, especially 

extreme erosion, is episodic in nature. Erosion associated with bank failure mechanisms is 

typically observed after a bankfull or larger flow event that fully saturates the banks (Daly et al., 

2015; Midgley et al., 2012; Zhao et al., 2022). If the conditions that drive bank failure were not 

met or did not occur as frequently during the study period, bank failure could be 

underrepresented, and bank retreats potentially underestimated. In contrast, fluvial erosion is 

more continuous and progressive (Zhao et al., 2022). Also, repeated low-magnitude flow events 

can erode the bank toe, undermining the bank and resulting in bank failures (Simon, 1989; 

Simon et al., 2000). Longer monitoring periods would likely capture more of these flow 

scenarios and provide a more accurate annual average erosion rate (Couper, 2004; Daly et al., 

2015; Gamble, 2021). With the shorter monitoring period for the field surveys and the 2021ï

2022 aerial imagery analysis, conditions may not have been met for all sites to experience more 
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extreme erosion. From Figure 2.10, there is a strong correlation (0.69) between the average 

annual precipitation and bank retreat rates. Further investigation of rainfall was not explored 

since event-based erosion was not measured.   

Reachwide Erosion Volumes 

Our range of annual volume per linear meter of stream, 0.18 to 1.26 m3/m/yr, fell at the 

mid to bottom of the range reported for Pennsylvania (0.4 to 1.9 m3/m/yr) (Walter et al., 2007) 

and on the lower end of the previously recorded North Carolina range (0.05 to 4.5 m3/m/yr) 

(Wegmann et al., 2013). At Stroubles Creek, Resop & Hession (2010) estimated 0.19 and 

0.15 m3/m/yr from total station and terrestrial LiDAR scanning (TLS), respectively, which falls 

at the lower end of volume estimates in this study. Variations in each methods' ability to capture 

changes along the bank surface and reach likely contributed to the differences in volume as well 

as differences in monitoring time periods. While the differences in monitoring periods could 

have contributed to differences in the rate of erosion due to variations in flow events, land use 

changes and other factors, it does not explain the difference between methods with the same 

monitoring period. 

The XS and TOB surveys at Sinking and Turkey Creek had the same monitoring period, 

but the XS reachwide method estimated larger volumes compared to the TOB survey. Similarly 

to Resop & Hession (2010) and Myers et al. (2019), the cross-section surveys estimated a larger 

reachwide volume compared to all other methods likely due to each methods' ability to capture 

undercut banks. Our method did apply the mean retreat rate measured from all XSs to the entire 

length of all eroding streambanks, which assumes a consistent erosion rate for all eroding banks 

that could result in over or underestimation. 
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Undercut banks have been reported as the most challenging banks to quantify streambank 

erosion (Myers et al., 2019; Resop & Hession, 2010; F. F. Williams et al., 2020). Unlike cross-

sectional surveys, TOB mapping from aerial imagery analysis and DoD analysis is unable to 

capture changes along the bank surface. Field survey and aerial imagery analysis of TOB both 

capture the lateral non-uniformity but not the difference in erosion vertically along the bank as 

both assume a 90° bank. DoD should in theory capture both the vertical and lateral non-

uniformity but does have limitations depending on the type of survey used to generate the DEMs 

and software used to estimate volumes. UAS LiDAR cannot penetrate water preventing changes 

along the bank toe from being quantified. Additionally, the GCD software cannot depict 

undercut banks since it can only process 2.5 D surfaces, i.e. surfaces with one coordinate per 

elevation (R. D. Williams, 2012). Studies that use TLS, which captures both vertical and 

longitudinal variation along streambanks (Lyons et al., 2015; Resop & Hession, 2010), still 

produced lower estimates compared to total station surveys (Myers et al., 2019; Resop & 

Hession, 2010). The assumption of a vertical bank/absence of undercutting could explain why 

these methods produced smaller erosion rates when compared to the cross-sectional method. 

Resop & Hession (2010) reported being unable to survey a deeply undercut bank with a total 

station. Using our two methods for surveying undercut banks, we did not have any difficulties 

and were able to fully capture the extent of undercutting along banks (Figure 2.11). The purpose 

of a study is to help determine which method captures the degree of spatial variability required. 

The method used to estimate the potential reduction in sediment loads through bank stabilization 

or stream restoration could affect whether a project is selected or how many mitigation credits 

are awarded. 
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Figure 2.11. Example of undercut bank cross-section survey at Turkey Creek. 

 

Capturing Non-uniformity in Streambank Erosion 

The non-uniformity of erosion was captured to varying degrees by each method. Despite 

the range in values of bank retreat from various methods across the 2020ï2022 period, only the 

aerial imagery analysis (2021ï2022) produced a statistically different mean (Supporting 

Information Table A.6 and Table A.7). While Myers et al. (2019) had a large range of relative 

errors from 22 to 3,715% between different methods, they detected no statistically significant 

differences. Unlike the Myers et al. (2019) study which compared methods (erosion pins, total 

station and terrestrial laser scanner) that all capture the shape of the bank from the top to toe, this 

study compared total station/RTK cross-section surveys to two methods that only capture 

longitudinal variation. The limitations of each method must be considered when comparing 

results. Reachwide erosion estimates from cross-section surveys assume that the bank retreat is 

uniform across the entire length of the eroding bank. In contrast, TOB delineation from field 
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surveys and aerial imagery and DoD can map changes along the entire reach. Couper (2004) 

discusses that the extrapolation of measurements over larger spatial scales may not be 

representative. Gamble (2021) recommended a longitudinal distance of three channel widths or 

less between cross-sections as this reduced the variability in estimating reachwide erosion 

volumes. Since the majority of the spatial distances between our cross-sections was less than 

three channel widths, one can assume the cross-sectional surveys are representative of the 

eroding streambanks throughout the reach. 

From an aerial perspective, undercut banks would appear stable unless the overhanging 

bank collapsed. Over a multi-year period, it is more likely to see the entire bank laterally retreat, 

negating issues with quantifying erosion from undercut banks. More cross-sections in the 2021ï

2022 aerial imagery analysis showed deposition compared to the other methods (Supporting 

Information Table A.5), which contributed to the overall lower erosion rates for this method. For 

example, two of the four cross-sections at Turkey Creek that experienced undercutting showed 

deposition or no change based on the 2021ï2022 aerial imagery analysis. These two cross-

sections were, however, eroding based on XS and TOB surveys (Supporting Information Table 

A.5). The third XS at Sinking Creek also showed deposition from the 2021ï2022 aerial imagery 

analysis, but the XS surveys revealed the top portion of the bank was eroding at a faster rate than 

the bottom. The erosion along the top portion of the bank was not visible from the aerial 

perspective.  

To obtain a more accurate erosion rate when using aerial imagery or field TOB surveys, it 

is better to divide the eroded area by the bank length, particularly for streams with undercut 

banks. For Turkey Creek, that method produced bank retreat rates closer to rates measured at 

cross-sections with field surveys than measuring along the XS alignment. This is important to 
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note if aerial imagery is used to estimate bank retreats to justify stream restoration efforts and 

mitigation credits, potentially eliminating the need for field surveys. 

Determining Top of Bank in the Field and Remotely 

Locating the top of the bank was a critical step for both the field TOB surveys and aerial 

imagery analysis. Images collected when vegetation is dormant are most appropriate for 

discerning the top of the bank (Myers et al., 2019; F. F. Williams et al., 2020). Overhanging 

vegetation including trees, woody shrubs and long grasses made it difficult to delineate the TOB 

both in the field and during desktop aerial imagery analysis for our study. When the TOB is 

obscured, the certainty of the results decreases (Lawler, 1993; Purvis & Fox, 2016; F. F. 

Williams et al., 2020). Therefore, it is best to remove obscured sections of the bank from the 

analysis. This is acceptable where vegetation is heavy along the bank as higher root density and 

surface protection are likely to decrease the erosion potential of the bank (Bigham et al., 2018; 

D. L. Rosgen, 2001; Zhao et al., 2022). Other factors that made delineating TOB on the aerial 

images more challenging included the water levels, shadows, irregularity of banks trampled by 

livestock, and clarity of the images. When surveying in the field, selecting the specific location 

for collecting the TOB survey point was also difficult, especially at locations where the bank had 

slumped but had not fully collapsed. 

Our methodology assumed a uniform height for each segment of the stream between 

locations where we field-measured the streambank heights. We potentially could have estimated 

more precise volumes using LiDAR DEMs to extract the bank height for each pixel within the 

polygons similar to the methodology followed by Tomer & Van Horn (2018).  
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Temporal and Spatial Scales 

Many previous studies applied aerial imagery analysis on higher-order streams than those 

in this study (Macfall et al., 2014; Purvis & Fox, 2016; Ross et al., 2019; F. F. Williams et al., 

2023). A high-resolution aerial image is required to identify changes along a stream over a short 

time. While there was a detectable change during the 2021ï2022 aerial imagery analysis, which 

used higher resolution images than the historical images analysed, the median bank retreat 

ranged from 0.02 m/yr at Sinking Creek to 0.1 m/yr at Rock Creek which is not much greater 

than the <0.02 m pixel size. Even with increased aerial image resolution, it is still better to apply 

this analysis to longer, multi-year time periods for lower-order streams to ensure the magnitude 

of change substantially exceeds the pixel size of the image. Applying aerial imagery analysis 

over a one-year period on lower-order streams is likely to underestimate erosion. 

Applying DoD with LiDAR data allows for examining channel processes on larger 

spatial and temporal scales (Boothroyd et al., 2021; Gkiatas et al., 2022; Hohenthal et al., 2011; 

Schaffrath et al., 2015) and removes previous spatiotemporal limitations on fluvial 

geomorphology studies set by traditional field methods and desktop computing (Boothroyd et al., 

2021). The smallest change in erosion that the DoD would be able to accurately capture is based 

on the spatial resolution of the DEM created from LiDAR data. The smallest average bank 

retreat measured along cross-sections from field surveys was 0.04 m/yr which is only 0.01 m 

larger than the 0.03 m resolution of our DEM. When examining the performance of applying this 

method on second-order streams over a one-year period, we found that this method consistently 

underestimated streambank erosion, relative to the other methods. Like aerial imagery analysis, 

this method is likely better suited for larger streams over longer periods of time where the 

magnitude of change would be greater. 
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DoD Compounding Errors 

The DoD analysis estimates lower erosion volumes compared to all methods even when 

accounting for the error (Figure 2.9). The DoD analysis had the greatest error compared to the 

surveys and aerial imagery analysis. The maximum error for surveys, aerial imagery and DoD 

analysis are 7.5%, 22% and 44%, respectively. The maximum DoD error in this study was 

substantially less than the error reported by Schaffrath et al. (2015) (91%) for DoD from LiDAR 

data. Because their error encompasses zero, Schaffrath et al. (2015) were not able to state 

significant change occurred which was not the case in this study. 

The high percentage of error for DoD is the result of the DEM error relative to the 

magnitude of year-to-year changes in the LiDAR-derived DEMs. The GCD software calculates 

the range of uncertainty based on the error associated with each DEM. The DEM error was the 

difference between the LiDAR-derived DEM elevations and the ground control point elevations. 

The DoD error is propagated as there is an error associated with the DEM for each year. 

Overall, there are multiple sources of error associated with collecting and processing 

LiDAR and creating a surface from the data. Some sources of error can include weather 

conditions, dense vegetation, shadows and terrain-shading and georeferencing among others 

(Gkiatas et al., 2022; Hohenthal et al., 2011; James et al., 2012; Ludwig et al., 2020; Schaffrath 

et al., 2015). James et al. (2012) further discusses the uncertainties with geomorphometry and 

DEM differencing. It is important to note that DoD is subject to both horizontal and vertical error 

for the difference between ground control points and the generated surface. These differences 

can stem from changes in vegetation density or coverage which can impact the LiDAR results by 

reducing/increasing point density, thereby impacting the accuracy and resolution of the 

topographic surface. The grass was dense at Turkey and Sinking Creek, which decreased the 
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chance the laser penetrated all the way to the ground. In addition, like any survey, settling or 

other changes to the control points would impact the accuracy of the results. For our study, the 

vertical difference between the ground control points and the generated surface was relatively 

small ranging from 1.5 to 5.5 cm. However, this error compounds across the entire reach. 

A drawback to DoD is that errors in topographic data are incorporated into the analysis 

and assumed to represent geomorphic changes. An example of this seen in our study was dealing 

with overhanging or undercut banks. The conversion of the LiDAR-derived TIN to a DEM 

adopts a single elevation for each spatial coordinate. These areas create voids in the DEM that 

must be interpolated, which reduces the detail of the topography along the banks, effectively 

eliminating any undercut banks (Myers et al., 2019).  

All three streams had fairly steep banks with angles close to 90° or greater. Elevation 

errors tend to be greater on steeper banks for airborne collected LiDAR due to greater horizontal 

errors and a decrease in the point density (Hohenthal et al., 2011). Collecting LiDAR data with a 

TLS could have improved the point density along the banks and decreased the error. The size of 

the river, length of the study and methods for processing the data and creating a surface are 

important factors in determining if DoD is appropriate. 

Schaffrath et al. (2015) explore the uncertainty associated with DEMs and DoD, 

emphasizing the importance of knowing the limitations of the technology for data collection, 

how post-processing the raw data influences the results and how systematic errors can propagate 

through the georeferencing process. It is difficult to understand where the errors in the DoD 

analysis come from if the errors for each step of the process are not well documented. In 

addition, standard methods are needed for processing each LiDAR survey as differences can 

render comparisons less meaningful. 



70 

 

Recommended Methods 

Table 2.4 summarizes when it is most appropriate to use each method for small, low-

order streams. Based on our findings, more labour-intensive physical surveys are likely the most 

accurate approach to quantify streambank erosion rates and potential benefits of restoration 

efforts at a particular location. Cross-section surveys are best for quantifying streambank retreat 

rates. The most appropriate method to estimate reachwide erosion volumes depends on the 

monitoring period and site conditions. For sites with substantial undercutting, extrapolation of 

cross-section surveys to other eroding banks is the only way to capture undercut banks. This 

method remains the best option for short-term studies, provided all eroding banks have been 

identified along the reach and the selection and spacing of cross-sections appropriately represent 

the study reach. Sites with extensive vegetation will require field surveys. It is recommended that 

field-based and aerial imagery TOB surveys be conducted over multi-year periods. However, a 

single year of TOB data collection is acceptable if the amount of change measured is greater than 

the error or image resolution. Aerial imagery analysis is the least labour-intensive and most 

economical method for sites with minimal vegetation. Estimating reach erosion volumes from 

TOB analysis, however, still requires field measurements or desktop estimates of streambank 

height.  
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Table 2.4. Summary of methods and when it is appropriate to use each method. 

Method Resolution Spatial Scale Temporal Scale Limitations  

Total 

Stations/RTK 
Ó 0.02 m Reaches Months or years 

Accuracy affected by point density; better at 
capturing specific locations; extensive 

manual labor; XS captures undercut banks, 

but TOB does not 

Aerial Imagery 

Dependent on 

imagery 
resolution 

Reaches, 

Watersheds 
Years 

Requires moderate to no vegetation cover; 
migration rates must be greater than photo 

resolution; exclude bars; assumes vertical 

bank 

UAS-LiDAR Ó 0.1 m 
Reaches, 

Watershed 
Years 

Requires little to no vegetation cover; 

potential systematic bias due to different 
geoid models; account for vertical, 

horizontal, & vegetation uncertainty; cannot 

capture undercut banks 

(Booth & Henshaw, 2001; Hohenthal et al., 2011; Lawler, 1993; Myers et al., 2019; Purvis & Fox, 2016; Schaffrath 

et al., 2015; F. F. Williams et al., 2020) 

 

The placement of the bank lines in aerial imagery analysis and TOB surveys is inherently 

subjective and influenced by factors such as consistency of placement from year to year, 

presence of vegetation and resolution of images/surveys. The following strategies are suggested 

to improve the analysis of TOB using aerial imagery:  

¶ Utilize UAS for higher-resolution (<0.3 m) aerial images. 

¶ Capture images during winter to reduce vegetation interference.  

¶ Appropriately time image collection to minimize shadows.  

¶ Place field markers along the TOB lines in the field prior to the image collection to guide 

the TOB tracing in GIS. 

 

Although we identified erosion along reaches using DoD with GCD software, the 

method's large error and consistent underestimation created concern for its application along 

small, low-order streams over one year. DoD analysis with UAS LiDAR is recommended for use 

when the volume of erosion and deposition is relatively large compared to the error.  

Conclusions 

Accurate quantification of streambank erosion is crucial for effective stream restoration 

and management decisions. We quantified streambank erosion for three stream reaches in the 
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Blue Ridge and Ridge and Valley regions of Viriginia using field surveys with total 

stations/GNSS RTK systems, aerial images and UAS LiDAR surveys. Bank retreat rates were 

measured with three methods: 1) cross-section surveys, 2) field survey of TOB and 3) aerial 

imagery analysis of TOB. Reachwide erosion volumes were also estimated with DoD using 

LiDAR data collected with a UAS. The volume of streambank erosion ranged from 0.18 to 

1.26 m3/m/yr across all sites and methods excluding the DoD analysis. DoD analysis consistently 

underestimated erosion volumes across all sites with values from 0.06 to 0.12 m3/m/yr. 

In the context of stream restoration, there is a need for site-specific and short-term 

methods to quantify sediment loads both before and after restoration projects. The BANCS 

model is commonly used to predict sediment loads that will be averted by restoration projects 

(Altland et al., 2020). The BANCS erosion curves often use a few sites with limited data to 

predict erosion across an entire region (Altland et al., 2020; Bigham et al., 2018). Success has 

been highly variable in developing BANCS erosion curves (Bigham et al., 2018; Ghosh et al., 

2016; McMillan et al., 2017), and they can produce a wide range of erosion prediction results 

depending on which curve is used (Altland et al., 2020). The methods presented in the paper, 

excluding DoD analysis, are preferable to using BANCS erosion curves because they represent 

current, site-specific erosion rates. Ultimately, the method selected depends on the purpose of the 

effort, available time, required resolution and stream conditions.  
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CHAPTER 3: Predicting Streambank Erosion in the Ridge and Valley and Blue Ridge 

Physiographic Regions of Virginia 

 

Abstract  

To justify stabilization and restoration practices, practitioners turn to rapid assessments to 

estimate sediment and nutrient load reduction with the Bank Assessment for Non-point source 

Consequences of Sediment (BANCS) model the most commonly used for pre- and post-

restoration assessments. Despite widespread use of the BANCS method, it has several drawbacks 

and limitations that can produce widely varying results. In an effort to gage the potential 

sediment reduction benefits to Hellbender habitat that could be achieved by implementing 

streambank stabilization and stream restoration efforts in the Blue Ridge and Ridge and Valley 

physiographic regions of Virginia, a streambank erosion study was conducted across 15 streams. 

The Bank Erosion Hazard Index (BEHI) and near bank stress (NBS) field assessments were 

completed at all sites and used to develop the BANCS model. Geospatial land cover and climate 

data were combined with NBS and individual BEHI metrics to develop statistical models to 

predict observed erosion rates. These models outperformed the BANCS modelsô predictions of 

erosion rates, highlighting the importance of including land cover and climate data as predictor 

variables. Subdividing the statistical models by erosion type improved model performance, 

emphasizing the difference in key drivers between fluvial erosion and bank failure. Predicted 

average sediment loads ranged from 0.07 to 0.27 tons/ft/yr across all sites with associated TN 

loads of 0.07 to 0.47 lbs/ft/yr and 0.03 to 0.29 lbs/ft/yr of TP.  
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Introduction  

Excess sediment loading in streams and rivers degrades instream habitats, suffocates 

benthic organisms, fills reservoirs and increases water treatment costs (DWER, 2000; US EPA, 

2017). In some watersheds, streambank erosion can be the most significant process contributing 

to in-stream sediment loads (Stott, 1997). Eleven studies reviewed by Purvis and Fox (2016) 

reported that eroding streambanks contributed 17 to 92% of total sediment loads. Similarly, 

Palmer et al. (2014) reported that eroded streambanks can contribute as much as 51% of the 

annual sediment load. In addition to sediment, streambank erosion can contribute phosphorus, 

nitrogen, mercury, lead and other metals or radioactive pollutants (Lammers & Bledsoe, 2019). 

Excess sediment in streams has ecological impacts like covering spawning fish habitats, 

disturbing filter feeders, and decreasing the biodiversity of species, thus reducing ecosystem 

functions and services (Gage et al., 2004; Paterson et al., 1993). Elevated sediment levels 

threaten the physiological function of larval hellbenders (Unger et al., 2021). Throughout the 

U.S., populations of hellbenders are declining and show extremely low recruitment. Their 

populations are heavily skewed towards adult age classes (Burgmeier et al., 2011; Wheeler et al., 

2003). Siltation is one key factor suspected of causing these declines. 

Because of declines in the hellbender populations, the USDAôs Natural Resources 

Conservation Service (NRCS) is working to address recovery of the hellbender in North 

Carolina, Tennessee and Virginia. Priority watersheds have been identified in a 35-county range 

of the Upper Cumberland, the Lower Tennessee system, and the western watersheds of North 

Carolina (USDA NRCS, n.d.). The NRCS targets sites for restoration that would produce the 

greatest reduction of sediment and nutrient loads.  
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To justify these restoration projects, quantification of the reduction in sediment and 

nutrients from streambank erosion is required (Johnson, 2010). Because of project time and 

budget constraints, a multi-year study of erosion rates is not possible. In efforts to justify 

stabilization and restoration practices, practitioners turn to rapid assessments to estimate 

sediment and nutrient load reductions (Altland et al., 2020). The Bank Assessment for Non-point 

Source Consequences of Sediment (BANCS) method (D. L. Rosgen, 2001) is the most 

commonly used assessment for pre- and post-restoration assessments (Altland et al., 2020). It is 

used to predict annual erosion rates for specific physiographic regions. It includes two 

parameters: the Bank Erosion Hazard Index (BEHI) and the near bank stress (NBS) rating. The 

model must be calibrated for each specific region using measured streambank erosion rates and 

combined with BEHI assessments and NBS ratings to fit a regression model. The regression 

model assigns erosion rate as the dependent variable, NBS as the independent variable and BEHI 

as a categorical variable.  

Despite widespread use of the BANCS method, it has several drawbacks and limitations 

that can produce widely varying results (Bigham et al., 2018; Ghosh et al., 2016; McMillan et al., 

2017). First, different physiographic regions produce different erosion rates, restricting the 

spatial range in which a BANCS model can be used. Variations also exist within physiographic 

regions, dependent on the spatial extent of the region. Any BANCS model should be validated 

for a study site to ensure it is a good fit for predicting erosion rates at that specific location, but 

this is rarely ever done in practice. 

The appeal of the BANCS method is its relatively quick field assessment, that is not as 

difficult or time-consuming as surveying cross-sections and it can be completed in a single field 
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visit. But in order to apply this method, a BANCS curve must already exist for the desired 

geographic region. There are several published BANCS curves:  

¶ Piedmont region in North Carolina (Doll et al., 2003) 

¶ Front Range of Colorado (D. L. Rosgen, 2001) 

¶ Northeast Kansas (Sass & Keane, 2012) 

¶ Yellowstone National Park in Montana (D. L. Rosgen, 2001) 

¶ District of Columbia, Maryland (USFWS, 2005) 

However, some studies have been unable to explain the variation of bank retreat using the 

BANCS method (Ghosh et al., 2016; McMillan et al., 2017), including in the Valley and Ridge 

region of Virginia (Gamble, 2021). The purpose of this study was to produce BANCS curves for 

the Valley and Ridge and Blue Ridge regions of Virginia, and considering the difficulties with 

producing BANCS curves, to also develop alternative models for predicting streambank erosion 

rates by using individual BEHI factors and combining them with other channel and watershed 

attributes that affect erosion rates.  

Methods  

Site Selection 

Fifteen streams in the Ridge and Valley and Blue Ridge physiographic regions of 

Virginia that were identified by the NRCS as possible stream restoration projects were monitored 

and assessed for streambank erosion rates (Figure 3.1, Table 3.1). All sites were initially 

surveyed and streambank conditions assessed between January 2020 and January of 2021. Each 

site was then re-surveyed approximately one year after the initial survey. In addition, Rock Creek 

was surveyed a third time (Table 3.2). The target stream length for each site was approximately 

1000 ft. However, at three sites the reach length was restricted by property boundaries.        
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Figure 3.1. Map of the 15 site locations in Virginia, USA. The numbered circles correspond to the site number listed 

in Table 3.1. 

 
Table 3.1. Site information including site number, shown on the map in Figure 3.1., the stream name and 

abbreviation,  watershed, latitude, longitude, and length of the reach. 

Site 

Number 
Stream Abbreviation Watershed Lat Long 

Reach 

Length (ft) 

1  Middle Fork Holston River  MFHR Holston  36.80937  -81.6325  1365 

2  Rock Creek  Rock New  36.6533  -81.1237  1140 

3  Copper Creek  Copper Clinch  36.78068  -82.2938  1458 

4  Wolf Creek  Wolf Holston  36.6503  -81.9748  1948  

5  Sinking Creek  Sinking New  37.35946  -80.3758  1261  

6  Elk Creek  Elk New  36.6831  -81.0987  1234  

7  UT Toms Creek ï Bowman Reach  UTB New  37.2541  -80.4408  442  

8  South Fork Holston River ï Rector  SFHR ï 

Rector 

Holston  36.70463  -81.7601  572  

9  Cripple Creek ï Dunkley  CCD New  36.83741  -81.0811  1924  

10  Cripple Creek ï Maxwell  CCM New  36.82152  -81.2748  727  

11  South Fork Holston River ï Wood  SFHR ï 

Wood 

Holston  36.75967  -81.5471  1415  

12  Toms Creek  Toms New  37.21462  -80.5281  1443  

13  Turkey Creek  Turkey New  36.70806  -81.1296  1633  

14  North Fork Holston River ï Emory  NFHR Holston  36.70463  -80.7601  1281  

15  Piney Creek  Piney New  36.59942  -80.8882  1180  
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Table 3.2. Timeline of field surveys conducted at each site with the number of cross-sections. 

Stream # of Cross-Sections Survey 1  Survey 2  Survey 3  

MFHR  5 January 2020  January 2021   

Rock 6 January 2020  January 2021  December 2021  
Copper 7 January 2020  January 2021   

Wolf 7 January 2020  January 2021   

Sinking 5 June 2020  June 2021    

Elk 4 June 2020  June 2021    

UTB  6 June 2020  June 2021    

SFHR ï Rector 2 December 2020  December 2021    

CCD  6 December 2020  December 2021    

CCM  4 December 2020  December 2021    

SFHR ï Wood  6 December 2020  December 2021    

Toms  6 January 2021  December 2021    

Turkey 5 January 2021  December 2021    

NFHR 6 January 2021  December 2021    

Piney 7 January 2021  December 2021    

 

BEHI and NBS Assessment  

Rosgen BANCS assessment protocols (D. L. Rosgen, 2001) were applied to all 15 study 

sites. A BEHI assessment was completed for all streambanks included in the study reaches. At 

each point along a streambank where conditions changed (i.e. erosion condition, streambank 

height, vegetation, etc.), a geospatial start/end location was collected to demarcate streambank 

segments for BEHI assessment. Within each segment, BEHI and NBS assessments were 

conducted at a representative streambank location. A specialized form was developed for using 

the ArcGIS Online Collector App for recording the BEHI and NBS data. A Geode GPS device 

with the minimum accuracy set to 5 ft was used to capture the location of each BEHI data point. 

Occasionally the accuracy would exceed the 5 ft requirement in areas of heavy overhead 

vegetation. To maintain consistency in the BEHI assessment data, the same person collected the 

BEHI data at each site.  
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Figure 3.2. Measuring bank height for BEHI Assessment at Turkey Creek. 

A survey rod, angle finder and tape measure were used to measure streambank height, 

root depth and bank angle. The height of the bankfull stage from the bottom of the streambank 

was also measured in the field if good indictors of the bankfull stage were present such as 

depositional bars and benches. If not, bankfull was later estimated from the Valley and Ridge 

hydraulic geometry regional curve (Keaton et al., 2005).    

In the field, NBS was visually estimated using Rosgenôs Method 1 (NBS1) (Bigham et 

al., 2018; D. L. Rosgen, 2001), which assigns NBS level based on the location of the streambank 

relative to channel meander bends and the presence or absence of mid-channel bars (see Figure 

3.3). NBS was also estimated using Method 2 (NBS2), a ratio of the radius of curvature (ROC) 

to the bankfull width as measured in ArcMap (Bigham et al., 2018; D. L. Rosgen, 2001). This 

second method was added due to the subjectivity of Method 1 and because NBS is a major 
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component of the BANCS model. The two methods were compared and used to develop regional 

erosion curves.  

 
Figure 3.3. Near bank stress (NBS) method 1 diagram from (D. Rosgen, 2014; D. L. Rosgen, 2001). 

(Permission to use image obtained from Wildland Hydrology Consultants) 

 

Permanent Cross-Section Surveys  

With the exception of SFHR ï Rector, a minimum of 4 permanent cross-sections were 

established and surveyed at locations along each study reach where active erosion was present, 

for a total of 82 cross-sections. Cross-section surveys were conducted by Virginia Tech and 

Virginia NRCS staff (Virginia Team) and an NC State University (NCSU) team. Cross-sections 

were marked with wood stakes and capped rebar pins that were hammered in near-flush with the 
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ground surface. Survey points were taken at each point of inflection along the cross-section. 

More points were taken in the stream channel compared to the floodplain since the focus was on 

capturing the bank profile to estimate the yearly bank retreat.      

The Virginia team used a Trimble R10-2 GNSS System RTK and Trimble TSC-3 

Controller with a base station set on a permanent rebar monument and a rover or Trimble S5 

Robotic Total Station to survey cross-sections. Under ideal circumstances (e.g. non-extreme 

temperatures, clear weather, clear line of sight, stable ground, and a properly levelled 

instrument), the GNSS RTK system can reach up to 0.4 in accuracy. To allow survey points to be 

captured in remote locations with dense canopy cover and high ridgelines, the Trimble TSC-3 

controller tolerance was set to < 0.05 in horizontal and < 0.067 in vertical (Z. Edwards, personal 

communication, August 13, 2021). The NCSU team used a Topcon GT 505 Series which has an 

accuracy of 0.079 in ± 2 ppm (Topcon, 2016). All surveys were conducted using the Virginia 

State Plane Coordinate System and post-corrected using the National Oceanic and Atmospheric 

Administrationôs Online Positioning User Service (NOAA OPUS) (National Oceanic and 

Atmospheric Administration, n.d.). 

Two methods were used to survey undercut banks. The first method measured the 

horizontal offset between the survey rod and bank (Figure 3.4). The horizontal station was 

adjusted in post-processing using the recorded horizontal offset. When the total station was set 

up opposite the undercut bank with a clear view of the undercut, the prism was placed directly 

against the bank using 0 ft for the rod height (Figure 3.4).  Holding the prism directly against the 

bank made it easier to adjust to the streambank shape.  
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Figure 3.4. Examples of surveying undercut banks. The left image shows measuring the horizontal offset. The right 

image shows placing the prism directly on the bank. 

 Following recommendations by Lawler (1993) to determine survey error, both teams 

surveyed the same cross-sections on the same day in December 2021. The median difference of 

the distances between the teamsô survey points was used as the survey error. Human error (e.g. 

incorrectly setting the rod height, taking points when the rod is not completely vertical, 

collecting the survey shot before the rod is in contact with the ground, etc.) and environmental 

conditions (e.g. animal and/or human disturbance of the survey pin, freeze/thaw cycles moving 

the pin, etc.) can reduce data precision and contribute to increased survey errors (Myers et al., 

2019).  

Bank Retreat Calculations 

Streambank retreat was calculated and compiled for a total of 111 streambanks across all 

sites following the same methods as El-Khoury et al. (2025). Point bars or streambanks that 

exhibited deposition were excluded from the analysis since BEHI is intended for predicting 

erosion rather than deposition. Cross-section data was exported from AutoCAD into Microsoft 

Excel. After graphing the data, the elevations for the streambank top and bottom were 
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established. Pictures of the cross-sections were also used to help discern the bank from the bed 

and floodplain. At every 0.5 ft elevation, the first- and second-year horizontal stations were 

interpolated for the defined bank. Top of bank was established at the lower elevation of the two 

surveys and the bottom of bank was set to the higher elevation for the two surveys; and slumped 

material that could skew the results was explicitly excluded (Figure 3.5). The stations were 

subtracted from each other to estimate the bank retreat with negative values indicating erosion 

and positive values indicating aggradation, similar to calculations by Resop and Hession (2010). 

The minimum, average and maximum bank retreat were compiled for each cross-section to show 

the range of potential bank retreat. Bank retreat values less than or equal to the survey error were 

assumed to be 0 ft/yr bank retreat. Retreat rates were annualized based on the number of days in 

the monitoring period following methods by Gellis et al. (2017).  

 
Figure 3.5. Examples of selecting top and bottom bank elevations from survey data. 
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Estimating Channel Evolution Stage 

To better understand the relationship between bank retreat and channel form, ratios of 

measured channel geometry to the Valley and Ridge hydraulic regional curve bankfull 

dimensions (Keaton et al., 2005) were calculated. The ratios between the measured TOB width 

and bankfull width to the predicted bankfull width, obtained from the regional curve, were used 

to gauge the severity of active channel widening. Similarly, the ratios of the measured channel 

cross-sectional area to the predicted bankfull cross-sectional area and measured channel TOB 

depth to the predicted bankfull depth from the regional curve were used to assess overall channel 

enlargement and incision. These ratios combined with photos of the study sites were used to 

evaluate the channel evolution stage (Simon, 1989) for each stream reach. Simon (1989) 

proposed six stages with a complete cycle from premodified streams through channel 

adjustments back to a reestablished stable stream. Table 3.3, adapted from Simon (1989), 

summarizes each stage.  
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Table 3.3. Stages of channel evolution from Table VI. in (Simon, 1989). 

No. Stage Name 

Bed-level 

adjustment 

type 

Location in 

network 

Process on channel 

bed 

Active 

widening 

Failure 

types 

Bank surfaces 

present 

Appropriate 

bank angles 

(°) 

I Premodified Premodified 
Upstream-most 

reaches 

Transport of 

sediment or mild 

aggradation 

No ð ð 20-30 

II  Constructed ð Where applicable Dredging By Man ð ð 18-34 

III  Degradation 
Migrating 

degradation 

Upstream from 

AMD 
Degradation No ð ð 20-30 

IV Threshold 
Migrating 

degradation 
Close to the AMD Degradation Yes 

Slab 

rotational 

pop-out 

Vertical face 

Upper bank 

70-90 

25-50 

V Aggradation 
Secondary 

aggradation 

Upstream of the 

AMD 
Aggradation Yes 

Slab 

rotational 

pop-out 

Vertical face 

Upper bank 

Slough line 

70-90 

25-40 

20-25 

VI  Restabilization 
Downstream 

aggradation 

Downstream of the 

AMD 
Aggradation No 

Low-angle 

slides pop-

out 

Vertical face 

Upper bank 

Slough line 

70-90 

25-35 

15-20 

AMD = area of maximum disturbance 
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Soil Sampling 

Soil samples were collected for both laboratory bulk density and nutrient testing during 

the first-year visit to all stream sites. One sample per distinct soil layer was taken from the 

eroding bank at the cross-section. A soil core sampler was hammered (stainless steel bottomless 

cylinder) into the bank until the edge of the cylinder was flush with the bank. The cylinder was 

pulled out of the bank and the soil was removed from the cylinder and placed in a labeled plastic 

bag. These samples were analyzed for Total Nitrogen (TN), Total Phosphorus (TP), dry weight 

and bulk density at the NCSU Biological & Agricultural Engineering (BAE) Department 

Environmental Analysis Laboratory. TN was measured following the APHA 4500 Norg B 

methodology (Standard Methods Committee of the American Public Health Association, 

American Water Works Association, and Water Environment Federation, 2017a), TP was 

measured following the APHA 4500-P F methodology (Standard Methods Committee of the 

American Public Health Association, American Water Works Association, and Water 

Environment Federation, 2017b). The ASTM D 2937 method was followed to measure bulk 

density (D18 Committee, 2021). 

Precipitation Analysis  

Daily precipitation and average temperature data, with a 2.5 mi resolution, were obtained 

from the PRISM Climate Group (Oregon State University, 2024) covering the period from 

January 1, 1991, the earliest available date, through December 31, 2022, the end of the 

monitoring period. Z-scores (Equation 1) were used to determine if a year of precipitation was 

outside the normal range of variability. If a year had a z-score less than negative 3 or greater than 

3 it was considered outside the normal range (Zaimes et al., 2006).  
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Equation 1. Equation for calculating the z-score. 

ὤ
ὼ  ‘

„
 

where: 

x = total precipitation during a given year 

ɛ = average annual precipitation 

ů = standard deviation of annual precipitation 

Hourly precipitation data averaged over the watershed area were downloaded from 

NOAA. All precipitation analyses were performed in R version 4.4.2 (R Core Team, 2024) using 

the Rainmaker package (Corsi and Carvin 2025) to define all rainfall events. To classify events 

as one-, two-, five-, and ten-year 24-hour storms, precipitation depth and intensity were gathered 

from the NOAA Atlas 14 Precipitation Data Frequency Server for each site (NOAA 2004).  

Streambank Retreat Rate Prediction Models 

BANCS Models 

Applying the standard approach for developing BANCS erosion curves, the bank retreat 

for 110 surveyed cross sections (with average erosion that was > 0.1 ft) was plotted against NBS 

estimates. Linear regression trend lines were developed for each BEHI category. Two sets of 

BANCS curves were created using the measured average and maximum bank retreat for both 

NBS1 and NBS2 (Bigham et al., 2018; D. L. Rosgen, 2001).  

 Statistical Models  

Individual BANCS factors in addition to other watershed and channel characteristics 

were used to develop statistical models. In RStudio, five model types (Table 3.4) were tested to 

see which would best predict bank retreat. The added variables for the first iteration of models 

are listed below in Table 3.5 which were available for all BEHI assessments conducted at cross-

sections.  
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Table 3.4. RStudio functions and packages used for statistical modeling. 

Model Type Function Used R Package 

Multiple Linear Regression lm() stats 

Ridge Regression cv.glmnet() glmnet (Friedman et al. 2010) 

Lasso Regression cv.glmnet() glmnet (Friedman et al. 2010) 

Principal Component Regression pcr() pls (Liland et al. 2024) 

Random Forest randomForest() randomForest (Liaw and Wiener 2022) 

 

Because the ultimate intent of the bank retreat models was to predict reachwide sediment 

loads, which requires the prediction of erosion for banks that did not have cross-section 

measurements or soil samples, variables specific to cross-sectional measurements were removed 

except for the top of bank (TOB) width and bulk density. NBS2 could only be applied to banks 

in meander bends where tighter meander bends have a lower ratio than more gradual bends. For 

observations along straight channel sections, the ROC to bankfull and TOB width ratios were 

assigned a default value of 15, exceeding the ratios measured at meanders.  

A distributed modeling approach was applied (Merritt et al., 2003). Instead of dividing 

the area of interest into uniform cells (rectangular grid), stream reaches were segmented based on 

the BEHI assessment. Most of the variables are spatially distributed by stream segment. 

However, a few variables such as land cover, channel slope and watershed area were uniformly 

assigned across each reach.   
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Table 3.5. List of additional predictor variables for statistical models. 

Variable Name Abbreviation Units  Description  

Erosion condition  condition_num    
Number associated with each condition category based on erosion 

severity (surface scour = 1, hoof shear = 2, unstable undercut = 3, 

mass wasting = 4)  

TOB Width WTOB   ft  Top of bank cross-section width  

TOB Area   ATOB   sqft  Top of bank cross-section area  

Bankfull Width Wbkf   ft  Bankfull cross-section width  

Bankfull Area Abkf   sqft  Bankfull cross-section area  

Bankfull Depth Dbkf   ft  Bankfull cross-section depth  

TOB to Regional Curve 

Bankfull Width Ratio 
WTOB_WbkfVR    

Ratio of top of bank width to Valley & Ridge Regional Curve 

bankfull width  

Bankfull Width to 

Regional Curve Bankfull 

Width Ratio 

Wbkf_WbkfVR     
Ratio of bankfull width to Valley & Ridge Regional Curve bankfull 

width  

TOB Area to Regional 

Curve Bankfull Area Ratio 
ATOB_AbkfVR     

Ratio of top of bank area to Valley & Ridge Regional Curve 

bankfull area  

Bankfull Area to Regional 

Curve Bankfull Area Ratio 
Abkf_AbkfVR     

Ratio of bankfull area to Valley & Ridge Regional Curve bankfull 

area  

Watershed Area  watershed_area  sqmi  Watershed area  

Channel Slope slope  ft/ft  Average stream slope  

Bulk Density bulk_den  g/cm3  
Measured bulk density at the cross-section (averaged for those with 

2 layers)  

Impervious LC_Imp  %  Percentage of watershed impervious land cover from StreamStats  

Developed LC_Dev  %  Percentage of watershed developed land cover from StreamStats  

Forest LC_For  %  Percentage of watershed forested land cover from StreamStats  

Agriculture  LC_Ag  %  Percentage of watershed agricultural land cover from StreamStats  

Radius of curvature to 

Bankfull Width Ratio  
ROC_Wbkf    

Ratio of radius of curvature to bankfull width (value of 15 used for 

straight sections)  

Radius of curvature to 

TOB Width Ratio  
ROC_WTOB    

Ratio of radius of curvature to top of bank width (value of 15 used 

for straight sections)  

There are several other approaches for modeling bank retreat and bank collapse, many of 

which are summarized by Zhao et al. (2022). Several of these models have different equations 

and approaches based on the type of erosion (fluvial erosion or bank failure). Approaches like 

those by Pizzuto (1990) and Nagata et al. (2000) modeled bank failure when the slope was 

greater than the angle of repose. The data collected during the BEHI assessment includes the 

bank angle as well as the type of erosion. The relationship between bank angle and erosion 

condition was examined to determine the best way to subset the data to improve predictability of 
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bank retreat. The data was split into two subsets based on the type of erosion. One subset 

contained no erosion, surface scour and hoof shear (minor erosion); the other contained unstable 

undercutting and mass wasting (severe erosion), which represent bank failure. The first subset 

can be generally characterized as fluvial erosion which is more continuous and not as dependent 

on extreme events. Hoof shear erosion was lumped with no erosion and surface scour because of 

the similarity in bank angles and closer similarity in driving mechanisms of erosion. Compared 

to surface scour and hoof shear, unstable undercut and mass wasting are episodic, occurring 

when the bank resisting forces are exceeded by the applied forces (Zhao et al., 2022).   

For the first iteration of statistical models, the createFolds() function from the caret 

package in R (Kuhn and Max 2008) was used to create 5 randomly selected training and testing 

sets with about 20% of the data saved for testing and 80% delegated to training. K-fold cross-

validation is better to train and test models than just dividing and the data into one training and 

test set (Wallach et al., 2006). The root mean squared error (RMSE) (Equation 2) was used to 

measure the predictive quality of the models and the fit of the model was quantified using the 

squared correlation coefficient, r2, calculated with the spearman method (Equation 3) (Wallach et 

al., 2006). The advantage of using RMSE as the error method is the ability to look at the 

individual components of the equation to inform how the model can be further improved. The 

bias is the degree that the model under or over predicts; if the value is positive, it under predicts 

and if it is negative the model over predicts. SDSD is the square difference of the standard 

deviation which examines the degree of similarity in the ranges between the observed and 

predicted values. LCS is the lack of correlation which is difficult to interpret (Wallach et al., 

2006). The correlation coefficient shows the strength of the relationship between the predicted 

and observed values where r2 = 0 means there is no relationship and r2 = 1 means there is a 
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perfect linear relationship (Haefner, 2005). Evaluating both RMSE and r2 provides a more 

holistic picture of how well the model is working in terms of goodness-of-fit, bias and model 

efficiency.  

Equation 2. Root mean square error (RMSE) equation. 
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Equation 3. Correlation coefficient (r) equation. 

ὶ
Вὼ  ὼӶώ  ώ

Вὼ  ὼӶВώ  ώ
  

 

The final model type selected was the one with the lowest average RMSE and the highest 

r2 from all test sets. A total of four models were created:  

¶ Average bank retreat: no erosion, surface scour and hoof shear (minor erosion) 

¶ Average bank retreat: unstable undercut, mass wasting (severe erosion) 

¶ Maximum bank retreat: no erosion, surface scour and hoof shear (minor erosion) 

¶ Maximum bank retreat: unstable undercut, mass wasting (severe erosion) 

Unfortunately, no flow data were available for any site due to project constraints. To 

capture prolonged saturation, pore water pressure and seepage dynamic, additional precipitation 

metrics were calculated including the most consecutive days with precipitation, percentage of 

days with precipitation and amount of storms exceeding 0.5 in and 1 in of rainfall. To further 

improve model performance, a second iteration of models was developed incorporating climate 

variables listed in Table 3.6. The temperature data was downloaded from the PRISM Climate 

Group (Oregon State University, 2024); while hourly precipitation data from NOAA (NOAA 

2004) were used to calculate all precipitation metrics.  
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Table 3.6. Climate predictor variables added to the second iteration of models. The temperature data is based on 

the daily climate data from PRISM (Oregon State University, 2024). The precipitation data is based on the hourly 

data from NOAA (NOAA 2004). 

Variable Name  Abbreviation Units  Description  

Mean Temperature mean_temp ÁC Average daily temperature over the entire monitoring period 

Minimum 

Temperature 
min_temp ÁC Coldest daily temperature during the monitoring period 

Maximum 

Temperature 
max_temp ÁC Hottest daily temperature during the monitoring period 

# of Freezing Days freeze_count days 
Number of days during the monitoring period with 

temperatures at or below freezing 

# of 1-yr Storms Storm_1yr_24h  

Number of storms during the monitoring period that reached 

or exceeded the recurrence interval for a 1-yr 24 hr storm 

based on NOAA Atlas 14 

# of 2-yr Storms Storm_2yr_24h  

Number of storms during the monitoring period that reached 

or exceeded the recurrence interval for a 2-yr 24 hr storm 

based on NOAA Atlas 14 

# of 5-yr Storms Storm_5yr_24h  

Number of storms during the monitoring period that reached 

or exceeded the recurrence interval for a 5-yr 24 hr storm 

based on NOAA Atlas 14 

# of 10-yr Storms Storm_10yr_24h  

Number of storms during the monitoring period that reached 

or exceeded the recurrence interval for a 10-yr 24 hr storm 

based on NOAA Atlas 14 

Annual 

Precipitation 
Precip_in_yr in/yr 

Annualized rainfall, calculated from the total precipitation 

that fell during the monitoring period divided by the number 

of days 

Maximum Intensity Max_Precip_1hr_in in/hr 
Maximum 1 hour rainfall intensity during the monitoring 

period based on hourly precipitation data 

Days with 

Precipitation 
DaysofRain_Per % 

Percentage of days during the monitoring period when there 

was any precipitation 

Consecutive Days 

with Precipitation 
Longest_Streak days 

Longest number of consecutive days with precipitation 

during the monitoring period 

# of Events Ó 0.5 in Events_0.5  
Number of storms during the monitoring period with at least 

0.5 in of rainfall 

% of Events Ó 0.5 in Events_0.5_per % 
Percentage of storms during the monitoring period with at 

least 0.5 in of rainfall 

# of Events Ó 1 in Events_1  
Number of storms during the monitoring period with at least 

1 in of rainfall 

% of Events Ó 1 in Events_1_per % 
Percentage of storms during the monitoring period with at 

least 1 in of rainfall 

Maximum Storm 

Intensity 
Max_Storm_Intensity in/hr Maximum storm intensity during the monitoring period 

Average Daily 

Precipitation 
mean_daily_ppt in/day 

Average daily precipitation that occurred during the 

monitoring period 

Maximum Daily 

Precipitation 
max_daily_ppt in/day 

Maximum daily precipitation that occurred during the 

monitoring period 
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For the second iteration of models, all model development, testing and predictions were 

performed in R version 4.4.2 (R Core Team, 2024). To eliminate co-linearity, variables were 

removed as necessary to ensure no two variables had a correlation greater than 0.8 using 

corr_cross from the lares package (Lares 2025). The leaps package (Lumley 2024), which 

returns the best set of models based on the residual sum of squares for a linear regression model, 

was used to reduce the number of variables. Leave-one-out cross-validation (LOOCV), a 

specialized version of k-fold cross-validation where a single observation is used for testing at 

each iteration, was selected due to its rigor and robustness (Wallach et al., 2006).  

In addition to, RMSE and r2, the coefficient of determination (R2), adjusted R2, and 

Akaike Information Criterion (AIC) were used to select the best model for predictions from the 

LOOCV results. While R2 measures the amount of variation explained by the model. Adjusted 

R2, which applies a penalty for each additional predictor, was included to allow direct 

comparison between models with varying numbers of predictors (Haefner, 2005). It is possible to 

have a large r2 but low R2 value, therefore it is important to consider both metrics. AIC (Equation 

5) uses the log-likelihood to determine which model would produce the best predictions. The 

model with the lower AIC value is the best fit model.  

Equation 4. Adjusted R2 equation. 
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where: 

n = number of observations 

p = number of predictor variables 

  

Equation 5. AIC equation. 
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Predicting Streambank Retreat Rates 

To estimate streambank retreat rates beyond cross-sections, the best performing models 

from the LOOCV results were used to predict bank retreat for BEHI segments not located at a 

cross-section. BEHI segments meeting the following criteria were assumed to have zero erosion 

and were excluded from model predictions: 

¶ Bank material is made of boulders or bedrock 

¶ Located on the inside of a bend and classified as having no erosion 

TOB widths for each predicted segment were measured in ArcGIS using aerial imagery and 

field-collected GPS points to delineate the channel TOB. 

Predicting Sediment and Nutrient Loads 

To estimate reachwide volumes of sediment from streambank erosion, the bank retreat 

(measured or predicted) was multiplied by the field-measured bank heights and ArcGIS 

measured lengths for each BEHI segment. Measured bank retreats were used for segments 

located at cross-sections, while predicted values were applied to the remaining segments. The 

volume was then multiplied by the bulk density and nutrient concentrations to calculate 

reachwide sediment and nutrient loads across the 15 stream reaches. Annual sediment loads were 

divided by linear stream length to allow for direct comparison between sites. 

Results and Discussion 

Cross-Section Bank Retreat   

The minimum, average and maximum bank retreat rates were calculated for 111 

streambanks from the 82 cross-sections. Any streambanks experiencing deposition, such as those 

at point bars, were excluded from the bank retreat analysis. Appendix B: Cross-Section 

Summaries contains a summary of the measured bank retreat, cross-section dimensions, and 
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BEHI and NBS assessments for each cross-section. Table 3.7 shows the median value of the 

averaged horizontal distance between two streambank profiles generated from surveys conducted 

by two field teams for 21 cross-sections. Based on the survey error ranges, any measured bank 

retreat less than 0.1 feet could not be confidently classified as erosion and was recorded as 0 

ft/yr. Bank retreat widely varied across all sites ranging from 0 to 7.2 ft/yr. Figure 3.6 illustrates 

the measured bank retreat, where the mean is shown with individual points while the error bars 

represent the minimum and maximum values. Rock Creek reported the highest measured 

erosion, while Elk Creek experienced the lowest.  

Table 3.7. Averaged distance between repeated surveys. 

Survey Instrumentation  Median Difference (ft/yr) # of Survey Points # of Streams 

NCSU TS vs VT TS 0.11   115 6 

NCSU TS vs VT RTK 0.13 71 4 

VT TS vs VT RTK 0.44 12 1 

ALL 0.12  198 8 

*TS = Total Station 
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Figure 3.6. Summary of measured bank retreat for all sites. The points represent the mean; the ends of the error 

bars represent the minimum and maximum. 

The maximum bank retreat exhibits a wider range in measured values compared to the 

average and minimum bank retreat, emphasizing the vertical variation in erosion along 

streambanks. Streambank erosion is not uniform with rates varying both vertically across a single 

cross-section and laterally along each reach. Therefore, the average bank retreat from a cross-

section provides the most representative bank retreat, while the maximum highlights the worst-

case scenario. It is unlikely that an entire reach will experience the maximum possible bank 

retreat within a single year, as shown with this data. Nonetheless, including the worst-case 

scenario of bank retreat reveals the potential land loss that could be prevented through cattle 

exclusion, bank stabilization or stream restoration practices. It is important to keep in mind this 

data represents a small snapshot of the stream within a relatively short period. Alternative 
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placement of cross-sections could have resulted in more or less erosion measured at each site. 

These findings show the need to examine both vertical and lateral variability when summarizing 

bank retreat rates especially for reach-scale management strategies. Refer to Appendix C: Top of 

Bank Surveys for more information about capturing lateral variability in bank retreat rates with 

top of bank (TOB) surveys.  

In addition to magnitude, the spatial extent and severity of erosion greatly varies from 

site to site as illustrated in Figure 3.7. While Rock Creek had the highest annual erosion rate, it 

did not have the highest overall percentage of eroding banks or greatest contribution of sediment 

load from severe erosion. Conversely, UTB showed lower annual erosion rates but a higher 

proportion of banks experiencing severe erosion. Creeks with high percentages of hoof shear, 

like Piney Creek, would greatly benefit from exclusion of livestock which would reduce 

sediment loads and improve water quality.  
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Figure 3.7. Proportion of streambank erosion by type based on linear distance for each of 15 study sites.  

The channel evolution stage was generally consistent across all cross-sections within the 

study stream with some exceptions. Appendix B: Cross-Section Summaries contains the 

evolution stage for each cross-section. All streams were in stage IV (Threshold) except for 

Turkey Creek, UT Tom Bowmans Creek and Wolf Creek, which were in stage III (Degradation), 

while SFHR-Rector is in stage V (Aggradation). The three creeks in stage III exhibited the 

smallest TOB to bankfull width ratios, meaning the existing channel dimensions are smaller than 

the expected dimensions based on the Valley and Ridge regional curve. Therefore, these three 

creeks are likely to experience continued channel widening and associated bank retreat.  
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Table 3.8. Summary of average cross-section dimensions for each stream compared to the Valley and Ridge 

Regional Curve. 

Stream  Wbkf/WbkfVR  WTOB/WbkfVR  Abkf/AbkfVR  ATOB/AbkfVR  
Channel 

Evolution  

CCD  1.0  1.0  0.6  1.2  IV  

CCM  0.8  0.9  0.5  0.9  IV  

Copper  0.6  0.7  0.5  0.9  IV  

Elk  0.6  0.7  0.4  1.7  IV  

Emory  0.7  0.8  0.6  0.8  IV  

MFHR  0.8  0.9  0.8  1.3  IV  

Piney  0.7  1.3  0.4  2.6  IV  

Rock  0.7  2.0  0.4  2.8  IV  

SFHR-R  1.3  1.4  0.9  1.7  V  

SFHR-W  0.7  0.9  0.4  1.0  IV  

Sinking  0.6  0.8  0.4  1.0  IV  

Toms  0.7  0.8  0.5  1.0  IV  

Turkey  0.4  1.0  0.3  1.2  III  

UTB  0.5  0.8  0.4  1.0  III  

Wolf  0.4  0.6  0.3  0.9  III  

 

Soil Samples 

A total of 116 soil samples were collected from 105 eroding streambanks. Table 3.9 lists 

the average results for the soil samples collected at each site. When stratification was present, a 

soil sample was collected from each distinct layer. No samples were collected from depositional 

banks. Figure 3.8 through Figure 3.13 show the range of measured bulk density, TN and TP for 

the top and bottom soil layers. For a full list of soil sample results for each individual cross-

section, refer to Appendix D: Soil Sample Results.   
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Table 3.9. Averaged soil samples for each site. 

Stream  
Bulk  
Density  
(g/cm3)  

TP 

(mg/kg)  
TN (mg/kg)  

  

CCD  1.34  588.50  447.60  

CCM  1.11  929.48  514.77  

Copper  1.28  397.92  115.42  

Elk  1.16  692.60  500.08  

MFHR  1.42  316.17  141.36  

NFHR 1.34  962.68  405.21  

Piney  1.19  925.82  285.59  

Rock  1.28  368.57  175.55  

SFHR-R  1.35  337.49  278.10  

SFHR-W  1.41  421.26  301.49  

Sinking  1.37  954.25  381.04  

Toms  1.20  1365.07  296.21  

Turkey  1.12  973.46  601.80  

UTB  1.30  745.61  281.55  

Wolf  1.22  451.53  103.55  

  

 

 
Figure 3.8. Boxplot of measured bulk density for the top layer at cross-sections. 
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Figure 3.9. Boxplot of measured bulk density for the bottom layer at cross-sections. 

 

 
Figure 3.10. Boxplot of measured TN for the top layer at cross-sections. 
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Figure 3.11. Boxplot of measured TN for the bottom layer at cross-sections. 

 

 
Figure 3.12. Boxplot of measured TP for the top layer at cross-sections. 
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Figure 3.13. Boxplot of measured TP for the bottom layer at cross-sections. 

 

Precipitation 

In more recent years, the annual total precipitation has tended to exceed the annual 

average. The range of z-scores reported for the study sites over the monitoring period ranged 

from -2 to 3, indicating no sites were outside the norm despite increased precipitation. It should 

be notated that the z-score for Rock Creek was 3 in 2020 during the monitoring period. All z-

score plots are shown in Appendix E: Precipitation Analysis.  

Hourly precipitation data was examined to determine the number and return interval of 

precipitation events that occurred during each siteôs monitoring period. Table 3.10 summarizes 

the 1-, 2-, 5-, and 10-year storms and the number of precipitation events with at least 0.5 in and 1 

in of precipitation. Refer to Appendix E for graphs of precipitation events during the monitoring 

period for each site. Figure E.16 through Figure E.30  depict rainfall over the monitoring periods. 

Sites with the same monitoring periods had similar precipitation trends.  
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Table 3.10. Summary of event-based precipitation metrics for each site from hourly precipitation data. 

  # of Storms exceeding reoccurrence threshold Ó 0.5 in Ó 1 in 

Streams 1-yr 2-yr  5-yr  10-yr Count % Count % 

CCD 2 0 0 0 30 20.8 10 6.9 

CCM 0 0 0 0 30 19.2 10 6.4 

Copper 3 2 2 0 33 19.8 18 10.8 

Elk 2 1 1 0 42 26.9 20 12.8 

MFHR 3 3 1 1 33 19.4 15 8.8 

NFHR 0 0 0 0 26 19.1 8 5.9 

Piney 1 1 1 0 36 27.5 11 8.4 

Rock 9 7 3 2 70 23.8 34 11.6 

SFHR-Rector 0 0 0 0 23 15.6 9 6.1 

SFHR-Wood 0 0 0 0 29 18.8 12 7.8 

Sinking 2 2 0 0 34 19.3 16 9.1 

Toms 4 1 1 1 27 19.6 9 6.5 

Turkey 1 1 0 0 30 21.9 11 8.0 

UTB 4 2 1 1 30 19.9 17 11.3 

Wolf 3 2 2 1 33 20.6 12 7.5 

Correlations between precipitation metrics and measured bank retreat were examined to 

identify precipitation effects on erosion rates. Figure 3.14 illustrates the reach averaged mean 

bank retreat versus the annualized precipitation. There is not a very strong positive correlation 

(0.36). However, the reach averaged mean bank retreat had a stronger positive correlation with 

the occurrence of specific storm events, where the highest correlation of 0.66 occurred for the 

number of storms that reached or exceeded the 2-yr storm.  
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Figure 3.14. Reach averaged mean bank retreat (ft/yr) compared to the annual precipitation (in/yr) for each site. 

 

Despite stronger correlations between the number of storm events and measured bank 

retreat, precipitation metrics alone cannot fully explain patterns in rates of erosion. While storm 

events with lower exceedance probabilities produce higher flows that can cause erosion, 

Midgely, Fox, and Heeren (2012) and Simon et al. (2000) observed that multiple consecutive 

medium sized events produced significant bank erosion and failure. This was relevant in 

Virginia, where some of the streams with the highest percentage of severe erosion (CCD, SFHR-

Rector and NFHR (Figure 3.7)) experienced no storms that exceeded a 1-year return interval. In 

contrast, Copper Creek experienced one 1-year and two 5-year storms (Table 3.10; Appendix E, 

Figure E.18) but experienced the least severe erosion.  
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These patterns align with findings from Rinaldi et al. (2004) who noted that bank failure 

occurred due to complex hydrographs with multiple peaks, and did not require full bank 

saturation. In fact, storms with multi-peak hydrographs caused greater bank erosion than a single 

high peak event (Rinaldi et al., 2004). Simulations by Rinaldi et al. (2008) revealed that bank 

failure often occurs during the falling limb of the hydrograph due to pore water pressure. The 

frequency and duration of flow events affects the saturation and soil-moisture content of the 

banks controlling the hydrostatic pressure and pore-water pressure that affect bank stability (Fox 

et al., 2007; Simon et al., 2000; Zhao et al., 2022). Observations at Goodwin Creek in Northern 

Mississippi showed prolonged wet periods, often characterized by multipeak flow events, 

resulted in bank failures (Fox et al., 2007; Simon et al., 2000). Since our cross-sections were 

only surveyed once a year, except for Rock Creek, it was not possible to attribute specific 

amounts of erosion to individual storm events.   

Since Rock Creek has two years of data, further examination of these surveys revealed 

several cross-sections exhibited more bank retreat during the first year (January 2020 ï January 

2021) when rainfall totals were higher (Figure 3.15) than during the second year (January ï 

December 2021). For example, the majority of the bank retreat at cross-section 3 at Rock Creek 

occurred before January 2021 with little change occurring during that year (Figure 3.16), 

demonstrating how the amount of precipitation influences the resulting erosion.  
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Figure 3.15. Monthly rainfall totals at Rock Creek. 
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Figure 3.16. Survey results of cross-section 3 at Rock Creek. 

Clear trends between precipitation and erosion rates did not hold true across all sites 

emphasizing the complexity of streambank erosion and reinforcing the difficulty others have 

reported in predicting it (Ghosh et al., 2016; McMillan et al., 2017; Noe et al., 2022). Numerous 

factors like climate, channel geometry, land management practices and watershed conditions 

interact to contribute to streambank erosion, and shorter monitoring periods are less likely to 

capture the extent of conditions that can lead to erosion. While collecting a minimum of one year 

of data accounts for seasonal variations, multiple years of data are preferable for reducing 

variance and capturing episodic events (Couper, 2004; Daly et al., 2015; Gamble, 2021). As 

Couper (2004) points out, extrapolating erosion rates measured over a short period may not be 

representative of longer temporal scales. While it would be preferable to have multiple years of 

data to capture the widest range of conditions as Daly, Miller and Fox (2015) discovered a three-

year monitoring period had a lower variance than 1-2 years. Gamble (2021) confirmed 
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decreasing variance over longer monitoring periods but recommended collecting a minimum of 

one-year of data to capture seasonal variations and reduce variance of shorter monitoring 

periods.  

Streambank Erosion Models 

Virginia BANCS Models 

BANCS curves were developed for the Ridge and Valley and Blue Ridge physiographic 

regions in Virginia using the average and maximum measured erosion rates, BEHI assessments 

and two NBS methods applied at the cross-sections (Figure 3.17 through Figure 3.20). 96 cross-

sections with measured average erosion > 0 ft/yr were used to develop the average bank retreat 

NBS1 curve, and 110 cross sections with maximum bank retreat > 0 ft/yr were used for the 

NBS1 curve. NBS2 had significantly less observations since it was only applicable to 

streambanks on the outside of meander bends. The average bank retreat NBS2 curve included 29 

cross-sections/streambanks, while the maximum bank retreat NBS2 curve incorporated 32 cross-

sections with a measurable ROC.   

As NBS increases, it is expected that bank retreat will also increase. However, this was 

not always the case for this study where several of the linear regression trendlines had negative 

slopes. For example, the Very Low BEHI relationship for average bank retreat had a negative 

slope (Figure 3.17), although this category only had two observations. Regressions for the Low 

and Moderate BEHI categories that applied the maximum bank retreat and NBS1 also showed 

negative slopes (Figure 3.18). The BEHI categories with negative slopes differ between the 

average and maximum bank retreat curves for NBS1. 

Correlation coefficients squared, r2, were generally very low for most of the erosion 

curves, explaining less than 10% of the variation in bank retreat. No r2 values were reported for 
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BEHI categories with only two observations. Additional observations are needed to strengthen 

the relationships between bank retreat and NBS. It is apparent from the low correlation and 

unexpected negative slopes on some regressions that the BANCS method was unable to 

adequately explain the variation in measured bank retreat, indicating important variables are 

likely missing from the model.   

 
Figure 3.17. VA BANCS erosion curve for average bank retreat and NBS Method 1. 
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Figure 3.18. VA BANCS erosion curve for maximum bank retreat and NBS Method 1. 
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Figure 3.19. VA BANCS erosion curve for average bank retreat and NBS Method 2. 
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Figure 3.20. VA BANCS erosion curve for maximum bank retreat and NBS Method 2. 

The NBS method selected had a significant impact on its relationship with bank retreat. 

The Moderate BEHI relationship for the average bank retreat with NBS1 has a positive slope but 

shifts to a steep negative slope when NBS2 is applied. Since NBS2 is based on the ROC 

measured along a meander bend, this method could only be applied to 32 of the monitored 

streambanks. In contrast, NBS1 was applicable to all study streambanks. Only two of the 32 

study streambanks reported the same NBS category for both methods (Table 3.11). Many of the 

NBS2 categories assigned to a streambank were completely opposite of the category assigned 

using NBS1. For example, Wolf_139 was ranked as extreme using NBS1, but very low using 

NBS2. NBS1 subjectively categorizes meander curvature and the presence of mid channel bars. 

NBS2 quantifies the ROC but does not account for mid channel bars or other instream features 
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that influence the flow direction, velocity and force of the flow on the banks (Bigham et al., 

2018; D. L. Rosgen, 2001). Typically, when multiple methods of NBS are applied, the method 

with the highest category is selected. Due to the poor performance of the BANCS curves, other 

statistical models were explored that considered the BEHI and NBS variables individually.   

Given the low correlation of the BANCS curves, a summary table (Table 3.12) and 

boxplots were constructed to illustrate the measured range of bank retreat across all BEHI 

categories. These figures (Figure 3.21 through Figure 3.23) provide an estimate for the expected 

range of bank retreat based on each BEHI category. The Very High and Extreme BEHI 

categories show a wide range and more severe streambank erosion (Figure 3.21 and Figure 3.22). 

The other four BEHI categories report a much tighter range of values. Low, Moderate and High 

had a larger number of observations with little variation showing the average bank retreat is less 

than 1 ft/yr and the maximum bank retreat is around 1 ft/yr.  
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Table 3.11. Comparison of NBS categories between Method 1 and 2. Rows highlighted in green have the same NBS 

category for both methods. 

 NBS Method 1  NBS Method 2      

ID  Category  Number  Category  Number  Same?  Difference  

Emory771  high  4  very high  5  No  -1  

SFHR_R525  very high  5  extreme  6  No  -1  

Turkey687  very high  5  extreme  6  No  -1  

Turkey687  very high  5  extreme  6  No  -1  

Turkey689  very high  5  extreme  6  No  -1  

Emory755  extreme  6  extreme  6  Yes  0  

Turkey700  very high  5  very high  5  Yes  0  

Rock_48  moderate  3  low  2  No  1  

Cop_20  high  4  low  2  No  2  

Rock_36  extreme  6  high  4  No  2  

Rock_53  extreme  6  high  4  No  2  

Rock_57  high  4  low  2  No  2  

SINK348  very high  5  moderate  3  No  2  

Toms624  high  4  low  2  No  2  

CCD466  extreme  6  moderate  3  No  3  

CCD489  high  4  very low  1  No  3  

CCD508  high  4  very low  1  No  3  

Cop_25  high  4  very low  1  No  3  

Cop_8  very high  5  low  2  No  3  

Piney769  high  4  very low  1  No  3  

SINK315  high  4  very low  1  No  3  

SINK335  high  4  very low  1  No  3  

Turkey722  very high  5  low  2  No  3  

Turkey726  very high  5  low  2  No  3  

UTB365  high  4  very low  1  No  3  

UTB365  high  4  very low  1  No  3  

UTB378  high  4  very low  1  No  3  

UTB382  very high  5  low  2  No  3  

UTB388  very high  5  low  2  No  3  

Rock_39  very high  5  very low  1  No  4  

Wolf_135  extreme  6  low  2  No  4  

Wolf_139  extreme  6  very low  1  No  5  

For BEHI categories with higher erosion potentials, streambanks in the Blue Ridge 

region had larger variations of retreat measurements. Regional differences in measured bank 

retreat implied physiographic differences play a role in streambank erosion. This difference may 
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be driven by hydrology, topography and substrate characteristics. In the Valley and Ridge region, 

higher transmissivity rates (Swain et al., 2004) reduce overland flows and facilitate groundwater 

movement. Additionally, this region has a smaller and narrower range of mean base flows from 

0.01 to 1.51 ft3/s/mi2 compared to 0.02 to 2.44  ft3/s/mi2 (Nelms et al., 1997). Reduced overland 

and smaller base flows are usually associated with lesser erosive forces, which could have helped 

explain the lower variation of retreat rates across the Valley and Ridge region. The cohesive 

subsoils in the Valley and Ridge (Galbraith & Baker, 2023) offer additional resistance to erosion. 

In contrast, the Blue Ridge has steeper slopes and shallower soils (Galbraith & Baker, 2023) 

increasing erosion susceptibility. These hydrologic and geomorphic factors likely explained the 

wider range of bank retreat measurements in the Blue Ridge region.  

Table 3.12. Summary of the range, average and median bank retreat for each BEHI category. 

 Average Bank Retreat (ft/yr)  Maximum Bank Retreat (ft/yr)  

  Range  Average  Median  Range  Average  Median  

Very Low  0.6-0.9  0.8  0.8  1.1-2.7  1.9  1.9  

Low  0.1-0.9  0.4  0.4  0.3-4.3  1.0  0.7  
Moderate  0.1-3.6  0.6  0.4  0.3-4.1  1.1  0.9  
High  0.1-3.2  0.8  0.5  0.2-4.1  1.4  0.9  

Very High  0.1-6.7  1.4  0.3  0.3-7.2  1.7  0.8  
Extreme  0.3-3.7  1.5  1.0  0.5-4.2  2.0  1.6  
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Figure 3.21. Boxplot of measured average bank retreat separated by BEHI category and physiographic region. 
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Figure 3.22. Boxplot of measured maximum bank retreat separated by BEHI category and physiographic region. 
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Figure 3.23. Boxplot of all measured bank retreat separated by BEHI category. 

 

Comparing VA, NC and MD BANCS Models 

The streambank erosion curves produced for VA were compared to the existing curves 

from North Carolina (NC) (Doll et al., 2003) and Maryland (MD) (USFWS, 2005), each 

developed based on Rosgenôs BANCS methodology (D. L. Rosgen, 2001). Figure 3.24 and 

Figure 3.25 compare the linear trend lines for all BEHI categories from all three states. The NC 

Erosion Curve report high r-squared values (r2 = 0.93 and 0.92 for the Moderate and Extreme 

BEHI linear trend lines, respectively); however, none were reported for the High and Very High 

regressions (Stantec Consulting, 2009). While the NC regressions appear more predictive based 

on r2 values, they were developed with considerably fewer data points. For example, the Extreme 

regression includes only four observations while Moderate has seven. Although some of the 
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BEHI categories for the Virginia data have few observations, the overall number of data points 

are far greater than those used to create either the NC or the MD curves, offering greater 

statistical robustness.   

 
Figure 3.24. Comparison of BANCS regression lines for average bank retreat VA BANCS model with the NC and 

MD BANCS models. 
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Figure 3.25. Comparison of BANCS regression lines for maximum bank retreat VA BANCS models with the NC and 

MD BANCS models. 

Figure 3.26 through Figure 3.30 compare the measured bank retreat values across the 

three states for each corresponding BEHI and NBS category. The measured bank retreat in this  

study exceeded the predicted rates from the MD curve for the Low BEHI category (Figure 3.26); 

no Low BEHI was reported for NC. The MD study included Low BEHI observations only for 

low and moderate NBS categories while the observations from this study reported very low to 

high NBS categories. Since predicted bank retreat rates from MD underestimate both the average 

and maximum measured bank retreat in Virginia, it is not recommended to use this curve to 

estimate retreat for Low BEHI categories in Virginia.   
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Figure 3.26. Comparison of bank retreat for Low BEHI and NBS categories to the MD curve value. 
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Figure 3.27. Comparison of bank retreat for Moderate BEHI and NBS categories to the NC and MD curve values. 

 

For the Moderate BEHI regression, the NC curve underestimates the measured bank 

retreat rates from VA across all NBS categories, except extreme NBS. By comparison, the MD 

predictions align well with the VA measurements for moderate and high NBS, but again 

underestimate for the low category. Examination of Figure 3.24 and Figure 3.25 reveal the NC 

and MD Moderate BEHI regressions have much steeper slopes than VA. The VA regression has 

a flatter slope reflecting higher measured bank retreat for very low and low NBS than for the 

moderate NBS (Figure 3.27). Overall, the VA regression shows less variation in bank retreat 

rates across the NBS categories compared to NC and MD for Moderate BEHI.   
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Figure 3.28. Comparison of bank retreat for High BEHI and NBS categories to the NC and MD curve value. 

Like the Low and Moderate BEHI regressions, the High regression for NC predicts lower 

bank retreat than both VA and MD. In contrast, the MD estimates fall between the average and 

maximum measured VA bank retreat (Figure 3.28). Unlike the Moderate BEHI regression, the 

slopes of the MD and VA trend lines are more similar, reflecting similar magnitudes of bank 

retreat (Figure 3.24 and Figure 3.25). It should be noted that for MD, High and Very High BEHI 

were combined together for one regression (Stantec Consulting, 2009), which is a common 

approach with small sample sizes or efforts to improve predictions (Allmanová et al., 2019; 

Gamble, 2021). The Very High regressions for MD and NC are closest to the VA regression 

lines for both average and maximum bank retreat (Figure 3.24, Figure 3.25 and Figure 3.29). In 
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this case, the MD or NC curves provide similar estimates of retreat rates for streambanks that fall 

under the Very High BEHI categories.   

 
Figure 3.29. Comparison of bank retreat for Very High BEHI and NBS categories to the NC and MD curve value. 

 

Contrary to other BEHI categories where NC tended to underestimate bank retreat 

relative to VA, both NC and MD predict much higher bank retreats than VA for Extreme BEHI 

(Figure 3.30). These differences may be explained by the episodic nature of bank failure 

(unstable undercutting and mass wasting) compared to the more consistent minor erosion 

processes like surface scour or hoof shear. The frequency and intensity of storms combined with 

antecedent soil conditions play a role in causing bank failures (Daly et al., 2015; Zhao et al., 

2022). Mass wasting is more likely to occur after events that have fully saturated the bank 

decreasing the matric suction of the bank (Daly et al., 2015; Midgley et al., 2012). As such, the 
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amount of erosion due to undercutting and mass wasting varies more from year to year. If the 

conditions that drive bank failure were not met or met less frequently during the monitoring 

period, bank failure would be underrepresented and potentially underestimated in the model. For 

example, a study bank may exhibit little erosion for several years and then suddenly experience a 

massive bank failure. In contrast, fluvial erosion rates (more likely represented by lower BEHI 

categories) are likely more uniform from year to year.  

Due to the constraints of this study, cross-sections were surveyed twice, approximately 

one year apart, except for Rock Creek, thus the variability of long-term rates were not captured. 

While the length of the monitoring period is unknown for the NC and MD curves, it is unlikely 

to be much longer due to difficulties of completing multi-year studies (Couper, 2004; Lawler, 

1993). Collecting more data over multiple years would provide a truer average value of  bank 

retreat rate, as shown by Gamble (2021). These factors suggest that fewer bank failures occurred 

during the VA study period compared to NC and MD, contributing to the difference between all 

three Extreme BEHI regressions. 
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Figure 3.30. Comparison of bank retreat for Extreme BEHI and NBS categories to the NC and MD curve value. 

Data regarding antecedent conditions, stream flow and water table height would likely 

provide further insight into the differences observed between the VA, NC and MD bank retreat 

values. However, these parameters were not monitored or recorded for this study and were  

unavailable for the MD or NC study periods. At a minimum, recording flow conditions would 

help qualify the context under which the BANCS models were developed. For streams in 

ungauged watersheds, precipitation records could serve as a proxy for flow conditions, and, as 

such, were added to this study for that purpose. 

Physiographic variability (climate, topography and soils) and watershed land cover could 

also contribute to the differences in the measured bank retreats across VA, NC and MD. With the 

exception of UTB, all of the VA study sites have less than 10% impervious cover (Table 3.13). 
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In addition, all sites except UTB and Wolf Creek contain more than 50% forested lands (USGS, 

2022). Forested areas have greater soil infiltration than developed lands reducing the flashiness 

of stream flows (Noe et al., 2022). The higher percentage of forested cover could offer an 

additional explanation for why VAôs measured bank retreat values for Extreme BEHI were 

substantially smaller than those reported for NC and MD.   

In general, the NC regressions under-predict bank retreat for the Blue Ridge and Ridge 

and Valley regions in Virginia. The performance of MDôs regressions ranges from under- to 

over-predicting bank retreat depending on the BEHI category. These comparisons highlight the 

importance of calibrating BANCS curves for specific physiographic regions.  

Table 3.13. Land cover percentage for each site (USGS, 2022). 

Sites  Impervious %  Developed %  Forested %  Agricultural %  

CCD  0.23  3.23  62.21  33.81  

CCM  0.14  2.06  73.72  21.64  

Copper  0.63  5.89  46.40  46.25  

Elk  0.32  4.35  57.35  37.61  

Emory  0.20  3.48  55.54  40.38  

MFHR  1.93  8.17  64.32  26.83  

Piney  0.30  4.79  55.05  39.17  

Rock  0.04  1.17  84.80  14.03  

SFHR-R  0.35  3.51  66.27  29.72  

SFHR-W  0.26  3.02  78.52  17.96  

Sinking  0.34  4.67  54.99  38.67  

Toms  3.32  13.40  67.24  18.86  

Turkey  0.20  4.05  66.32  28.74  

UTB  22.26  63.87  5.92  30.20  

Wolf  7.41  29.19  27.74  42.37  

 

Statistical Models  

The BANCS method overly stratified the data through separation into the BEHI and NBS 

categories resulting in poor BANCS curves for the study region. Individually assessing BEHI 

factors, combined with additional channel and watershed characteristics greatly improved the 
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ability to predict streambank retreat. Initially, all data was lumped together but model 

performance improved when the data was subdivided based on the type of erosion according to 

driving mechanisms between fluvial erosion and bank failure (Zhao et al., 2022). Minor erosion 

models were built from no erosion, hoof shear and surface scour data while severe erosion 

models used unstable undercutting and mass wasting data. A total of four models were 

developed:  

Table 3.14. Summary of characteristics of final models. 

Model No. Erosion Type Bank Retreat Value Model Type No. Observations 

1 Minor Average PCR 30 

2 Severe Average MLR 65 

3 Minor Maximum MLR 40 

4 Severe Maximum MLR 70 

Further improvement was found with the addition of climate and precipitation metrics, reducing 

the RMSE from 32-53% (Table 3.15).  

Table 3.15. Improvement between the first iteration of statistical models without climate and rainfall predictors and 

second iteration that includes them in. The difference in testing subtracts the RMSE of the second iteration models 

form the first iteration.  

  Average Bank Retreat Maximum Bank Retreat 

  Minor  Severe Minor  Severe 

Difference in testing RMSE (ft/yr) 0.07 0.46 0.28 0.66 

Reduction in RMSE (%) 35 42 32 53 

The maximum bank retreat model for severe erosion improved the most but remains the 

worst performing model.  Overall, the average bank retreat models outperformed the maximum 

bank retreat models, and minor erosion was easier to predict than severe erosion (Table 3.16). 

The final models explain 24 to 73% of the variability. Not only do the models produce 

acceptable testing metrics, they also use more observations to produce the regressions compared 

to the BANCS curves. With the stratified BEHI data some regressions only had four 

observations, like the extreme BEHI regression, which is not able to capture the potential range 

of inputs. Given the large spatial area of the Blue Ridge and Valley and Ridge regions in 
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Virginia, it is expected to have a wide range of input variables. The Valley and Ridge BANCS 

curve developed by Gamble (2021) explained only 2-4% of the variability compared to these 

models which explain up to 73% of the variability in bank retreat. Based on this study, applying 

the BANCS protocol in its traditional form was not able to reliably estimate bank retreat within 

the Valley and Ridge and Blue Ridge regions of Virginia. Noe et al. (2022) predicted sediment 

flux from various sources using a Random Forest model with an accuracy rate of 28% for 

streambanks, which is similar to that achieved with these four models.  

Table 3.16. Streambank retreat model metrics from LOOCV testing and the final fit of the model using all available 

data. Green cells mark metrics with strong model performance; yellow cells show acceptable metrics. 

  Average Bank Retreat Maximum Bank Retreat 

  Minor  Severe Minor  Severe 

Test Metrics 

RMSE (ft/yr) 0.13 0.63 0.59 0.57 

adj R2 0.34 0.21 0.11 0.10 

R2 0.50 0.29 0.20 0.14 

r2 0.51 0.31 0.22 0.15 

Final Metrics 

RMSE (ft/yr) 0.12 0.71 0.67 0.69 

adj R2 0.65 0.37 0.25 0.19 

R2 0.73 0.44 0.34 0.24 

r2 0.73 0.44 0.34 0.24 
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Table 3.17. Standardized coefficients for final streambank erosion models. Values in bold indicate significant 

coefficients with p-values < 0.05. 

 

NBS1 was used in all models except maximum bank retreat for severe erosion and 

emerged as a significant predictor in two of the models (Table 3.17). Since Method 1 is the least 

detailed and complex, it only requires Rosgen Level I training, in contrast to Methods 2 through 

6 which are recommended for people with higher training (Bigham et al., 2018; Sass & Keane, 

2012). In comparison, NBS2, which is the ratio of the ROC to bankfull width and is limited to 

the outside of meander bends, was not selected by any model. It can therefore be concluded that 

NBS1 does a better job than NBS2 at predicting bank retreat. A benefit to using NBS1, besides 

its simplicity, is its ability to be applied anywhere along a stream, regardless of location (Bigham 

et al., 2018; D. L. Rosgen, 2001).  

Weighted root density was consistently identified as a significant predictor of bank retreat 

for both minor and severe erosion. Weighted root density was not, however, included in the max 

Minor Severe Minor Severe

# of Events >= 0.5 in 0.16

Developed Land Cover (%) 0.15

Bank Height 0.15

Minimium Daily Temperature 0.14

Bulk Density 0.13 0.25

Weighted Root Density 0.11 0.34 0.27

Percent of Events >= 1 in (%) 0.06 0.19 0.27

NBS Method 1 0.04 0.27 0.26

Annual Precipitation (in/yr) 0.54

Bank Angle 0.15

Sand 0.13

# of 10-yr Storms 0.48

Root Depth/Bank Height Ratio 0.30

Maximum Intensity (in/hr) 0.23

Days with Rain (%) 0.16

# of 2-yr Storms 0.43

Agricultural Land Cover (%) 0.17

*Values in bold indicate significant coefficients with p-value < 0.05. 

Standarized Coefficient 

Magntitudes*

Average Bank Retreat Maximum Bank Retreat

a 
Coefficients values were estimated from a PCR model using scaled and centered data; magtnidues 

match those from a linear regression model using these same scaled and centered predictors.
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bank retreat model for minor erosion, but was replaced with the root depth/bank height ratio. 

Additionally, surface protection could also easily replace weighted root density due to their high 

correlation. However, to avoid collinearity, only the variable with the higher correlation to bank 

retreat was retained. The selection of these predictors highlights the importance of vegetation 

along banks. Several studies have focused on how vegetation and their root systems increase 

bank cohesion and stability (Purvis & Fox, 2016; Smith et al., 2023; Wynn & Mostaghimi, 

2006). Purvis and Fox (2016) found that bare banks experienced a three-fold increase in bank 

retreat when compared to banks with riparian vegetation. Hopkinson and Wynn (2009) also 

found that vegetation acted as a protective measure against fluvial erosion by increasing 

roughness and reducing bank shear stress. Roots likely have a greater influence on mass wasting 

than fluvial erosion because they affect both bank cohesion and soil moisture, important factors 

to mass wasting, which is governed by resistance and gravitational forces.  

While vegetation offers protection against fluvial erosion, the variables selected for the 

severe erosion models suggest that this erosion is likely governed by bank geometry and 

composition. For example, the severe model for average bank retreat includes bank angle and 

sand content, which can be associated with lower soil cohesion. These two variables combined 

could indicate critical thresholds when gravitational forces outweigh the forces holding the bank 

together (e.g. roots), resulting in bank failure. These findings align with Rinaldi et al. (2004) who 

demonstrated that mass wasting was controlled by flow event characteristics, bank materials and 

bank geometry.  

Minimum daily temperature was selected as a predictor in the average bank retreat model 

for minor erosion. It was the only climate variable chosen across all models. Its inclusion alludes 

that freeze-thaw cycling contributes to bank instability, particularly in regions like the Valley and 
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Ridge and Blue Ridge where winter temperatures regularly fall below freezing. Zhao et al. 

(2022) found that riparian cover can reduce the frequency of freeze-thaw cycles and Wynn and 

Mostaghimi (2006) specifically determined that deciduous forests experienced more frequent 

cycles than those with herbaceous cover due to seasonal canopy loss. While woody vegetation 

provides stronger protection against fluvial forces, it can leave banks more susceptible to freeze-

thaw cycles. Our results indicate that minimum daily temperature is likely a good proxy for the 

impact of freeze-thaw cycling on surface scour and hoof shear erosion rates. 

Site specific conditions played a much larger role in predicting streambank erosion than 

watershed characteristics. This may be due to a lack of variability in land use and cover across 

the study watersheds, which were mostly characterized by low development and high 

percentages of forested and agricultural lands. Only two variables selected by the models were 

related to land cover: developed land cover in the average bank retreat model for minor erosion 

and agricultural land cover in the maximum bank retreat for severe erosion. Several other 

variables, however, were of equal or greater significance than developed land cover in the minor 

erosion model. In contrast, agricultural land cover was the only non-significant variable in the 

maximum bank retreat for severe erosion. Interestingly, agricultural land was negatively 

correlated to the number of days below freezing in the severe erosion model for maximum bank 

retreat. Across all the other best subset selections, the number of freezing days was selected 

instead of agricultural land cover, further supporting the importance of freeze-thaw cycles in 

streambank erosion for these regions.  

The models assume a uniform rate of erosion across the entire length of each BEHI 

segment. Gamble (2021) found that a spatial distance of three channel widths between 

measurements decreased the variability as the mean erosion rate stabilized. Approximately 70% 
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of our reach segments between cross sections are less than or equal to about 3 channel widths, so 

the assumption of a uniform erosion rate longitudinally across the entire segment is reasonable. 

While these models only estimate erosion and ignore deposition, it is reasonable to 

assume that all eroded material will eventually exit from the reach. However, when estimating 

sediment loads from streambank erosion on a watershed scale, it is essential to account for 

sediment that is deposited within the channel or on the floodplain. Over short reaches, the 

majority of the eroded sediment could be transported downstream but extrapolating streambank 

erosion sediment loads without considering deposition across an entire watershed would likely 

overestimate the total load. This emphasizes the importance of considering spatial scales when 

applying models (Couper, 2004).  

Boxplots comparing the predicted and measured bank retreats (Figure 3.31 and Figure 

3.32) show that the predictions do not extend beyond the range of measured data and display less 

variation, thus verifying that these models are acceptable for estimating retreat rates in the Blue 

Ridge and Valley and Ridge regions of Virginia. As demonstrated in this study and by others 

(Palmer et al., 2014; Purvis & Fox, 2016; Smith et al., 2023; Wynn & Mostaghimi, 2006; Zaimes 

et al., 2006), there is a lot of variation in annual bank retreat. While the average bank retreat for 

minor erosion model successfully predicted much of the observed variation, the other three 

models were unable to predict the variation, especially for the extreme erosion rates. This 

emphasizes the complexity of streambank erosion and the importance of including physical, 

climatic and regional variables into prediction models. 
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Figure 3.31. Boxplots comparing measured and predicted average bank retreat separated by the type of erosion. 
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Figure 3.32. Boxplots comparing measured and predicted maximum bank retreat separated by the type of erosion. 

 

Sediment and Nutrient Loads 

Annual sediment loads for all 15 sites are provided in Figure 3.33. While the magnitude 

of sediment loads are apparent for some sites, like Turkey Creek and CCM, there is no single 

factor that can explain the rank of loads per site. Additional factors such as the extent and type of 

eroding banks and bulk density affected the magnitude of the estimated sediment loads for the 

entire reach introduced. The amount of suspended load versus bed load was not estimated 

because a particle size distribution was not conducted on soil samples.  

MFHR reported the highest average sediment load amongst the 15 study sites (Figure 

3.33). MFHR had one of the widest channels with an average TOB width of 99 ft and it had 

some of the highest measured average bank retreat rates. Because of its size, MFHR had the 

capacity to produce greater volumes of sediment especially when compared to smaller streams 
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like UTB and Piney Creek. MFHR also had 67% eroding banks, the largest bulk density, and 

experienced four storm events that exceeded a 1-yr storm, which further explains why it reported 

the highest average sediment load. MFHR also has the highest sediment load when calculated 

using the maximum bank retreat predictions. 

Turkey Creek, with some of the highest measured average bank retreat rates and the 

highest percentage of eroding banks, reported the second highest average sediment load. Turkey 

Creek had the smallest ROC measurements with several hairpin bends combined with cattle 

access which likely explains why it had a very high estimated sediment load.  

Turkey and Elk Creeks also produced high maximum loads, despite Elk Creek having 

one of the lowest measured rates for maximum retreat. Based on the collected data, there is no 

evident explanation as to the magnitude of Elk Creekôs maximum load. This underscores the 

complexity of streambank erosion where no single variable can predict erosion rates. Also note 

that the maximum retreat models only explained 24-34% of the variation in observed  

streambank erosion.   

Rock Creek had the highest measured average bank retreat, greatest amount of rainfall 

and the greatest number of storms that reached or exceed a 1-yr return interval but produced 

lower average sediment loads than Turkey Creek, MFHR, and Wolf Creek (Figure 3.33). This 

supports previous studies showing the greatest amounts of erosion were not always coupled with 

the largest storm events (Midgley et al., 2012; Rinaldi et al., 2004). Turkey, MFHR and Wolf 

had a higher percentage of erosion in addition to greater amounts of severe erosion (Figure 3.7), 

which suggests that the extent of erosion is the dominant factor determining the sediment load.  

CCD reported the smallest sediment load per linear stream foot likely due to having the 

smallest measured average bank retreat and lowest bulk density. While the rate of retreat plays a 
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significant role in the sediment load, it is not the sole reason. The interaction between bank 

retreat, climate, precipitation and extent of erosion all affect the magnitude of the sediment load. 

CCDôs sediment loads are similar in magnitude to sediment loads estimated along three 

Piedmont streams in the Chesapeake Bay (Schenk et al., 2013). While the average and maximum 

sediment loads estimated for our other study sites exceeded those from Schenck et al. (2013), 

they were consistent with published loads from Walter et al. (2007).   

 
Figure 3.33. Predicted sediment loads from streambank erosion.  

Figure 3.34 and Figure 3.35 report the TN and TP loads from streambank erosion 

normalized by stream length. Nitrogen is often omitted from streambank erosion studies because 

it is highly soluble. Walter et al. (2007), one of the few studies to include N loads, reported loads 

ranging from 0.3 to 1.8 lbs/ft/yr across Piedmont and Valley and Ridge streams in PA, which 
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aligns more closely with the TN loads from the maximum sediment load estimated for our study 

sites.  

Similar to TN, TP loads from Walter et al. (2007) aligned with our maximum TP loads 

but often exceeded the loads at most sites. Other studies across the United States reported wide 

ranges of TP loads from streambank erosion (Fox, Purvis, et al., 2016; Miller et al., 2014; F. F. 

Williams et al., 2023). For example, TP loads ranged from 0.013 (Sekely et al., 2002) to 2.4 

lbs/ft/yr along Blue Earth River, Minnesota (Thoma et al., 2005), and from 0.2 to 2.8 lbs/ft/yr 

along Spavinow Creek, OK (Miller et al., 2014). TP loads reported for the Chesapeake Bay 

(Boynton et al., 1995; Fox, Purvis, et al., 2016) are comparable to the average TP loads in this 

study.  

Turkey Creek was estimated to have the highest nutrient loads due to its high eroded 

sediment and high nutrient concentrations in streambank sediments (Table 3.9). Adjacent cattle 

pastures and Christmas tree farms likely increased nutrient concentrations in the streambank soil. 

Sinking Creek and Toms Creek had the next highest average TN loads and the highest soil TN 

concentrations (Table 3.9). Although Toms Creek did produce a high sediment load per linear 

foot, having the highest TN concentrations substantially boosted its TN load. Previous land 

use/management dictates the concentrations of nutrients in soil, especially in areas with legacy 

sediment (Voli et al., 2013; Walter et al., 2007; Wegmann et al., 2013).  
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Figure 3.34. Predicted TN loads from streambank erosion.  
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Figure 3.35. Predicted TP loads from streambank erosion. 

 

Conclusions and Recommendations 

This study evaluated 15 stream reaches across the Blue Ridge and Ridge and Valley 

physiographic regions of Virginia, using BEHI and NBS assessments and cross-sectional 

surveys. A total of 82 cross-sections were surveyed to quantify annual streambank retreat rates. 

The data was used to create BANCS Streambank Erosion Curves (Rosgen, 2011). In addition, 

channel geometry, watershed characteristics, precipitation and climate data were also compiled 

and combined with the BEHI variables and NBS to produce models to predict the observed 

annual bank retreat rates. Predicted bank retreat rates were combined with bank height 

measurements and measured soil bulk density and nutrient concentrations to estimate sediment, 

TN and TP loads for the entire study reach from streambank erosion.  
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The models were subdivided by erosion type ï minor and severe ï as this improved 

model performance. Four total models were selected to predict both average and maximum 

retreat rates. The models captured 24 to 73% of the streambank variability, outperforming the 

BANCS curves which captured around 10% or less of the variation. The selected model 

predictor variables revealed site specific factors significantly influence streambank erosion 

compared to broader watershed characteristics.  

Predicted average sediment loads ranged from 0.07 to 0.27 tons/ft/yr and maximum 

sediment loads ranged from 0.1 to 0.46 tons/ft/yr, which were on the low end of values reported 

by Walter et al. (2007) for PA. Predicted TN and TP loads were also comparable to previous 

studies across the United States (Fox, Purvis, et al., 2016; Walter et al., 2007; F. F. Williams et 

al., 2023). TN loads ranged from 0.07 to 0.47 lbs/ft/yr for estimated average sediment loads and 

0.11 to 0.67 lbs/ft/yr for maximum sediment loads. TP loads remained lower than TN ranging 

from 0.03 to 0.29 lbs/ft/yr and 0.06 to 0.41 lbs/ft/yr from average and maximum sediment loads, 

respectively.  

The model performance could be further improved for severe erosion and maximum 

retreat. The models developed from this study also likely underestimate retreat rates as the 

ranges of predicted values are below observed values. The inclusion of precipitation and climate 

predictor variables would vary model predictions from year to year and allow for evaluating how 

changes in climate over time (i.e. wet versus dry years and climate change) affect streambank 

retreat rates. This approach offers significant advantages over the BANCS regressions that vary 

predictions based on changes in the BEHI or NBS category only. These variables are likely to 

change little from year to year in the absence of significant changes to the channel and 

streambank. 
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Our study found that the BANCS method overly stratified the data leaving too few 

observations per regression to capture regional variations in streambank erosion. Our findings 

are similar to several previous efforts (Gamble, 2021; Ghosh et al., 2016; McMillan et al., 2017) 

that failed to produce acceptable BANCS curves. However, the BEHI variables and NBS (using 

method 1) assessments are important to streambank erosion as evidenced by their selection in our 

study best fit models. Their value is enhanced by their relatively simple and quick field 

assessments. This study demonstrates that BEHI and NBS assessments are more effectively 

applied outside the BANCS methodology to predict streambank retreat rates.  
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CHAPTER 4: Estimating Nutrient Loads to Falls Lake from Streambank Erosion 

Abstract 

Streambank condition was assessed and streambank erosion was monitored at locations 

throughout the Falls Lake watershed in order to evaluate the potential sediment and nutrient 

inputs that could be arriving to the reservoir from streambank erosion. Streambank condition (i.e. 

bank height, channel width, erosion presence) was assessed at 163 locations exhibiting a range of 

conditions from stable to severely eroding. Data from 111 sites were used for model 

development and the remaining 52 sites were used for model validation. The percentages of 

erosion by type were determined for a 100-foot-segment along both streambanks at all locations 

assessed. Permanent cross sections were established in 2022 at 28 locations exhibiting active 

erosion. The cross sections were re-surveyed seven to nine months later and again 12 months 

later in 2024. Soil samples were collected from the streambanks at all cross-sections and 

analyzed for grain size distribution, bulk density and nutrient content.  

The streambank condition assessments, and the measured erosion rates from cross-

sections were combined with detailed geospatial mapping and modeling of land use and 

landforms to develop three models to 1) estimate potential locations and severity of erosion, 2) 

the height of the streambank and 3) the rate of streambank erosion at 100 feet increments for all 

the streams in the Falls Lake watershed. Results of all models were combined with measured soil 

densities to generate a range of predicted sediment loading for each catchment in the watershed. 

Soil TN and TP concentrations were also used to generate predictions of nutrients for streambank 

erosion. 

Average, upper and lower estimates of TSS and nutrient loads were estimated for five 

study watersheds as well as for the entire Falls Lake watershed. Delivery ratios based on the 



145 

 

USGSôs SPAtially Referenced Regression On Watershed attributes (SPARROW) model and 

literature values were applied to predicted sediment and nutrient loads to estimate loads 

delivered to the Lake. 

Out of the 111 reaches assessed for model development, on average 45% of the banks 

were stable, 30% had minor erosion and 25% were severely eroded. The erosion classification 

model predicted a similar distribution with 49% stable banks, 25% for minor erosion and the 

remaining 26% for severe erosion. The model also correctly identified the erosion condition at 

some point along each 100-foot study reach 74% of the time for the 52 validation sites. The rate 

of average bank retreat for eroding banks ranged from 0.1 to 6.6 ft/yr with the maximum erosion 

rate ranging from 0.2 to 9.3 ft/yr. Predicted average erosion rates ranged from 0 to 4.8 ft/yr.    

The bank height model predictions produced an r2 (squared correlation coefficient) 

ranging from 0.72 to 0.78 for the 52 validation sites. The model tended to underpredict bank 

heights once the height exceeded 6 ft. The channel width model also performed well with an R2 

(coefficient of determination) of 0.82 and r2 of 0.89 for the 52 validation sites.  

The modeled delivered TSS loads were larger compared to the SPARROW and Upper 

Neuse River Basin Association (UNRBA) modeled estimates. The lower and upper limits were 4 

to 12 times greater than SPARROW and 2 to 5 times greater than UNRBA predictions for 

delivered TSS to Falls Lake. However, based on the field validated performance of the models, 

the estimated volume of eroded streambank soil is realistic. Further, the volume also appears 

reasonable when compared to annualized estimates of the total quantity of sediment deposited in 

the Lake calculated based on accumulation rates measured by McKee et al. (2021) and the 100-

year volume predicted by the US Army Corps of Engineers. The predicted streambank volume 
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equals 18% and 17% of the total annual volume estimated by Mckee et al. (2021) and the US 

Army Corps (2017), respectively.  

Although streambank erosion is highly episodic and difficult to predict, especially over 

short durations, the model and monitoring data provide some insight into its prevalence in the 

Falls Lake watershed. Overall, it can be concluded that streambank erosion is a significant source 

of suspended sediment and TP to Falls Lake, which agrees with the findings from UNRBA and 

SPARROW. Streambank erosion accounts for 17% to 18% of the delivered sediment volume. 

The percentage of delivered sediment load from streambank erosion ranges from 35% from 

SPARROW to 58% based on my modeled load relative to the total sediment load estimated by 

Simmons (1993). The contribution of streambank erosion to the TP load ranges from 13% 

(NCSU) to 18% (SPARROW), while the TN load is far lower ranging from 0.8% (UNRBA) to 

3% (NCSU). Targeting severely eroding reaches for restoration and stabilization in these high 

load catchments will help reduce sediment, TP and TN loads delivered to Falls Lake. 

Background and Site Selection  

Excess sediment negatively impacts downstream waters by degrading instream habitats, 

reducing reservoir capacity, and increasing costs for drinking water treatment facilities, among 

others impacts (DWER, 2000; US EPA, 2017). Soil erosion including channel instability and 

streambank erosion introduces sediment bound nutrients to surface waters, which in dissolved 

forms can lead to downstream water quality degradation. While some species of nitrogen are 

found sorbed to soil, most attention is focused on dissolved inorganic fractions of nitrogen. 

Phosphorus, however, is the main focus of sediment loss prevention, as phosphorus is readily 

sorbed to soils high in metal hydroxides (Hesterberg, 2010). 
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To cost-effectively reduce nutrient loading to Falls Lake, it is critical to determine which 

sources of nutrients are greatest and to evaluate the feasibility of reducing the nutrient loadings 

from each source. The USGS (2018) developed a SPARROW model specific to North Carolina 

in order to estimate long-term average values of sediment and nutrients that are delivered to the 

river. The model links water quality monitoring data with information on watershed 

characteristics and contaminant sources. Data layers based on land surface forms (i.e. positive 

openness and slope area index) were used to estimate the occurrence of streambank incision and 

scour for the model. The model estimated that 54% of the total suspended sediments are from 

stream channel incision, erosion and scour compared to 46% from development, agriculture and 

land disturbance (USGS, 2018).  

The Upper Neuse River Basin Association (UNRBA) also developed a watershed and 

lake model for Falls Lake. This model was used to examine specific sources of nutrient loading 

in order to propose alternate nutrient management plans (Upper Neuse River Basin Association, 

2019). The UNRBA model (2019) estimates about 14% of the total phosphorus load for the basin 

comes from streambank erosion while the SPARROW model (USGS, 2018) estimated 18% of 

the total phosphorus comes from streambed erosion. The SPARROW model does not account for 

any phosphorus or nitrogen loading from streambank erosion. Field studies were not conducted 

to verify the presence of erosion or incision for either model. In addition, only limited sampling 

and laboratory analysis of streambank and streambed soils have been conducted to establish the 

nutrient contributions for streambank and streambed sediments.  

To validate the SPARROW and UNRBA estimated nutrient loads from eroding 

streambanks upstream of Falls Lake, this study developed and field validated a series of 

empirical models to estimate TSS, TN, and TP loads from streambank erosion delivered to Falls 
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Lake. This was done by combining geospatial analysis, inventory of streambank condition, 

assessment of streambank erosion rates, grain size distribution and analysis of nutrient levels in 

streambank soils. The objectives for this study were as follows:  

¶ Identify streambank erosion hotspots throughout the watershed. 

¶ Develop empirical models for predicting the streambank erosion condition, 

erosion rates, and bank heights.  

¶ Use empirical models combined with field measured soils data to estimate total 

loads of sediment and nutrients from streambank erosion. 

¶ Validate if the UNRBA model and USGS NC SPARROW model predictions are 

reasonable for total suspended solids (TSS), total nitrogen (TN) and total 

phosphorus (TP) loads from streambank erosion. 

¶ Develop an interactive user-friendly dashboard to assist with watershed 

management decisions.  

Streambank conditions were assessed at 163 locations throughout the watershed covering 

a range of streambank conditions from stable to severely eroding. 111 sites were used for model 

development and 52 sites were used for model validation. The location of the assessment reach 

was geospatially located by phone or by an RTK type GPS receiver. 28 sites exhibiting active 

streambank erosion were selected for permanent cross-sections to measure bank erosion rates 

and nutrient levels in streambank soils. Five study subwatersheds were selected within the basin 

to measure sediment and phosphorus loads. Three stations were located at USGS flow gauging 

stations. Flow monitoring was established at the remaining two locations. The locations visited, 

cross-section monitoring locations and the five study subwatersheds are identified in Figure 4.1.  
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Figure 4.1. Project site locations and study watersheds. 

 

Methods  

Reach Assessments 

The relationship between positive openness (PO) and erosion categories developed for 

Mine Creek in Raleigh by El-Khoury (2022) was used to classify every 100 ft segment of stream 

channel as either stable, minor erosion or severe erosion. PO is a visualization of a DEM that 

identifies the location of concave surfaces based on the average measure of the eight zenith 

angles like the one developed by USGS for North Carolina (Rowley et al., 2018). Over 100 

potential sites were spatially distributed across the Falls Lake watershed including a range of 














































































































































































































































































































































































































































































































































































