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ABSTRACT

Streambank erosion processes are influenced by complex interactions between soil moisture
dynamics, erosion resistance, and hydraulic forces. This dissertation investigates these
interrelationships through three interlinked studies that advance both the understanding and modeling
of erosion under temporally and spatially variable hydrologic conditions. The first study explores the
spatiotemporal variability of soil moisture extremes across geophysically distinct watersheds in
Tennessee. Using projected soil moisture, it identifies how physiographic factors and hydroclimatic
variability jointly influence the occurrence of hydrologic extremes. The second study quantifies the
effect of soil moisture on key erosion resistance parameters—critical shear stress (t.) and erodibility
coefficient (Kg), through extensive Jet Erosion Tests (JET) under varying seasonal moisture
conditions. Quadratic relationships are established, revealing how low to high soil moisture transitions
impact bank resistance and erosion susceptibility. The third study integrates these dynamic soil
moisture relationships into the Bank Stability and Toe Erosion Model (BSTEM), creating a modified
framework where t.and K4 evolve over time in response to observed moisture conditions. This
dynamic BSTEM model is evaluated across three natural streambanks and compared with traditional
static configurations. Statistical comparisons demonstrate that the dynamic model captures the timing
and magnitude of observed lateral retreat accurately, particularly at sites where suitable Manning’s n
values align with field conditions. While the dynamic model does not universally outperform static
configurations, its ability to respond to temporal transitions in erosion behavior offers clear
advantages, especially during rapid erosion transitions. Together, these studies demonstrate that
integrating time-varying hydrologic drivers with erosion resistance improves both conceptual

understanding and predictive accuracy in streambank erosion modeling.

Keywords: Streambank erosion, Soil moisture dynamics, BSTEM, Critical shear stress, Erodibility

coefficient, Hydrologic variability.

ii



TABLE OF CONTENTS

CHAPTER-1 INTRODUCTION ..ottt ettt 1
REFERENCES ...ttt ettt ettt ettt e e s st et et e e st et e sseensaeseeseenseeseensesseansansennnans 5
CHAPTER-2 BACKGROUND ...ttt ettt ettt ettt st st et eneens 8
2.1 SPATIO-TEMPORAL SOIL WATER EXTREMES ......ccoiiiiiiiiirineeeeeeeeeeene 10
2.1.1  Projected Climatic Extremes and Soil Water Balance .............ccccceveenirniiniieiiincecne. 10
2.1.2  Spatio-temporal EXtremMES........ccccciveriierierierieeiieieeieesee e sreeseeseesseesseessaesssessseesseenses 10

2.2 SOIL MOISTURE AND STREAMBANK EROSION .......ccccovnieiiiieieienieie e 11
2.2.1  Fundamentals of Streambank EroSion............ccecceeeeiiiiniineiieeeeeeeee e 11
2.2.2  Hydrologic Extremes on Streambank Erosion...........ccceceveeerviiriienieenieenienieeie e 12
2.2.3  Critical Shear Strength and Erodibility .........cccecceeiiiiiiniiniiiiieeeeeeeeeee e 12
2.2.4  Techniques for Measuring Tc and K......cocceeevieeriiciienienieiiecie e esve e 13

2.3 DYNAMIC SOIL MOISTURE AND EROSION MODELING.........cccccovieieriiniieienieeneens 13
2.3.1  Fluvial Erosion Estimations in Models ...........ccccoririiiiiniiiiiieeeeeeeee e 13
2.3.2  Mass Failure and Geotechnical Stability...........ccoocieiiiniiniiiiiiieee e 14
2.3.3  Erosion Models and Factor of Safety Approaches...........cccceevveevieevieenienineccreereeeeeeenens 14
2.3.4  Shear Stress Estimation in Meandering Channels..............ccoeeveeveeveenieniesieere e 14
2.3.5 Manning’s n and Boundary Shear Stress ........ccccoveevieriniinininieneneeeeeeeeeeee e 15

2.4 Knowledge Gaps and ContribULIONS ..........c.cccvieevierierrieriieiieireeieesreesreeseeseressneesseesseesseeens 15
REFERENCES ...ttt ettt ettt et sttt et e s e essessessaessesesssensesseessensenssensesseansas 18

CHAPTER-3 CLIMATE CHANGE IMPACTS ON SPATIO-TEMPORAL SOIL WATER

EXTREMES IN GEOPHYSICALLY DIVERSE WATERSHEDS: A COMPARISON BETWEEN

EAST AND WEST TENNESSEE WATERSHEDS .......ccooioiiiiiiiinieeeeceseteeee et 25
3.1 INTRODUCGCTION ..ottt ettt sttt 27
3.2 STUDY SITE CHARACTERISTICS .....ccoeiiiiiiieieieitene et 29
3.3 MATERIALS AND METHODS ......coiiiiiiiiiiieiteeetseeee et 32

3.3.1  Summary Of APPrOach .......ccviiiiiiiiiiiiiciecie et s 32

v



3.3.2  Data DESCTIPLIONS ....veevieiieiieeieeiieieeieeteeseteseesstesseeseesseesseesssessseesseesseesseesseessseessesnsees 33

3.3.3  Hydrological modeling using VIC .........ccccoiiiiiiiiiiieiee et 36
3.4 RESULT AND DISCUSSION ....ccoiiiiiiieinitetentestcieteteeet ettt 38
3.4.1 Calibration and Validation of the VIC Model............cccceoirinininininiiiiiiiicieee 38
342  Water Budget Trends & Temporal EXtremes...........ccceveeviiriiiiiieneeneenieeieeeeeeeee 39
343 Temporal and Spatial EXIIEMES ......cceevverieriieiieiieieeriie e eie e e see e ere e eseees 43
3.4.4  Spatial Extremes' Impacting FaCtors .......cccceviieiiiiiiiiieiiiieee et 47
3.5 CONCLUSION ..ottt ettt s sttt sae s 51
REFERENCES ...ttt sttt ettt et be b e nnes 53

CHAPTER-4 FIELD-BASED INVESTIGATION OF SOIL MOISTURE DYNAMICS AND

THEIR INFLUENCE ON SHEAR STRESS AND ERODIBILITY COEFFICIENTS FOR

ENHANCED BANK EROSION PREDICTION .....ccocciiiiiiriiniiniinieieieieeeie ettt 60
4.1 INTRODUCGCTION ...ttt ettt ettt ettt ae et e st ese et e sneeneesteeneens 62
4.2 MATERIALS AND METHODS ..ottt 65

4.2.1  Study Site CharaCteriStiCS......cueertrerteertieriierieeiieerteesteeete st ete et esteesseesetesseeeteesseesseesneenns 65
4.2.2  StUAY DESIZN ..cuviiiieiieiieciiecie et et et e sttesaeebeebeesbeestaestbessbeasseassaessaessseasseesseessaessaessneans 67
4.2.3  Data CollECTION. ...cuuietieiieeiieeie ettt et ettt et s e et e bt et e beesatesneeenteesseesseesnnenns 69
4.2.4  StatiStiCAl ANALYSIS ..ccuieiieiieiiierieriiesie e ete e ere et e eesae e b e esbeebeestaestbeesbeesbeeraessaessaenes 70
4.3 RESULTS AND DISCUSSIONS ...ttt sttt 71
4.3.1 Relationship Between SM with Tc and Ka.....cocooerieiininiininiiicceeccecee 71
4.3.2  Statistical Relationship & COITelations ..........c..ccvereeriercrieiiecrieseesee e ere e esseesnessneens 73
4.3.3  Relationship Between Kg and Te.....coooeerieriiiiieiieieeeeeee ettt 74
4.4 CONCLUSIONS ...ttt ettt sttt ettt ettt et e st e st et e st eneesesseenseeseenseseeneenes 76
REFERENCES ...ttt b ettt sttt sbt et sbe et et ebeeeesbeeaees 78

CHAPTER-5 DYNAMIC EROSION MODELING OF STREAMBANKS: INTEGRATING
SOIL MOISTURE-BASED PREDICTIONS OF CRITICAL SHEAR STRESS AND ERODIBILITY
COEFFICIENTS INTO BSTEM ....c..oiiiiiiiiiiiiciiicee et s e &5

5.1 INTRODUCTION ...c..eotiiiititietetentetete sttt ettt et sttt sbe e sne e eseesaeesnesreeneens 87



5.2 MATERIALS AND METHODS ......cociiiiiiiiiiiicicenete ettt 90

5.2.1  Study Sit€ CRaraCteriStICS. . .uerueieiieiietieteertte sttt ete ettt et e st ettt be e bt e sbeesaeesaeeeaeeas 90
BTN N1 16 A 20 1) .y o U 92
5.2.3  Data DESCIIPLIONS ....veevieiieriieerietiettereerieeseeseessseeseesseesseesseesssessseasseesseesseesseessseesesssens 94
5.2.4  Erosion Model BSTEM........cooiiiiiiiiiietee ettt ettt st st s 96
5.2.5 Hydrological Model SWMM .........ccccoiiiiiiiiiieiieiesie ettt sre e essae e e saaessne e 101
5.2.6  Statistical Assessment of the Modified Model............cccoooieiiiiiininiiiieeee 101
53 RESULTS ettt et sttt b et b e et e bt ea e et e s bt e e beese e beeneenes 103
53.1  SWMM MOdEl OULPULS.....cueerrierieieiieieieeieeiesieettetesteestesseeseessesseesaesesseensesseessensesseenes 103
5.3.2  Impact of Roughness in Erosion Retreat............ccccevieiiiiiiiiieiiiieniceeeeceeee e 105
5.3.3  Impact of Soil Moisture on Temporal Erosion Prediction ...........cccceccvvvevvevieeneesnennnnns 107
5.3.4  Performance Assessment of Modified Model............coocuieiieiiiiiiiinieeeeeeeee 112
54 DISCUSSIONS ..ttt et a et st e e et eaeete s bt enaesbeeneenseeneenes 114
5.5 CONCLUSIONS ...ttt sttt sttt e e et et e e seessesseensesesseensassasssensesssensenseansas 117
REFERENCES ...ttt ettt ettt ettt et e s e st essesseeseenseeseensenseansensesssensassensnens 119
CHAPTER-6 SUMMARY AND CONCLUSIONS ..ottt 122
APPENDIX ...ttt ettt ettt et e te et e b e e teess e se e st e b e sseensenseessenseeneensenseeneas 125

7/ U 17 TSRS 134

vi



LIST OF TABLES

Table 3-1 Geo-climatic characteristics of the study area watersheds ..........ccoccveevievierieriencienieeieeen, 30
Table 3-2 Description of the Input Data Sources for the Hydrological Simulation..............ccccccceuuee.e. 33
Table 3-3 Summary on the climatic trends & eXtremes OVEIVIEW .......cccvevverevieerienreenieerrerresreeseeeens 35
Table 3-4 Allowable ranges and selected values of the calibration parameters...........c.cceccevereeruenncnne 37
Table 3-5 NSE Coefficient and MAE for the Nolichucky Watershed at each SDA.............ccccceeeeenne 39
Table 3-6 Summary of the water budget trends and extremes for climate change impacts.................. 41

Table 3-7 Plant available water (PAW) and percentage of the days below average wilting point within
rowing SEaSON (180 AAYS).....icvviiriirierieiieeie et ettt et e st e st e ebe e e e teesteesstesssessseesseesseesssesssesssesssenssees 44

Table 3-8 Standardized regression estimates of Hydrological processes, Soil textures, and Watershed

Processes With SOIl MOISTUTE. .......eeiuiiiiiiiieii ettt ettt ettt st e st eteesbeesaeesneeens 50
Table 4-1 Description of the input data SOUICES .......cceeveerviiiieiiiieieeriesee e ereere e ereeseeesaeseseesseessees 69
Table 5-1 Description of Input Data Sources for Dynamic Erosion Modeling .........cccccoeeveiieivenennee. 94
Table 5-2 Description 0f the Bank SItES........c.cccverviiriirieiiiiiieieeseeseeseeste e sreereeseesseeseeessnessseesses 96

Table 5-3 Statistical comparison between observed and modeled lateral retreat rates across different
Manning’s n scenarios and modeling approaches.............ccvevieeiieriiiesiienienie ettt 108
Table 5-4 Performance metrics of static and dynamic erosion models based on observed lateral retreat
EVETIES ..eeutteeiutie ettt et e ettt e ettt e ettt e s ubeesabte ettt e eab e e e bt e e s ateeea bt e e abeesa bt e e ba e e e bt e e bt e e eabee e beeeeabeeeabeeenateeebaeenanes 114
Table A-1 Comparison of field-derived and function generated critical shear stress and erodibility
coefficients in relation to real-time SOil MOISTUIE ........cocveeriiriiierierie et 129

Table A-2 Erosion rate estimated from the field-derived critical shear stress, erodibility coefficients

ANA DOUNAATY SNEAT SIIESS ..evviivieitieiiiietieiietesee st e st e et e et e esteesteestbesebeesseesseesseesssessseasseesseesseesssessneans 130
Table A-3 Sieve test for site-1 streambank SOl ..........cccoeriiiiiiiiiiini e 131
Table A-4 Experimental Parameters for Organic Sediment (OS) Sample..........ccceeevvevvievienieniennenns 132
Table A-5 Hydrometer test for site-1 streambank soil teXtUre............cvecvveviienierienieeieeeereesee s 133

vii



LIST OF FIGURES

Figure 3-1 a. Selected Study Sites at the East and West of Tennessee State in the US and Study Site

Comparison between Obion and Nolichucky River Watersheds for b. Elevation, c¢. Land Cover, and

. SOl COVETAZE. ...eeuviiiieciii ettt ettt ettt e s taesabeesbe e se e saesseessaesssessseasseessaesssessassssenssennses 31
Figure 3-2 Methodology Flow Chart of the Study.........cccoeeveciieiienieiececececeeee e 32
Figure 3-3 Monthly Flow Calibration of Nolichucky watershed with USGS data............cccccoeceeneenne 40

Figure 3-4 Soil Moisture and Evapotranspiration Validations of Nolichucky watershed with NRCS-
SCAN and MODIS data.........coouiiiiiiiiiteit ettt sttt et ettt et sttt ebee b b ene 40
Figure 3-5 Hot Moments of Soil Moisture for RCP4.5 & RCP8.5 Scenarios ..........cceeeveeveeviecreeneenne. 43
Figure 3-6 Soil Moisture Hotspots Extremes during 2046-55 for RCP4.5 & RCP8.5 Scenarios......... 46
Figure 3-7 a. Correlations of Hydrological processes, b. Soil textures and c. Watershed Attributes
with Soil Moisture for Obion & Nolichucky Watersheds..........ccccovveviiriiiiiirieneeceecee e 48

Figure 4-1 Location of bank erosions at the selected study site in Knoxville, Tennessee a. Elevation,

ANA D. LANd COVET...cuiiiiiiiiiieiee ettt sttt 66
Figure 4-2 The JET Device installed at the bank of Conner Creek, Knox County, TN ....................... 67
Figure 4-3 Methodology Flow Chart of the Study. ........cccooceriiiiiniiniiiiieceeeeeseene 68

Figure 4-4 The variability of (a) critical shear stress (t.), (b) erodibility coefficients (Kq4), and (c)
erosion rate with dynamic SOil Water CONLENL...........cceerieriiriieiie ettt 71
Figure 4-5 The relationship between critical shear stress (t¢) and erodibility coefficients (Kq) for soil
moisture ranges of (a) less than 20%, (b) 20-30%, and (c) greater than 30%..........ccceceereieriiiecirennennne. 75

Figure 5-1 Location of bank erosions at the selected study site in Knoxville, Tennessee a. Elevation,

ANA D, LaANA COVET.....eiiiiiiiieiie ettt ettt ettt st et e e e be e e bt e s st e enaesabeenseenseenseesseesasesnseennenn 91
Figure 5-2 Bank and cross-section profiles for the selected Sites. ........ccccevirierenirienirienenieieneeeens 92
Figure 5-3 Methodology Flow Chart of the study. ........cccoceiiiiiiiiiiiiece e 93
Figure 5-4 Soil water content of streambank sites at Connor Creek.........cocovveverirnienenieneneeneneneens 95
Figure 5-5 Temporal Trends of Streambank Lateral Retreat at Three Monitoring Sites...................... 97
Figure 5-6 Dynamic BSTEM Erosion Model Schematics..........cccevereeiieninieninenienieneeeniceeenieeeeens 98

viii



Figure 5-7 Calibration of flow downstream of Connor Creek watershed............ccoeceveevenenccenenenne. 103
Figure 5-8 SWMM Model derived flow depths at each bank erosion Sites..........ccccceeveereereenernnene 104
Figure 5-9 Modeled lateral retreat sensitivity to manning’s n under dynamic and static soil moisture
conditions at three streambank erOSION SIEES........c.erueerierirtieriirieiere ettt 106
Figure 5-10 Comparison of modeled and observed cumulative lateral retreat at Site-1 under dynamic,
Static A, and Static B scenarios at Manning’s n = 0.045, 0.050, and 0.055. ........cccceevvvvceecrinceeneene. 109
Figure 5-11 Comparison of modeled and observed cumulative lateral retreat at Site-2 under dynamic,
Static A, and Static B scenarios at Manning’s n = 0.045, 0.050, and 0.055. ........cccceevvvveiecriecreenenne. 110
Figure 5-12 Comparison of modeled and observed cumulative lateral retreat at Site-3 under dynamic,
Static A, and Static B scenarios at Manning’s n = 0.045, 0.050, and 0.055. .......cccceeviiiiieiieieenennne. 111

Figure 5-13 Time-series comparison of modeled and observed lateral retreat under dynamic, wet

static, and dry static Te—Kd CONAIIONS .....oeuieriieiieiiiiie ettt sttt e s 113
Figure A-1 Annual and monthly temperature trends and frequency percentiles of Obion.................. 125
Figure A-2 Annual and monthly temperature trends and frequency percentiles of Nolichucky ........ 126
Figure A-3 Annual and monthly precipitation trends and Frequency percentiles of Obion................ 127

Figure A-4 Annual and monthly precipitation trends and Frequency percentiles of Nolichucky ...... 128

X



CHAPTER-1

INTRODUCTION



Climate change is anticipated to intensify the hydrological cycle, leading to increased magnitude and
high-intensity rainfall events. These changes will have significant impacts on the soil water budget—
the balance of precipitation, runoff, evapotranspiration, and baseflow—that governs ecosystem
functioning and water resource dynamics. Prior research has shown that regional geoclimatic
characteristics strongly influence how watersheds respond to climatic shifts, particularly in terms of
soil moisture and runoff dynamics (He et al., 2019; Zheng et al., 2018). In the United States,
observed increases in rainfall amounts and intensities over the 20th century are projected to continue
into the 21st century (Nearing et al., 2004), potentially leading to more frequent extremes such as
flash floods and prolonged dry spells. These shifts are expected to result in more frequent extreme
precipitation events coupled with extended dry periods, exacerbating soil water scarcity (Berg &
Sheffield, 2018).

Although previous studies have examined climate-driven extremes like drought and erratic
precipitation in the context of agricultural yield loss (Reyes & Elias, 2019; Schauberger et al., 2017),
channel degradation (Aktar, 2013; Brannigan et al., 2022), and socio-economic outcomes (Wheeler &
von Braun, 2013), there has been limited focus on soil moisture extremes. Understanding how
climate-induced hydrologic variability influences soil moisture is essential, not only for ecosystem
sustainability and agricultural productivity but also for fluvial processes such as streambank erosion.
The first study of this dissertation addresses this gap by investigating the drivers and patterns of
spatio-temporal soil moisture extremes across geophysically diverse watersheds. By comprehensively
assessing these dynamics, the study aims to inform water resource management strategies under
future scenarios how soil moisture variability contributes to broader geomorphic and hydrologic
changes.

In recent decades, extreme events have increasingly caused riverbank erosion and flood disasters in
vulnerable regions (Aktar, 2013; Rahman et al., 2015). Streambank erosion is a fundamental
geomorphic process in fluvial dynamics, influencing the physical, ecological, and socio-economic
aspects of the environment (Dur6 et al., 2020; T. Wynn & Mostaghimi, 2006). The impact of
hydrological extreme events on erosion is multifaceted, involving alterations in rainfall intensity and
timing, evapotranspiration patterns, and soil moisture alterations. Events such as high-intensity storms
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following dry periods can trigger amplified bank erosion by enhancing discharge and runoff (Brown
et al., 2020). Among these variables, soil moisture plays a pivotal role by influencing both the erosion
resistance of streambank materials and their susceptibility to hydraulic forces (Moragoda et al., 2022).
Evaluating how soil moisture interacts with soil shear forces to influence erosion susceptibility is vital
to comprehend the dynamic characteristics of streambank failure (Li et al., 2022; Singh & Thompson,
2016a; Wang et al., 2024).

Seasonal fluctuations in soil moisture, combined with high-intensity storm events, are likely to
influence key streambank erosion resistance parameters such as hydraulic shear stress (t.) and soil
erodibility coefficient (Kd) (Schnauder & Sukhodolov, 2012; T. M. Wynn et al., 2008a). Despite their
significance, these variables have received limited attention in dynamic field settings, highlighting a
critical gap in current erosion research. Understanding how soil moisture variations alter t. and Ka is
essential for improving predictions of bank erodibility under variable flow conditions. Accordingly,
the second study of this dissertation focuses on evaluating the effects of temporally varying soil
moisture on erosion resistance parameters T. and Kd across a range of hydrologic conditions—from
dry to high-flow events.

Traditional erosion modeling approaches, including the widely used Bank Stability and Toe Erosion
Model (BSTEM), often rely on fixed input values for critical shear stress (t.) and erodibility
coefficient (Kd), derived from point-in-time measurements (Daly et al., 2015; Simon et al., 2000).
However, multiple laboratory studies have shown that t. and Kad are not static but vary significantly
with changes in soil moisture, which affects pore-water pressure, matric suction, and ultimately, soil
strength (Li et al., 2022; Simon & Collison, 2001). As streambank conditions evolve across seasons—
from dry to saturated states—models that assume constant erosion resistance parameters risk
misrepresenting erosion potential. Integrating dynamic soil moisture relationships into erosion models
can provide a more realistic simulation of seasonal erosion processes and improve predictive
accuracy.

This final chapter aims to develop and evaluate a dynamic erosion modeling approach by

incorporating soil moisture—dependent t. and Kdinto BSTEM. Field-based Jet Erosion Test (JET)



data from a range of soil moisture conditions serves as the foundation for establishing functional
relationships between SM, t., and Kd. These relationships are embedded into BSTEM through custom
modifications that allow real-time updating of erosion resistance parameters. In doing so, this study
addresses a key gap in current streambank modeling practices—namely, the omission of temporal
variability in erosion resistance—and evaluates whether soil moisture-responsive modeling improves
BSTEM’s ability to capture observed seasonal patterns of lateral retreat. By coupling hydrologic
variability with empirical parameterization, this work contributes to the growing body of research
emphasizing the role of soil moisture in driving erosion dynamics (Klavon et al., 2017a; Moragoda et
al., 2022).

This project aims to assess the spatio-temporal variability of soil water extremes and their influence
on channel morphology and erosion processes. The chapters of this dissertation address the following
key research questions:

1. How will climate change impact soil moisture spatio-temporally in geophysically diverse
watersheds, and what are the driving factors behind soil moisture extremes?

2. How do temporal variations in naturally occurring soil moisture influence critical shear stress (t.)
and the erodibility coefficient (Kq4) of cohesive streambank soils?

3. Can erosion models better capture seasonal streambank erosion variability by integrating critical

shear stress (t.) and erodibility coefficient (K4) as functions of dynamic soil moisture?
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CHAPTER-2

BACKGROUND



This chapter aims to provide a comprehensive understanding of the interplay between spatio-temporal

soil moisture variability, streambank erosion dynamics, and erosion modeling approaches, with a

particular focus on how these processes vary across different geophysical settings and hydrologic

conditions. The chapter is organized as follows:

L.

IL.

III.

The first section reviews previous studies on climate-driven hydrologic shifts and their
impacts on the spatio-temporal variability of soil moisture. It highlights how changes in
precipitation intensity, consecutive dry days, and temperature extremes contribute to soil
water balance fluctuations, and emphasizes the need for region-specific analysis across
geophysically diverse watersheds.

The following section explores the link between soil moisture variability and streambank
erosion, focusing on how moisture dynamics influence erosion mechanisms such as fluvial
detachment and mass failure. Special attention is given to the role of seasonally varying soil
moisture in altering critical shear stress (tc) and erodibility coefficient (Kd), both of which are
key to understanding bank retreat processes.

The final section reviews existing streambank erosion models, such as BSTEM, and discusses
how erosion prediction is influenced by parameters including tc, Kd, and boundary shear
stress derived from Manning’s n. It identifies limitations in current modeling practices—
particularly the use of static parameters—and introduces the need for integrating dynamic,

soil moisture-responsive formulations into erosion modeling frameworks.

Significant contributions from this research include advancing the understanding of soil moisture

extremes and improving the predictive capability of erosion models under dynamic hydrologic

conditions.



2.1 SPATIO-TEMPORAL SOIL WATER EXTREMES
2.1.1 Projected Climatic Extremes and Soil Water Balance
The sixth assessment report (AR6 WGIII) by the Intergovernmental Panel on Climate Change (IPCC)
assesses that global average temperatures are projected to rise by 1.1°-4.9°C by 2100 (Kikstra et al.,
2022). As these increases exceed the critical 2°C threshold, they are expected to generate substantial
and potentially irreversible consequences for water resources, biodiversity, agriculture, and land cover
(Blanc & Reilly, 2017; Hitz & Smith, 2004). Failure to adapt to these spatio-temporal changes could
severely affect infrastructure and natural systems, especially in water-stressed and ecologically
vulnerable regions (Fischer et al., 2005; Malikov et al., 2020).
Adaptation strategies are becoming increasingly essential, as projections show significant socio-
economic and environmental losses in their absence (Burke & Emerick, 2016). Model-based
assessments suggest that practical adaptation could yield positive global welfare benefits, with
estimated costs ranging from $32.7 billion to $54.5 billion between 2015 and 2100 (Beach et al.,
2015). In contrast, effective mitigation strategies could reduce the overall economic impact of climatic
extremes by up to 75—-100% (Tubiello & Fischer, 2007). Achieving long-term sustainability under
these changing conditions will require not only global mitigation but also regionally tailored
investments in technology and water management efficiency (Miiller et al., 2010). Therefore, many
future planning and policy decisions demand region-specific assessments, especially regarding water
scarcity and the factors driving hydrologic variability (Hunt & Watkiss, 2010; Ziervogel et al., 2014).
Understanding hydrologic impacts is crucial as it enables informed decisions and targeted adaptations
to mitigate risks, enhance resilience, and sustain ecosystem services. This study contributes to this
effort by investigating the spatio-temporal variability of projected extremes and their effects on soil
moisture and water balance dynamics, thereby identifying key factors that shape soil water extremes
across contrasting geophysical regions.
2.1.2 Spatio-temporal Extremes
Future climate projections indicate an increased frequency of both consecutive dry days and high-

intensity precipitation events, thereby amplifying the risks of droughts and floods (Aliyar et al., 2021;
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Khan et al., 2020; Zhang et al., 2012). Studies examining the spatio-temporal variability of daily
precipitation across the U.S. and other countries project irregular and extreme precipitation intensities
(Dhakal & Tharu, 2018; McLeod et al., 2017; Steinschneider & Lall, 2015, 2016). Further, temporal
analysis of temperature trends reveals a notable rise in minimum temperatures across various regions
worldwide, indicating a general warming trend (Kostopoulou et al., 2014). This escalation in the
frequency and severity of extreme temperature events will lead to recurrent climate hazards,
profoundly impacting socio-economic development and exacerbating over time (Mallick et al., 2021).
Long-term studies of annual and seasonal temperature patterns in the eastern U.S. support this
warming trend, suggesting critical implications on future water resources availability (Sayemuzzaman
et al., 2014). However, the spatio-temporal alterations of these hydrological extremes remain
insufficiently understood, particularly across geophysically diverse landscapes (Kloog et al., 2014).
Current studies often lack the resolution or scope to capture how climate variability manifests
differently across regions, despite the importance of these patterns for local hydrology and water
management. Understanding these patterns of hydrologic extremes is essential for assessing soil
moisture variability, runoff, and flood risk across watersheds (Joshi et al., 2019; Rao et al., 2020).
There is a critical need to investigate how such extremes evolve over time and across diversified
geophysical characteristics. Such an investigation can provide valuable insights into the regional
sensitivity of water resources and inform more targeted, adaptive water management strategies.

2.2 SOIL MOISTURE AND STREAMBANK EROSION

2.2.1 Fundamentals of Streambank Erosion

Streambank erosion is a complex and dynamic process that significantly influences river channel
morphology, aquatic habitat development, sediment transport, and the structural stability of nearby
infrastructure—posing serious ecological and socio-economic risks (Durd et al., 2020; Florsheim et
al., 2008; T. Wynn & Mostaghimi, 2006). It generally occurs through three interrelated mechanisms:
fluvial erosion, subaerial processes and geotechnical mass failure. Fluvial erosion, particularly at the
bank toe, results from hydraulic shear forces exerted by flowing water, which detach and transport

soil or rock particles from the bank surface (Sutarto, 2018). Subaerial processes are crucial in pre-
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conditioning streambanks for fluvial erosion, which includes weakening and weathering events
affecting the soil matrix's moisture conditions (Thorne & Tovey, 1981). These preconditioning
mechanisms involve the detachment of soil particles due to high porewater pressures, and loss of
matric suction from extensive water exposure (Simon & Rinaldi, 2000). Mass failure involves the
gravitational collapse of large sections of the streambank when destabilizing forces exceed material's
shear strength (Thorne & Tovey, 1981). This failure mode is governed by internal slope stability and
is heavily influenced by pore-water pressure, matric suction, and changes in soil weight due to
moisture variations (Simon & Rinaldi, 2000). Factors such as bank height, slope angle, soil cohesion,
root reinforcement, and vegetation cover all influence the likelihood of failure (Klavon et al., 2017b).
2.2.2 Hydrologic Extremes on Streambank Erosion

Soil erosion is strongly influenced by hydrologic extremes, which involve complex interactions
among rainfall intensity, precipitation patterns, evapotranspiration rates, and soil water content. These
extremes—such as intense storms, flash floods, or rapid wetting after prolonged dry periods—can
cause rapid changes in soil moisture and flow dynamics, leading to elevated erosion risks (Nearing et
al., 2004). For example, initial storm events after prolonged dry spells can saturate the upper soil
layers, reducing matric suction that weakens soil cohesion, leading to elevated erosion risks (Brown
et al., 2020). Over the past few decades, field observations have documented more frequent and
severe streambank erosion events in vulnerable regions, particularly during flashy storm events
(Aktar, 2013; Rahman et al., 2015). In response to increasing runoff volumes and storm intensities,
effective strategies and accurate prediction tools become increasingly critical for mitigating
streambank retreat and managing erosion hazards (Ahmad et al., 2023). Collectively, these studies
emphasize the need to investigate how dynamic shifts in hydrologic conditions influence streambank
erosion processes and quantify erosion potential under real-world dynamic characteristics at the local
scale.

2.2.3 Ciritical Shear Strength and Erodibility

Accurate estimation of erosion resistance parameters as critical shear stress (1c) and erodibility

coefficient (Kd) is essential for modeling streambank erosion, particularly under variable hydrologic
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conditions. Shear strength acting on streambanks is further shaped by three-dimensional flow fields,
channel morphology, roughness distribution, and secondary currents (Klavon et al., 2017b). These
parameters are influenced by a combination of factors including soil texture, moisture content,
temperature, vegetation cover, and exposure to subaerial processes (Daly et al., 2015; T. M. Wynn et
al., 2008a; T. Wynn & Mostaghimi, 2006). This raises the question of whether shear stress and
erodibility coefficient can be significantly impacted by dynamic seasonal changes.

2.2.4 Techniques for Measuring Tc and Kaq

Various techniques to estimate fluvial shear strength parameters include flumes, rotating cylinder
apparatus (Moore & Masch, 1962), hole erosion tests (HET) (Wan & Fell, 2004), cohesive strength
meters (CSM) (Tolhurst et al., 1999), and jet erosion tests (JETs). The original JET (Hanson & Cook,
2004) and the mini-JET (Simon et al., 2010) are commonly used, with data analyzed through the
Blaisdell, Scour Depth, and Iterative methods (Blaisdell et al., 1981; Daly et al., 2013). JET
variability in erodibility parameters can span 3-4 orders of magnitude at the site and watershed scales
due to soil property heterogeneity and extrinsic erosion factors (Hanson & Simon, 2001; Wynn et al.,
2008), necessitating estimation by averaging multiple data points to achieve more reliable and
representative values. However, laboratory conditions show much less variability across post-
processing techniques (Akinola et al., 2019; Khanal et al., 2016). Given the inherent variability in
erosion resistance parameters, particularly under changing seasonal soil moisture conditions,
understanding and accurately quantifying tc and Kd remains critical for advancing streambank
erosion prediction and model performance.

2.3 DYNAMIC SOIL MOISTURE AND EROSION MODELING
2.3.1 Fluvial Erosion Estimations in Models
The erosion rate (ER) in a model is estimated using the erodibility coefficient (K4), boundary shear

stress (T) and critical shear stress (t¢) as: ER = Ky *(7- T J For fluvial erosion, the boundary shear

stress () is calculated by dividing the bank cross-section into segments influenced by roughness. The
hydraulic radius (R) for each segment is estimated by the ratio of cross-sectional area (A) and wetted

perimeter (P,). The shear stress (T) on each node of the streambank is then calculated using: 7, = v
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R S, where vy = unit weight of water (9.807 kN/m?), and S = channel slope (m/m) (Klavon et al.,
2017b).

2.3.2 Mass Failure and Geotechnical Stability

The bank mass failure can be explained using two limit equilibrium methods: horizontal layers

(Simon & Rinaldi, 2000) and cantilever failures (Thorne & Tovey, 1981). For streambank stability,
the shear strength of saturated soil is estimated by the Mohr-Coulomb criterion as: T¢r= c' + (6-Lw) tan

¢', where c' is the effective cohesion, ¢ is the normal stress, ¢' is the internal friction angle, and py is
the pore-water pressure. In unsaturated zones, where streambanks often lie above the water table, the
concept of apparent cohesion (ca) becomes important. It includes both electro-chemical bonding in
the soil texture and cohesion from surface tension at the air-water interface: ¢, = ¢' + (Ua - pw) tan¢® =
¢' +y tan ¢°, where c, is the apparent cohesion (kPa), . is the pore-air pressure (kPa), and v is the
matric suction (kPa). The parameter ¢° is the rate of shear strength increase with suction, typically
ranging from 10° for unsaturated to 20° for saturated conditions (Fredlund & Rahardjo, 1993). Given
that t. and K4 are sensitive to soil water dynamics, and seasonal variability, accurate representation of
these parameters is critical for improving streambank erosion prediction in modeling frameworks.
2.3.3 Erosion Models and Factor of Safety Approaches

Erosion estimation models such as CONCEPTS, BSTEM, CCHE2D, Delft3D, and HEC-RAS are
widely used to simulate channel morphodynamics and assess bank stability (Abdul-Kadir & Ariffin,
2012; Klavon et al., 2017b; Langendoen et al., 2001). These models calculate bank stability by
computing the factor of safety (FoS), the ratio of driving to resisting forces for a failure plane, using
methods such as horizontal layers, vertical slices, and cantilever shear failures (Klavon et al., 2017b).
2.3.4 Shear Stress Estimation in Meandering Channels

The general shear stress equation, while applicable to straight channels, does not account for the
curvature-induced secondary circulation and variations, which can significantly impact flow dynamics
and erosion patterns in natural meandering streams (Dietrich & Richards, 1987). To account for these
effects, the erosion model modifies the equation using a perturbation method (Crosato, 2009).

Considering the water depth downstream gradients and flow velocity as small, shear stress is given
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by: 1, = y, n?(u + U)?/RY/3. Such modifications in the model enable it to better assess the impacts of
increased near-bank velocity.
2.3.5 Manning’s n and Boundary Shear Stress
Flow resistance in vegetated open channels arises from both viscous and pressure drag, which can be
decomposed into grain, form, and vegetal roughness components (Temple et al., 1987), the total shear
stress is modified with these three components: T, = 1 + tr + Ty, Where the subscripts g, f, and v
represent grain, form, and vegetal components, respectively. Manning's roughness (n) for each
component is applied to estimate the individual contributions to the total boundary shear stress
(Temple, 1980): n> = n,* + n# + n,?. Further, the grain roughness for the nodes of the bank profile is
estimated by Strickler's equation (Chow, 1959): n, = 0.0417 (ds"®). In modeling applications where a
total Manning’s n is provided, the model estimates the grain roughness component (ng) using
Strickler’s equation and then applies the correction by equation: 7, = 7, (ns* / n%), to isolate the
effective boundary shear stress attributable to grain resistance, excluding form and vegetal roughness
effects. These roughness-based corrections to boundary shear stress are critical for improving model
accuracy, particularly in channels with complex boundary conditions such as variable sediment sizes,
and irregular bank geometry across different layers. In cases where the total roughness, Manning’s n
is unknown, applying a range of plausible total roughness values could identify the most realistic
estimate of boundary shear stress.

2.4 Knowledge Gaps and Contributions
IPCC reports and previous studies have projected rising global temperatures and erratic precipitation,
which can obstruct water use, resulting in critical water scarcity and significant financial losses. The
current understanding largely emphasizes broad-scale impacts on agriculture, infrastructure, and water
resources, but fails to provide adequate insight into localized spatio-temporal variability of these
changes, particularly in relation to soil moisture. Furthermore, existing literature highlights a growing
trend in consecutive dry days, intensified precipitation, and temperature anomalies, yet the spatial and

seasonal manifestation of these hydraulic extremes remains underexplored, especially across varying
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physiographic regions. This creates uncertainty in understanding the hydrologic consequences of
climate-induced changes at the watershed scale.

Gap 1: Lack of localized understanding of climate-induced soil moisture variability

This study addresses this first gap by evaluating the spatio-temporal variability of climate-induced soil
moisture extremes and identifying the dominant factors responsible for these changes across
geophysically diverse watersheds. These findings are intended to support adaptive water management
planning under climate uncertainty.

The mechanisms of streambank erosion, namely fluvial erosion, subaerial weakening, and mass
failure—are well documented, but their sensitivity to changing soil moisture remains insufficiently
understood. Existing models and studies frequently treat erosion resistance parameters such as critical
shear stress (tc) and erodibility coefficient (Kd) as fixed values. This static assumption fails to capture
the dynamic nature of soil strength as influenced by seasonal or episodic changes in soil water
content. While field-based Jet Erosion Tests (JETs) are commonly used to quantify tc and Kd, their
results are often interpreted without considering the real-time soil moisture conditions at the time of
testing. This omission limits the ability to establish predictive relationships between soil water
variability and erosion resistance in a wider range. Moreover, despite evidence of large variability in
erodibility parameters at the site and watershed scales, only a few lab studies evaluated how this
variability correlates with shifts in soil moisture.

Gap 2: Lack of field-based understanding of soil moisture's impact on Tc and Kd

This study bridges this second gap by pairing JET-derived tc and Kd values with time-resolved soil
moisture data across seasons. The objective is to evaluate how erosion resistance evolves in response
to wet and dry seasons and to generate more accurate, field-based parameterizations for use in erosion
prediction.

Although process-based erosion models such as BSTEM, HEC-RAS, and CONCEPTS incorporate
established hydraulic and geotechnical frameworks for estimating fluvial erosion and mass failure,
they predominantly use static values for key parameters—namely, critical shear stress (tc), erodibility

coefficient (Kd), and Manning’s roughness (n). Specifically, the erosion rate (ER) is directly
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influenced by these parameters. This simplification limits their ability to predict seasonal erosion
dynamically as these parameters vary significantly across space and time in natural streambanks. Soil
strength parameters (tc and Kd) vary not only between sites but also over time within a site,
especially under fluctuating soil moisture. Similarly, manning’s n is often applied as a single value
across the bank profile, known to affect T dominantly by altering flow resistance.

Gap 3: Static modeling frameworks that ignore time-varying erosion resistance

This study addresses this third gap by developing a modified version of BSTEM that incorporates
field-derived equations linking soil moisture with tc and Kd, thereby enabling dynamic updates of
erosion resistance in real-time. It also tests a range of Manning’s n values to evaluate how model
sensitivity shifts under different roughness assumptions. Together, these enhancements enable more
accurate and responsive erosion modeling, especially under temporally varying hydrologic conditions,
and represent a significant step toward integrating physically meaningful, time-varying inputs into
bank erosion prediction frameworks.

Together, these gaps led to the formulation of three central research objectives. First, to evaluate the
spatio-temporal variability of soil moisture extremes and identify their climatic and physiographic
drivers. Second, to assess how temporal variation of soil moisture influences t. and K4 through field-
based erosion resistance measurements. Third, to enhance the predictive capabilities of the BSTEM
model by integrating dynamic, soil moisture-driven equations for tc and Kd and testing its
performance across a range of Manning’s n values. By addressing these objectives, this study
contributes novel insights into climate—soil—erosion interactions and improves the predictive capacity

of erosion modeling frameworks.
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CHAPTER-3

CLIMATE CHANGE IMPACTS ON SPATIO-TEMPORAL SOIL WATER

EXTREMES IN GEOPHYSICALLY DIVERSE WATERSHEDS: A COMPARISON

BETWEEN EAST AND WEST TENNESSEE WATERSHEDS
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RESEARCH QUESTION

How will climate change impact soil moisture spatio-temporally in geophysically diverse watersheds,
and what are the driving factors behind soil moisture extremes?

ABSTRACT

Climate change impacts hydrologic processes, compelling more regional water budget studies to
understand spatio-temporal hydrological extremes. This study investigates the effects of climate
change on water budgets, with a focus on soil moisture, in two Tennessee watersheds with different
geo-climatic characteristics, Obion and Nolichucky Rivers. Using the hydrological model VIC, the
study projects water budgets for these watersheds until 2099, analyzing annual and seasonal runoff,
recharge, and soil moisture to identify trends and extremes. Results show that an increase in
temperature of 2.7-6.4°C and a change of precipitation by 1-4% is predicted for Tennessee, which will
impact seasonal patterns, water balances, and soil moisture regimes. The overlapping of such impacts
can lower soil moisture below the wilting point during 40-50% of the growing season, impacting crop
yields. The study identifies field capacity, clay soil percentage, and organic matter as key factors
impacting the spatial extremes of croplands' irrigation requirements. These findings underscore the
need to understand soil moisture variability and extreme soil water conditions to optimize soil-water

management scenarios and mitigate future water shortage risks.
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3.1 INTRODUCTION

Regional trends from the CMIP5 (Coupled Model Inter-comparison Project Phase 5) indicate that soil
water deficits will likely increase due to infrequent extreme precipitation and enhanced evaporation
(Trudel, et al., 2016). Multiple studies have projected a rise in the severity of hydrological drought by
2100 and soil water extremes exceeding 40% under high-end climate scenarios (Spinoni, 2019; Hejazi
et al., 2015; Khatri, et al., 2018). Previous studies suggest that future systems must be more open,
collaborative, and diverse to work with systemic issues (Fazey, et al., 2020). Hence, while all these
general patterns are valuable, actionable regional descriptions of climate change effects are critically
needed.

Understanding the impact of climate change on different geo-climatic watersheds is crucial for the
sustainable management of soil water deficits in the short and long term (Earman & Dettinger, 2011;
Meixner, et al., 2016; Anand, et al., 2018; Rahman, et al., 2019; Saha et al., 2020). Previous studies
have demonstrated that geo-climatic characteristics significantly influence runoff and soil moisture
responses to climate change, with multiple watersheds showing variable results. (He et al., 2019;
Zheng, et al., 2018; Sanchez-Gomez, et al., 2009; Roy et al., 2021). Moreover, studies examining the
impact of climate change on hydrology globally indicate that changes in runoff are not uniform and
will vary depending on regional precipitation distribution. (Arora & Boer, 2001). Therefore,
understanding the impact of climate change on different watersheds is critical for developing effective
soil-water management strategies to mitigate water shortages in the future.

Urbanization and agricultural expansion in the Southeast United States under a changing climate
threaten crop yields, infrastructural sustainability, and river ecosystems, making the region vulnerable
to future soil water deficits (Schilling, et al., 2015; Acharya, et al., 2012; Gao, et al., 2010; Hayhoe et
al., 2008). In Tennessee, a comparison of the spatial and temporal patterns of soil water extreme
conditions would provide valuable insight into the role of watershed-scale characteristics in regulating
climate change effects due to the large variability in land cover, topography, and geology from east to
west. This study aims to understand the co-evolution of shifts in the regional climate with land use

changes for representative concentration pathways (RCPs) based on greenhouse gas concentrations
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and the implications of this co-play on water budget trajectories. The novelty of this work lies in its
exploration of the interplay between climate change and land use changes in regulating soil water
deficits, providing actionable information for sustainable management in Tennessee and other regions
facing similar challenges.

Previous research on the impact of climate change on water budgets has not adequately addressed soil
moisture, which is critical for intensively managed agricultural watersheds (Ghaneeizad, et al., 2018;
Lobanova, 2018). The soil water budget, which is the balance of precipitation, runoff,
evapotranspiration, and baseflow fluxes, plays a significant role in the function and structure of
agroecosystems and crop yield dynamics. Based on soil moisture metrics, future projections suggest
an increase in drought occurrences, primarily attributed to increases in evaporative demand (Berg &
Sheffield, 2018). However, the complex nature of the soil environment poses challenges in accurately
predicting the effects of climate change on the quality and functionality necessary for agricultural
yield (Furtak & Wolinska, 2023). While existing models and observations qualitatively support this
relationship, uncertainties persist regarding quantitative aspects. Addressing these uncertainties
through observations is crucial for precisely representing this critical relationship (Seneviratne, et al.,
2010). The lack of understanding of how geo-spatial heterogeneity and management decision making
offset climate impacts has made it difficult to predict water budgets for agriculture and beyond.
Existing studies have mainly focused on precipitation, evapotranspiration, and runoff, neglecting soil
moisture, which is essential for predicting the effects of climate change on water budgets in these
agricultural watersheds.

Previous studies conducted in Tennessee have highlighted the declining groundwater flow resulting
from excessive withdrawals over the past three decades. This decline indicates potential future soil
water deficits that may have severe consequences on the region's hydrology (Haugh, 2012; Razmara,
et al., 2016; Meixner, et al., 2016). Moreover, a warming climate and erratic precipitation patterns are
the primary drivers of soil moisture depletion and extreme drought in the state (McLaughlin, et al.,
2007; Liu, et al., 2014). A study conducted on the Obion River in Tennessee found that the changing
climate could lead to a decrease in the utilization of available water, which would have significant
implications for the region's water management strategies (Wilson, et al., 2018). However, the factors
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driving the observed spatial extremes are not yet fully understood, making this study interesting
specifically for soil moisture.

Projected increases in soil water extremes and soil moisture conditions that do not meet crop
physiology thresholds have the potential to severely impact crop yields in Tennessee. Despite a few
existing studies, there is a lack of research that can capture the effects of spatial heterogeneity and
climate feedbacks on crop production using mesoscale models (Chu, et al., 2019; Raje, et al., 2013),
whereas this study aims to address this research gap. This study on the projected impact of climate
changes on soil moisture across eastern and western Tennessee will help understand future soil water
extreme conditions and guide actionable future climate strategies. Besides, the topographical,
pedological, and land cover differences across the state provide a rich dataset of hydrological
responses and water budget extremes that can apply to other watersheds facing similar challenges.
The objectives of this study aim to address the current limitations in literature and provide insight into
the impacts of climate change on the soil water budget in Tennessee. Specifically, the study aims to
(1) develop a future dynamic water budget using a mesoscale hydrological model based on four
climate models in two geophysically diverse watersheds in Tennessee, representative of the
Mississippi Loess and Blue Ridge regions in the SE, until 2099; (2) identify short and long-term
trends and extremes (i.e., hot moments) of hydrologic responses to future climate scenarios; (3)
compare the locations of soil water extremes (i.e., hotspots) in diverse geophysical watersheds in East
and West Tennessee; and (4) statistically identify the factors impacting soil moisture for locations
with a cropland cover using structural equation models. By achieving these objectives, the study can
provide valuable insights into the impacts of climate change on the soil water budget in Tennessee
and help guide future adaptation strategies for agricultural production.

3.2 STUDY SITE CHARACTERISTICS

The study chose the Obion and Nolichucky River watersheds (Figure 3-1) due to their different geo-
climatic characteristics, shown in Table 3-1. The Obion watershed is in Ecoregions 65 and 74
(Southwestern Plains and Mississippi Valley Loess Plains), while the Nolichucky watershed is in

Ecoregions 66 and 67 (Blue Ridge and Ridge & Valley). These two watersheds were chosen because
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they represent distinct geophysical regions within the state of Tennessee, allowing for the examination
of how hydrological processes and responses may vary across different terrain types. Furthermore, the
inclusion of both watersheds enables the study to capture a wide range of soil moisture conditions and
water budget extremes that may be encountered across the state.

The Obion watershed exhibits an elevation range of 42 m to 204 m, while the Nolichucky watershed
ranges from 275 m to 2037 m (Figure 3-1b). The Obion watershed is relatively flat and
topographically symmetrical compared to Nolichucky. The west of Obion is flat (0-2% slope), while
the east is hilly (2-9% slope) with a few scattered steep slopes (9-15%). In the Nolichucky, the eastern
portion is occupied by the Appalachian Mountains (9-15% slope), while the western part features a
steeper topography (2-9% slope). The Obion watershed has more extensive cropland coverage than
the Nolichucky, with a significant amount of forest cover in the eastern region (Figure 3-1c).
Important cash crops such as soybeans, corn, cotton, and wheat are grown in the area, which plays a
vital role in the economic strength of Tennessee. In terms of soils (Figure 3-1d), the Obion watershed
has a considerable portion of loess-derived silty loam soils (MrB) with a broad fragipan coverage in
the central region. On the other hand, the Nolichucky watershed features a mountainous bedrock
system in eastern Tennessee with shallower soil profiles and a much smaller area of fragipan soils.

Table 3-1 Geo-climatic characteristics of the study area watersheds

Characteristics Parameters Obion Nolichucky

Topography Flat (0-2%) 45.5% 7.1%

Slope Gentle (2-9%) 40.1% 19.6%
Moderate (9-15%) 9.5% 14.5%
Strong (15-25%) 3.9% 16.6%
Steep (>25%) 1.1% 42.2%

Climate Baseline Annual Rainfall 1347 mm 1253 mm
Baseline Avg. Temperature 15.5°C 12.9°C

Growing Seasons

Long (6-8 Months)

Short (4-6 Months)

Land use cover Forest & Woodlands 35.6% 68.0%
Pasture 25.4% 10.1%
Cropland 37.8% 21.5%
Urban 0.7% 0.5%

Soils Dominant Texture Sand Clay
Fragipan/ Bedrock Fragipan Bedrock
Glacial Presence Yes No
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Figure 3-1 a. Selected Study Sites at the East and West of Tennessee State in the US and Study
Site Comparison between Obion and Nolichucky River Watersheds for b. Elevation, c. Land
Cover, and d. Soil Coverage.
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3.3 MATERIALS AND METHODS
3.3.1 Summary of Approach
The study employed the Variable Infiltration Capacity (VIC) model to project future water budgets
within the Obion and Nolichucky River watersheds, as illustrated in Figure 3-2. The study identified
trends in runoff, recharge, and soil moisture due to climate change and occurrences of extreme
conditions using both annual and monthly analyses. Previous studies showed that the acceptable
baseline period for climate projections is 10 years, and the climate intensity extremes are accepted as
95% and 99" percentiles for different water balance parameters (such as precipitation, temperature and
runoff) (Wrzesien & Pavelsky, 2020; Yin, et al., 2018; Dunkerley, 2019). Based on that, the extreme
conditions were defined operationally as the 1*' and 99™ frequency percentiles (low and high) for this
study, representing the worst-case scenarios for runoff and recharge. In terms of soil moisture, the
average wilting point and field capacity were applied as the thresholds for identifying extreme
conditions. Field capacity (FC) is the maximum amount of water held in soil after excess water has
drained away, and wilting point (WP) is the point when there is no water available to the plant
(depends on plant variety, but usually around 15 bars for sunflower, wheat, and corn). (Rai, et al.,
2017; Briggs & Shantz, 1912) The VIC model estimates field capacity and wilting point as a
fractional water content at 1/3 bar tension and 15 bar tension, respectively, based on the predefined

USDA class and soil types (Liang, et al., 1994; Schaake, 2000).

Calibration & Validation of the Hydrological Model

Model Simulation (VIC) using Climate Scenarios RCP4.5 & RCP8.5

Identification of trends & extremes with Annual & Season Analysis

Quantification of the Spatio-temporal extremes for RCPs

Statistical correlations to identify spatial extremes' impacting factors

Figure 3-2 Methodology Flow Chart of the Study
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For this study, the average wilting point was computed as the spatial mean of croplands at 1 km
resolution within each watershed for comparison purposes (the vegetation data defines croplands).
The conditions were examined in detail during three distinct decadal periods, with the period from
2006 to 2015 considered the baseline period. The conditions during the periods of 2046 to 2055 (short
term) and 2090 to 2099 (long term) were compared to the baseline period. The study identified the
hottest and driest locations (i.e., hot spots) and time periods (i.e., hot moments) during the three
extreme months, using the 1° and 99" percentiles for temperature and rainfall in each of these three
periods (Supplementary A). Finally, a statistical correlation analysis of soil moisture was performed
on croplands to assess the impacts of spatial water extremes on hydrological processes, soil textures,
and watershed attributes.

3.3.2 Data Descriptions

To construct the regional hydrologic VIC model, the watersheds were divided into sub-drainage arecas
using the available United States Geological Survey (USGS) monitoring stations as "outlets." The
Obion watershed was divided into six sub-drainage areas, while the Nolichucky watershed was
divided into four. The VIC model was then incorporated with climate, soil, vegetation, and elevation
data, whose sources are presented in Table 3-2. To ensure accuracy, the model was calibrated using
existing streamflow data (1996-2013) from USGS stations and validated with evaporation data (2000-
2013) from MODIS (Moderate Resolution Imaging Spectroradiometer) and soil moisture data (2003-
2013) from NRCS-SCAN (Natural Resources Conservation Service- Soil Climate Analysis Network).

Table 3-2 Description of the Input Data Sources for the Hydrological Simulation

Data Type Description Source
Climate 1 km Multivariate Adaptive Constructed Analogs (MACA)
Resolution Data portal
Soil Information for Environmental Modeling and
Soil I Km ) Ecosystem Management (Soil Info)
Resolution i
USDA Web Soil Survey (WSS)
. 1 km AVHRR- Global Land Cover Facility (GLCF), University
Vegetation .
Resolution of Maryland
Elevation 30 m DEM Tennessee GIS data server
Streamflow Monthly United States Geological Survey (USGS)
Evapotranspiration =~ Monthly MODIS- USGS Geo Data Portal
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Climate Models and Scenarios
Four climate models were selected from the Coupled Model Inter-comparison Project Phase 5
(CMIP5) that best captures the scenarios of Tennessee and exhibit less than 10% bias deviation
(Sheffield et al., 2013). The moderate scenario RCP4.5 and the extreme scenario RCP8.5 were used,
and the four models were averaged for analysis.

= Geophysical Fluid Dynamics Laboratory model (GFDL-ESM2M) (Dunne et al., 2006)

= Met Office Hadley Centre Global Environment Model (HadGEM2-CC) (Collins, 2008)

= Institut Pierre-Simon Laplace model (IPSL-CM5A-MR) (Sepulchre, et al., 2019)

*  Model for Interdisciplinary Research on Climate (MIROC-ESM-CHEM) (JAMSTEC, 2014)
Climate Data Overview
The temperature in the Obion and Nolichucky watersheds is expected to increase under the RCP4.5
and RCP8.5 climate scenarios, with the latter projecting a greater increase. Specifically, the projected
temperature increases for the Obion and Nolichucky under RCP4.5 are 2.7°C (17.5%) and 2.5°C
(19.6%), respectively, compared to 6.4°C (41.4%) and 5.9°C (45.7%) under RCP8.5 during 2015-99.
Precipitation projections are more variable, with the Obion projected to experience an 11mm (0.8%)
increase under RCP4.5 and an 18 mm (1.3%) decrease under RCP8.5, while Nolichucky is expected
to see a 47 mm (3.8%) increase under RCP4.5 and a 24 mm (1.9%) increase under RCP8.5. However,
these changes in annual precipitation may mask seasonal shifts and alterations in rainfall distribution.
To determine climate extremes, frequency histograms were constructed for both watersheds under
both climate scenarios, identifying the 1 and 99" percentiles as the extreme months. A monthly
scatter plot was generated to pinpoint the three consecutive months meeting the extreme criteria over
the next century. Seasonal analyses were carried out by comparing the baseline and projected
scenarios' extreme limits to detect early or late seasonal shifts, and Table 3-3 summarizes the annual

and seasonal trend analyses with the frequency percentiles.
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Table 3-3 Summary on the climatic trends & extremes Overview

Baseline Hottest &
Projection Projection Climate
Category Scenario Driest
Trends Alterations Extremes
(2006-15) Months
Above 41°C
+2.7°C June, July,
RCP4.5 Increase 15.5°C & Below -
(17.7%) August
8°C
Temperature
Above 45°C
+6.4°C June, July,
RCPS8.5 Increase 15.5°C & Below -
(41.4%) August
Obion River 8°C
Watershed Above August,
+11mm
RCP4.5  Increase 1347mm 350mm & September,
(0.8%)
Below 4mm  October
Precipitation
Above
-18 mm July, August,
RCP8.5 Decrease 1347mm 375mm &
(1.3%) September
below 3mm
Above 36°C
+2.5°C June, July,
RCP4.5 Increase 12.9°C & Below -
(19.4%) August
9°C
Temperature
Above 45°C
+5.9°C June, July,
RCP8.5 Increase 12.9°C & Below -
Nolichucky (45.7%) August
9°C
River
Above September,
Watershed +47 mm
RCP4.5 Increase 1253mm 295mm & October,
(3.8%)
below 10mm  November
Precipitation
Above September,
+24 mm
RCP8.5 Increase 1253mm 315mm & October,
(1.9%)
below 10mm  November
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3.3.3 Hydrological modeling using VIC
Model Overview

There are various hydrologic models available, such as SWMM, HEC-HMS, SWAT, and HSPF.
However, for studies on land-atmosphere interactions involving climate change, the variable
infiltration capacity (VIC) model is particularly suitable (Gao, et al., 2010; Saha, et al., 2019). VIC
version 5.1.0 has been extensively used from the basin to the global scale to conduct hydrologic
studies and analyze the impacts of climate change (Hamman, et al., 2018). The model operates on a
grid cell basis (supplementary B) and considers three soil layers with varying infiltration capacities.
The model also includes vegetation tiles that characterize the grid cell surface, such as Leaf Area
Index, roughness root depth, resistance, and albedo. The model simulates the interaction among the
soil layers based on their relative wetness and estimates evapotranspiration utilizing the Penman-
Monteith method. The model computes evapotranspiration as the area-weighted sum of soil
evaporation and transpiration for the current vegetation, using the current architectural resistance and
Leaf Area Index to compute canopy resistance in the absence of limitations from soil moisture,
temperature, vapor pressure deficit, or insolation (UW, 2021). The Brooks-Corey relationship is used
to regulate soil moisture from the second layer, which then infiltrates the third layer via gravity
drainage. Finally, the Arno model is used to estimate baseflow from the third layer (Liang, et al.,
1994; Ghaneeizad, et al., 2018). Although the study does not use any specific crop variables, it
specifically focuses on the water availability of different soil textures. The model estimates the soil
water content at specific pressures (wilting point and field capacity) using sand, clay, and water
percentage along with other coefficients (methodology and equations applied are shared in
Supplementary G) (UW, 2021).

VIC Model Setup, Calibration, and Simulation

To downscale the projected climate raster data set consisting of maximum temperature, minimum
temperature, precipitation, and wind speed into 1 km resolution shapefiles for each parameter, Python
scripts were used with Inverse Distance Weighted (IDW) interpolation. The input data was

supplemented with Advanced Very High-Resolution Radiometer (AVHRR) land cover data to ensure
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geophysical diversity, and the soil and land cover data were processed through ArcGIS Zonal
Statistics to generate inputs for the model. The simulation period was from 2006-2099, and the model
ran in water balance mode at a daily time step with outputs at daily, monthly, and annual scales. The
VIC flow output was calibrated using a Shuffled Complex Evolution Algorithm (SCE-UA) with seven
critical parameters, including baseflow (Ds, Dynax), soil moisture (W), infiltration (b), exponent (n),
and the depth of the 2nd and 3rd layers. The SCE Algorithm analysis was conducted following the
guidelines from Troy (Troy, et al., 2008). The calibration parameters were selected to match the
monthly streamflow at the USGS gages within set limits. In estimating the calibration parameters,
heterogeneity within each sub-drainage area was considered to represent the basin better. The
allowable ranges and selected values of the calibration parameters for the watersheds are summarized

in Table 3-4.

In the next section, we summarize the results of the model calibration. Following calibration, we
utilized data from four selected CMIPS5 climate models and two scenarios of RCP4.5 and RCP8.5 up
to the year 2099 to simulate hydrologic responses in the Obion and Nolichucky watersheds. These
responses encompassed water balance parameters, including runoff, soil moisture, and net recharge,
for each grid and time step.

Table 3-4 Allowable ranges and selected values of the calibration parameters

Parameter Acceptable Unit  Approach Accepted values
Range
Infiltration b 0.001-1.00 - Horton Model 0.2
Baseflow D 0.001-1.00 - Calibration 0.1-0.9
Dymax 0.100-50.00 mm/d KX slope Variable
Soil Moisture W, 0.200-1.00 - Calibration 0.5-0.9
Layer 2 Depth 2" Layer  0.1-3.0 m Constant Variable
39 Layer  0.1-3.0 m Sensitivity Analysis Variable
Exponent n 0.1-30.00 - 3+ 2b; Variable
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Spatial Correlation Analysis

To identify the factors that impact soil water extremes and their effects on crop production and
irrigation water use, we conducted a spatial correlation analysis of soil moisture using IBM SPSS
(Statistical Package for the Social Sciences) for the RCP8.5 high-end climate scenario. This analysis
uses advanced statistical methods, including structural equation modeling (SEM), hypothesis testing,
correlation analysis, multiple regression, and analysis of variance (Hoyle, 1995), to identify patterns
and models in the data. We used the Pearson correlation coefficient to determine the strength and
direction of the relationship between continuous variables (Block, et al., 2009). The analysis was
focused on soil moisture and included hydrological processes, soil textures, and watershed attributes,
which are all known to influence spatial soil moisture variations and irrigation requirements for
croplands (Kim, 2013). By conducting a spatial correlation analysis on cropland cover with these
attributes, we were able to identify the factors that impact soil water extremes.

3.4 RESULT AND DISCUSSION
3.4.1 Calibration and Validation of the VIC Model

For Obion Watershed, VIC model simulations were conducted using the methodology of Ghaneeizad
et al. (2018), which involved calibrating and validating the model with observed streamflow (USGS),
evapotranspiration (MODIS), and soil moisture (NRCS-SCAN) data. The resulting Nash-Sutcliffe
coefficients for multiple sub-drainage areas within the Obion River watershed were found to be within
the acceptable range of 0.67-0.75, indicating a suitable model performance (Ghaneeizad, et al., 2018).
Similarly, for the Nolichucky watershed, the model was calibrated using observed streamflow data for
the sub-drainage areas (SDA). The simulated monthly streamflow curves matched well with the
observed data from 1996 to 2013, particularly for the whole Nolichucky (SDA 4) (Figure 3-3). The
Nash-Sutcliffe coefficients for streamflow (Table 3-5) ranged from 0.60-0.93 for SDA 1, 2, and 4,
with the lower coefficient for SDA 3 due to the presence of the Nolichucky Dam at the outlet, which
restricts the natural flow regime. Additionally, the mean absolute error (MAE) value for the whole

Nolichucky (SDA 4) was found to be within the acceptable range.
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Table 3-5 NSE Coefficient and MAE for the Nolichucky Watershed at each SDA

Watershed SDA Ds Ws NSE Coef. MAE USGS Station
1 0.9 0.9 0.60 0.30 3463300
2 0.9 0.9 0.80 0.21 3465500
0.1 0.5
Nolichucky 3 0.24 0.57 3466208
0.9 0.9
4 0.1 0.5
0.93 0.11 3466500
(Whole) 0.9 0.9

The model validations were performed using available observed monthly MODIS evapotranspiration
(2000-2013) and annual NRCS-SCAN soil moisture data (2003-2013) for the Nolichucky watershed
(Figure 3-4). The model evapotranspiration and soil moisture showed great correspondence with the
MODIS and NRCS validation datasets, having a correlation of 0.95 and 0.66. Further, the mean
absolute errors (MAE) of model evapotranspiration (mm) and soil moisture (%) data are 14.1 and 2.8,
which shows that the results are within the acceptable range.

3.4.2 Water Budget Trends & Temporal Extremes

The projected water budget trends and extremes were compared in the Obion and Nolichucky
watersheds for the RCP4.5 and RCP8.5 scenarios. The baseline scenarios are the estimated temporal
mean of the water budget parameters during 2006-2015. As noted above, the extreme scenarios for
runoff and net recharge are estimated using the 1% and 99" percentiles, whereas the soil moisture
extremes are identified using field capacity and wilting point focusing on crops. The trend and

extremes comparison from 2006-99 are summarized in Table 3-6.
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Figure 3-3 Monthly Flow Calibration of Nolichucky watershed with USGS data
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Table 3-6 Summary of the water budget trends and extremes for climate change impacts

Cat Projection  Baseline Projection Extreme Extreme
ategor
sory Trends Scenario Alterations Scenarios Months
11 Above 700 August
+11mm ove mm
RCP4.5 Increase 194mm September,
(5.7%) & Below lmm
Runoff October
uno
+2.4mm Above 800mm uly.
RCP8.5  Increase 194mm ' August,
(1.2%) & Below Imm
September
0.2% August,
RCP4.5  Decrease 27% o September,
Obion ) (0.7%) FC- 31.3%,
Soil October
River Mo CR-15.7%, A
oisture ugust,
Watershed -1.6% WP-9.8% £
RCP8.5  Decrease 27% September,
(5.9%)
October
184 Above 160mm Mav. ]
4mm ay, June,
RCP4.5  Increase 314mm & below Y
(5.9%) 26 July
mm
Recharge
203 Above 165mm Mav. ]
-29.3mm ay, June,
RCP8.5  Decrease 314mm & below Y
(9.3%) July
25mm
6 Ab 160 September,
+2.6 mm ove mm
RCP4.5  Increase 88mm October,
(2.9%) & below 2mm
Runoff November
uno
2.3 Above 45°C August
-2.3 mm ove 45°
RCP8.5  Decrease 88mm September,
(2.6%) & Below -9°C
October
0.3% August,
RCP4.5  Decrease 24% o September,
Nolichucky ) (1.3%) FC- 31.3%,
Soil October
River Mo CR-15.7%, A
oisture ugust,
Watershed -1.1% WP- 11% &
RCP8.5  Decrease 24% September,
(4.6%)
October
p Above 110mm Mav. ]
-6mm ay, June,
RCP4.5 Decrease 238mm & below Y
(2.5%) 10 July
mm
Recharge
4 Above 120mm Mav. ]
- 44mm ay, June,
RCP8.5 Decrease 238mm & below Y
(18.4%) July
10mm
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Runoff

The simulated runoff showed mild increasing trends for RCP4.5 and RCP8.5 climate scenarios in the
Obion watershed from 2006-99, but only RCP4.5 exhibited mild increases in Nolichucky. RCP8.5
showed a slight negative trend in Nolichucky, with all changes being within £5.7%. Previous studies
indicate that runoff increase ranges from 14 to 22 mm during 1915-2005 in diverse North-Central US
watersheds (Ryberg, et al., 2014) and a potential change of 10-26 mm during 2025-34 in Tennessee
(McCabe, 1999). While the assessment aligns with previous studies for RCP4.5 (as usual scenario), it
significantly reduces for RCP8.5 (extreme scenario). Low runoff extreme months in the Obion
watershed for RCP4.5 were August, September, and October, whereas, for RCP8.5, they were July,
August, and September, indicating a seasonal shift of dry days towards the summer. The Nolichucky
watershed's extreme months for RCP4.5 were September, October, and November, but for RCP8.5,
they were August, September, and October, suggesting an earlier shift. Previous research agrees that
geo-climatic characteristics impact the seasonal runoff responses to climate change and differ based
on precipitation distribution (He et al., 2019; Arora & Boer, 2001). Such a shift of the dry days by a
month earlier could cause water scarcity despite similar precipitation patterns in the future (Coffel, et
al., 2019).

Net Recharge

Annual net recharge decreased under all scenarios, except the RCP4.5 scenario in the Obion
watershed only. A study on the South-central high plains of the US reported an annual net recharge of
8-18 mm over the next century (Meixner, et al., 2016), which is comparable to our findings of -6 to 18
mm within TN, USA. In the Obion watershed, the months with extremely limited recharge remain the
same for both RCP scenarios. In contrast, the Nolichucky watershed showed a shift of low recharge
months from May, June, and July for RCP4.5 towards June, July, and August for RCP8.5. Over the
past three decades, prior groundwater flow analyses in Tennessee indicated a potential decline due to
withdrawals, leading to low recharge (Haugh, 2012; Razmara, et al., 2016). On top of that, a month
shifting of annual net recharge in the future could potentially expedite the lowering trend of

groundwater.
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Soil Moisture

The soil moisture average from the climate models decreased in both watersheds for both RCP4.5 and
RCPS8.5 scenarios. A previous study on soil moisture trends in Tennessee indicated a potential change
of 1.5-2.5% (Georgakakos & Smith, 2001), which aligns with our findings. However, concerning
results showed a few extreme values below the wilting point in the top two soil layers (60 cm) during
the extreme months of August, September, and October for the Obion watershed. To address these
concerns, the changes in soil moisture with climate change patterns were further explored by looking
for temporal (hot moments) and spatial (hotspots) extremes.

3.4.3 Temporal and Spatial Extremes

Soil Moisture Hot moments

The study examined hot moments during three periods: the baseline (2006-15), short-term (2046-55),
and long-term (2090-99) for extreme months. The results showed that in both climate scenarios, soil
moisture drops below the average wilting point of 9.8% in the Obion watershed during the 2046-55
and 2090-99 periods (Figure 3-5), indicating a need for irrigation as 40-50% of the growing season
falls below the wilting point. The low soil moisture in the short and long term is directly influenced by
precipitation patterns. However, in the Nolichucky watershed, soil moisture levels during the extreme

months period for both scenarios remain well above the average wilting point of 11%.
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Figure 3-5 Hot Moments of Soil Moisture for RCP4.5 & RCP8.5 Scenarios
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On further observation over the hot moments, it is evident that the combined high temperatures and
low precipitation at Obion are causing low soil moisture. In the Obion watershed, the temperature
reaches as high as 36-43°C during July-August, and the precipitation approaches zero during August-
October (Supplementary B). The growing season of the major crops within the region is from April to
October (approximately 180 days). The overlapping impacts of increasing temperature and less
rainfall lower soil moisture below the wilting point from August to October, potentially impacting the
crop yield. Water-efficient crops or water management like drip irrigation may be needed for future
water efficiency (Rouzi, et al., 2018; Ibragimov, et al., 2007). The percentage of the growing season

under the wilting point for the short- and long-term forecasts is also summarized in Table 3-7.

The estimation of plant available water (PAW) for the growing season is a crucial factor in assessing
the water resources available for crops (Morgan, et al., 2003). PAW is defined as the amount of water
that the soil can retain and make accessible to plants during their growth period (PAW = FC-WP).
The maximum plant available water for Obion is 21.71% (5.13 in), whereas for Nolichucky, it is
21.62% (5.11 in). Further assessment reveals that average soil available water without irrigation
(AW= SM-WP) during the growing season decreases from 0.39 inches to a range of 0.5-0.11 inches
under short-term and long-term scenarios in the Obion watershed. This reduction in soil available
water implies that there might be a significant increase in the demand for irrigation water (such as a
60% for an application rate of 0.5 inches) for crops like corn, soybean, and cotton in Tennessee.

Table 3-7 Plant available water (PAW) and percentage of the days below average wilting point
within growing season (180 days)

Baseline Short-term Long-term

Watersheds Scenarios Available Below  Available Below Available Below

Water WP Water WP Water WP
(mm) (mm) (mm)
Obion RCP4.5 9.91 0% 2.79 33.90% 1.27 32.20%
RCP8.5 9.91 0% 2.54 46.10% 2.29 23.30%
Nolichucky RCP4.5 80.52 0% 59.18 0% 58.17 0%
RCP8.5 80.52 0% 77.22 0% 55.12 0%
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In addition, it is important to note that in conventional tillage practices, each pass of tillage can result
in the loss of water availability (0.25 in) over time. This may have negative implications for soil
moisture (as water may be restricted to the surface layer and thus get lost through evaporation).
According to USDA, 75-85% of total farming acreage for the three dominant cash crops in Tennessee
has a no-tillage practices history. Although there are conservation tillage practices, it accounted for
16.2 percent of the acreage seeded to the state's major crops (USDA NASS, 2018; USDA NASS,
2017). However, tillage alone is not responsible for lowering soil moisture, but the presence of the
fragipan layer makes it relevant. The fragipan acts as a lid (restrictive layer), affecting water
penetration below the layer. Runoff-driven erosion in the loess of western TN may get the fragipan
further exposed to the surface since high erosion rates are associated with conventional tillage
(Gimenez, et al., 1997). With the increasing trend of runoff in the fragipan region due to low
infiltration, the rate of lowering of the surface layer (above fragipan) increases (Wilson, et al., 2022).
However, the fragipan soils exist predominantly in MLRA 134 and are approximately within the top 2
m of the soil profile in this region (Bockheim & Hartemink, 2013). In most locations, the fragipan
layer is below historical tillage depths, typically 30 cm, and therefore, soil moisture remains intact
(Wilson, et al., 2022).

The major crops cultivated in Tennessee, such as soybean, corn, cotton, hay, and wheat, have varying
water requirements throughout their growth cycles. Historically, in West Tennessee, corn typically
utilizes 20 inches of water during its growth period. Given effective rainfall of 14 inches and a soil
water availability of 3 inches, the irrigation requirement for corn would be 3 inches. If an irrigation
system applies 0.5 inches per application, it implies that the field would need to be irrigated
approximately six times during the growing season to optimize yield (Leib & Grant, 2018). Based on
historical averages, soybean's water needs vary depending on its growth stage, necessitating between
0.5 and 1.5 inches of water per irrigation application (Leib, et al., 2018). Conversely, cotton
experiences a rapid increase in water use from 1.0 to 1.7 inches per week, with an average of
approximately 1.6 inches per week (Leib, et al., 2018). Considering the projections for the Obion
watershed, which indicate an average soil water content depletion of 0.35-0.52 inches in 2050 and
2090 (Figure 5), irrigation water use may rise by 33%-100%, depending on the specific crop types.
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Similarly, in the Nolichucky watershed, an average soil moisture depletion of 0.13-1.0 inches could
significantly increase irrigation water requirements for various crops in the future. Since irrigators
typically base management decisions on half the plant's available water, these changes can be critical
in agricultural management.

Soil Moisture Hotspots

To identify spatial water extreme hotspots, Python scripts and GIS were used to analyze field
capacity, critical ratio, and wilting point during the extreme months in the three time periods. In the
Obion watershed, soil moisture is lowest during the 2046-2055 period under both scenarios, with a
slight increase during the 2090-2099 period. In the Nolichucky watershed, there was a slight reduction
in soil moisture levels for both the RCP4.5 and RCP8.5 scenarios. Soil moisture hotspots in the west-
central Obion and western valleys of Nolichucky are the most extreme during the 2046-2055 period
for both scenarios (Figure 3-6). Previous study agrees with this research that croplands use the most
water in the soil and contribute to the low moisture hotspots in each watershed (Tao, et al., 2003). In
addition, it is observed that the forested mountains and clayey soils in the eastern region of

Nolichucky hold most of the soil moisture due to heavy precipitation.

SOIL MOISTURE HOTSPOTS (2046-55) - RCP4.5

SOIL MOISTURE HOTSPOTS (2046-55) - RCP8.5
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Figure 3-6 Soil Moisture Hotspots Extremes during 2046-55 for RCP4.5 & RCP8.5 Scenarios
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Despite their distinct characteristics, this comparison highlights the high-water risk for both
watersheds, particularly for croplands. Furthermore, the analysis revealed differences in water
extremes within each watershed based on land cover, emphasizing the need for tailored plans and
implementations that account for sub-regional variations.

3.4.4 Spatial Extremes' Impacting Factors

Soil moisture correlation analysis is done for RCP8.5 using SEM in IBM SPSS to identify factors
impacting spatial extremes (Figure 3-7). Croplands are a major area of concern due to potential
impacts on productivity and irrigation requirements, as indicated by the hotspot analysis.
Hydrological processes

Cropland soil moisture is significantly influenced by hydrological parameters, with field capacity
playing a key role (Korres, et al., 2010; Kim, 2013). In the Obion watershed, there is a high spatial
correlation (0.89) between soil moisture and field capacity, while in Nolichucky, the correlation is
lower (0.44) (Figure 6). Low soil moisture in Nolichucky's croplands may be due to factors such as
the low infiltration of runoff because of the presence of mountainous rock or reduced water-holding
capacity caused by the gradient. The Obion croplands have a negative correlation (0.04) between soil
moisture and water-holding capacity, indicating high water-holding capacity corresponding to low
porosity. Conversely, the Nolichucky croplands have a positive correlation (0.62) due to high porosity
in a closed aquifer scenario, allowing the mountainous rock to hold and reserve water. Hydraulic
conductivity did not show a significant relationship with soil moisture at the macro scale resolution in
either watershed. The hydrological processes show strong positive correlations (0.81 and 0.74) with
soil moisture in the Obion and Nolichucky watersheds, respectively, emphasizing the importance of
high field capacity and porosity in reducing the need for cropland irrigation, whereas hydraulic
conductivity might have minimal impact.

Soil Textures

Previous studies have highlighted the significant impact of soil and vegetation properties on soil
moisture variability (Srivastava, et al., 2021; Guzha, et al., 2018). In the case of the two watersheds

under consideration, cropland soil moisture shows a high correlation (0.53-0.57) with clay content,
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indicating high water holding capacity, which aligns with previous findings (Vories, et al., 2007).
However, Nolichucky cropland soil moisture also shows a mild correlation with sand content, which
can enhance water infiltration and storage. Other studies have also found a strong correlation between
soil moisture spatial pattern and sand content, similar to the Nolichucky watershed (Korres, et al.,
2010). Overall, soil textures have a significant impact on soil moisture, with clay content showing a
strong positive correlation in both watersheds. Thus, a high percentage of clay soils in croplands could
reduce irrigation requirements significantly in future water extreme scenarios.

Watershed Attributes

Several studies have shown that watershed attributes, such as slope and bedrock depth, have weak
correlations with soil moisture spatial variation (Zhu, et al., 2012; Qiu, et al., 2010; Korres, et al.,
2013). The Obion croplands exhibit a weak negative correlation between bedrock depth and soil
moisture, suggesting that the presence of bedrock at the top layers of alluvial soil may increase water
holding capacity. In contrast, the Nolichucky croplands show a weak positive relationship between
bedrock depth and soil moisture, indicating that the presence of bedrock at the top layers of rocky soil
may reduce intrusion and water content capacity. The Obion croplands also exhibit a weak negative
correlation of 0.24 between soil moisture and organic matter, while the Nolichucky croplands show a
mild positive correlation of 0.51. However, the negative correlation between soil moisture and organic
matter in the Obion croplands may be an anomaly due to the study's resolution. In general, the
presence of organic matter in alluvial soils may reduce water availability, while in rocky soils, it may
increase water content. In the Obion croplands, the slope has a mild negative correlation of 0.41 with
soil moisture, while there is no significant correlation in the Nolichucky croplands due to the high
gradient geographical system. Overall, watershed attributes have positive weak correlations with soil
moisture in the Obion and Nolichucky croplands. From the assessment, it is evident that the impact of
organic matter on irrigation may vary based on the specific cropland's soil type, whether it is alluvial
or rocky.

Based on the standardized regression analysis (Table 3-8), field capacity, percentage of clay soils, and

organic matter are the most important factors affecting crop irrigation.
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Table 3-8 Standardized regression estimates of Hydrological processes, Soil textures, and
Watershed processes with Soil moisture.

Groups Category Relationship Obion Nolichucky
Parameters (n=2421) (n=980)
r p r p
Soil Moisture Field 0.89  *** 0.44 ok
Capacity
Regression
) Soil Moisture Porosity -0.04 ek 0.62 ek
Correlations
Soil Moisture Hydraulic 0.02 0.16 -0.02 0.40
Conductivity
Hydrological : :
Porosity Hydraulic 0.38  *** 0.44 ok
processes o
Conductivity
Correlations
Field Capacity ~ Porosity 0.19  **x* 0.33 oAk
Field Capacity =~ Hydraulic 0.70  *** 0.00 0.92
Conductivity
Group Soil Moisture 0.81 0.74
Soil Moisture Sand -0.13 0.47 oAk
Regression : ) :
) Soil Moisture Silt 0.04 .03 0.18 ok
Correlations
Soil Moisture Clay 0.57  *** 0.53 HoHE
Soil textures Silt Clay -0.24  wxx 0.08 ok
Correlations Sand Silt -0.07  xx* 0.12 ok
Sand Clay -0.65  kxx 0.68 oAk
Group Soil Moisture 0.43 0.90
Soil Moisture Bedrock -0.10  H** 0.07 0.01
Regression
) Soil Moisture Organic -0.24 0.51 oA
Correlations
Matter
Soil Moisture Slope -0.41  Hk* 0.00 0.87
Watershed .
Slope Organic 0.06 002  0.13 HA*
attributes
Correlations Matter
Organic Matter ~ Bedrock -0.18  #xx 0.14  wx*E
Slope Bedrock -0.02 .29 -0.02  0.49
Group Soil Moisture 0.24 0.25
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Previous studies have suggested that changes in organic matter concentrations can have a significant
impact on land management practices and crop irrigation (Li, et al., 2019; Mbava, et al., 2020). As a
result, it may be worth exploring management strategies to regulate organic matter content in
croplands and assess whether this could potentially reduce the irrigation requirements during future
water extreme scenarios.

3.5 CONCLUSION
The predicted increase in temperature of 2.7-6.4°C and change in precipitation by 1-4% for both
watersheds in Tennessee is likely to have a significant impact on seasonal patterns and water balance.
Runoff extreme months suggest a shift in the growing season by a month from August-October to
July-September at Obion and from September-November to August-October at the Nolichucky
watershed. Such shifts in the growing season for the RCP-4.5 and RCP-8.5 scenarios are expected to
negatively impact future crop production. As the optimal temperature and precipitation season for
crop growth changes, extreme scenarios are likely to reduce crop yield. Furthermore, in both
watersheds, compared to the baseline scenario, the average soil moisture is decreasing, and the ranges
of monthly maximum and minimum values suggest a substantial number of extreme values below the
average wilting point in the top two soil layers, especially during the extreme months of August,
September, and October. Therefore, there is a significant risk of crop yield being impacted during this
growing period in the Obion and Nolichucky watersheds due to low soil water content.
High temperatures and low precipitation have a combined impact on soil moisture, as observed from
the hot moments. The Obion watershed experiences temperatures as high as 36-43°C during July-
August and precipitation approaching zero during August-October. This overlapping impact lowers
soil moisture below the average wilting point of croplands during the growing season, which could
potentially impact crop yields. In fact, during 2046-55, 34-46% of the growing season for Obion is
predicted to be below the average wilting point, highlighting the need for irrigation or the use of
water-efficient crops. It is also observed that the available water in soil before irrigation decreases
significantly for future scenarios, indicating a 60% increase in irrigation demand for the major crops

of Tennessee. The hotspot analysis revealed that the central part of Obion has the lowest moisture
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content, while the eastern region of Nolichucky has the highest. Forest land tends to have higher soil
moisture levels in both watersheds, whereas croplands have lower levels, emphasizing the need for
better soil moisture management strategies in croplands to ensure optimal crop production.

The statistical models reveal that certain hydrological process parameters, such as high field capacity
and porosity, can significantly reduce the need for irrigation in croplands. Similarly, the presence of a
high percentage of clay soils can also significantly reduce the water requirements in croplands. In
contrast, the correlations between the watershed attributes and soil moisture are weak, and the impact
of organic matter on irrigation requirements varies depending on the specific soil type in each
cropland. Therefore, the primary factors affecting the spatial extremes of cropland irrigation
requirements are likely to be field capacity, percentage of clay soils, and organic matter content.

The broader implication of the study would be implementing an effective management plan to
increase the organic matter content in croplands, which has the potential to significantly reduce
irrigation requirements during water scarcity in the future. Therefore, it is essential to conduct an
analysis of water-efficient crops and organic matter management techniques for extreme climate
scenarios in multiple watersheds following a similar methodology. However, a limitation of the study
is the unavailability of high temporal resolution data on soil moisture for multiple land covers within
the watershed, which could be conducted on another watershed with local measurements.
Incorporating such data could significantly improve the accuracy of future projections. Further
research should also focus on more localized aspects of climate change impacts, such as the lowering
of water reservoirs, increased agricultural irrigation demands, and severe bank erosion based on the

current findings, to ensure effective adaptation strategies are implemented.
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CHAPTER-4

FIELD-BASED INVESTIGATION OF SOIL MOISTURE DYNAMICS AND THEIR

INFLUENCE ON SHEAR STRESS AND ERODIBILITY COEFFICIENTS FOR

ENHANCED BANK EROSION PREDICTION
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RESEARCH QUESTION

How do temporal variations in naturally occurring soil moisture influence critical shear stress and the
erodibility coefficient of cohesive streambank soils?

ABSTRACT

Streambank erosion is a geomorphological process with significant implications for ecological and
socio-economic systems. This process is driven by dynamic interactions during high flows between
shear stress (t) and soil properties of resistance. Quantifying resistance requires determining critical
shear stress (t.) and an erodibility coefficient (K4), which are often considered static values. However,
limited research has indicated that seasonal soil moisture fluctuations may impact erosion resistance
parameters (t. and Kq) in natural settings, leaving critical gaps in understanding how these factors
interact dynamically. This study analyzed field-based measurements, offering insights into seasonal
soil moisture dynamics and their influence on erosion mechanisms in a real-world setting. Field-based
jet erosion tests (JET) were conducted on the banks of Conner Creek, Knox County, Tennessee, to
measure T. and Ky across varying soil moisture levels (0.10-0.39 m/m) under natural hydrological
conditions. The results reveal U-shaped quadratic trends in the relationships between SM and both t.
and K. Statistical correlations suggest these findings are significant, with coefficients of
determination (r?) of 0.61 for T.-SM and 0.51 for K4-SM, indicating moderate to strong fits. This
study emphasizes the critical role of soil moisture dynamics and highlights the distinct mechanisms
governing T, and Kqin influencing erosion processes. The findings provide a potential pathway for

improving erosion rate estimations if integrated into predictive models.
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4.1 INTRODUCTION
Bank erosion is a pressing geomorphological process that leads to infrastructure damage, socio-
economic disruption, and environmental degradation (Poesen, 2018). Driven primarily by
precipitation, soil water availability and increased flow rates (Vietz et al., 2018), bank erosion poses a
major soil degradation threat. Current projections of more extreme weather in the future, including
heavier and more frequent rainfall and runoff events, may accelerate this process, potentially
increasing global hydrological erosion rates by 30 to 66% (Borrelli et al., 2020). This escalation could
intensify sediment transport and destabilize riverbanks, further amplifying the risk of infrastructure
damage and ecological disruption, necessitating costly rehabilitation and conservation efforts (Durd et
al., 2020; Florsheim et al., 2008; Wynn and Mostaghimi, 2006). Advancing research into bank erosion
mechanisms and quantification is crucial for sustaining stream systems and developing effective and
integrated management strategies (Poesen, 2018; Sarker et al., 2011).
Streambank erosion occurs primarily due to three interconnected processes: fluvial erosion, mass
failures, and subaerial processes (Couper & Maddock, 2001). Fluvial erosion involves hydraulic
forces that remove soil and sediment from the bank face,
influenced by factors like flow depth, near-bank velocity, and boundary resistance (Saadon et al.,
2021; Sutarto, 2018). This erosion can undercut banks, leading to mass failures where gravity-driven
collapse occurs as shear strength diminishes due to changes in pore water content and pressure
(Lawler & Lawler, 1995; Pizzuto, 2009). Subaerial processes, which pre-condition banks for fluvial
erosion, include soil weakening and weathering from moisture fluctuations, impacting soil particle
cohesion (Simon & Rinaldi, 2000; Thorne & Tovey, 1981). However, subaerial processes remain
under-researched due to a lack of models incorporating drying and wetting cycles (Couper &
Maddock, 2001). Seasonal hydrograph shifts and changing soil moisture levels often drive these
cycles, underscoring the need for further study.
Erosion parameters like flow shear stress (), the soil erodibility coefficient (Kq), and the soil critical
shear stress (7.) are key drivers of fluvial erosion, influenced by channel morphology, soil properties,

and flow dynamics (Millar & Quick, 1998). While 7 varies with flow conditions and channel
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planform, 7. represents a threshold determined by bank material properties, such as particle size,
cohesion, and soil moisture (Duan, 2005; Yu et al., 2015). t.is generally treated as constant for a
given bank material in most models and equations, but seasonal flow variations and soil moisture
changes can dynamically influence both 7 and 7., directly affecting erosion estimates (Chen & Duan,
2006; Dietrich & Richards, 1987; Ferguson et al., 2003). Kq4, which reflects the susceptibility of bank
material to erosion once shear stress exceeds critical shear, depends on soil texture, moisture content,
and vegetation cover, and varies with hydrologic events and subaerial processes (Daly et al., 2015;
Moragoda et al., 2022; Wynn et al., 2008). Understanding the interactions between erosion parameters
and hydrologic conditions is crucial for predicting erosion rates, especially with seasonal shifts
affecting streambank stability (Saha et al., 2024; Schnauder & Sukhodolov, 2012). Various techniques
for estimating shear strength parameters include a rotating cylinder apparatus (Moore & Masch,
1962), hole erosion tests (HET) (Wan & Fell, 2004), cohesive strength meters (CSM) (Tolhurst et al.,
1999), and jet erosion tests (JETs), with JETs being the most typical means used for in-situ
measurements of Tc and Kd in recent literature. JET tests employ controlled water jet pressure to
assess erosion response (Hanson & Cook, 2004). However, JET outcomes can vary significantly
depending on field and laboratory conditions, requiring multiple test points to obtain reliable averages
that account for site-specific soil property variations (Akinola et al., 2019). These JET tests provide
shear stress and erodibility coefficient data, which are essential for accurately predicting streambank
erosion rates under varying soil water conditions.

Soil moisture plays a critical role in stream bank erosion by influencing soil resistance and erosion
rates (Larionov et al., 2018). Past studies showed that several factors, including the composition,
orientation, bulk density of the soil, and particle size distribution, influence the effect of water content
on soil erodibility (Grissinger, 1966a; Larionov et al., 2014). Dry soil exhibits a high erosion rate
because surface particles are loosely bound and easily detached due to surface cracks and weak
cohesion. As moisture increases to an optimal range (0.19-0.30 m/m), the erosion rate decreases
because matric suction enhances soil cohesion, stabilizing the soil structure and making particles less
prone to detachment (Allen et al., 1999; Nachtergaele & Poesen, 2002). Beyond this moisture

threshold, the erosion rate rises again as soils approach saturation, where the buildup of positive pore-
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water pressure reduces effective stress (6'=c—u) by pushing soil particles apart and weakening inter-
particle cohesion (Hanson & Simon, 2001). These alterations in shear strength make the soil more
susceptible to hydraulic forces, accelerating erosion rates (Moragoda et al., 2022). However, most
current erosion models do not fully account for these dynamic changes in shear strength due to
fluctuating soil moisture levels, particularly under seasonal variations. This relationship may be
important for improving bank erosion estimates, but further investigation is needed to confirm its
significance. In-situ JET tests are valuable for measuring real-time changes in K4 and t. across
moisture gradients, though their measurements are significantly influenced by soil moisture. While
wetter conditions generally increase particle detachment and erosion rates, there is an optimum
moisture range where erosion resistance is highest, whereas excessively dry conditions promote
erosion due to surface cracking and weakened cohesion (Hanson & Cook, 2004; Klavon et al., 2017b;
Simon et al., 2010).

Seasonal dynamics add complexity to bank erosion processes, as moisture variations throughout the
year influence soil cohesion. For example, in temperate climates, winter months often bring elevated
stream flows and high-water tables due to precipitation, which enhance erosion through increased
hydraulic pressures on the bank soil (Henshaw et al., 2013). Extreme precipitation events, exacerbated
by climate change, could intensify erosion rates by enhancing flow shear strength and flooding (de
Souza Dias et al., 2022; Grove et al., 2013; Zaimes & Schultz, 2015), which would rapidly raise soil
water content. However, the interpretation of bank erosion rates and their drivers remains challenging,
as temporal variability in parameters such as soil moisture and shear strength parameters are rarely
incorporated into models (Chassiot et al., 2020). Therefore, further research should focus on the
temporal effects on fluvial erodibility parameters, particularly in how soil moisture and seasonal
changes alter these coefficients, to refine predictive models and enhance the sustainability of
riverbank environments under evolving climate scenarios.

Although previous studies have examined the influence of soil moisture on erosion rate, shear stress,
or erodibility coefficients, many are limited to controlled laboratory settings and lack detailed field-
based assessments across naturally fluctuating soil moisture conditions (Grissinger, 1966; Larionov et
al., 2014; Moragoda et al., 2022). Although laboratory studies have advanced our understanding of
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erosion parameter estimates, they often fail to account for the variability introduced by soil-specific
properties and natural hydrological conditions due to limited data availability (Larionov et al., 2018;
Mabhalder et al., 2022). Seasonal soil moisture fluctuations, influenced by precipitation and stream
dynamics, could play a pivotal role in erosion processes. However, the extent to which these
relationships hold across varying soil types and environmental conditions is not well understood.
Research gaps persist in understanding how real-time seasonal changes in soil moisture impact these
critical erosion parameters in streambank settings, where moisture levels can vary significantly due to
natural hydrological processes.
The objective of this study is to establish a reliable relationship between seasonal soil moisture
variability and erosion resistance parameters, advancing our site-specific understanding of bank
erosion dynamics. This study directly addresses scientific gaps by examining the effects of seasonal
soil moisture variability on shear stress and erodibility coefficients using field-based JET tests in
natural streambank environments. It is important to recognize that the relationships between soil
moisture, shear stress, and erodibility coefficients are influenced by soil properties such as texture,
cohesion, and hydrological regimes. This underscores the need for localized assessments and
adaptability in erosion modeling approaches. By integrating in-situ jet test data with seasonal soil
moisture readings, this approach offers practical advancements for hydrological modeling and
environmental management by improving erosion rate predictions, and providing more reliable,
context-specific estimates than laboratory-based methods alone.

4.2 MATERIALS AND METHODS
4.2.1 Study Site Characteristics
The study sites selected for investigating soil moisture dynamics and their influence on shear stress
and erodibility coefficients are located along Conner Creek in Knox County, Tennessee (Figure 4-1).
Connor Creek's watershed, with a drainage area of 3.64 sq km, is located at approximately 35°56'15"
N latitude and 84°11' W longitude. The stream has a typical width of approximately 1.93 m with a
reach slope of 0.007 m/m. The watershed features diverse soil types, such as gravelly loam, loamy

sand, loam, and silty clay loam, with most streambanks dominated by silt loam. Landcover diversity
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includes pastures (10.8%), mixed forests (6.4%) of deciduous and evergreen species, and rapidly

urbanizing areas (81.0%) consisting of residential zones, schools, and commercial developments. This

urbanization has significantly altered natural hydrology by reducing infiltration and intensifying

stormwater runoff to the creek, increasing erosion potential.

The watershed experiences flashy hydrographs due to extensive impervious surfaces from urbanized

developments, which amplify runoff and lead to higher peak discharges and flow velocities during
storms. Flow depths recorded from the USGS field gauge at the creek exhibited a trend of almost no

flow during the dry season to a maximum of 1.62 m—nearing bankfull conditions during monsoon

over the past five years. The creek has a documented history of erosion, including bank undercutting

and sediment detachment during high-flow periods, particularly in urbanized sections . These erosion

issues at the creek in an urbanized environment provide an ideal setting to investigate how seasonal

soil moisture variability and hydrological changes influence erosion resistance. The interplay of urban

runoff, diverse soil properties, and variable landcover directly aligns with the study’s objective to

understand the relationships between soil moisture, shear stress, and erodibility coefficients.
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4.2.2 Study Design

This study employs a field-based methodology to investigate the temporal variability of volumetric
moisture content in soil water conditions and its influence on shear stress and erodibility coefficients.
To capture real-time soil moisture variations, a portable soil moisture digital meter was used during
field tests to allow measurements of soil water content at each test location and time, enabling
correlations between soil moisture and erosion parameters. During each JET test, the Spectrum Field
Scout TDR 300 Soil Moisture Meter was used for in-situ soil moisture measurements, providing
instantaneous readings of root-zone moisture using Time-Domain Reflectometry (TDR) technology.
The submerged JET test device (Figure 4-2) is commonly used to measure erosion rates in fine-
grained, in situ soils subjected to hydraulic forces (Hanson & Simon, 2001). This apparatus directs a
water jet with a known head (representing applied stress) onto the streambank, causing erosion to
occur at a measurable rate. As erosion progresses, the distance between the jet nozzle and the eroding
surface increases, which in turn reduces the applied shear stress. Over time, the erosion rate beneath
the jet diminishes asymptotically, eventually approaching zero (Daly et al., 2013; Hanson & Cook,

2004). By analyzing field data, the critical shear stress and erodibility coefficient of the soil can be

determined as the point where erosion ceases entirely.

Figure 4-2 The JET Device installed at the bank of Conner Creek, Knox County, TN
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The National Sedimentation Laboratory (NSL) designed mini-JET device is utilized in the field for
soil erodibility testing, which is a compact version of the standard JET apparatus. This JET device
was utilized at approximately 36 data points across the study sites with a pressure head of 8-12 PSI,
with measurements taken during different seasons throughout the year. These field measurements
were processed using the Blaisdell model to compute critical shear stress (7.) and erodibility
coefficients (K4) (Blaisdell et al., 1981). This model is selected as it provides better estimates of the
erosion parameters compared to other models(Mahalder et al., 2022).

Statistical analysis was performed by incorporating soil moisture measurements, critical shear stress,
and erodibility coefficients to assess trends and correlations. Scatter plots were generated to visualize
relationships among these variables, and statistical tests such as Least Squares Regression Analysis
were conducted to evaluate the strength and reliability of the observed trends.

The methodology for this study is summarized in a workflow diagram (Figure 4-3), illustrating each
step from data collection to analysis. This integrated methodology provides valuable insights into the
processes governing streambank erosion and supports the development of more accurate predictive

models.
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Figure 4-3 Methodology Flow Chart of the study.
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4.2.3 Data Collection

Bank materials, a key factor of bank stability, were identified using laboratory hydrometer tests as a

silt loam from the USDA soil texture category. The hydrometer analysis determined the soil

composition as 42.5% silt, 35.4% sand, and 22.1% clay. Variable critical shear stress and erodibility

coefficients were measured across 36 data points by employing in-situ JET devices under altering soil

water conditions. These estimates were derived using the Blaisdell method across a range of soil

moisture conditions (residual moisture of 9.5% to saturation of 39%) in 0.1-3.0% intervals to capture

variability in erosion behavior under different soil moisture scenarios. During each JET test, an In-situ

portable SM digital meter records soil moisture measurements with an internal logger and Bluetooth

technology. This methodology of continuous and small interval tests under varying soil moisture

conditions ensures robust and representative estimates of erosion parameters essential for

understanding the dynamics of soil moisture and erosion relationships. Table 4-1 summarizes the

input data sources, time duration, and their variability, which form the basis for understanding the

dynamics of streambank erosion and its dependence on soil water properties.

Table 4-1 Description of the input data sources

Data Type Duration Source Note

Bank materials May, 2024 Hydrometer Lab test Soil texture

Critical Shear October 2024 — In-situ JET test Estimated with Variation of

Stress September 2025 Measurements SM levels

Erodibility October 2024 — In-situ JET test Estimated with Variation of

coefficient September 2025 Measurements SM levels

Soil Moisture October 2024 — In-situ portable SM Ranges from dry to
September 2025 digital meter saturated conditions
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4.2.4 Statistical Analysis
Coefficient of Determination

Statistical analyses were conducted to evaluate the relationships between soil moisture levels and the
resulting shear stress and erodibility coefficients. Least Squares Regression Analysis was performed

to quantify the strength and direction of the relationships, using the following correlation coefficient

ranges: greater than 0.80 as very strong positive, 0.60—0.79 as strong positive, 0.40—0.59 as moderate
positive, 0.20-0.39 as weak positive, and 0-0.19 as very weak positive as described by different

studies (Jung et al., 2020).

2 SSRes
re=1-—-=—/7= 1
SSTot @

Here, y; are actual observed values, ¥, are predicted values from the model and y; are mean of
observed variables X and Y. Also, SSg.s = X.(¥; — ¥,)? are the sum of squares of residuals and SSr,;
=Y (y; — y)? are the total sum of squares. These analyses aimed to validate the observed relationships
between soil moisture, shear stress, and erodibility coefficients. These methods offer a framework to
establish the statistical strength and practical significance of the results.

Statistical Significance

To determine the statistical significance of the relationships between soil moisture levels and the
resulting shear stress and erodibility coefficients, we computed the p-values associated with the
correlation coefficients. The statistical significance of these relationships was assessed using a two-
tailed t-test, where the t-statistics were calculated as:

1rVNn—2 SSRes

b= SStot 2)

where r is the Pearson correlation coefficient, and n is the sample size. The statistical significance p-
value is calculated using the cumulative distribution function (CDF) of the t-distribution from t-

statistics and degrees of freedom, df = n-2.
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4.3 RESULTS AND DISCUSSIONS

4.3.1 Relationship Between SM with t. and Ka

The scatter plot of critical shear stress (t.) versus soil moisture (SM) exhibits a U-shaped trend, with
the right side of the curve slightly higher than the left in Figure 4-4a, which coincides with the shape
of past studies for silty clay loam soil (Akin et al., 2024; Singh & Thompson, 2016b). At low soil
moisture levels (close to 10%), T values are high (8.5 Pa), suggesting that the soil exhibits strong
resistance to shear forces in these conditions. As soil moisture increases to intermediate levels (20—
30%), T, decreases, reaching its lowest value of 0.06 Pa at about 24%. This indicates a significant
reduction in the soil's shear resistance, likely due to a reduction in inter-particle cohesion as moisture
increases. Beyond 30% soil moisture, T, rises again (9.06 Pa), reflecting increased resistance to shear
forces in highly saturated soils, potentially due to the effects of additional hydraulic energy required
to mobilize soil particles under saturated conditions. The observed erosion rate vs. soil moisture plot
(Figure 4c) shows a similar relationship pattern to other previous studies (Grissinger, 1966; Larionov
et al., 2014; Moragoda et al., 2022). The values along the x-axis of 7.~ 0 could be due to highly
erodible soil patches, disturbed soil structure, or measurement limitations in the JET test. Variability

in saturation, pore pressure effects, or instrument sensitivity might also contribute to these anomalies.

Critical Shear Stress, Tc (Pa)
Saturation
Saturation

Erodibility Coefficient, Kd (Cm3/N-s)

1
1
]
12 <|>
1
1
1
1
1
1
1
1
1
1
1
1
1
[}

0 5 10 15 20 25 30 35 40 45 0 5 10 15 20 25 30 35 40 45
Soil Moisture (%) Soil Moisture (%)

100

Erosion Rate (cm/min)
<&
Qo 0
%
o
<&
o o
00\
>

<
<

<

o
¢

Y A Y
Saturation

0 5 10 15 20 25 30 35
Soil Moisture (%)

IS
=)
»
o

Figure 4-4 The variability of (a) critical shear stress (t.), (b) erodibility coefficients (Kq), and
(c) erosion rate with dynamic soil water content
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The erodibility coefficient (Kq4) versus soil moisture (SM) plot shows a quadratic relationship in
Figure 4-4b, but it follows a U-shaped curve slightly different from t., where the left side of the curve
is higher than the right, similar to other lab studies (Larionov et al., 2014; Moragoda et al., 2022). At
low soil moisture levels (<15%), Kq values are relatively high, suggesting that, despite increased shear
resistance (t.), dry soil particles may still be susceptible to erosion due to localized weaknesses such
as surface cracks or dryness. When these cracks widen, intermolecular forces (van der Waals forces)
weaken due to the increasing distances between particles, making it more susceptible to particle
detachment (Larionov et al., 2018). As soil moisture increases to intermediate levels (15-30%), Kq
decreases, indicating lower susceptibility to erosion. This reflects a temporary stabilization in the soil
structure as moisture levels rise, reducing the ease of particle detachment. At higher soil moisture
levels (>30%), K4 increases again, indicating greater susceptibility to erosion in saturated conditions.
This trend corresponds to the elevated hydraulic forces acting on fully saturated soils, which weaken
soil cohesion and make particle detachment easier, even as T, values begin to rise.

This study highlights the interplay between soil moisture (SM), critical shear stress (t.), and
erodibility coefficient (Kq) to explain the observed erosion dynamics transitioning from unsaturated to
partially saturated, and fully saturated soils. In the vadose zone (unsaturated), pore-water pressure
(PWP) plays a pivotal role in controlling soil strength (Casagli et al., 1999). At low soil moisture
levels (near 10%), matric suction (negative PWP) (u.—uw) dominates, significantly enhancing
apparent cohesion (c,) and increasing T.. This is due to cohesion forces binding soil particles, resulting
in high inter-particle friction and increased resistance to hydraulic forces (Kemper & Rosenau, 1984;
Li et al., 2022). However, these conditions can also lead to localized weaknesses, such as surface
cracks, that increase Kq by making surface particles more susceptible to detachment (Tang et al.,
2020). This dual effect underscores the complex nature of erosion dynamics in dry soils, where high
shear strength coexists with localized erosion vulnerabilities.

As SM increases to intermediate levels (20—30%), matric suction diminishes, leading to reduced
cohesion and effective stress (Pandya & Sachan, 2020). This causes a drop in t., reflecting weaker

soil resistance. At the same time, K4 remains low due to the limited presence of positive pore-water
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pressure as the saturation of soil pores is incomplete, which restricts the transmission of hydraulic
forces that contribute to soil particle detachment (Dong et al., 2023). This intermediate state
represents a balance between suction-dominated and saturation-dominated conditions, where the soil
exhibits temporary stability with minimal erosion susceptibility.
When soil moisture approaches full saturation (35-40%), pore-water pressure transitions from
negative (matric suction) to positive, significantly altering soil properties. Positive pore-water
pressure reduces effective stress, weakening soil cohesion, and inter-particle friction. However, in
fully saturated soils, capillary cohesion and particle realignment enhance resistance to particle
detachment, requiring higher hydraulic energy to mobilize and detach particles, which increases tc as
the soil resists erosion under elevated hydraulic energy (Topgu et al., 2024). Experimental evidence
shows that t.increases under saturated conditions for fine-grained soils due to increased cohesive
forces from capillary tension and particle interlocking, which counteract the weakening effects of
positive pore pressure. At the same time, Kq increases with higher soil moisture content, indicating
greater susceptibility to erosion as the soil becomes more saturated. A recent study (Akin et al., 2024)
found that the relationship between Kgand soil water mass varies by soil type. For silty clay loam
(similar to this study), K follows a curvilinear U-shaped trend, reaching a higher value after reaching
optimum infiltration point (Hanson & Robinson, 1993). In contrast, other soils as sandy and clay loam
shows a linear increase in Kq with increasing infiltration.
4.3.2 Statistical Relationship & Correlations
The quadratic relationships derived from the plots of soil moisture dynamics with critical shear stress
(tc) and erodibility coefficients (Kq) are:

7. = 0.0002 X SM* — 0.02 X SM3 — 0.75 x SM? — 11.78 X SM + 70 3)

Ky = —0.00004 X SM* + 0.004 X SM3 — 0.14 x SM? — 1.31 x SM + 7.89 @)
The coefficient of determination (1) for the quadratic relationship between . and soil moisture is 0.75
(r=0.86), indicating a moderately strong fit, suggesting 75% of the variability in T, can be explained
by changes in soil moisture. This implies that soil moisture is a driver of critical shear stress but not

the sole determinant. For K4 and soil moisture, the 1 value is 0.52 (r=0.72), reflecting a moderate fit
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where 52% of the variability in Kq is attributable to soil moisture. The slightly lower r? for Kq
suggests a larger set of influencing factors, including localized hydraulic forces such as preferential
flow paths and seepage erosion, soil structural variability like aggregated versus dispersed soil
structures and layering effects, and micro-scale particle cohesion influenced by clay content, organic
matter binding, and electrochemical interactions between particles.

For the relationship between critical shear stress (t¢) and soil moisture (SM), the coefficient of
determination was 1> = 0.75, yielding a correlation coefficient of r = 0.86. With a sample size of 39,
the computed t-statistic was 10.43, corresponding to a p-value of 1.44 x 1072, Similarly, for the
relationship between the erodibility coefficient (Kd) and soil moisture, the coefficient of
determination was r2 = 0.52, with a correlation coefficient of r = 0.72. The corresponding t-statistics
were 6.37, yielding a p-value of 1.99 x 107", Since both p-values are significantly lower than
conventional significance thresholds (0.05, 0.01, and 0.001), the relationships between soil moisture
and both critical shear stress and erodibility coefficient are statistically significant. These findings
confirm that soil moisture variations have a substantial impact on bank erosion processes.

The residuals in both relationships indicate that other factors, such as soil texture and vegetation
cover, also contribute to the variability. These relationships could be employed to assess the altering
T. and Ky in relation to variable seasonal soil moisture dynamics in an erosion framework or model.

4.3.3 Relationship Between Kd and tc

Critical shear stress (7¢) is fundamentally governed by the shear strength of the soil, which is
determined by effective stress, cohesion, and frictional resistance (Hanson & Simon, 2001).
Conversely, the erodibility coefficient (Kq) measures how easily soil particles can be detached by
hydraulic forces, which depends more on the balance of cohesive forces at the particle scale and the
energy available for detachment (Simon & Collison, 2001). The relationship between 7. and K varies
significantly across soil moisture conditions, highlighting the distinct physical mechanisms governing
these parameters (Figure 4-5).

At low soil moisture levels (SM<20%), the relationship between 7. and K, is weak and less

significant, as reflected in the nearly flat or slightly positive trend. These conditions align with
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findings by Hanson & Simon (2001), who noted that cohesive soils in low-moisture environments
exhibit complex interactions between surface and subsurface processes. At intermediate soil moisture
levels (SM=20%-30%), the relationship between 7. and K4 shows an inverse trend. This range
represents a transition between suction-dominated and saturation-dominated states. This balance
between weakening cohesion and reduced detachment susceptibility reflects findings by Moragoda et
al. (2022), who observed stabilization of erosion resistance at moderate moisture levels. At high soil
moisture levels (SM>30%), the relationship between 7. and K4 shows a weak inverse trend. This
behavior aligns with observations by Thoman and Niezgoda (2008), who reported consistently high
K values in saturated cohesive soils. These findings highlight the multi-scale nature of erosion
dynamics, where both 7. and K4 respond differently to changes in soil moisture, pore-water pressure,
and soil structure. Understanding these dynamics is crucial for accurately modeling erosion processes
and designing effective management strategies for streambank stability. The distinct dependencies of
7. and K4 on soil conditions underscore the importance of treating them as independent parameters

when assessing erosion susceptibility.
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Figure 4-5 The relationship between critical shear stress (T.) and erodibility coefficients (Kq4) for
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4.4 CONCLUSIONS
This study presents a field-based analysis of the relationship between soil moisture (SM), critical
shear stress (t.), and the erodibility coefficient (Kq) and their role in streambank erosion processes.
The results confirm that both t. and Kqexhibit a U-shaped relationship with soil moisture, with high
values at extreme low and high moisture levels and a minimum at intermediate moisture conditions.
Field-based JET test conducted at 36 locations along Conner Creek, Knoxville, TN, captured soil
moisture variations ranging from 10% to 39% (0.10-0.39 m/m). The lowest 1. was observed at 24%
SM (0.06 Pa), while the highest t. values occurred at 10% (8.5 Pa) and 39% (9.06 Pa), indicating that
moisture extremes contribute to increased resistance against erosion. Similarly, Kd values exhibited
an inverse U-shaped trend, with a minimum occurring in the 15-30% SM range (K¢~ 2.1 x 1072
c¢cm?®/N-s) and increasing at both drier (Kq~= 8.99 x 107 cm3/N-s at 15% SM) and saturated conditions
(Kg=5.24 x 1073 cm?/N-s at 39% SM). Statistical analysis showed significant relationships between
soil moisture and both t. (r? = 0.75, p < 0.001) and Kq4 (1> = 0.52, p < 0.001), confirming that soil
moisture plays a substantial role in controlling bank erosion susceptibility. These findings provide
insights into the non-linear dynamics of soil moisture and their impact on erosion processes specific to
silty clay loam soil. The results emphasize that soil moisture is a critical driver of erosion
susceptibility, influencing both soil strength and the ease of particle detachment.
This study highlights the need to integrate soil moisture dynamics into erosion prediction models.
Most erosion models assume T to be constant for a given soil type; however, this study provides
evidence that t. and K4 vary dynamically with SM, particularly under seasonal and hydrological
fluctuations. Incorporating soil moisture-dependent t. and K4 values into predictive frameworks could
improve bank erosion estimates and enhance mitigation strategies for unstable streambanks.
While this study provides valuable insights, several limitations should be acknowledged. First, the
data used to derive the relationships between SM, 1., and K4 were constrained by spatial and temporal
variability, which may limit the generalization of the findings to other sites with different soil textures
or hydrological conditions. Future research should address these limitations by expanding data

collection to include diverse soil types, and hydrological regimes. Another promising direction for
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future research is developing more dynamic models that incorporate temporal changes in soil moisture
with variable critical shear stress (tc) and erodibility coefficients (Kg), which could improve
predictions of erosion susceptibility under changing climate conditions. In conclusion, this study
underscores the importance of soil moisture dynamics in shaping erosion processes and suggests a
possible means to improve erosion estimation models. By addressing the identified limitations and
building on the findings, future research can contribute to more effective erosion management

strategies and sustainable land use practices.
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CHAPTER-5

DYNAMIC EROSION MODELING OF STREAMBANKS: INTEGRATING SOIL

MOISTURE-BASED PREDICTIONS OF CRITICAL SHEAR STRESS AND

ERODIBILITY COEFFICIENTS INTO BSTEM
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RESEARCH QUESTION
Can erosion models better capture seasonal streambank erosion variability by integrating critical shear
stress (tc) and erodibility coefficient (Kd) as functions of dynamic soil moisture?

ABSTRACT

Improved prediction of streambank erosion requires reliable estimation of erosion resistance
parameters, critical shear stress (t¢) and the erodibility coefficient (Kq4), which are often assumed static
in conventional models. However, field conditions reveal that these parameters vary dynamically with
soil moisture. This study presents a modified approach to the Bank Stability and Toe Erosion Model
(BSTEM), incorporating field-derived polynomial relationships between soil moisture and 1.-Kq to
reflect real-time hydrologic variability. Sensitivity analyses of Manning’s roughness (n) for a range of
0.025 to 0.065 in both default and modified dynamic model showed variation of over 200 cm in
predicted retreat, indicating the importance of selecting correct value for erosion estimation. With the
calibrated manning’s n, dynamic model outputs were compared against traditional static approaches
under both dry and wet conditions. Statistical analysis demonstrated that the dynamic model achieved
higher p-values on both t-test and ANOVA (p > 0.79) and lower variance (Anova F < 0.08) at sites 1
and 3, outperforming static models especially during early and late-season soil moisture transitions.
These findings highlight the critical role of soil moisture in controlling erosion resistance and
demonstrate the value of integrating hydrologically responsive parameters into predictive frameworks.
This modified BSTEM approach offers both improved accuracy and enhanced process realism and
can serve as a scalable modeling tool for streambank management under dynamic environmental

conditions.
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5.1 INTRODUCTION
Streambank erosion is a complex and dynamic process primarily influenced by variations in flow
conditions, soil moisture, and geotechnical properties (Fox & Wilson, 2010; Simon & Collison,
2001). It commonly occurs on the cut bank in meandering rivers or channels, where hydraulic forces
interact with vulnerable bank materials (Gaskin et al., 2003). The interplay between hydrological
forces and soil characteristics, including water content, cohesion, slope, and root reinforcement,
makes accurate erosion prediction challenging. As climate change intensifies, alterations in
precipitation patterns (both extreme rainfall and increased dry periods) and streamflow regimes are
expected to shift the timing and magnitude of erosion events (Biron et al., 2014). This highlights the
importance of considering dynamic hydrologic drivers in erosion estimation framework which may
offer improved predictive insight. Such additions to models may allow better predictions of erosion
timing and magnitude, as well as the development of more effective strategies to mitigate streambank
failure and sediment-related impacts.
Erosion models often rely on constant values for critical shear stress (t.) and erodibility coefficient
(Kq), which may not reflect the temporal variability of soil properties under field conditions. This
assumption can introduce significant uncertainty, particularly in parameters 1. and Kq, which are
known to fluctuate with changes in soil water content (Larionov et al., 2014; Moragoda et al., 2022),
soil structure—such as aggregation, compaction, and layering (Clark & Wynn, 2007; Fox & Wilson,
2010; Rinaldi & Darby, 2007) and other environmental factors including temperature, pH and
vegetation cover (Akinola et al., 2019; Daly et al., 2015; Hoomehr et al., 2018; Simon et al., 2010).
Among these, soil moisture plays a particularly dynamic role by altering matric suction and pore
pressure, which directly affect soil cohesion and resistance to detachment (Hanson & Robinson, 1993;
Li et al., 2022; Moragoda et al., 2022; Simon & Collison, 2001; Singh & Thompson, 2016b).
One widely used erosion model is the Bank Stability and Toe Erosion Model (BSTEM). BSTEM
applies static values of 1. and K4 (Simon et al., 2000) derived from single-condition tests conducted
during either wet or dry seasons. This approach may result in overestimation or underestimation of

lateral bank retreat under varying hydrological conditions, as 7. and K4 values may be unusually high
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or low depending on the seasonal conditions at the time of testing (Daly et al., 2015; Simon et al.,
2010). BSTEM has been shown to predict lateral bank retreat inaccurately, particularly when it does
not account for delayed water table response. The rapid decline in near-bank pore-water pressures
under such conditions can falsely increase modeled bank stability (Midgley et al., 2012). Soil
moisture directly affects pore-water pressure (PWP), where increased saturation raises positive PWP,
reducing effective stress (¢’ = ¢ — u) and weakening soil cohesion and erosion resistance (Simon &
Collison, 2001). Integrating soil moisture—based variability into t. and Kqmay improve the predictive
accuracy and reliability of BSTEM, particularly in the context of seasonal dynamics (Daly et al.,
2015; Klavon et al., 2017a; Moragoda et al., 2022).

Building on the limitations discussed in the previous section, it is essential to understand how
sensitive BSTEM predictions are to both geotechnical and hydraulic parameters under natural
variability. Several studies have demonstrated BSTEM’s sensitivity to key input variables such as soil
cohesion, internal friction angle, and Manning’s n, all of which significantly influence predicted
erosion rates and lateral retreat (Klavon et al., 2017a; Midgley et al., 2012). For instance, Parker et al.
(2008) reported that variability in soil parameters, such as effective cohesion (c') ranging from 0 to
3.10 kPa and internal friction angle (¢") from 22.4° to 41.1°, exhibited a direct relationship with the
factor of safety (FoS), while saturated unit weight (y), varying between 18.6 and 19.3 kN/m?, showed
an inverse relationship with FoS in streambank stability simulations. Midgley et al. (2012) showed
that using default or even site-measured soil parameters often underpredicted erosion unless
specifically calibrated for cohesion, friction angle, and erodibility. Another study further emphasized
that BSTEM’s predictions of retreat and failure mechanisms are highly sensitive to erosion resistance,
and hydraulic conditions (Konsoer et al., 2016).

These findings reinforce that BSTEM’s accuracy is highly contingent on how well field-specific
parameters are captured, including those that are known to vary seasonally. Yet, in practice,
parameters like tc and Kd are typically input as fixed values despite their documented sensitivity to
environmental factors. Daly et al. (2015) demonstrated that calibration of T¢ and Kd was critical for
improving erosion predictions. Sensitivity studies have shown that changes in pore-water pressure
(Cancienne et al., 2008) and matric suction (Pollen-Bankhead & Simon, 2010) exert major impacts on
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modeled factors of safety and erosion rates (estimated with t. and Kg). Given its direct influence on
matric suction and pore-water pressure, soil moisture plays a particularly dynamic role in modulating
effective stress, making it a key driver of variability in 1. and Kg, and thus a critical factor in
streambank erosion modeling (Moragoda et al., 2022; Simon & Collison, 2001; Singh & Thompson,
2016b). This underscores the need for incorporating dynamic soil moisture conditions into erosion
models to better reflect real-world variability and improve prediction.

Field studies (Larionov et al., 2018; Moragoda et al., 2022) have shown that erosion parameters such
as critical shear stress (1c) and the erodibility coefficient (Kd) exhibit non-linear, often U-shaped,
relationships with soil moisture. At intermediate moisture levels, erosion resistance tends to be lowest,
while higher resistance is observed in extremely dry soils due to matric suction or in saturated
conditions due to increased hydraulic demand for particle mobilization. Similar patterns have also
been observed in other studies that demonstrated how moisture extremes influence soil shear strength
(Allen et al., 1999; Li et al., 2022; Nachtergaele & Poesen, 2002). Therefore, it is necessary to
investigate whether explicitly incorporating this variability into erosion models can enhance their
ability to predict streambank retreat under dynamic hydrologic conditions.

Despite this understanding, many models including BSTEM continue to apply t. and K4 as fixed
values based on singular condition measurements (Daly et al., 2015; Klavon et al., 2017a; Simon &
Rinaldi, 2000), which limits their capacity to represent temporal variability under real-world
conditions. Chapter 4 of this study further established the measurable soil moisture-based
relationships affecting erosion dynamics. Earlier studies also showed that incorporating soil moisture
can improve the estimates of bank erosion rates (Konsoer et al., 2016; Parker et al., 2008). By
integrating soil moisture—based functional relationships, this study advances a process-based
modification to BSTEM that improves model realism, supports decision-making, and enables scenario
testing under changing hydrological regimes.

The review above reveals key limitations in the current modeling approaches. Static representations of
7. and Kgq, derived from wet or dry season tests, fail to capture the temporal variability observed in
field conditions (Daly et al., 2015; Khanal et al., 2016; Moragoda et al., 2022). While BSTEM
provides a process-based framework, its predictive accuracy may be limited when key dynamic
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drivers such as soil moisture variability are not explicitly incorporated, a knowledge gap that needs to
be investigated. Another overlooked but critical variable is Manning’s n. Often treated as a calibration
parameter, Manning’s n significantly influences near-bank hydraulic shear stress and can affect lateral
retreat predictions (Klavon et al., 2017a). This study explores whether incorporating soil moisture—
driven variability in 1. and Kg, along with evaluating the sensitivity of Manning’s n, can improve
BSTEM’s predictive capability under fluctuating hydrological conditions. The objectives of the study
are to- 1) develop a dynamic erosion modeling approach for streambanks in BSTEM by incorporating
soil moisture-based predictions of critical shear stress (tc) and erodibility coefficient (Kd) and ii)
assess the sensitivity of the modified BSTEM model to variations in dynamic soil moisture-based 1.
and K4 with Manning’s n, aiming to improve model accuracy for lateral retreat predictions based on a
case study for a Tennessee Ridge and Valley stream.

5.2 MATERIALS AND METHODS
5.2.1 Study Site Characteristics
Connor Creek, located in Knox County, Tennessee, was selected as the field site for investigating
dynamic soil moisture—driven variations in streambank erosion processes (Figure 5-1). The watershed
drains an area of approximately 3.64 km? and is geographically situated at 35°56'15" N latitude and
84°11' W longitude. The creek exhibits a typical bankfull width of approximately 1.93 meters and an
average reach slope of 0.007 m/m, representing a small, low-gradient stream.
The streambanks are primarily composed of silt loam, underlain by soil textures including gravelly
loam, loamy sand, loam, and silty clay loam. The watershed is heavily urbanized, with 81.0% of the
area characterized by impervious surfaces associated with residential, educational, and commercial
developments, while 10.8% consist of pasture and 6.4% of mixed deciduous and evergreen forests.
This urbanization has substantially disrupted the natural hydrologic cycle, reduced infiltration rates
and increasing runoff volumes, leading to more frequent high-flow events and elevated shear stresses

on the streambanks.
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Figure 5-1 Location of bank erosions at the selected study site in Knoxville, Tennessee
a. Elevation, and b. Land Cover.

Hydrological monitoring at a USGS field gauge has shown that Connor Creek exhibits highly variable
hydrographs, with flow depths ranging from negligible baseflows during dry seasons to peaks of 1.62
meters during storm events, nearing bankfull conditions. Over the past five years, these flashy storms
have resulted in documented cases of severe bank undercutting, mass wasting, and accelerated
sediment detachment, particularly in urbanized sections of the creek. Field measurements documented
seasonal variations in soil moisture (SM) at the study site, ranging from as low as 9.5% during
extended dry periods to approximately 39% under saturated conditions. The strong contrasts in
seasonal SM conditions, combined with urban-driven hydrological variability, directly support the
study’s objectives: to integrate dynamically varying critical shear stress (1) and erodibility coefficient
(Kq) estimates into the BSTEM framework, moving beyond conventional static parameter
assumptions. Thus, Connor Creek serves as a natural laboratory for testing soil moisture—based
dynamic erosion modeling strategies intended to enhance resilience planning under future hydrologic
regimes.

Bank Erosion Sites

Three bank erosion sites have been selected at the Hardin Valley of Connor Creek, Knoxville, TN.
After a thorough survey of the creek, erosion sites with tension cracks were identified. Using a
measuring rod, three bank sites have been profiled using sub-sections across at a maximum interval of

1 ft (Figure 5-2).
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Figure 5-2 Bank and cross-section profiles for the selected sites.
5.2.2 Study Design

This study develops a dynamic erosion modeling framework by integrating soil moisture—based

predictions of critical shear stress (t¢) and erodibility coefficient (Kd) into the Bank Stability and Toe

Erosion Model (BSTEM). In-situ Jet Erosion Tests (JETs) were conducted at 36 field locations to
measure t¢c and Kd under varying soil moisture conditions, with estimates processed using the
Blaisdell method. Soil moisture ranged from a residual content of 9.5% to saturation levels around
39%, allowing the capture of erosion behavior across realistic seasonal variability. Measurements
were collected at 0.1-3.0% SM intervals to refine sensitivity to changes in hydrologic conditions.
Relationships between SM, 1., and K4 were established based on seasonal field data collected at
Connor Creek, TN (Chapter 4). The quadratic relationships derived from the plots of soil moisture
dynamics with critical shear stress (t.) and erodibility coefficients (Kq) are:

7, = 0.0002 X SM* — 0.02 X SM3 — 0.75 X SM? — 11.78 x SM + 70 (1)

Ky = —0.00004 X SM* + 0.004 X SM3 — 0.14 X SM? — 1.31 x SM + 7.89 (2)
Modifications will be made to the core model architecture of BSTEM to enable dynamic integration
of soil moisture—based predictions for critical shear stress (t.) and erodibility coefficient (Kq),

replacing conventional static parameterization. Specifically, quadratic relationships derived from

empirical field data between soil moisture and erosion parameters will be embedded into the model’s
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computational framework. To support this dynamic functionality, an additional soil moisture input

column will be incorporated into the time-series worksheet of BSTEM, allowing real-time variation of

1. and Kq during the simulation period. Custom coding adjustments will ensure the model reads and

applies the evolving soil moisture conditions to update erosion resistance properties at each time step,

enhancing the model’s ability to capture seasonal and event-driven variability in streambank erosion

processes.

A sensitivity analysis was performed by varying Manning’s n for both the bank face and toe to

evaluate how hydraulic roughness influences modeled lateral retreat under dynamic t. and Kgq

conditions. Manning’s n values ranging from 0.025 to 0.065—consistent with literature-reported

ranges for bare streambanks—were applied in the dynamic BSTEM simulations. The same range of

Manning’s n values was also used for simulations employing the default BSTEM configuration with

static Tc and Kd values derived from wet- and dry-season JET test measurements. Simulated total

lateral retreat from each scenario was compared against field-observed retreat measurements at the

Connor Creek study sites.
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The Manning’s n range yielding the closest match to channel characteristics was selected for three
modeling approaches as dynamic, Static A (Average WL condition- SM 17%), and Static B (High
WL condition- SM 33%). For the Manning’s n range, simulated lateral retreat rate (Lateral retreat per
day, cm/day) over the selected periods of erosion transitions were extracted to evaluate whether the
dynamic model captured seasonal erosion trends more accurately compared to static scenarios over a
one-year period. Model performance was assessed using statistical metrics, including t-test and
ANOVA, to quantify improvements associated with dynamic soil moisture—based modeling relative
to conventional static approaches. This methodology is summarized in the workflow diagram (Figure
5-3), providing a clear outline from field measurements to BSTEM dynamic modeling, sensitivity
analysis, and validation against observed data.

5.2.3 Data Descriptions

To develop and simulate the dynamic version of the Bank Stability and Toe Erosion Model (BSTEM),
a comprehensive dataset was compiled, encompassing bank geometry, soil materials, channel
hydraulics, flow conditions, and erosion-resistance properties. Table 5-1 summarizes the sources and
nature of these input parameters. Bank geometry was obtained from detailed cross-section surveys
using station-elevation readings with measuring rods, while the thickness and configuration of five
soil layers were derived from in-field vertical profile measurements. Soil texture classifications for
each layer were determined via hydrometer analysis conducted in the laboratory.

Table 5-1 Description of Input Data Sources for Dynamic Erosion Modeling

Data Type Description Source

. Station and elevation ) ) )
Profile Cross-sections ) Field survey with measuring rod
with top of toe

. Five (5) layers ending

Bank Layer Thickness In-field Profile Measurement

at base of bank toe

_ Soil texture of five (5) _

Bank materials Hydrometer Laboratory Analysis

layers
Water Flow (m?/s) Hourly USGS Station and Field Gauge
Bank erosion Three (3) Bank Sites Erosion pin field monitoring
Soil Moisture Three (3) Bank Sites In-situ SM sensor network
Precipitation (mm) Hourly USGS Station 03535618
Temperature (°C) Hourly Oak Ridge Weather Station
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Channel flow data was generated through simulations in the SWMM hydrologic model, calibrated
using hourly streamflow records from USGS and field gauge stations. Critical shear stress (tc) and
erodibility coefficient (Kd) values were not input as constants but computed dynamically from
quadratic regression equations developed in Chapter 4, using time-series soil moisture data collected
at three monitoring sites. These dynamic tc and Kd estimates were then applied across model time
steps to reflect seasonal variability in bank resistance. Model performance was subsequently validated
against in-field erosion pin measurements of lateral retreat collected between October 2023 and
September 2024.

Soil Water Content

In this study, soil moisture sensors were installed at a depth of 3 feet at all three streambank erosion
monitoring sites along Connor Creek. Measurements were collected continuously from October 2023
to September 2024, capturing seasonal soil moisture dynamics over a full annual cycle. The recorded
soil water content is plotted in Figure 5-4, illustrating temporal variability across the sites. Values
ranged from 0.10 m*/m?, representing the driest streambank conditions, to 0.39 m?*/m? under the
wettest conditions. These measurements encompass the full range of field-observed moisture
extremes and were used to parameterize the dynamic tc and Kd relationships integrated into the

erosion modeling framework.
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Figure 5-4 Soil water content of streambank sites at Connor Creek
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Erosion Lateral Retreat

To quantify streambank erosion at the study locations, erosion monitoring was conducted using a
network of three (3) steel erosion pins installed at the toe, face, and lip of each streambank site. The
pins were embedded horizontally into the bank at benchmarked positions to serve as fixed references
for measuring bank material loss over time. Initial measurements were recorded in June 2023, with
subsequent readings collected periodically until September 2024. Because initial soil disturbance from
pin installation may affect early readings, the first few months of data are typically excluded.
Therefore, lateral retreat estimates were derived from changes observed between October 2023 and
September 2024 (Table 5-2).

The total lateral retreat at each site was assessed by comparing changes in exposed pin lengths from
their original benchmark values. This data captured seasonal erosion trends across varying
hydrological conditions and soil moisture scenarios and was used to validate both dynamic and static
BSTEM simulations. The observed changes in lateral retreat over the one-year monitoring period are
illustrated in Figure 5-5.

5.2.4 Erosion Model BSTEM

Multiple models are available for streambank erosion prediction, including CONCEPTS
(Conservation Channel Evolution and Pollutant Transport System), CCHE2D, Delft3D, HEC-RAS,
and BSTEM (Bank Stability and Toe Erosion Model) (Abdul-Kadir & Ariffin, 2012; Klavon et al.,
2017b; Langendoen et al., 2001; Saha et al., 2019). Among these, BSTEM is particularly suited for
this study due to its capability to simulate streambank erosion using coupled geotechnical and
hydraulic processes, and more recently, its capacity to incorporate dynamic, time-series inputs.

Table 5-2 Description of the Bank sites

Erosion Coordinates Pin Benchmarks (In)

Sites Latitude Longitude Bank Toe Bank Face Bank Lip
1 35.937290 -84.181260 1.40 1.20 1.40

2 35.936730 -84.182690 1.70 1.10 1.00

3 35.936260 -84.183860 1.30 1.20 1.50
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Figure 5-5 Temporal Trends of Streambank Lateral Retreat at Three Monitoring Sites
Modeling Framework

The BSTEM (Bank Stability and Toe Erosion Model) simulates streambank erosion by evaluating two
primary processes: toe fluvial erosion and geotechnical mass failure (Figure 5-6). These processes
operate sequentially at each time step. At start of timestep, the model performs toe erosion of the
streambank. The updated bank geometry is then used to compute the bank’s stability via the factor of
safety. If the bank is deemed unstable (Fs < 1), mass failure occurs, modifying the geometry. If the
bank remains stable (Fs > 1), the model progresses to the next step. This iterative structure allows the
model to dynamically simulate erosion over time, accounting for the interplay of fluvial and
geotechnical processes and their feedback on bank geometry and resistance.

Parameter Initialization and Input Structure

In the default setup, critical shear stress (tc) and erodibility coefficient (Kd) are obtained from single-
condition field Jet Erosion Tests (JETs). These values are assumed to remain constant throughout the
simulation. In contrast, the dynamic configuration developed in this study derives ¢ and Kd from
quadratic relationships with soil moisture, as established in the previous chapter. Time-series soil
moisture measurements from field sensors are input into the model, and the derived equations
dynamically update 1. and K4 at each timestep. All other model inputs such as bank geometry, water
level, flow data, and soil characteristics are derived from detailed field measurements. Bank geometry
is determined from cross-sectional surveys, and the soil profile includes measurements of layer
thickness, cohesion, and friction angle. Groundwater elevation and water level data are used to
compute porewater pressures that influence both geotechnical stability and hydraulic erosion.
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Toe Fluvial Erosion Component

The fluvial erosion rate (ER) at the toe of the bank is estimated using the relationship:

ER = Kd = (r — 1)

The applied shear stress is computed as:

Y XAXS
B P

T

€)

where 1 is the applied shear stress, tc is the critical shear stress, and Kd is the erodibility coefficient.

4)

where v is the unit weight of water (9807 N/m?), A is the cross-sectional flow area, S is the channel

slope, and P is the wetted perimeter. Once the erosion rate is computed, the erosion distance (ED)

over a time step At is given by:

ED = ER * At

Bank Stability and Mass Failure Module

)

Once the bank toe has been eroded, BSTEM evaluates the stability of the bank using a factor of safety

(Fs) based on limit equilibrium methods. Mass failure is predicted when Fs < 1.

The factor of safety is calculated as:

(6)
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where R is the resisting force and D is the driving force. The resisting force includes soil shear
strength and reduction due to porewater pressure:
R = X [Weight * Cos(8) * Tan(¢) — Porewater Force] (7
Driving forces incorporate gravitational forces acting on the bank geometry and confining angles:
D =X [Weight * Sin(0) - Confining Force * Sin (a - 0)] (®)
Here, 0 is the failure plane angle, ¢ is the internal friction angle, o is the confining force angle, and
Weight is the self-weight of soil acting on the failure plane.
Confining Forces
Confining Force accounts for horizontal resistance acting against failure along the plane. In saturated
soil conditions, the confining force is primarily hydrostatic and is calculated as:
F, =y, Xh, XA &)
Here, ¥, = unit weight of water (9.807 kN/m?), h,, = depth of water acting laterally (e.g., stream level
relative to failure surface), A = area of the confining surface exposed to water pressure.
Porewater Forces
In the unsaturated ("vadose") zone, the porewater pressure is estimated by capillarity, referred to as
matric pressure, suction or tension. Porewater pressure (W) is calculated at the center of each soil
layer based on static water pressure below the groundwater table as
Uw =VYw X h (10
Here py, h and vy, are porewater pressure (kPa), head of water (m) and unit weight of water (9.807
kN/m?).
PWF = —-9.807 x [GW — (LTE — 0.5 % (LTE — LBE)] (11)
Here, LTE, LBE are Layer top and Bottom elevations of soil, and GW is the groundwater level.
Groundwater Elevation
Groundwater elevation is estimated using modified Richard’s 1D infiltration equation considering two
scenarios. When groundwater is the maximum elevation considering stream level,

(2 x Seepage + 1) X (MaxElev.—MinElev.) (12)
1+ At X Ks X SAT x (MaxElev.—MinElev.)

GW = MinElev.—
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If the estimated groundwater is less than the minimum elevation and seepage is false,
GW = Min Elevation (13)

When Groundwater is not at the maximum elevation considering stream level,

(2 x Seepage + 1) X (MaxElev.—MinElev.) (14)

GW = Max Elev. —
AX BYV-T T At x Ks x SAT x (MaxElev. —MinElev. )

If the estimated GW is greater than the maximum elevation and seepage is true,
GW = Max Elevation (15)

Here, K = Saturated Hydraulic conductivity, SAT= Saturation coefficient and Seepage is -1 for True

and O for false scenarios.

Limit Equilibrium Failure Modes

BSTEM integrates two equilibrium failure modes: horizontal layering and cantilever collapse. For
horizontal layers, the factor of safety is calculated using the equation:

_1(ciLi + (ug — mw)ili tan @ + [W; cos B — pgiLi + P cos(a — B)] tan ¢;) (16)
i1(W;sinp — P;sin[a — B])

Fs:

where c' is effective cohesion, L is failure plane length, pa and pw are pore-air and pore-water
pressures, @b is the unsaturated friction angle, W is soil weight, P is hydrostatic pressure, and  and o
are slope angles. For cantilever failures, where b = 90°, the factor of safety becomes:

t=1(ciLi + (g = pw)iLitan ] + [Py sin @ — pg;L] tan @f) (17)
I W, + P;cos a)

Fs=

Failure Volume Estimation
The lateral retreat of the streambank is calculated as:
LR = Current Geometry X — Initial Geometry X (18)
Finally, the erosion volume is estimated to understand the total volume of soil loss from the banks
using the equation:
E,=(X*Z)*ED (19)
where (X * Z) represents the eroded cross-sectional area of the bank estimated from the current

geometry.
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5.2.5 Hydrological Model SWMM

Multiple hydrological models are available for simulating flow scenarios at watershed and local
scales, including SWMM, VIC, HEC-HMS, and Arc-SWAT (Ghaneeizad et al., 2018; Saha et al.,
2019). For this study, the Storm Water Management Model (PCSWMM 5.0.0.13) was selected due to
its widespread acceptance in urban watershed modeling and its ability to represent complex hydraulic
systems. Stream cross-section transects and node elevations were updated based on detailed field
surveys to ensure geometric accuracy. Each sub-catchment was delineated and updated with observed
land cover, including impervious surfaces from urban development.

The SWMM model was configured to use the dynamic wave routing method, which solves the full
Saint-Venant equations to simulate unsteady flow conditions with high accuracy (Rossman, 2006).
For infiltration, the modified Green-Ampt method was adopted to better represent initial abstraction
and variable infiltration capacity during low-intensity rainfall events (Nye & Heineman, 2016). The
model was calibrated using observed streamflow data at a downstream gauge to replicate the existing
flow regime. Simulated outputs from SWMM-—specifically, streamflow elevations—were extracted
at the three bank erosion sites and used as hydrologic input for erosion modeling throughout the year.

5.2.6 Statistical Assessment of the Modified Model

To evaluate the predictive performance of the modified erosion model, a statistical comparison is
conducted between observed and simulated lateral retreat values across three field sites. Four standard
statistical metrics are employed to assess model prediction accuracy as Coefficient of Determination
(R?), Root Mean Square Error (RMSE), Mean Absolute Error (MAE), and Nash—Sutcliffe Efficiency
(NSE). These metrics were chosen to capture both the accuracy of the predicted magnitude and the

fidelity of the temporal erosion patterns relative to field observations.
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Coefficient of Determination (R?)
Coefficient of Determination (R?) is estimated from the squared Pearson correlation coefficient,

quantifies the degree of linear association between modeled and observed values

Y —P) (x; — %) 2

) VI = 92 - X (x; — %)?

Root Mean Square Error (RMSE)

RZ

(20)

Root Mean Square Error (RMSE) evaluates the typical magnitude of prediction error, with greater

weight on larger deviations.

RMSE = @1)

Mean Absolute Error (MAE)

Mean Absolute Error (MAE) captures the average absolute difference between modeled and observed

values, giving equal weight to all errors.
1 n
MAE == |yt - xi| (22)
i=1

Nash-Sutcliffe Efficiency (NSE)

Nash-Sutcliffe Efficiency (NSE) indicates the relative magnitude of residual variance compared to

observed data variance. Values closer to 1 suggest better model performance.

?:1(yi - xi)z

NSE =1-— —
Lt —y)?

(23)

Here, x is the predicted data, y is the observed data, n is the total number of events observed. These
performance metrics are calculated at selected time events reflecting meaningful changes in erosion
behavior, to more effectively capture the models’ ability to predict both the magnitude and timing of
erosion events. for a robust evaluation of model realism under variable soil moisture and flow

conditions.
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5.3 RESULTS
5.3.1 SWMM Model Outputs
Model Outputs
The hydrological model SWMM is calibrated from 01 Jan-30 June 2021 with a time step of 5 minutes
(Figure 5-7). The calibration uncertain parameters used in the model are sub-catchment width (ft),
imperviousness (%), storage imperviousness (%), storage perviousness (%) and zero imperviousness
(%). The model is calibrated with the observation point of the flow gauge downstream. The model
calibration shows NSE of 0.57 and correlation coefficient (R) of 0.78.

Model Flow depths

Time-series flow depths were derived for each erosion location using the calibrated SWMM model.
These depths serve as essential hydrodynamic input data for estimating erosion along the streambanks
in BSTEM model. Figure 5-8 illustrates the modeled water depths across three erosion sites from
October 2023 through September 2024. The site-1 shows frequent and intense inflow events
throughout the winter and early spring months, with depths often exceeding 0.8 m, suggesting a flashy
hydrologic response. Site-2 exhibits a similar seasonal pattern, though with slightly weakened peaks.
Meanwhile, Site-3 shows greater variability in flow depth, with notable peaks not only in late fall and

early spring but also during late summer, possibly linked to convective storm activity.

Calibrated Flow (m3/s) = « = - Observed Flow (m3/s)
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Figure 5-7 Calibration of flow downstream of Connor Creek watershed
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Figure 5-8§ SWMM Model derived flow depths at each bank erosion sites
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5.3.2 Impact of Roughness in Erosion Retreat

To evaluate the sensitivity of erosion predictions to hydraulic roughness, simulations were conducted
at three field sites across a range of Manning’s n values (0.025 to 0.065) (Figure 5-9). Lateral retreats
(LR) were estimated in BSTEM using three modeling approaches: (i) Dynamic, with soil moisture-
responsive 1. and Kg; (i1) Wet Static, using constant parameters under wet conditions (t. = 0.58 Pa, K4
= 3.52 cm?*/N-s); and (iii) Dry Static, using dry condition values (1. = 1.41 Pa, K4 = 6.03 cm?/N-s).
Across all three study sites, modeled lateral retreat (LR) exhibited a consistent inverse relationship
with Manning’s n, though the degree of sensitivity varied by site and model configuration. This
variation is influenced by several site-specific characteristics, including differences in streambank
geometry, stream elevation, and the range of soil moisture dynamics at each location. For instance,
Site-1 has a moderately steep and concave bank profile with a mid-range toe elevation, where erosion
is concentrated in a vertical zone, explaining the requirement of mid-range roughness value. Site-2
presents the steepest bank with a sharp toe and high bank height, making it more susceptible to
concentrated shear stress and overprediction at low roughness values. Site-3 features a gently sloped
and wide bank, distributing flow energy more evenly and leading to smoother and consistent retreat
responses across Manning’s n values.

These geometric differences shape how flow interacts with bank materials, influencing the
effectiveness of erosion resistance parameters. On the context of erosion parameters, the dry static
model, characterized by low t. and Kg, requires lower n values to maintain sufficient boundary shear
stress and match observed retreat. In contrast, the wet static model, with higher t. and Kg, necessitates
higher n values to suppress flow energy and mitigate overestimation caused by its greater erodibility.
The dynamic model showed more consistent and stable behavior across the roughness range by
adjusting 1. and Kqin response to level of soil moisture variations, reducing reliance on n
compensation. These findings emphasize that while modeled retreat decreases with increasing
roughness, the scale and sensitivity of this response depend on how flow dynamics interact with site-
specific geometry and parameter variability, highlighting the utility of dynamic modeling for

improving predictive confidence.
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Figure 5-9 Modeled lateral retreat sensitivity to manning’s n under dynamic and static soil
moisture conditions at three streambank erosion sites
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5.3.3 Impact of Soil Moisture on Temporal Erosion Prediction

To evaluate the accuracy of temporal erosion prediction, three modeling scenarios as dynamic, Static
A (Average WL condition), and Static B (High WL condition), were assessed using field-observed
lateral retreat at three sites over a one-year period (Table 5-3). These scenarios were compared at
three different Manning’s n values (0.045, 0.050, 0.055), selected based on typical roughness values
for channel characteristics as earth, winding, stones, and weeds (Chow, 1959). This assessment
explores how dynamic and static values of 1. and Kq affect erosion prediction accuracy across varying
hydrologic and roughness conditions.

At Site-1 (Figure 5-10), the dynamic model at Manning’s n = 0.055 demonstrated the best agreement
with observed retreat rates across all erosion transitions, supported by the highest NSE (0.91), lowest
RMSE (0.61 cm), and MAE (0.40 cm), indicating minimal error and strong alignment with observed
erosion behavior. At n=0.045 and 0.050, although the dynamic model consistently overpredicted
total retreat, it captured the initial and late season sharp erosion transitions at the correct timing. The
static A model underestimated erosion during drier months during the initial erosion transition, while
the static B model consistently underpredicted during all period of erosion transitions. At Site-2
(Figure 5-11), none of the modeling approaches accurately replicated observed retreat across all three
erosion periods, but the static B model at Manning’s n=0.055 showed the relatively best performance
(COD = 0.81), though NSE remained negative (—0.76), reflecting poor temporal prediction overall.
All models captured the early erosion event, but the dynamic model failed to reproduce the magnitude
and underpredicted at high Manning’s n range. Model performance at Site-2 remained weak across
the accepted n values, and the closest match occurred at n = 0.035, which falls outside the expected
range for the site’s channel characteristics. At Site-3 (Figure 5-12), the dynamic model at n=0.045
provided the most accurate timing and magnitude match across erosion phases, supported by the
highest NSE (0.96) and lowest RMSE (0.50 cm) and MAE (0.29 cm) among all models. All models
captured the initial retreat surge, but only the dynamic and static A tracked the rate of change closely.
In the final period, the dynamic model produced a second erosion peak, while the static models failed

to match the response accurately.
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Table 5-3 Statistical comparison between observed and modeled lateral retreat rates across
different Manning’s n scenarios and modeling approaches.

Dynamic Static A StaticB  Dynamic Static A Static B Dynamic Static A Static B
Sites  Tests

(0.045) 0.045)  (0.045)  (0.050) (0.05) (0.05) (0.055) 0.055)  (0.055)

COD () 0.87 0.92 0.91 0.76 0.97 0.94 0.95 0.97 0.93
RMSE (cm) ~ 72.40 0.63 2.03 54.02 0.89 227 0.61 1.68 2.69

1
MAE (em) 5635 0.42 1.63 39.27 0.70 1.83 0.40 1.34 2.20
NSE 127246 0.90 0.00 -708.03 0.81 0.25 091 0.32 0.75
COD () 0.77 0.84 0.68 0.74 0.80 0.64 0.70 0.50 0.81
RMSE (cm) 328 56.91 5.69 3.55 50.15 82.24 3.69 33.63 61.92

2
MAE (cm)  2.60 39.50 2.53 2.84 36.20 47.37 2.97 12.18 43.85
NSE 112 63824  -5.38 -1.49 49542 -1334.02  -1.69 22232 -755.89
COD (%) 0.96 0.81 0.90 0.84 0.93 0.76 0.94 091 0.77
RMSE (cm)  0.50 10.60 1.15 247 0.71 391 3.16 1.90 3.58

3
MAE (cm) 029 7.66 0.87 2.06 0.51 3.24 2.61 1.50 2.93
NSE 0.96 1645 0.80 0.05 0.92 -1.38 -0.55 0.44 -0.99

In summary, the dynamic model showed superior capability in replicating erosion transitions,
particularly during the early (Dec’23—Jan’24) and late (Aug—Sep’24) erosion periods. This was most
evident at Site-1, where dynamic predictions aligned closely with observed retreat rates and timing,
especially at Manning’s n = 0.055. In contrast, Site-2 did not exhibit improved performance under the
dynamic formulation since the closest match occurred near n=0.035, which falls outside the expected
range for the site’s channel characteristics, limiting its validity. Static scenarios also performed poorly
within the accepted roughness range, particularly in representing cumulative retreat, indicating a
better calibration of the roughness. At Site-3, dynamic modeling at n=0.045 yielded better agreement
than statics, accurately capturing early erosion rise and maintaining reasonable estimates through drier
conditions. Overall, the findings support that dynamic modeling improves temporal erosion
prediction, but the benefit is maximized only when paired with appropriate hydraulic roughness

values calibrated to site-specific conditions.
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Figure 5-10 Comparison of modeled and observed cumulative lateral retreat at Site-1 under
dynamic, Static A, and Static B scenarios at Manning’s n = 0.045, 0.050, and 0.055.
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Figure 5-11 Comparison of modeled and observed cumulative lateral retreat at Site-2 under
dynamic, Static A, and Static B scenarios at Manning’s n = 0.045, 0.050, and 0.055.
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Figure 5-12 Comparison of modeled and observed cumulative lateral retreat at Site-3 under
dynamic, Static A, and Static B scenarios at Manning’s n = 0.045, 0.050, and 0.055.
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5.3.4 Performance Assessment of Modified Model

To evaluate temporal prediction accuracy, modeled lateral retreat for three scenarios—dynamic, static
B, and static A, based on 1., and K4 parameterization was compared to field-measured values over a
one-year period (Figure 5-13). At Site-1, the dynamic model closely tracked the observed retreat
pattern, particularly capturing both early (Dec 2023—Jan 2024) and late (Aug—Oct 2024) erosion
peaks. While the Static B model approximated the trend during the early phase, it slightly
underpredicted the final months. The Static A model consistently underperformed, underestimating
throughout the year. These trends are consistent with the statistical performance metrics, where the
dynamic model yielded the highest accuracy (R? = 0.95; RMSE = 0.57 cm; NSE = 0.92), confirming
its ability to respond to transitional soil moisture conditions. At Site-2, none of the models performed
reasonably. While the Static B model had a relatively better statistical match (R? = 0.77; NSE = 0.47),
all models failed to replicate the magnitude of the early erosion peak and underestimated the sharp
retreat rise near the end. The dynamic model notably underpredicted erosion from January through
September 2024 and only approached the observed values in October. This mismatch in both timing
and magnitude is evident in the lower NSE (0.36) and R? (0.66), indicating limited responsiveness of
the model under site-specific conditions. At Site-3, all models successfully captured the initial retreat
surge (Nov—Jan), followed by a stabilization phase and eventual late-season increase. The dynamic
model remained the most balanced, with the lowest MAE (0.30 cm) and highest NSE (0.96). Static
models closely tracked the general pattern but both models slightly overpredicted during the final
phase.

In summary, the dynamic model incorporating time-varying t. and K4 based on soil moisture
provided the best temporal accuracy at Site-1 and Site-3 by capturing both the magnitude and timing
of key erosion transitions (Table 5-4). At Site-2, all scenarios demonstrated difficulty in reproducing
observed erosion transitions. Model performance varied by site, and while static models could
approximate total retreat under specific conditions, they were less consistent in capturing the observed
progression of erosion over time. These results underscore the importance of incorporating soil

moisture variability in erosion modeling when temporal dynamics are critical.
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Figure 5-13 Time-series comparison of modeled and observed lateral retreat under dynamic,
wet static, and dry static T—Kq conditions
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Table 5-4 Performance metrics of static and dynamic erosion models
based on observed lateral retreat events

Sites Scenarios R? RMSE (cm) MAE (cm) NSE
Dynamic 0.95 0.57 0.32 0.92
Site-1 Static A 0.92 0.64 0.40 0.91
Static B 0.93 0.66 0.53 0.90
Dynamic 0.66 1.80 1.36 0.36
Site-2 Static A 0.60 2.39 1.91 -0.12
Static B 0.77 1.64 1.31 0.47
Dynamic 0.96 0.50 0.30 0.96
Site-3 Static A 0.92 0.84 0.61 0.89
Static B 0.95 0.86 0.68 0.88

5.4 DISCUSSIONS

Across all three study sites, Manning’s n exhibited a strong inverse relationship with predicted lateral
retreat, with model outputs varying by over 200 cm as hydraulic roughness increased from 0.025 to
0.065. This degree of variability was consistent across both dynamic and static 1.—Kq scenarios,
confirming that manning’s n is a dominant control in erosion modeling uncertainty, particularly when
field-calibrated values are unavailable. To better understand the statement, when a total Manning’s n
is specified in BSTEM, the model internally estimates the grain roughness component (ng) using
Strickler’s equation for individual soil grain size (Chow, 1959) and adjusts the effective boundary
shear stress using ng = no (ng’ / n*). This correction isolates the grain-scale roughness contribution,
allowing the model to more accurately compute the effective boundary shear stress acting on the bank
surface. As a result, the sensitivity analysis revealed that even small changes in Manning’s n directly
alter the distribution of shear stress, and lead to large differences in predicted lateral retreat across all
sites, highlighting how roughness directly governs erosion potential. While the models were run
across a range of Manning’s n values, this was done intentionally to evaluate how sensitive lateral
retreat predictions are to hydraulic roughness under both static and dynamic t—Kg4 configurations.
This approach provides insight into how different scenarios with variable resistance approach interact

with channel roughness to affect retreat estimates.
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Soil moisture dynamics may have played a critical role in influencing the timing and intensity of
observed lateral retreat across all sites. During early retreat at Site-1 (Dec’23—Jan’24), a rapid rise in
soil moisture matched the sharp erosion that only the dynamic model captured at a closer time to the
observed. Through the mid-period (Feb—Jul’24), soil moisture declined rapidly and raised again,
requiring parameter flexibility that static models could not accommodate. In the late season (Aug—
Sep’24), as moisture dropped again, the dynamic model captured the corresponding change in retreat
magnitude, aligning closely with observations. At Site-2, during the early erosion spike (Dec’23—
Jan’24), soil moisture increased sharply and could have triggered a surge in retreat, which all model
failed to account. However, in the mid-season (Feb—Jul’24), soil moisture sharply declined and then
rose again, and static models A and B underpredicted retreat due to their reliance on constant 1. and
K4 values unrepresentative of such transitions. In the late season (Aug—Sep’24), when moisture rose
again, dynamic model best captured the observed erosion response. At Site-3, during the initial
erosion event (Dec’23—-Jan’24), soil moisture rapidly rose from 0.20 to over 0.30 m*/m?,
corresponding to an erosion peak. Through the mid-period (Feb—Jul’24), as soil moisture declined
slightly and remained stable, both Static models overpredicted retreat due to fixed resistance
parameters. Finally, in the late season (Aug—Sep’24), when soil moisture rebounded, the dynamic
model responded with a second erosion peak accurately, underscoring the need to simulate real-time
moisture variability.

Significant variability in lateral retreat sensitivity across sites could also likely due to differing bank
geometry characteristics such as slope angle, bank height, and concavity. Previous studies have
documented that steeper and higher banks generate higher stress concentrations near the bank toe,
intensifying erosion at these critical locations (Midgley et al., 2012; Rinaldi & Darby, 2007). For
example, Site-3 exhibited pronounced sensitivity due to its steeper geometry and elevated soil
moisture, where erosion transitions were closely tied to seasonal wetting. The dynamic model aligned
well with observed retreat when matched with an appropriate Manning’s n. In contrast, Site-2
exhibited a sharply concave bank profile with a steep lower face and narrow toe zone, which likely
restricted shear stress distribution and delayed modeled retreat response. This confined geometry
limits the ability of both static and dynamic models to initiate toe erosion and translate boundary
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stress into progressive lateral retreat, resulting in poor overall agreement despite capturing the late-
season peak. Conversely, gentler, sloped banks like Site-1 allowed for more predictable shear stress
distribution, where the dynamic model captured temporal changes in erosion effectively at a site-
appropriate roughness. These geometry-driven variations directly influence the interaction between
hydraulic roughness and boundary shear stress, affecting the optimal Manning’s n necessary to match
observed erosion. Consequently, accurate characterization of bank geometry is crucial when selecting
roughness parameters, as geometry and roughness jointly dictate how shear stress distributes along
streambank surfaces, directly influencing erosion potential and retreat patterns.

The temporal evaluation of modeled and observed lateral retreat further highlighted this advantage.
Integrating time-varying t. and Kq based on measured soil moisture enhanced the model’s ability to
reciprocate the magnitude of seasonal erosion event dynamics. Notably, sudden bank erosion events
following sharp rise or fall in soil moisture, such as in January 2024 and July 2024, were most
accurately captured by the dynamic model. These events represent transitional conditions where
changes in soil moisture directly alter 1. and Kg, shifting the bank material from more resistant to
more erodible states, thereby intensifying lateral retreat. Static models, represented to either dry or
wet conditions of 1. and Ky, struggle to simulate the dynamic erosion transitions during the opposite
conditions or to incorporate sudden changes in the soil water conditions. This suggests that soil
moisture dynamics serve as a critical driver in the streambank erosion process, enhancing resistance
under certain conditions by increasing soil strength, while also accelerating erosion when thresholds
are reduced during saturation or drying transitions.

Seasonal and episodic hydrologic events, such as storm-driven rapid infiltration, sudden wetting
fronts, and prolonged drought conditions, strongly impact soil moisture dynamics, and consequently
soil erosion (Simon et al., 2011; T. M. Wynn et al., 2004). The observed temporal mismatches
between static model predictions and actual erosion events in this study emphasize the critical
importance of incorporating event-scale hydrologic inputs into erosion models. Static
parameterizations struggle to accurately predict erosion during transitional hydrologic periods,

particularly when rapid changes in moisture alter erosion resistance parameters abruptly. The dynamic
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model demonstrated superior temporal performance in capturing rapid shifts in soil cohesion and
erodibility at Sites 1 and 3, particularly during transitional soil moisture conditions.

In fluvial erosion modeling, three fundamental factors—boundary shear stress (hydraulically
controlled by Manning’s n), critical shear stress, and erodibility coefficient (both soil strength
parameters), independently and interactively influence erosion processes. Specifically, Manning’s n
governs the hydraulic component by modulating boundary shear stress as a function of streamflow
depth and roughness, whereas soil moisture-driven variations in 1. and Kqreflect temporal shifts in the
strength and erosion resistance of bank materials. Lammers et al. (2017) demonstrated through a
sensitivity analysis in BSTEM that Manning’s n is one of the most influential parameters, after
streambank geometry, affecting streambank retreat predictions, contributing up to 8.8% of variability
for erodible cohesive (silty) soils. In comparison, the erodibility coefficient (Kd) and critical shear
stress (tc) contributed 5.3% and 4.8%, respectively. These findings are supported by current study
that hydraulic roughness and erosion resistance parameters play a substantial role in erosion modeling
and should be carefully characterized or calibrated, especially in heterogeneous field conditions.

5.5 CONCLUSIONS

This study evaluated the dynamic behavior of critical shear stress (1) and the erodibility coefficient
(Kq) as functions of soil moisture and integrated these relationships into the BSTEM framework to
improve streambank erosion modeling. Field-derived quadratic relationships between soil moisture
with tc and Kd were incorporated into a modified version of BSTEM, allowing erosion resistance to
respond dynamically to hydrologic variability. The modified dynamic BSTEM model outperformed
static configurations by more accurately replicating the timing and scale of observed retreat patterns.
While Manning’s n remained a dominant factor in model sensitivity—causing retreat variability up to
200 cm across tested ranges (n = 0.025-0.065), the inclusion of soil moisture-driven 1. and K4 notably
reduced overestimation or underestimation of erosion under fixed parameter input. At Site-1 and Site-
3, dynamic LR matched observed retreat closely across months at intermediate n values (0.045—
0.055), reflecting realistic channel resistance. Quantitative performance evaluation confirmed that the

dynamic model achieved higher goodness-of-fit across metrics (R?> 0.95; RMSE < 0.60 cm) and
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lower error spread compared to static models, particularly during early and late-season erosion
transitions. Static models either delayed erosion transition or missed late-season surges depending on
their t.—Kq4 assumptions. In contrast, Site-2 remained less predictable for all configurations, likely due
to complex bank geometry that limits toe stress translation and delays retreat initiation. This suggests
that optimal performance of the dynamic model is achieved when Manning’s n is aligned with site-
specific channel characteristics.

Recommendations for future work include expanding this approach to other soil types, dominant with
clay and sand, to test the generalizability of the derived relationships. In addition, long-term
monitoring across diverse hydro-climatic zones would allow for refining and validating moisture—
erosion functions under a broader range of conditions. Future assessments should also consider how
roughness calibration and spatial variability in soil texture may influence the robustness of dynamic
1—Kaq relationships. Ultimately, this study demonstrates that coupling soil moisture data with erosion
resistance parameters can significantly advance the temporal accuracy and process realism of

streambank erosion modeling.
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CHAPTER-6

SUMMARY AND CONCLUSIONS
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This dissertation investigated the interplay between soil moisture dynamics and streambank erosion
processes, addressing critical knowledge gaps in erosion modeling under temporally and spatially
variable hydrological conditions. The work was structured into three core studies that collectively
explored soil moisture extremes, their influence on erosion resistance parameters, and the
development of a dynamic erosion modeling framework.

Chapter 3 focused on the spatio-temporal variability of soil moisture extremes across geophysically
distinct watersheds in Tennessee. Results revealed that climate-induced variability in precipitation and
temperature patterns significantly alters soil moisture dynamics, contributing to both prolonged dry
spells and increased instances of saturation. Spatial heterogeneity in soil water responses was linked
to watershed physiography, highlighting the necessity of region-specific analyses when projecting
hydrological risks under future climate scenarios.

Chapter 4 advanced the understanding of erosion resistance by examining the influence of seasonal
soil moisture variations on critical shear stress (t.) and the erodibility coefficient (K4) at natural
streambanks. Field-based JET test conducted across a range of soil moisture conditions demonstrated
statistically significant nonlinear relationships between soil moisture and both t. and Kq. Specifically,
U-shaped trends were identified, with reduced erosion resistance at both low and high soil moisture
extremes, and enhanced resistance at intermediate moisture levels. These findings confirmed that
treating 1. and Ky as static parameters in erosion modeling may overlook key variability driven by
hydrologic conditions.

Chapter 5 integrated these empirical insights into a modified BSTEM model. Using field-derived
polynomial functions of 1. and K4 with soil moisture, dynamic erosion modeling was conducted
across three monitored sites. Compared to traditional static parameter scenarios, the dynamic model
improved the accuracy of seasonal erosion predictions in cohesive silty clay streambanks. Sensitivity
analysis demonstrated that while Manning’s roughness (n) remains the most influential parameter in
lateral retreat estimation, incorporating dynamic 1. and Kq significantly reduced variance and
enhanced the model's responsiveness to changing hydrologic conditions. The findings were further
supported by performance comparisons using observed retreat data, showing that the dynamic model
better captured erosion timing and magnitude, particularly under transitional soil moisture regimes.
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This dissertation made several novel contributions to the field of streambank erosion modeling by
explicitly incorporating soil moisture dynamics into the estimation of erosion resistance parameters. It
demonstrated, for the first time at field scale, that t. and K4 exhibit nonlinear responses to naturally
varying soil moisture, with reduced resistance observed at both dry and saturated extremes. The study
developed and validated a modified BSTEM framework that integrates these dynamic 1. and Kq
functions, significantly improving the accuracy of modeled lateral retreat compared to static
parameter approaches. By coupling real-time soil moisture variability with resistance parameters, this
work enhances temporal dynamics in erosion modeling and provides a modified tool for more reliable
streambank stability assessment under changing hydrologic conditions.

Building on these findings, future research should aim to generalize the soil moisture—erosion
relationships across a broader range of soil types, including clays, sands, and mixed textures, to assess
the universality of the developed functions. Long-term monitoring assessments are also recommended
to capture interannual trends and improve model robustness under flashy peaks or extreme hydrologic
events. Additionally, expanding the dynamic parameterization to mass failure modules and other

erosion prediction frameworks could facilitate broader application in stream restoration design.
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APPENDIX

Appendix A-1 Temperature Frequency percentiles of Obion Watershed
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Figure A-1 Annual and monthly temperature trends and frequency percentiles of Obion
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Appendix A-2 Temperature Frequency percentiles of Nolichucky Watershed

ANNUAL TEMPERATURE (°C) -RCP 4.5 (20% Increase-2.5°C) - NOLICHUCKY
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Figure A-2 Annual and monthly temperature trends and frequency percentiles of Nolichucky
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Appendix A-3 Precipitation Frequency percentiles of Obion Watershed
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Appendix A-4 Precipitation Frequency percentiles of Nolichucky Watershed
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Appendix A-5 Connor Creek Jet Test Estimates

Table A-1 Comparison of field-derived and function generated critical shear stress and
erodibility coefficients in relation to real-time soil moisture

Sites SM (%) 1. (Pa) K (Cm3/N-s) Pred 7. (Pa) Pred K (Cm3/N-s)
1 29.00 0.102 6.18 0.86 4.87
29.00 0.125 3.72 0.86 4.87
3 29.00 1.344 4.01 0.86 4.87
4 29.00 0.061 7.69 0.86 4.87
5 33.00 3.715 4.20 1.88 6.25
6 33.00 0.580 3.52 1.88 6.25
7 18.00 1.661 7.63 1.18 6.72
8 21.80 3.853 3.08 1.00 5.22
9 19.30 0.349 6.70 1.06 6.13
10 26.70 0.172 2.25 0.87 4.58
11 25.50 0.358 4.16 0.91 4.58
12 29.30 0.099 8.14 0.88 4.93
13 23.30 0.201 7.85 0.98 4.85
14 26.70 4.298 1.95 0.87 4.58
15 30.40 0.567 1.65 1.00 5.23
16 39.00 12.450 8.53 11.21 9.78
17 35.70 0.128 8.63 4.37 7.69
18 18.50 0.024 6.88 1.12 6.48
19 32.50 0.006 8.49 1.62 6.02
20 36.00 7.389 8.41 4.79 7.87
21 13.70 0.142 11.59 2.99 8.96
22 9.70 10.077 12.12 9.06 10.81
23 23.20 0.831 5.65 0.98 4.87
24 16.40 0.411 6.58 1.52 7.52
25 13.90 0.490 9.02 2.83 8.85
26 17.20 1.408 6.03 1.32 7.11
27 17.90 0.927 8.83 1.20 6.77
28 10.80 7.650 7.55 6.75 10.38
29 9.50 10.344 12.16 9.54 10.89
30 13.10 6.156 5.96 3.54 9.27
31 35.10 5.959 7.42 3.63 7.34
32 33.30 3.156 6.52 2.06 6.39
33 27.70 1.146 4.92 0.84 4.66
34 37.60 8.196 9.04 7.66 8.87
35 29.20 2.237 4.02 0.87 491
36 30.10 2.612 6.00 0.95 5.14
37 36.00 3.542 8.34 4.79 7.87
38 33.60 3.047 6.43 2.26 6.54
39 35.10 0.007 9.21 3.63 7.34
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Appendix A-6 Erosion rate from JET test estimates

Table A-2 Erosion rate estimated from the field-derived critical shear stress, erodibility

coefficients and boundary shear stress

SM (%) 1. (Pa) K (Cm?/N-s) 70 (Pa) ER (cm/min)
9.50 10.344 12.160 366.57 25.99
9.70 10.077 12.122 376.41 26.64
10.10 7.650 7.551 273.75 12.06
13.10 6.156 5.964 307.97 10.80
13.70 0.142 11.590 376.41 26.17
13.90 0.490 9.022 273.75 14.79
16.40 0411 6.583 342.19 13.50
17.20 1.408 6.027 273.75 9.85
17.90 0.927 8.831 376.41 19.89
18.00 1.661 7.625 342.19 15.58
18.50 0.024 6.880 239.53 9.89
19.30 0.349 6.703 376.41 15.12
21.80 3.853 3.080 166.54 3.01
23.20 0.831 5.648 464.50 15.71
23.30 0.201 7.852 178.43 8.40
25.50 0.358 4.160 273.75 6.82
26.70 0.172 2.249 273.75 3.69
26.70 4.298 1.950 166.54 1.90
27.70 1.146 4917 342.19 10.06
29.00 0.061 7.690 342.19 15.79
29.00 0.102 6.181 51.33 1.90
29.00 0.125 3.720 205.31 4.58
29.00 1.344 4.005 256.64 6.13
29.20 2.237 4.024 273.75 6.56
29.30 0.099 8.142 35.69 1.74
30.10 2.612 6.003 273.75 9.77
30.40 0.567 1.649 273.75 2.70
32.50 0.006 8.491 273.75 13.95
33.00 0.580 3.522 239.53 5.05
33.00 3.715 4.197 273.75 6.80
33.30 3.156 6.522 273.75 10.59
33.60 3.047 6.431 273.75 10.44
35.10 0.007 9.211 307.97 17.02
35.10 5.959 7.419 273.75 11.92
35.70 0.128 8.630 376.41 19.48
36.00 3.542 8.345 273.75 13.53
36.00 7.389 8.408 233.15 11.39
37.60 8.196 9.045 273.75 14.41
39.00 12.450 8.525 222.42 10.74
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Appendix A-7 Sieve Test Analysis

Table A-3 Sieve test for site-1 streambank soil

Sieve + Cumulative Cumulative Cumulative
Sieve Sieve Mass
Soil mass Percent Percent
No. Mass Retained
Mass retained (g) retained (%)  passing (%)
10 433.56 433.62 0.06 0.06 0.17 99.83
18 430.32 431.07 0.75 0.81 2.29 97.71
25 329.96 330.59 0.63 1.44 4.06 95.94
60 273.81 284.39 10.58 12.02 33.92 66.08
100 262.8 275.33 12.53 24.55 69.27 30.73
140 257.24 264.01 6.77 31.32 88.37 11.63
Pan 368.45 372.57 4.12 35.44 100.00 0.00
200 35.44 100.00
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Appendix A-8 Hydrometer soil analysis parameters

Table A-4 Experimental Parameters for Organic Sediment (OS) Sample

Parameter Value Unit Description
X4 40 g/L Desired concentration of dispersed solids
Va 125 mL Volume of dispersing solution
Cqa 5 g/L Concentration of dispersing agent
Cn 0.5 g/L Concentration of modifier
G; 2.7 - Specific gravity of solids
a 0.99 - Correction factor or absorptivity coefficient
Mass of OS 100.02 g Initial dry mass of organic sediment
W residue 35.44 g Mass retained on sieve after washing
Waoo 64.58 g Mass passing through 200 sieve mesh
Wa200/Wo 0.65 - Fraction of soil finer than #200 sieve
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Appendix A-9 Hydrometer soil lab test estimates

Table A-5 Hydrometer test for site-1 streambank soil texture

Time T Unit Hydro Temp Actual  Depth K Particle  Particle  Total
(min) (°C) mass pw  meter Adjust H. L (cm) D (mm) Percent Percent
(g/em’) R (g/L) m Reorr Finer Finer
0.074 0.646 64.58
0.5 19 0.99841 45 -0.155 40.345 9.7 0.01361  0.060 0.399 39.93
1 19 0.99841 44 -0.155 39345 99 0.01361  0.043 0.389 38.94
2 19 0.99841 44 -0.155 39345 99 0.01361  0.030 0.389 38.94
4 19 0.99841 44 -0.155 39345 99 0.01361  0.021 0.389 38.94
8 19 0.99841 43 -0.155 38.345 10.1 0.01361  0.015 0.380 37.95
15 19 0.99841 43 -0.155 38.345 10.1 0.01361  0.011 0.380 37.95
30 19 0.99841 41 -0.155 36.345 10.4 0.01361  0.008 0.360 35.97
60 19 0.99841 39 -0.155 34.345 10.7 0.01361  0.006 0.340 33.99
920 19 0.99841 37 -0.155 32.345 11.1 0.01361  0.005 0.320 32.02
1440 19 0.99841 27 -0.155 22.345 12.7 0.01361  0.001 0.221 22.12
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