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Abstract

Scour accounts for 60% of all bridge collapses nationwitiere are two recommended methods for
evaluating scour igohesivesoils, and both are flawedhe most common method is to use the scour
evaluatiormanual fronthe Federal Highway Administration, Hydraulic Engineering Circtdl8r The
empirical equations, however, dvased on the results of flume tests usiobesionlessoils andare
typically over conservative. The second alternative, performing site specifioertesting, can be

cost prohibitive, as erosion testing using available apparatusbgghy/ specialized andime
consuming.Therefore, this research seeks to provide a new methodology that gives more accurate
information than the equations basedamesionlesssoils and is more cost effective than erosion
testing.Various soil characteristics that affect the erosion of soil also influence in situ bulk electrical
resistivity measurement3he objectives of this research were to develop a rapid metlgydado
predict soil erodibility usinglectrical resistivityand build an empirical equation to predict critical
shear stres®r erosionin cohesivesoilsusing various soil propertied total of 26 sites were used for

in situ testingandsoil sampling Soil samples were used for erosion testing withErosion Function
Apparatus andheasuringgeotechnical propertie$he results indicate thatectrical resistivityvorks
asanexcellentbinary classifier fordentifying soilwith high erodibility An electrical resistivityover

50 gqm has a 93% probability of cletestrialfegsiiviyg t he
tomographycan be utilized to rapidly prioritizexisting bridges where soils near the surface are
classified as highly erolie. Regarding the second objectivaultiple variable screening criteria
determined percent fines, liquid limit, and electrical resistivity as the statistically significant model
variables for predicting critical shear stress. Electrical resistivity isingreasingly common
measurement by transportation agencies and this is the first time it has been identified as a variable for
predicting critical shear stress. The use of electrical resistivity reduces the need for uncommon

geotechnical, geochemical, ahoblogical soil tests to predict critical shear stress. Design factors for



implementing the developed model for a practical design were also recommended based on
probabilistic analysis. If adopted by transportation agenciesegbesrctwill reduce theneed for cost

prohibitive site specific testing and overconservative bridge scour designs.
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Abstract

Scour accounts for 60% of all bridge collapses nationwitiere are two recommended methods for
evaluating scour in cohesive soils, and both are flawbkd most common method is to use the scour
evaluatiormanual fronthe Federal Highway Administratiomjydraulic Engineering Circulat8. The
empirical equations, however, dvased on the results of flume tests usiobesionlessoils andare
typically over conservative. The second alternative, performing site specific erosion testing, can be
cost prohibiive, as erosion testing using available apparatusdsigisly specialized andime
consuming.Therefore, this research seeks to provide a new methodology that gives more accurate
information than the equations based on cohesionless soils and is moeffextigte than erosion
testing.Various soil characteristics that affect the erosion of soil also influence in situ bulk electrical
resistivity measurement3he objectives of this research were to develop a rapid methodology to
predict soil erodibility umg electrical resistivityand build an empirical equation to predict critical
shear stresfor erosionin cohesivesoils using various soil properties. A total of 26 sites were used for

in situ testingand soil samplingSoil samples were used for erostesting withthe Erosion Function
Apparatus andheasuringgeotechnical properties. The results indicate that electrical resistioris

as arexcellentbinary classifier fordentifying soilwith high erodibility An electrical resistivitypver

50 q ma 98% probability of classifying the soil as high erodibility. As setdgtrical resistivity
tomographycan be utilized to rapidly prioritize existing bridges where soils near the surface are
classified as highly erodibldRegarding the second objeajvmultiple variable screening criteria
determined percent fines, liquid limit, and electrical resistivity as the statistically significant model
variables for predicting critical shear stress. Electrical resistivity is an increasingly common
measurementytransportation agencies and this is the first time it has been identified as a variable for
predicting critical shear stress. The use of electrical resistivity reduces the need for uncommon

geotechnical, geochemical, and biological soil tests to prediiztal shear stress. Design factors for



implementing the developed model for a practical design were also recommended based on
probabilistic analysis. If adopted by transportation agenciegebesrctwill reduce the need for cost

prohibitive site speific testing and overconservative bridge scour designs.
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Chapterl-l nt roducti on

The Federal Highway Administration (FHWA) defines scour as the result of erosive action of
flowing water, excavating and carrying away material from the bed and banks of streams and from
around the piers and abutments of bridges (Calappi et al. Z2ddy.is the number one threat to

t he nat i on 0Ssoubaccoudtgfer 608a0f brdgesfailures, while earthquakes cause only
2% of bridge failures in the United States (Shirole and Holt 1$9&jn 1965 to 2005, over 1,500
bridges collapsed in the Wled StatesMany of these collapses were due to extreme evEats.
example, 73 bridges collapsed during the 1985 floods in Pennsylvania, Virginia, and West Virginia
(Richardson et al. 2001)While bridge collapseare costly loss of infrastructure, thegn be
dangerous for the traveling publichd 1987 interstate highway bridge failure over Schoharie
Creek in New York that killed ten people was one of the primary motivators for the FHWA to
establish scour monitoring procedures (Lin et al. 20Uifortunately although preliminary
protocol was put in place in 188, the Hatchie River Bridge fadd during the 1989 flood in
Tennesse¢hatkilled nine people. In fact, these two catastrophic failures are considered as the
driving force that motivated extensi scour monitoring research in the United States (Lin et al.
2014).Note that while this research focuses on scour design and monitoring in the United States,

catastrophic bridges collapses due to scour are an international infrastructure issue.

Respondig immediately tahe 1987 Schoharie Creek Bridge failittee FHWA published
Al nterim Procedur es f oin 1988/Tad puoeetures wereSeevaluated a t
over time by th&eHWA and Hydraulic Engineering Circular 18 (HE®) was published ih991
Although it has been updated several times, the HE@mains the state of the practice manual
for evaluating bridge scougtate Departments of Transportation (DOdshoss the nation have

relied on HEG18for evaluating the scour vulnerability of their bridg€kere are 616, 096 bridges



currently listed in the National Bridge Inventory (FHWA 2018j.these bridges, approximately
84% are built over waterways, of iwhiloh, Tdwearef
at least one out of every tweriye bridges in the United States are vulnerable to scour. According

to Nassif et al. (2002), about 80% of existing bridges require some sort of scour mitigation.

In 2005, all state DOTs were requirecesiablish glan of action (POA) to maintain scour
critical bridges. Despite the overwhelming number of scour critical bridges, the FHWA
specifically states that loAgrm monitoring is not an acceptable POis is a challenge for
many states that havarge numbers of scour critical bridgésr example, Wu and Chase (2010)
identified over 1,000 of the 25,013 bridges in Kansas as scour doitigahany bridges have been
labeled as scour critical based on calculations rather than observation, fuaberakng the
issue. Because the HEQS is not accurate in all geologic and hydraulic conditioreny bridges
are labeled as scour critical unnecessafilpr exampl e, during the ear/|
Department of Transportation (NJDOT) analyzezhrly 2,400 state and county owned bridges
usingHEG1 8 equations and identified 165 bridges s
launched a®BAf or t he st at e 6 switlstoedJnited State$s Geplagiedl Sutveys d g e s
(USGS) to conduct esion monitoring.The USGS found thatnany ofthese bridges were not
scour critical and were placed in the list solely based on-HE&nalysis method (Schuring et al.
2010)Having bridges | abeled as fAscour esplansi cal 0
for remediation or replacemer8ince, the number of scour critical bridgesigh nationwide
there is a need for every state to determine a feasible, cost effective and rapid methodology to
identify the structures angtioritize theremediationor scour mitigatiorof these bridges. Hence,
one of the motivationef thisis studyis toestablish a feasible POA methodology to identify scour

critical bridges.



The HEG18 is also used testimae scour depthsn new bridges, but the empirical
eguationsare over conservatiier cohesivesoils For example, these equations are applicable for
a minimum median grain size of 0.2 mm (Arneson et al. 2012); however, median grain size is
smaller than 0.075 mm fanostcohesive soilsin cohesionlessoarse grained sgibnly gravity
force resist the applied hydraulic stress to prevent erosion. Simsdorce is proportional to the
size of the soil particlemedian grain size predicts scour in cohesionlessteomentd coarse
grained soilgeasonably accuratel®n the other hand, soil particlesdahesive soils are mainly
fine grainedice.,smaller than 0.075 mm) améve ahigher ratio of surface area to volunhe the
presence of water these particles are suljetreinterparticle force Cohesion and adhesion
resulting from these interparticle forces, provide resistance agaiost inaddition to gravity
forces Thus,the ressting forces are more compleRccording toGrabowski et al. (2011), the
erosion incohesivesoils is dependent on a set of dynamically linked physical, geochemical and
biological properties ashown in Fig. 1.1.Grabowski et al. (201XTeviewed a seriesf studies to
correlate the erodibility afohesivesoils with the factorshown in Fig. 1.1however, none of these

studies were focused on bridge scand few provided equations for calculating erodihility
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Fig. 1.1 Factors affecting erosion incohesivesoils (Grabowski 2011)

Because it was well established that the original HBGcour equations were overly conservative

for cohesivesoils, Arnesonet al.(2012 modified thescour estimation equatioiihese equatian

are now given aafunctions of critical shear stress, which is the threshold shear stress (exerted by
the flowing water) at which erosion occurs. However, there was no equation to determine the
critical shear stress; rather site specific testing wagesigd In other words, the Arneson et al.
(2012) recommends a direct measuremerdritital shear stres®lumerous testing devices have

been developed for directly measuring soil erogend critical shear stress) the laboratory and in

the field. Some of the recent apparatuses for erosion measurements include the Sediment Erosion Rate
Flume Crowley et al. 2012)the FLUME(Ravens 2007}he Jet Erosion Testing apparatdsiison

and Cook 2004)and the Erosion Function Apparatus (EFA) (Briaud et @012 Although this

equipment list is not exhaustive, it represents the most common apparatus for bridge scour design. Still,



these equipmestare not used for standard hydraulic or geotechnicalnegstang it a time consuming
and cost prohibitive approacTherefore, the common practiceasuse the scour estimation equation
for cohesionlessoils irrespective of the soil type. As mentioned, the equatiealid for a minimum
median grain size 0.2 mmwhich is what is typically assumedhd resulting scour depths éohesive

soils become over conservative and inaccurate.

To address the need of an equation to predict the onset of erosairesivesoils, Shan et al.
(2015) developed a critical shestress equatiofit ) (Pa) in the coext oft he FHWABs HEC

framework such that,

8

T o - 0 OPn 8 (1.1)
where,U is thegravimetricwater content (dimensionles&is the faction of fines (<0.075 mm)
by mass (dimensionless), B the plasticity index (dimensionless), apdis the undrained shear
strength (Pa)Although the regression equation correspondedYoaf 0.71,it is only applicable
to cohesivesoils with pasticity indices between 4 to 25 and fraction of fines between 10 to 90.
Furthermore, the shear stress range was limited to 3 to 15 Pa. In practice, these boundaries
representow plastic silts and clays whidk only a portion ofcohesive soilsKarim (2016) used
the equation to predict critical shear stress in Kansas soils and found the edoaktien
unconservative at low stress (dangerous) and overconservative for many soils dusrtalldgre
upper limit of the equation.herefore, there is still a ad to develop a robust equation to predict

critical shear stress for a wide rangecohesivesoils. Thisis the seconabjectiveof this study.

Many of the factors that affect the erosiorcohesivesoils (Fig. 1.1) also influencsoil bulk
electrical resistivitymeasurement&lectrical esistivityis a measuref a materiad s  atb oppase y

the flow of electriccurrent Typical rangs of electrical resistivityfor different geematerials are



shownin Table 1.1According to Friedman (2005the factors that affe@lectricalresistivitycan be
divided into three categories. The first category describes bulkisadther words theespective
volume fractionsof solidsand possible secondary structural configurations (aggregation): porosit
water content, and structure. The second catagohydes solid particles quantifiers such as particle
shape particleorientation, particlesize distribution, cation exchange capacity, and wettability. The
third is therelevant soil solutiorattributes including ionic strength, cation composition, sodium
absorption ratio, and temperatuf@ue to these common factors affecting both erosion sold
electrical resistivityelectrical resistivityvas used in this study to characterize the sogien potential

in cohesivesoils.

Table 1.1 Typical ER values of different geematerials (Knight and Endres 2005; Lucius et

al. 2007)
Material Resistivity ¢
Clay 5-100
Dry Sand and Gravel >200
Saturated Sand and Gravel <50
Sandstone 50-1,000
Shale 5-50
Conglomerates 1,00610,000
Limestone and Dolomite >1,000
Igneous Rocks >1,000
Metamorphic Rocks >1,000

Electrical resistivity tomography (ERBurvey has gained popularity as a geophysical testing
method due tamproved data acquisition systsrand inversion schemes. licemmonly uses
a nondestructive testing methimdgeology, environmental science, archeology, and geotechnical

engineerindLoke 1999; Dahlin 2001; Zonge et al. 2005). Applications within these fields include



determining depth to groundwater (Vaudelet et al. 2011), detecting varying subsurface geology
(Chambers et al. 2013), tlmegrity of subsurface structures (Arjwechadt 2013 Tucker et al.

2015, and locating seepage channels in leyEarim et al. 2019. From geotechnical engineering
perspective, although conventional soil test boring provides the ability to determine soil properties
along a vertical lineboringscannotprovide continuous soil data across the subsuriaceontrast,

ERT is able to provide an image of the subsurface, including qualitative and quantitative information.
ERT is considered one of the Advanced Geotechnical Methods in Explorat@aNKi) by the

FHWA and its use has been increasing by the transportation agencies for its capacity to obtain
continuous subsurface data between soil boamglsreduce the number of borings in geotechnical

projects(FHWA 2019).

To i mprove the nationwide scour eval8uati on
therewerefive objectives of this dissertatioRirst, to develop a rapid methodolo@slassifier)to
characterize the soil erodibility, which would allow transportatigancies to implement priority
based POA for scour critical bridges. This would be dondistynguishingcomparatively more
scour vulnerable bridge sites from rest of the sites using ERT&eload objecte was to develop
an empiricalmodel for critica shear stress icohesive soilaising various soil propertie&\s
mentioned, tilizing geophysical methods such e$ectrical resistivityis not uncommon in
geotechnical engineering; however, its use has mostly been for qualitative subsurface
characteriztion. Hencethe thirdobjectiveof this study waso evaluateelectrical resistivity as a
measurable soil property by using it as a variable in the Imdde both prioritizing scour
monitoring as well as the predicting critical shear stress. The fobjltive was to recommend

a design factofor practical use othe critical shear stress modeith a probabilistic approach



The final objective of this study wasvalidate both models using a bridge site selecteddnsKs

Department of TransportatiggkDOT).

Thisstudy was funded biheKDOT and US Department of Transportatidys the project
progressed, findings have been published in peer reviewed research artiigesrtonate research
findings and receive feedback from the engineering community to ensure meaningful
recommendation3.hree of these journal articlasecompiled inthis dissertationT his dissertation
is organized in six chapterBhe background, problem statement along with the research obgective
are described in Chapter 1. The Introduction is followedheyfirst journal articl§{Chapter 2)
where a binary cladsér model to characterize the erodibility level of a bridge site was developed
using electrical resistivityOne of thdimitations of the first article was the soil samples were not
fully saturated (as they were collected from stream $)aik the secod journal article (Chapter
3) limitations of the previous article were addres®gdcomparinglaboratory preparedully
saturateelectricalresistivity measurements with situ partially saturatedamplesChapter 3 also
fully describeshe statistical rathodology for evaluating a binary classifi#he accuracy of the
binary classifier model was evaluated using the receiver operating characteristics curve (ROC),
which is a common tool for assessing the accuracy of a diagnostidledt.the model tonedict
the critical shear stress using various soil properties was devedoged discussenh the third
article (Chapter 4)This article includes the variable screening for model development, design
factor selection, and validation of the model. Néx¢ hovel scientific contributions of this
dissertation researchere described in Chapter 5. Chapten@udes the study conclusioasd

recommendationf®r future work based on this research.
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Abstract

Scour is responsible for roughly 60% of all bridge collapses in the United States. A large number
of bridges are listed in the National Bridigeentory as scour critical; however, evaluating scour
potential based on soil sampling and laboratory testing can be uneconomic, as erosion testing using
available apparatuses is time consuming. Various soil characteristics that affect the erosion of soll
also influence in situ bulk electrical resistivity (ER) measurements collected using electrical
resistivity tomography (ERT). The objective of this study was to predict soil erodibility using ERT.
Fourteen bridgesites were used for ERT and erosion teggstirhe results of this study indicatet

an ER over 50 gm has a 93% pr obAsbuch, BERT ganloef c | a
used to rapidly prioritize existing bridges where soils near the surface are likely highly erodible
and require a merdetailed investigation or to characterize soil erosion potential at proposed bridge
sites. The application of using ERT to predict soil erodibility was validated using an additional
experimental site.

Keywords: Scour; Electrical resistivity tomography;rdsion function apparatus; Receiver

operating characteristic curve



2.1 Introduction

There are 614,387 bridges currently listed in the National Bridge Inventory (NBI) and over
500,000 are built over waterways (FHWA 2017). Scour is the most significant tordeese
waterway bridges, where soils are eroded from around the structure. For example, over 1,500
bridges collapsed in the United States from 1965 to 2005, and scour was responsible for nearly
60% of these failures (Calappi et al. 2010). Bridge owmaeesrequired to maintain a bridge
inspection program, which includes scour evaluation using the Federal Highway Administration
(FHWA) Hydraulic Engineering Circular 18 (HETB) (Arneson et al. 2012). However,
researchers have observed that the HBGcou equations tend to ow@redict scour depth for

most geologic and hydraulic conditions because these empirical equations were developed from
regression analysis of laboratory test results using coarse grained soils (Schuring et al. 2010). Soil
sampling ad testing yields more accurate scour predictions at sites where d 8iBQalysis is

not sufficient, but erosion testing is time consuming and costly. For example, Wu and Chase (2010)
identified over 1,000 of the 25,013 bridges in Kansas as scour ci8mbkampling and erosion
testing at all 1,000 scour critical bridges is not feasible in a cost effective and timely manner. There
is a need for a rapid methodology to establish priority where detailed bridge scour testing is

necessary.

Scour, or more geerally, erosion, occurs when hydraulic forces exerted by flowing water
exceed the resistive forces at the soil surface. The hydraulic forces primarily include the shear
forces of the flowing water acting parallel to the sediment plane. The resistive Yathen the
soil include gravity, friction, cohesion and adhesion depending on the type of soil (Grabowski et
al. 2011). The threshold of applied hydraulic shear stress at which erosion initiates is the critical

shear stress (Partheniades 1965; Ariathligai4; Hanson et al. 1999; Utley and Wynn 2008;
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Bernhardt et al. 2011). The excess shear stress equation is the common simplified equation to
estimate soil erosion rate, defined as

o Qt f (2.1)
whereOis the erosion rate (mm/hf) is the erodibility coefficient (#iN-s), tis the hydraulic
stress (Pa), antl is the critical shear stress (Pa) (Partheniades 1965; Hanson et al. 1999). The
erodibility coefficient and critical shear stress are interrelated, soil specific and hydraulic
parameters that are difficult to estimate; therefore, several researchergVeoped apparatuses
to directly measure soil erodibility. These apparatuses generally fall in four categories: rotating
apparatus tests (Moore and Masch 1962; Bloomquist et al. 2012); jet erosion tests (Hanson and
Cook 2004; ASTM D5852 20@Y; internal eosion tests (Sherard et al. 1976; Wan and Fell 2004);

and flume style tests (Briaud et al. 2001; Ravens 2007; Crowley et al. 2012).

This study utilized an Erosion Function Apparatus (EFA), which is a flume style test, for
erosion testing. The EFA was driglly developed for performing sHspecific erosion testing for
evaluating bridge scour. Briaud et al. (2001) proposed to use the erosion function (a plot of erosion
rate versus shear stress) from EFA tests to estimate the scour depth, rather thangdepend
correlations to geotechnical properties. Briaud (2008) also proposed an erodibility categorizing
graph by subdividing the erosion function based on the results of 15 years of testing in the EFA

which was adopted in the latest edition of HEE(Arneson et al. 2012).

Many researchers have investigated the relationship between measurable soil properties
and erodibility (Dunn 1959; Smerdon and Beasley 1961; Carlson and Enger 1962; Reddi and
Bonala 1997; Briaud et al. 2001; Léonard and Richard 2004gMeanl. 2012; Bernhardt et al.

2011; McClerren et al. 2012). However, these relationships are not widely used in practice. A new
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empirical equation to predict critical shear stress as a function of water content, percent fines,
plasticity index, and uncdimed compressive strength was proposed in an FHWA study (Shan et

al. 2015). Although the coefficient of determinatiorf)(Bf the correlation was 0.73, this equation

is only applicable to soils having plastic limit 4 to 25, liquid limit 15 to 50, perfoeed between

10 to 90, and a range of shear stresses from 3 to 15 Pa. The fine grained soils in this study contained
over 95% fines and the applied shear stress was as high as 97 Pa before erosion initiated. Therefore,
this relationship was not applicabdter Kansas soils at scour critical bridges and it was shown to

over predict critical shear stress, an unconservative prediction (Karim 2016). As such, there is still

a need for a methodology to predict critical shear stress for soils at higher stresses.

El ectrical resistivity (ER) is an intrinsi
to oppose the flow of current. Electrical resistivity tomography (ERT) is a near surface geophysical
technique to collect bulk ER measurements with depth. HRVWegs are rapid compared to
erosion testing and there are several common factors that influence the ER of soil and soill
erodibility including mean particle size, particle size distribution, soil unit weight, and water
content (AbuHassanein et al. 1996;l¢ia and Hossain 2012; Grabowski et al. 2011; Karim and
TuckerKulesza 2017). Therefore, ERT was proposed as a method to prioritize bridges based on
predicted soil erodibility. ERT has become a widely used geophysical method in fields such as
geology, enironmental science, geotechnical engineering, and archeology (Loke 1999; Dahlin

2001; Vaudelet et al. 2011; Hossain et al. 2011; Chambers et al. 2013; Snapp et al. 2017).

The objective of this study was to evaluate the applicability of ERT for priogtizirige
scour evaluations. An overview of ER follows this introduction, then methodology of this research
including field and laboratory work are discussed. The erodibility categorizing graph obtained

from HEG18 was used to identify the erodibility lesedf soils from different sites. These data
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were used for statistical analysis to determine the efficiency of ER as a diagnostic test and
establishing probabilities for different levels of erodibility for specific ER ranges. This paper ends
with the methodlogy validation, a discussion of the results and limitations of the study, and

conclusions.

2.2 Electrical Resistivity Tomography

ERT utilizes at least fotelectrodes in a straight line for each measurement: two induce current
flow in the subsurfae (A, B) and two measure the resulting voltage potential (P, Q). The source
electrode (A) sends the current into the ground and the sink electrode (B) receives it, creating an
electric field in the subsurface. If the measured voltage difference betwetodds P and Q is

W , then the apparent resistivity is

= = = — (2.2)

where'Gs the induced current amnds the lateral distance between respective electrodes. The term
apparent resistivity is used because initially the subsurface is assumed to be homogenous with
uniform resistivity,” . An inversion process is required to determine the true resistivityeof
subsurface from the measured apparent resistivity. The lateral distance between electrodes and the
sequence of measurements affect the resolution of the data. Variables, including the depth of
penetration of the signal, signal to noise ratio, andoatidnd lateral resolution must be considered

when determining the electrode configuration (Everett 2013). The primary goal of ERT in this
study was to obtain subsurface ER data where samples were collected with 89 mm diameter Shelby
tubes extending appximately to a depth of 3.35 m. The dipalpole array was used in this

study. The dipolaipole array is a configuration of electrodes in which the spacing between the

two current sink/source electrodes and the two voltage potential electrodes aratcdinga
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dipole-dipole array is one of the most commonly used configurations because it provides good
vertical and lateral resolution of the subsurface with minimal coupling effects between the current
sink/source and voltage potential electrodes. Thidtegkin high resolution data surrounding the

borehole with depth.

The measured apparent resistivity must undergo an iterative process that involves forward
modeling and data inversion to determine the true resistivity of subsurface. Forward modeling
mathenatically calculates the apparent resistivity for given electrical properties and boundary
conditions (Binley and Kemna 2005). The data inversion uses the measured apparent resistivity
and calculated apparent resistivity data to determine the true riggististribution of the
subsurfaceTh e Advanced Ge o skarihiemagere2b commercal. softvaheGiag
used in this research to determine the true resistivity of subsurface (AGI 2009). The starting model
was a finite element mesh with each elenaasstimed to be equal to the average of all the measured
apparent resistivity data. Next, the apparent resistivity for each element was calculated (forward
model). An Occam style smooth model was used for data inversion (Constable et al. 1987). The
smooth nodel inversion utilized the data misfit between the calculated and measured apparent
resistivity, determined by the root mean squared ei@or, , and the normalizeéd¢-Norm,

0¢ , such that

O zp mland (2.3)

0¢ B - (2.4)

whereQ is the calculated apparent resistivity by forward modelf2g, is the measured

apparent resistivity from the field, is the tothnumber of data points, ald is the estimate of
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data weights E,,s). The smooth model inversion produces the model that best fits the data with

minimum roughness and optimum smoothness. The estimate of data w@ightss chosen by

the user. If th€  is too high, the resulting model will be over smoothéthe noise estimate

is too low, the inversion will be forced to fit data noise and produce artifactgicThe is used

to guide the error estimate. A of one indicates the error estimate was appropriate for the
measured data. If theg is above one, the error estimate was too low, if it close to zero the
data are likely over smoothed. The inversion and forward modeling take place until they meet the
data misfit criteria and the corresponding inverted resistivity section is extlast the true
resistivity section for a site. The objective of the inversion process is to meet the data misfit criteria
in as few iterations as possible. Typicaly, less than 3.0 % andg less than 1.0 are
considered as an excellent(fliucker et al. 2015); therefore, these data misfit criteria were chosen

in this research.

2.3 Methodology

The Kansas Department of Transportation (KDOT) selected 15 bridge sites across eastern Kansas
to categorize erosion in this study. Sites were ssdeconsidering the scour vulnerability and
proximity to Kansas State University {8tate); 14 of the sites were used for model development

and one site was used for validating the model. Fieldwork included soil sample drilling by the

KDOT and the ERT sumy. All samples were tested using the EFA &tidte for erosion data.

2.3.1Soil Sampling

Thin-walled Shelby tubes were used following ASTM standard D1587 (ASTMa@adTollect
soil samples at each bridge site. Five 89 mm, 610 mm long samples weotecbdlt each of the

15 sites at a fixed drilling position. The top 0.3 m of soil was augered through to remove the surface
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vegetation. As a result, the total drilling depth for five samples was typically 3.35 m. Drilling was
performed as close to the stne as possible and at least 10 m from the pavement shoulder or the
bridge abutment so that collected sample represented the native geology of the site, avoiding
influence from the bridge on the measured resistivity. Drilling was not conducted in thebgttlsam

as bridge abutment scour is critical in Kansas, particularly where there is no surface vegetation.

The Shelby tubes were pushed using the drill rig without rotation to the desired depth. This
was repeated five times for five separate but continuammples. ASTM standard D4220 (ASTM
2014a) was followed for preserving and transporting soil samples to maintain the in situ conditions.
Samples were stored in a 100% humidity controlled room until erosion testing. The samples were
designated according todin highway name and the order of sampling. For example, the top

sample, collected from the 0.3 m to 0.9 m depth alO@was designated as 480 #1.

2.32 Erosion Testing

The soil erosion rate was measured in the EFA. The Shelby tube was cut to tieeloskes that
connect to the drill head, and approximately 381 mm of soil was used for the erosion test. The rest
of the sample was used for in situ soil water content and classification. One end of the Shelby tube
containing the sample was placed overston [Fig.2.1(a)] and the other end was passed through

a circular opening in the bottom of the flume so that the soil was flush with the flume bottom [Fig.
2.1(b)]. Water flowed through a rectangular flume using a pump to control the vedderty.
Larionov et al. (2014) showed that the temperature of water influences the erosion rate; therefore,
water temperature during each EFA test wasZB&5 maintained by continuous filling and sump
pumping the water reservoir with cold tap water. Saihples were tested at room temperature,

203 . The erosion rate was measured at six different velocities for each sample.
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The shear stress due to the flowing water that causes the erosion is calculated as
T -"Qb (25)

where'Qis the friction factor; is the mass density of the flowing fluid (water) in k§/(999.1 to
999.4 kg/m for water temperature 123 ), andl is the water velocity in m/s (Briaud et al. 2001).
The friction factor was obtained from the Moody Chart (1944d was a function of relative
roughness of the eroding sur f acefOasthk raRoeof no |l d o6
the average height of the roughness elements on the eroding surface (soil above and below the top
of the Shelby tube},, andthe diameter of the Shelby tuli@Briaud et al. (2001) estimatedas
the half the median grain size assuming half of the particle protruded into the flow and bottom half
was buried into the soil mass during testing. However, this approximation athyolerror in
shear stress calculation, as during testing under each velocity the roughness of the eroding surface
[Fig. 2.1(c)] was of higher magnitude than half of the median grain size. Therefore, ten measured

roughness points were used calculate ttezage height of the roughness elements so that
- B — (2.6)
where,"Q, 6 are the height and corresponding ared€df roughness element measured by

calipers; and is the crossectional area of the sample or Shetbu b e . Reynol dds nu

calculated using the same method as described in Briaud et al. (2001).
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Fig. 2.1 EFA testing: (a) placement of the sample on piston head; (b) trimmed sample in

flush with flume bottom (before the test); (c) sample with rough surface (after the test)

The remaining soil was used for classification using the Unified Soil Classificatistens
(USCS). For this purpose, sieve analysis was performed using ASTM standards C117 (ASTM
2013) and C136 (ASTM 2014b) and hydrometer analysis was performed using ASTM standard
D422 (ASTM 200W). Plasticity Index§ dor classification was determinedcording to ASTM
standard D4318 (ASTM 2010). Although hydrometer analysis was not required for the

classification of many samples, it was done for all samples to obtain the median grain size.
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Fig. 2.2 Experimental setup at the bridge sites: (a) ER survey line; (b) potential position of

28th and 29th electrodes around borehole
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2.4 Results and Analysis

The 69S site is |l ocated imnksalsetatnad Caeursthy winn asc
to describe the dat ®&9c dirli@dgtei camr oprsecse B3 .g TShug ¢
flow was observed during the ERT survey on Ma

US69 is shd3wna)iTmeFIRMS error for the inversion

which indicate excellent agreement of t he me
statistics in this research had an RMS error
rect ang23e( a)n sFhiogs t he | ocation of the borehol
Us69. 2Bi(@) also shows the USCS soil types for

the ground surface with comp.aratively higher
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Fig. 2.3 Typical site: (a) subsurface inverted ER of US9; (b) erosion rate versus shear
stress for US69 samples
Each sample was 610 mm long and 89 mm in diameter. In the 2D ERT profile this 610 mm x 89
mm area for a single sample corresponded to 16 elemetite Ghite element mesh of the true
resistivity from the inversion. The average ER from these 16 elements was used as the ER for each
sample. The ER measurements of the five samples fro9Uere between 7.5 to 3%n and
are shown in Tablg.1. Each ewsion test was performed under six different water velocities and

the erosion rate was measured for each velocity.Z%). as used to calculate the corresponding
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shear stresses for these water velocities. The critical shear stress for each samplenmantim

shear stress at which the sample started to erode. The erosion test resuE® afr&)8lso shown

in Table 1. US69 #1 was the most erodible among the five samples from the site as the critical
shear stress was the lowest (5.1 N/ihese redts were compiled using the HETB erodibility
categorizing plot [Fig2.3(b)], where the erosion rate is plotted against shear stress with erodibility
boundaries (Arneson et al. 2012; Briaud 2008). Note that this a logarithmic plot; points below the

critical shear stress have zero erosion rate andoangsible.

Table 2.1 Erosion Test Results of U9 samples

Sample | ER Erosion Test Results Critical Shear|
Stress (N/f)
(. m)

US-69 #1| 39.8 | WaterVeloctiy (m/s) | 1.0 |15 |2.0 |25 |3.0 3.5 5.1

Shear Stress (NAn | 5.1 | 10.0| 19.5| 31.3 | 455 | 62.8

Erosion Rate (mm/hr| 0.6 | 9.0 | 12.0 | 15.0| 30.0 | 48.0

US-69 #2| 14.6 | Water Veloctiy (m/s)| 1.0 |20 |3.0 |40 |5.0 6.0 31.7

Shear Stress (Nfin | 2.6 | 13.9|31.7|73.4|85.6 | 167.4

Erosion Rate (mm/hr] 0.0 |0.0 |06 |18 |24 68.6

US69#3| 7.8 Water Veloctiy (m/s)| 1.0 |15 |20 |3.0 |35 4.0 40.8

Shear Stress (NAn | 3.1 | 6.8 |12.3|40.8|57.4 |820

Erosion Rate (mm/hr] 0.0 | 0.0 [0.0 |24 |43.1 (914

US69#4| 75 Water Veloctiy (m/s)| 1.0 | 2.0 | 3.0 |40 |5.0 6.0 75.0

Shear Stress (NAn | 3.2 | 13.9|40.8 | 75.0 | 107.2| 121.5

Erosion Rate (mm/hr] 0.0 | 0.0 |0.0 | 3.0 | 4.0 6.0

US69#5| 9.3 Water Veloctiy (m/s) | 1.0 2.0 |3.0 |4.0 |5.0 6.0 58.0

Shear Stress (NAn | 3.0 | 13.2| 30.6 | 58.0 | 119.7| 193.5

Erosion Rate (mm/hr] 0.0 | 0.0 |0.0 [0.5 |9.0 88.0
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Fig. 2.3(b) shows that all points from X® samples were in the low to moderate erodibility zones
according to the HEQ@8 erodibility categorization. However, sample #1 was comparatively more
erodible than the rest of the samples at the site. The materialeddéerof sample #1 was
distinguishable from the ERT shown in F&3(a). The drilling for the first sample was performed
from 0.3 to 0.9 m in the subsurface and a dark zone of high ER (abovwa8Yi8 evident in this

layer. The remainder of each sampt@ldwing the erosion test was used to determine the
geotechnical properties needed for classification. Soil trimmings before starting the erosion tests
were used for water content determination. Ta&kkeshows the soil parameters and the USCS
classificaton of the five samples from U&D.

Table 2.2 Soil Properties and Classification of U9 Samples

Sample | Sampling | Water | % finer Median | LL | PL | PI USCS
depth (m) | content| than 0.075| grain size Classification
(%) mm (mm)
US69 #1| 0.300.91 16 61 0.0310 | 32|29 3 ML
US69#2| 1.071.68 31 98 0.0082 | 47 | 22 | 25 CL
US69 #3| 1.682.29 30 99 0.0052 | 48 | 20 | 28 CL
US69 #4| 2.292.90 29 99 0.0064 | 41 | 24 | 17 CL
US69 #5| 3.053.66 26 99 0.0103 | 48 | 17|21 CL

The soil parameters identify that the top layer is a low plastic silt with a median grain size of 0.031
mm, which is different from the four remaining lean clay samples with median grain size varying
between 0.0052 to 0.0103 mm. According Shan et al. (28d8Bernhardtet al. (2011), the
comparatively higher erodibility of the top sample could be attributed to its higher grain size and
lower plasticity. Because the different soil layer was also identified by ERT prior to soll

classification, the statistat validity of ERT to rapidly identify soil erosion potential was studied.
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The erosion test results of 65 samples from 14 of the sites were used for analysis and are
shown in Fig.2.4 using the HEEL8 erodibility categorizing graph. The site locations #rel
USCS classification of these samples are also includedl888 was used for validating the
model so it was excluded from the data set. Each of the 65 samples provided six points in the
erosion rate versus shear stress plot; however, when expireksgarithmic scale, the points with
no erosion rate were not visible and were excluded from further analysis. Of the 251 visible points
Fig. 2.4, 189 points (75%) were in the moderate erodibility zone; 40 points (16%) were in the low
erodibility zone; ad 22 points (9%) were in the high erodibility zone. RAd.(a) also shows that
the highly erodible soils were mainly sands. Most samples tested in this study were low plasticity
clay, CL. Although a wide range of soil types would be preferred, the ksitigewere selected

by the KDOT considering proximity to46tate and if they were identified as scour critical.
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Soil parameters such as median grain size, plasticity index, percent of fines, and water content
have been used to quantify the erosion before by many researcherenldadsTemple 2002;

Clark and Wynn 200 Bernhardet al. 2011); however, no evidence of using geophysical methods,
such as ER, to describe soil erosion was found in literature. In this study, the measured ER values
varied from 6rm to 328mm. The erosiomate versus shear stress for varying ER is shown in Fig.
24(b). There were 22 different measured EROS
corresponded to more than one sample. Samples with higher ER values tended to be in the high
erodibility category as shown in Fig.4(b). Therefore, ERT can be used to identify highly erodible
soils. However, there are still uncertainties relating ER and erodibility, as there were highly
erodible samples that corresponded to very low ERyt6from US73), aswell as moderately
erodible samples corresponding to high ER (@fg2from K-126). The uncertainty of using ERT

to identify scour critical bridges was determined by assuming the erodibility was likely high for
an ER above a certain value (ait value), and the opposite was expected for an ER below that
value. The effectiveness of this binary diagnostic test (detecting high erodibility based on a certain
ER value) was validated using a Receiver Operating Characteristic (ROC) curve (Krzanowski and
Hand 2009). Specifically, the effectiveness of ER was tested based on whether it can distinguish
between samples classified has high erodibility from the other samples (low and moderate). All
points in the erosion rate versus shear stress plotZBigwere divided into two parts based on

erodibility: high and low/moderate.

2.5ER as a method to predict erodibility

The ROC curve was used to evaluate the accuracy of ERT to predict whether a soil will be
classified as high erodibility. ROC curve is a coammtool for assessing the accuracy of a

diagnostic test (Egan 1975; Swets 1988; Williams et al. 1999). ROC curve has been used to predict
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landslides (Brenning 2005; Gorsevski et al. 2006) and major earthquakes in California (Holliday
et al. 2006). The cuevis constructed by plotting the sensitivity versus the difference of specificity
from unity, as the cubff value of ER varies. Sensitivity is the rate of true positive, predicting a
soil to be classified as high erodibility when the soil is actually highodible. Conversely,
specificity is the rate of true negative, predicting a soil to be low/moderate erodibility when this is
actually the case. The accuracy of a predictive model or a diagnostic test (in this case, the ability
of ER to identify high exdibility soil) is measured by the area under the ROC curve (AUC). In the
ROC curve, each set of sensitivity and specificity is associated with a specific decision making
criterion for the acceptable level of risk regarding the accuracy of predictionisTtane by
selecting a number of cafff values. Therefore, AUC is independent of any specifiofiutalue

and it represents the accuracy of the diagnostic test itself (Brenning 2005). The AUC value varies
between 0.5 to 1.0 and a rough guide for chgisgj the accuracy of the diagnostic test using AUC
value is: 0.50.60 = fail; 0.600.70 = poor; 0.74.80 = fair; 0.860.90 = good; and 0.90.0 =
excellent (Swets 1988). There were 251 different erosion rates (22 points falling in the high
erodibility zane and 229 points in the low/moderate zone) from 65 samples with corresponding
ER varying between 5.54 to 327.8yn. The ROC curve for different coff ER to determine the

accuracy of the ER to identify high erodibility is shown in Ri(a).

Since seples with a high ER value showed a tendency to be high erodibility-a@ffcut
value of a select ER assumes that any sample with ER value above-tifieEdtwill be highly
erodible. Sensitivity and specificity were calculated for these 65 increasing fct E RO s
(corresponding to 65 samples) to develop the ROC curve in IBM SPSS Statistics 24 (IBM Corp.
2016). The dashed line in Fig5(a) corresponds to an AUC of 0.5 that represents a diagnostic

test with no capacity to diagnose. The ROC curve for B&etatify high erodibility is shown with
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the solid line and the AUC value is 0.922 with standard error 0.047; therefore, the accuracy of ER

t o

interval, the AUC walue varies between 0.832 to 1.000; therefore, the accuracy of diagnostic test
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Next, the cuboff value of ER for predicting the erodibility was determined. Selecting -@f€ut
value depends on the acceptable level of risk réggttle accuracy of the prediction and requires
knowledge of the contextual information (Gorsevski et al. 2006). Sensitivity and specificity values
were plotted against the ER in F&§5(b) to choose an optimal eaff value of ER. The goal was

to selecta cutoff ER that ensured high rate of true positive (high sensitivity) and/or high rate of
true negative (high specificity). Fi®z.5(b) shows high sensitivity values (such as 0.955)
correspond to a lower cuoff value of ER (below 10gm). Therefore, altough most of the high
erodibility samples will be considered as high erodibility for such lowoffgtof ER, many low
erodibility samples will also be falsely treated as high erodibility leading to an uneconomic design.
Conversely, high specificity (suchis 0.969) will result in an unsafe design. In this case the

corresponding high cwdff ER (over 85nym) will falsely exclude potential highly erodible soils.

The cutoff ER was selected such that the probability of a false negative and false positive
predction were low and using geophysical judgement. The range of ER is typiezllyrfin for
clays (Everett 2013) and ZD0nm for silts (Grisso et al. 2009). The ER of dry sand and gravel
is over 2001 (Lucius et al. 2007); however, ER of wet sands vatywéen 26200nm (Everett
2013). The cubff ER of 50mm was selected as it was expected to distinguish between most coarse
grained soils (usually high erodibility) and fine grained soils (usually low/moderate erodibility)
based on the typical ranges of ER soils while not excluding either based solely on geophysics.
If a higher cutoff value was selected (for example over 1§0) the sediments would most likely
be coarse, which are typically highly erodible. The loweraftillows the incorporation dfne-
grained sediments that have lower resistivity but are highly erodible. THoéf &R also considers

where both sensitivity and specificity were high (0.864 and 0.950 respectively). The adaptability
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of ER in predicting erodibility is better illustratavhen the erosion rate versus shear stress for all

samples were redrawn with respect to theaflER (below and above 58m) in Fig.2.6.
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Fig. 2.6 Erosion rate versus shear stress for two ranges of ER

When ER values were below 58m, 99% (222 out of 225) points showed low/moderate
erodibility. When ER values were aboverg®, 73% (19 out of 26) points showed high erodibility.
In order to develop arpbabilistic model to determine level of erodibility, when the ER value is
above and below the coff ER 50mm, the probability distribution function (PDF) for both high
and low/moderate erodible points were constructed. The average ER among the 2adilidd e
points was 196.8m with a standard deviation of 9%@n. This corresponds to a 93% probability
of high erodibility (using normalized-zalue) when the ER is above &fn. On the other hand,
the average ER among the 229 low/moderate erodible pesxs18.8mm with a standard
deviation of 34.57m. This corresponds to an 82% probability of low/moderate erodibility (using

normalized zvalue) when the ER is below H§n.
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2.6 Validation

The ERT and erosion test results from the remaining sitel@6®) were used to validate the
methodology. As shown in in Fig.7(a), the ER values of the five samples varied between 11.2
to 13.0nm; therefore, according to the probabilistic model, there is 82% probability for all five
samples to show low/moderate erotiipi The erosion test results are presented in Big(b)and

Table 2.4,which verified that all points were low/moderate erodibility. From a transportation
agencyo6s viewpoint, this site may be given
potential. The samples from U366A were classified as CL with median grain size varying

between 0.0038 to 0.015 mm (TaBl8) which is also in agreement with the low ER values.
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Table 2.3 Soil Properties and Classification of USL66A Sampks

Sample | Sampling| ER | Water % Median | LL | PL | PI USCS
depth (m)| ( g n] content| finer grain Classification
(%) than size
0.075| (mm)
mm

US-166A #1| 0.30091 | 11.2 24 98 0.0038 | 46 | 26 | 20 CL
US-166A #2| 0.91:1.52 | 12.4 26 99 0.0042 | 45|21 | 24 CL
US-166A #3| 1.522.13 | 13.0 27 99 0.0182 | 41| 21|20 CL
US166A #4| 2.132.74 | 13.0 28 99 0.0100 | 39| 19| 20 CL
US-166A #5| 2.743.35| 13.0 30 90 0.0150 | 33| 18 | 15 CL

Table 2.4 Predicted Versus Actual Erosion Test Results for U366A

Sample Electrical | Predicted Actual Predicted Actual Variation

Resistivity | Erodibility | = iniiey | critical Critical (%)

( m) Shear Stress Shear Stresd

(N/m?) (/)

US-166A #1| 11.2 Low/Moderate| Low 21.2 96.9 78
US-166A #2| 12.4 Low/Moderate| Low/Moderate| 19.2 315 39
US-166A #3| 13.0 Low/Moderate| Low/Moderate| 18.4 34.9 47
US-166A #4| 13.0 Low/Moderate| Low/Moderate| 18.3 39.4 53
US-166A #5| 13.0 Low/Moderate| Moderate 18.3 34.2 46

2.7.Discussion

The primary objective of this study was to develop a method to rapidly identify high erodibility
soils for initial prioritization of scour critical bridges. Additional considerations, limitations, and

improvements are discussed in this megtstarting with limitations. The location of drilling at
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each site was selected following the direction of the hydrology and geotechnical divisions of
KDOT. The drill rigs did not have the ability to access within the channel cross section; therefore,
drilling was performed at the stream banks. As such, one of the limitations of this study was that
the samples may not be representative of the saturated stream bed soils. Among the three types of
scour, namely, pier scour, contraction scour, and abutroeuat Briaud et al. 2011); soil samples

of this study are representative of the latter two. Although hand sampling could have been
performed in the stream bed; it was not used as the samples would likely be highly disturbed. The
bank samples, however, stirovided a means to estimate the erosion of unsaturated soils at the
surface. This methodology can be extended to other near surface soil erosion failures such as earth
embankments or slopes. There are over 160,000 km of levees in the United State2QA3CE

and levee breaches are caused due to the erosion of the dry side of the slopes (which is not
saturated) during sudden flood events (Bernhardt et al. 2011). The top 0.3 m of surficial soils were
not sampled; because, that portion often consistéitlsoind foreign materials not representative

of the native geology; however, this also removed most of the vegetative armoring. This was done

to consider the worst case scenario of surface erosion.

An AUC value of 0.922 of the ROC curve indicated tBeR T was an fiexcel |l e
and the dataset showed a 93 % probability of classifying as high erodibility when ER was above
the cutoff value of 50 mm. However, the dataset contained a narrow range of sediments
predominantly of low and high plastic clays, with few sands, and only two silt samples. It would
have been ideal to include a broader range of sediment types with very high or very low grodibilit
but choosing such sites with varying scour behavior without prior erosion data was beyond the

scope of this study. In addition to adding more sediment types to build the model; it should be
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validated with randomly selected sites of different soil typefore it is adopted by any

transportation authority.

The potential of ER to predict critical shear stress was also evaluated in this study. Critical
shear stress is an important curve fitting parameter for describing the erodibility of any sediment
which can be used for estimating the total amount of scour by transportation agencies. The critical
shear stress was determined by calculating the threshold shear stress at which the soils started to
erode and Equation 5. Critical shear stress for erasi@nfunction of various soil parameters
including plasticity index (Dunn 1959; Smerdon and Beasley 1961), dry density (Owen 1975;
Thorn and Parsons 1980), median grain size (Briaud et al. 2001; Briaud 2008; Kimiaghalam et al.
2015), cohesion (Reddi and Bala 1997), claygilt fraction (Julian and Torres 2006), shear
strength (léonard and Richard 2004; Meng et al. 2012), and water content (Amaryan 1993; Bale
et al. 2007). Again, factors affecting the ER of soils include median grain size (Inazaki e8gl. 200
liquid limit, plasticity index, percent fines and percent coarse fraction-(Admsanein et al. 1996),
water content, and moist unit weight (Kibria and Hossain 2012). Due to the existing common

factors, an effort was made to correlate the criticalrsfteess for erosion with the ER of soil.

The measured critical shear stresses did not vary linearly when plotted against the
corresponding ER values of the 65 samples of this study and the coefficient of determirfation (R
was only 0.12. Other mathematicfunctions such as exponential, logarithmic, power, and
polynomial relationship between the independent and dependent variables were considered.
Ultimately the power relationship provided the best fit to the data with ®50, and therefore,
was sele@d. Other researchers have evaluated if one measurable soil property can be used to
estimate the critical shear stress. Kimiaghalam et al. (2015) obtafré®m®5, 0.11 and 0.20 for

predicting critical shear stress using water content, median gran am plasticity index,
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respectively. Briaud et al. (2001) obtaineddR0.01, 0.03 and 0.35 using plasticity index, percent
fines, and undrained shear strength respectively. McClerren et al. (2012) obtani@dR, 0.70,

0.77 using dry unit weightkor three different river sediments. McClerren et al. (2012) likely
calculated a higher ¥because the regression was performed among the sediments from same
rivers. As the Rfor the preliminary predictive model in this study was improved over previous
efforts using one variable from different sources, this shows that ER is likely a valuable parameter
to predict critical shear stress. The relatively narrow range of soil types is a limitation of the

current model, but as noted previously these sites sedeeted based on other criteria.

The poor correlation between critical shear stress and single soil properties from this and
previous studies highlight that the critical shear stress for scour is a complex process and
interaction among the different vables is needed. There are a limited number of studies that
considered a combination of different variables (Knapen et al. 2007; Zhu et al. 2008; Debnath and
Chaudhuri 2010; Shan et al. 2015). The FHWA adopted Shan et al. (2015) model that uses water
content, percent fines, plasticity index and unconfined compressive strength for predicting the
critical shear stress of fine grained soils has 40fR.73, however as noted in the introduction,
the boundaries for this equation were not appropriate for fleisdhis study. The authors are
currently working on incorporating other measurable soil parameters including median grain size,
plasticity index, and undrained shear strength along with ER for wide range of sediment types to

construct a robust modelagticting critical shear stress with a more reliable value?of R

2.8 Conclusions

This study investigated the effectiveness of ERT as a tool for identifying high erodibility soil. ERT

is a nondestructive, rapid, and cost effective methodology. If adopgadansportation agencies
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for prioritizing scour critical bridges, the number of site specific erosion tests may be reduced by
identifying soils that are likely not highly erodible. A threshold off@ was determined based

the sensitivity and specificityf a ROC curve for this data set. When ER measurements from an
ERT survey are higher than the threshold, the corresponding soils had a 93% probability of
classifying as high erodibility on the HEXB erodibility characterization graph. Thus, bridge sites
with ER values typical of high erodibility soils can be prioritized for scour monitoring procedures
and additional testing where necessary. Furthermore, ERT surveys provide spatial distributions of
variability in the subsurface (Karim and Tuck€ulesza 20T). For example, although the
boreholes were 3.35 m deep with a diameter of 89 mm in this study, the ERT profiles contained
the subsurface distribution of ER for a tdimmensional section of 25 m X 6.4 m. This
methodology can be used to map the extentigtilyr erodible soils parallel to a bridge, future
bridge site, or other infrastructure where surface erosion estimates are needed. When present at the
surface, bridge designers may elect to consider the entire high erodibility layer thickness as the
minimum potential scour zone. Localized zones of highly erodible soils that may have been missed

with traditional boreholes will also be identified using the continuous ERT profiles.

A predictive model for critical shear stress using ER as the only independent variable was
also developed. This preliminary model showed a better correlation between one measurable
property, ER, and critical shear stress than previous studies that issdrgies collected from
a range of sites; however, it is not strong enough to be used for design purposes. The weak
correlation for critical shear stress may be due to factors that affect soil erodibility but not ER, or
vice versa. For example, Grabowskial. (2011) identified physical, geochemical, and biological
factors that affect soil erosion. While there is direct overlap between the physical properties (i.e.

particle size, particle size distribution, water content), the influence of biologitglemthemical
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factors that affect soil erosion may not influence ER. The authors are conducting an ongoing study
to incorporate other measurable soil properties with ER using a robust statistical analysis to
improve the predictive model. The proposed BRs$hold of 50rym was validated with a bridge

site selected bthe KDOT.
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binary classifier for bridge scour evaluatidfiransportation Geotechnic49, 146 157.

https://doi.org/10.1016/j.trge0.2019.03.002

Abstract

Scour is responsible for approximately 60% of all bridge collapses in the United States. Evaluating
scour using empirical equations has proven inaccurate, particularly irgramed soils.
Furthemore, evaluating scour potential based on site specific erosion testing can be uneconomic
as erosion testing is time consuming. Many soil characteristics that affect soil erosion also
influence soil electrical resistivity (ER) which can be measured ifigtteor in the laboratory.

The objectives of this study were to assess if field and laboratory ER measurements can be used
interchangeably for characterizing soil erodibility and the impact of saturation as expected during
a flood event, on the ER basedl £rodibility model. Twentyone bridge sites were used for in

situ electrical resistivity tomography (ERT) surveys and erosion testing. Supplementary ER
measurements at varying degrees of saturation were also conducted using a soil box in the
laboratory It was found that ER values do not differ significantly when ERT is conducted on
streambanks as opposed to fully saturated conditions. A receiver operating characteristic curve and
probability density function (PDF) were used to determine that soilsBeMfh over 50 qm h:

87% probability of classifying as highly erodible based on this data set. Statistical tests also
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suggested that laboratory ER can be used as an alternative to field ERT surveys. While in situ ERT
provides more information in terms apatial variation in the subsurface, laboratory ER
measurements on retrieved samples will allow transportation agencies to utilize the developed
erodibility classifier model without the capital investment of an ERT system. Given the large
number of bridgewith scour susceptible foundations in the National Bridge Inventory, ER can be
used to rapidly prioritize them for additional testing to measure the erosion potential or to
characterize the soil erosion at proposed bridge sites.

Keywords: Soil erosion,Bridge scour, Electrical resistivity (ER), Erosidrunction Apparatus

(EFA), Receiver operating characteristic (ROC) curve

3.1 Introduction

Scour is the number one threat to the nati ond¢
failures, while earthquakes cause only 2% of bridge failures in the United States (Shirole and Holt
1991). Following the catastrophic bridge failure over Schel@areek in New York, which killed

ten people in 1987, the Federal Highway Administration (FHWA) established scour evaluation as
an integral part of the National Bridge Inspection Standards (Lin et al. 2014; Arneson et al. 2012).
The subsequent scour evation technical advisory was updated as Hydraulic Engineering
Circular (HEG18) in 1991. The FHWA and State Departments of Transportation (DOTS) continue
to use HEEL8 for bridge scour evaluations to date. Briaud (2008) developed an erodibility
categorizilg graph based on the results of erosion testing using the Erosion Function Apparatus
(EFA) which was later adopted into HEXB (Arneson et al. 2012). This graph divided the
erodibility of all geologic materials into six categories (non, very low, low, madeehigh, and

very high erodibility). Furthermore, in 2005, all state DOTs were required to establish and maintain

a mandatory plan of action (POA) to maintain scour critical bridges. The overarching motivation
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for this research is establishing a feasiBIOA methodology to identify scour critical bridges

nationwide.

Karim and TuckeiKulesza (2018) established that electrical resistivity tomography (ERT)
could be used as a method to rapidly identify bridges with high erosion potential and prioritize
scou critical bridge monitoring. Electrical resistivity (ER) is an intrinsic property of a material

that measures its ability to oppose the flow of electrical current and is calculated using:

z

oY

(3.1)

where, O "Vis the electrical resistivitgnm), 'Y is the resistanc@), 0 is the crossectional area

(m?), and 0 is the length (m) of the material. While resistance may vary depending on the
dimensions of the material, ER is a normalized material property. E€s\@etween 1 to 20m

for clays(Everett 2013)20 to 200nmm for silts and wet sands (Grisso et al. 2009, Everett 2013),
and over 200 for dry sands and gravel (Lucius et al. 2007). While these are common ranges of
ER, there can be variability in thesalues for each soil type due to the spatial and temporal
variation of the factors controlling ER including the degree of saturation, porosity, and

concentration of dissolved salts in porewater (Rinaldi and Cuestas 2002).

ER can be measured in the fialdd in the laboratory. Field based ER, ERT, has become a
popular geophysical methodology to capture the spatial and temporal variation of subsurface soil
properties. In addition to geophysics, ERT has been utilized in fields such as geology,
environmentascience, archeology, and geotechnical engineering (Loke 1999; Dahlin 2001; Zonge
et al. 2005; Sirieix et al. 2015). Applications within these fields include determining depth to
groundwater (Vaudelet et al. 2011), depicting groundwsueiace water intections (Koehn et

al. in press), detecting varying subsurface geology (Chambers et al. 2013), and evaluating
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unknown foundations (Arjwech et al. 2013; Tucker et al. 2015). The advantages of ERT are that
it is nondestructive, and it can capture extensiveoants of data rapidly. However, the data
acquisition system needed to conduct ERT surveys is expensive, and data processing and

interpretation can be complex.

In the laboratory, ER is used to monitor samples during strength testing (Bai et al. 2013),
chaacterize soil samples for index propertidbii-Hassanein et al. 1996; Kibria and Hossain
2012; Kouchaki et al.2018), and predict the corrosive potential of soil (AASHTO T-288
Typically, resistance meters are connected to standard soil boxesidecyhvhich are filled with
soils for laboratory ER measurements following the demonstration of ASTM G187 (ASTM
2018&). The advantages of a laboratory ER measurement are that the experimental setup is
inexpensive, the testing and data processing are stopipared to in situ ERT, and the use of
disturbed samples is similar to index property testing. Moreover, laboratory ER can be conducted
on remolded samples allowing the user to get the ER values at a predetermined target density or
degree of saturationaBed on project requirements. Although laboratory ER and field ERT
measure the same soil property, measurements must be conducted at similar densities and water
contents to achieve comparable results due to the physical properties previously descritbed whic
affect ER. Still, researchers have utilized both field and laboratory ER to broaden a research study.
For example, Brady et al. (2017) developed a new laboratory ER method that would yield
representative ER of coarse aggregates, because the originaldmedls believed to be too
conservative. The new method was validated with ERT (Snapp et al. 2017). Additionally,
laboratory ER was used in conjunction with in situ methods for monitoring sediment consolidation
(Liu et al. 2013), soil characterization (Sigdi and Osman 2013), and monitoring hydrocarbon

pollution (Arato et al. 2013).
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Karim and TuckeiKulesza (2018) used ERT to predict soil erosion potential; however,
there were several limitations which are addressed herein. All soil sampling and ERy wesg
conducted along streambanks. Hence, the measured ER represented partially saturated soil at most
of the bridge sites depending on the depth to the groundwater table. Karim andKRulelszia
(2018) focused on the streambanks because the primargshfor erosion potential was around
the bridge abutments. One objective of this study was to address the limitation of the field
conditions and determine if ER based soil erosion predictions were still valid under fully saturated
conditions.Additionally, implementing in situ ERT for identifying scour critical bridges may
require a substantial capital investment if equipment is not available, as well as expertise in data
processing for transportation agencies. Laboratory ER measurements were condhistetLidy
at the same degree of saturation and density as in situ conditions to evaluate if laboratory ER and
in situ ERT measurements could be used interchangeably for predicting soil erodibility. Although
previous researchers have used both field @oorbtory ER, there has been limited research where
both methods were used for the same means (i.e., Siddiqui and Osman 2013). No studies have
evaluated if there is a statistical difference between the two measurements and if they can be used
interchangedly for the same purpose. Finally, Karim and TueKetesza (2018) did not fully
describe the hydrogeologic conditions where the ER based binary classifier for soil erodibility is
valid (i.e., based on the factors that control ER). Seven sites were adoledden the range of
soil types and critical soil properties (i.e., density, degree of saturation, porewater conductivity)

were presented herein to highlight the boundaries of the proposed methodology.

Whether measured in the field or laboratory, thiéitgldor ER to identify or distinguish
bridge sites containing highly erodible soils from the rest of the sites is a binary problem. A

Receiver Operating Characteristics (ROC) curve is a popular statistical tool for illustrating the
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diagnostic ability ofa binary classifier (Egan 1975, Swets 1988, Williams et al. 1999). This
methodology was first developed for radar signal detection during the 1940s and has since been
utilized in fields like machine learning, atmospheric sciences, geosciences, biosdieanes,
experimental psychology and sociology (Krzanowski and Hand 2009). Despite many binary
problems in geosciences, few studies were identified in the literature where ROC curves were used
(Brenning 2005, Gorsevski et al. 2006, Holliday et al. 200@3refore, the statistical methodology
establishing that ER (measured in the field or laboratory) can be used as binary diagnostic classifier
for scour evaluation was included herein based on the new comprehensive dataset to contribute to

probabilistic metods in transportation geotechnics and allow for future applications.

The research methodology, including erosion testing, in situ ERT, and laboratory ER
measurements, follows this introduction. Next, the results of the laboratomeBBurements are
compared to that of in situ ERT results and analyzed. The statistical methodology to evaluate the
efficiency of ER as a binary classifier to predict the level of erodibility is then described. This
paper ends with a discussion of the reswnd conclusions and recommendations going forward

on the use of ER as an erosion predictor.

3.2 Methodology

3.2.1 Erosion Testing and Soil Analysis

Based on the scour vulnerability and the travel distance from the origin of the research, Kansas
State Wiversity, a total of 21 bridge sites across eastern Kansas were selected by the Kansas
Department of Transportation for this study. F3gl shows a map of Kansas containing the
locations of the 21 sites. An ERT survey and conventional soil samplingcaredected at each

bridge site. Up to five 610 mm long samples were collected using 89 mm diametealieict
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Shelby tubes. These samples were drilled continuously and at a fixed drilling location using hollow
stem augers. ASTM Standard D4220 (ASTM 20ivag followed for transporting and preserving

the samples until erosion testing commenésth 610 mm sample was cut down to 381 mm for

the erosion test specimen. The remaining soil was used for determining the water content and soil
classification accoiidg to the Unified Soil Classification System (USCS) (ASTM 2f)1The

bulk density of all samples was measured to obtain in situ geotechnical properties including void
ratio and degree of saturation. The specific gravity values for specific USCS sailviygpe

utilized from ASTM D854 (ASTM 2014). Additionally, the sample pore water conductivity was

measured following the saturated paste method (Whitney 1998).

A total of 72 samples from the 21 sites were used for erosion testing with an erosion
functionapparatus (EFA). The EFA is a flume style apparatus that measures the rate of erosion
(mm/hr) at different water velocities (m/s) (Briaud et al. 2001). Each sample was allowed to erode
at six different water velocities and the corresponding amount ofer@sim) was recorded to
determine the rate of erosion (mm/hr) for that velocity. The shear stres®) (Kpplied
tangentially by the water to the eroding soil surface) corresponding to each velocity was calculated
using

T -"Q0 (32)
where,t is the shear stress (NAn'Qis the friction factor! is the density of water (kgfy andd
is the water velocity (m/s) (Briaud et al. 2001). The dimensionless friction f&tsra function
of relative roughness of the eroding surfacae d Reynol dés number, and
Moody Chart (1944). The final results include up to six applied shear stresses and the
corresponding erosion rates from each sample. A more detailed description of sampling and

erosion testing can be founa Karim and TuckeKulesza (2018).
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Fig. 3.1 Map showing the bridge sites used for drilling and ERT survey.

3.2.2 In situ ERT Surveys

ERT typically utilizes four electrodes: two current electrodes, and two voltage electrodes. The
current electrodes (A, B) create an electric field within the subsurface from an external direct
current source while the voltage electrodes (P, Q) measuneoltagie potential between two
subsurface points. For a measuvettage potential and anduced currentthe apparent ER,

(nm), is obtained using
T = = = — (33)

where, Qs the electric current (amperes)is the voltage potential (voltd),is the lateral distance

between respective electrodes (m), and A/B/P/Q represent electrodes used for current or voltage

measurements. Note that tEREmetsarenmentfiaasppedhe entireé 0
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subsurface is homogenous (Everett 2013). A larger number of electrodes can be used
simultaneously to expedite the data collection and cover a longer stretch of land. The configuration
of these electrodes and the sequeatcerhich different electrodes operate as current or voltage
electrodes are called array. The type of array in this study was selected based on two criteria. First,
the ER signal had to penetrate beyond the maximum borehole depth of 3.35 m (i.e., tgooiotain
vertical sounding). Second, a high lateral resolution was required for constructing the two
dimensional (2D) soil erodibility profile. Pilot studies were conducted to determine the best
configuration among the three traditional and commonly used ppas: Schlumberger, Wenner,

and dipoledipole. The Schlumberger provides excellent vertical sounding beneath a single
location, because the voltage electrodes are kept centered at a fixed location and the separation of
the current electrodes increasé®@ the common center during data collection. However, the
Schlumberger was not selected due to its poor lateral resolution. In the Wenner array, the potential
electrodes are also centered between the current electrodes. Unlike the Schlumberger, the whole
voltage and current electrode assembly moves during data collection, thus increasing data
collection time. The Wenner provides high lateral resolution of ER at a roughly constant depth of
penetration. However, due to lateral constraints between theus&warid private property, the

signal could not penetrate to the intended depth with the Wenner array.

The dipoledipole array offers advantages of both the vertical sounding of the
Schlumberger and the lateral profiling of the Wenner array. The confuiatthe voltage and
current electrodes in the dipedigpole array also allows for multiple voltage measurements in
multi-electrode systems, thus reducing data acquisition time. The dijpale array also
minimizes coupling effects (an electric linktlveen the current and voltage pairs), compared to

other arrays (Binley and Kemna 2005). Therefore, the digplele array was selected for this

a7



study. In the dipolalipole array, the spacings between the current electrodes (A, B) and the voltage
electrods (P, Q) remain constarf){ however, the spacing between the current electrode pair and
voltage electrode paig, as variable (Fig3.2). The dipoledipole array can have signal to noise

ratio issues as the separation between current and voltage(ipaina in Fig. 3.2) increases;
however, the maximum separation was 3.6 m and therefore data quality were not affected. Note

that as increases, the depth to the measured apparent resistivity point also increases.
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Fig. 3.2 Schematic demonstrating the dipolalipole array.
A t o tadlectrodes were used for data collection at a uniform 0.46 m spacing, resulting in a
25.1 m survey. Because most data points were in the central region of auiBy line using a
dipole-dipole array, and because the best resolution was obtained in that region, the survey line
was oriented so that the sampling borehole was located betweer'taed289" electrodes (Fig.
3.3). Visible sources of cultural noige.qg., utilities, power lines, fiber optic cables, cell phone
towers) were avoided near the survey line at the sites. A contact resistance test was run prior to
data collection at each site to ensure that all electrodes were installed properly sorbairthen
current was induced into the subsurface. The data collection for each ERT survey took about 30
minutes at each site. The relative elevation of each electrode was taken with an optical level and
leveling rod which was later used in data processinigdorporate the exact topography in the

ERT profile of the site.
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Fig. 3.3 In situ ERT survey line including the data acquisition system.
All resistivity data were processed with AGhrthimager 2Dsoftwae (AGI 2009). Prior to
inversion, erroneous data (e.g., negative apparent resistivities or extreme outliers) were filtered
from the raw data set. Note that no more than 6% of the data were removed by filtering the
erroneous data at any of the sites. Tlveligion of the measured apparent resistivity from the ERT
surveys to the true resistivity of the subsurface was iterative, starting with a subsurface resistivity
distribution where all elements of the finite element mesh were assigned the averagegafatitap
resistivity values measured in the field. The apparent resistivity was then calculated for given
electrical properties and boundary condition using a process called forward modeling (Binley and
Kemna 2005). Following this, the calculated data wakelted based on the estimated misfit
between the measured and calculated apparent resistivity (Constable et al. 1987). An Occam style
smooth model data inversion was used. In this inversion process, two data misfit criteria must be
fulfilled simultaneous}t ensuring minimum roughness and optimum smoothness of the model
before iteration stops and the final inverted (true) ER section of the subsurface is determined. The

final ER section is approximately a 6.5 x 25 2rD section of the subsurface, which isuatly a
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contour plot of ER with over 45,000 elements of a fieliement mesh. As mentioned, each sample

for erosion testing was 381 mm long with a diameter of 89 mm. The projected area of 381x 89
mn? contained 16 elements of the ER mésithe 2D section. The average ER of these 16
elements was assigned as the ER for that soil sample. Note that at least two mesh elements between
two consecutive electrodes are needed for analyzing the measured data. Increasing the number of
elements results in momeccurate forward modeling, but with a longer -tume. Because the
dipole-dipole array data are sensitive to near surface heterogeneity, a sensitivity analysis was
conducted on the mesh discretization. The default mesh of two elements between electodes wa
increased to six per 0.46 m (electrode spacing) to reduce the likelihood of mathematical artifacts.

Further discretization of the mesh did not improve the quality of the inversion (Karim 2016).

3.2.3 Laboratory ER Measurements

A Nilsson Resistance Met&todel 400was used for the laboratory ER measurementsMAR.

Miller Large Soil Box(with a volume of 270 cf) was used as the soil box holding the soil
specimen at the in situ density. As shown in Bid, the resistance meter was attached to the four
terminals (or electrodes) of the soil box. The system uses a Wenner array, where the outer two
electrodes work as the current electrode pair and the inner electrode pair measures the voltage
potential between two points within the soil. The resistance rnsétews the corresponding
resistance of the soil. To convert the measured resistance to the soil resistivity, the dimensions of
the soil box are required. The cressctional area (cfjy and the distance between the voltage
electrodes (cm) of the soil bassed in this study are such that the resistiviggni) has the same

numerical value as the measured resistampérd¢m the resistance meter.
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Fig. 3.4 Resistance meter and soil box with C1, C2 current electrodes and P1, P2 voltage
electrodes.

Two experiments were conducted with the soil box. In the first experiment, specimens were dried
and then mixed with required amount of water to bring them torttetu water content. All
laboratory ER water contents were within 0.2% of the in situ value. Next, each specimen was
compacted into three equal layers following ASTM G187 (ASTM 2pi8fit within the soil box
at the in situ density. Finally, the labarat ER reading was taken, and the temperature was noted.
In the second experiment, additional water was added to the specimens to ensure 100% degree of
saturation {r= 100%) All fully saturated specimens were compacted into three equal layers at the
samedensity as in the field within the soil box and ER was measured. Due to the air entry potential
(negative pore water pressuielvas not possible to achieve full saturation for eight specimens at
the in situ density (very little air was entrapped irsthepecimens). However,-980% saturation
was achieved for all specimens and consilleyatisfactory. Note that Kouchaki et al. (2018)

showed that for all soil types, the change in laboratory ER with the change in degree of saturation
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was negligible beyah60% degree of saturation as long as the density remained constant. Also,
note that the laboratory measurements are temperature dependent, and thus all ER values were
adjusted to accommodate for the differences between the laboratory temperature arsituhe i

soil temperatureaccording to ASTM G187 (ASTM 20a8 for valid comparison. In situ soil
temperatures were obtained from Kansas Mesonet  (http://mesonetk

state.edu/agriculture/soiltemp/

3.3 Results of Erosion Testing

The erosion test results of the samples from the 21 bridge sites in this study were compiled using
the HEG18 erodibility categorizing graph, which is a plot of erosion rate versus shear stress
(Arneson et al. 2012). Fig.5 presents the erosion rate wershear stress data for the 72 samples
marked according to their USCS classifications. As mentioned, each sample was tested under six
different velocities (i.e., six corresponding shear stresses) in the EFA, therefore a total of 432
points in the erosiomate versus shear stress plot were compiled. Among these 432 points, 271
points were above the critical shear stress (shear stress at which erosion initiates) and were visible
in the logarithmic plot. Since rate of erosion is zero below the critical streas, the rest of the

points were not visible in the logarithmic plot. Among these 271 visible points, 196 points (72%)
were located in the moderate erodibility zone; 49 points (18%) were located in the low erodibility
zone; and 26 points (10%) were ltedh in the high erodibility zone. The in situ ER of these
sampl es, measured with ERT, ranged from 5.5 q
experiments were measured on the streambanks. The natural conditions may not be representative
of the eledtical response when the streambanks are inundated, such as during a flood event.
Therefore, laboratory ER measurements were used to evaluate the soil samples under fully

saturated conditions.
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Fig. 3.5 Erosion rate versus shear stress for varying soil type of 72 samples in the study.

3.4 Results of Laboratory ER Measurements

Ten samples were selected for laboratory ER measurement. These samples are liste@ih Table
with in situ and laboratory properties. Samples were designated according to their highway name
and the order of sampling at each site. For example, the top sample fr@® kighway was

named USG9 #1. Note that two samples were used from each of three bfidge®)S73, US

24, and USL60) as there was not enough soil remaining after the erosion and soil characteristic
testing to measure ER in the laboratory from the remaining bridges. Laboratory ER measurements
were performed using the in situ conditiong(edegree of saturation, water content, and density)

of each sample, followed by determining their ER under fully saturated conditions. These two
measurements yielded data to compare the laboratory versus in situ ER values to verify the validity
of usinglaboratory ER for an erosion predictor, and for using laboratory ER to measure the ER at

fully saturated conditions that could not be simulated in the field.
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Table 3.1 Comparison of in situ ER with laboratory ER at different degree of saturation.

In-situ ER Lab ER| Lab ER with
with "Ya 100%
In-situ
Y
Sample USCS | Water Dry | Degree off ER ER ER Degree of]
soil content | density | saturation, | (LJm) | (LI/m) | (LJm) | saturation
type | (%) (glen®) | "Y(%) Y(%)
0) (1) (1) (IV) V) V) vy v | (X)
US73#1 | CL 27.20 |1.50 93.0 598 |751 6.97 |99
US73#4 | CL 27.63 |1.50 94.8 6.76 | 6.87 5.79 |98
US69#4 | CL 2941 | 146 94.8 749 |7.44 6.97 |99
US-160 #3| CH 26.28 | 1.55 95.7 9.07 |9.02 8.80 |98
US-160 #4| CL 2454 | 159 96.5 9.11 |9.06 8.61 | 100
K-58#4 | CL 27.66 |1.50 95.1 12.31 | 10.88 | 10.16 |99
US24#5 | CL 29.31 | 1.37 82.7 13.03 | 13.07 |10.86 |98
US75#1 | CH 2315 | 154 82.3 14.01 | 12.20 |10.47 | 100
US24 #4 | CL 30.99 |1.34 82.9 14.25 | 14.85 |13.22 |98
US54 #5 | CL 25.74 | 157 98.5 1494 | 12.84 |12.71|99

3.4.1 Laboratory ER measurements as an alternative to in situ ERT

The ER values of the ten samples obtained by in situ ERT, laboratory ER measurements with in

situ degree of saturatiofy( and fully saturatedondition (Y 100%) are presented in F3g(a).

The corresponding black and yellow bars in Big(a) showed that the differences in ER between
the in situ and the laboratory methods (with in Stwaried from 0O to 2.1@m for the ten samples.
This small difference indicated that both in situ ERT and laboratory ER results were consistent.

This was also evident from the laboratory (with in Sfwversus in situ measurements plot in Fig.
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3.6(b). Among the points correspang to the ten samples, four were located on the 1:1 line
indicating approximately equal values for the in situ and laboratory methods, two were on the
upper left side of the 1:1 line indicating higher laboratory values (maximum oirfn3and four
wereon the lower right side of thel:1 line indicating lower laboratory values of ER (maximum of

2.10nym) than the in situ method.
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Fig. 3.6 Comparison of ER values: (a) bar chart comparing ER values as obtained from in
situ ERT, laboratory ER (at the same S as in the field), and laboratory ER at fully
saturated condition (S a 100%); (b) Il aborato

labor at ory ER (S & 100%) versus in si
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Although numerical values suggested that the ER measurements were very similar, a statistical
hypothesis testing between the two samples (in situ ER and laboratory ER with"iYi wias
performed to verify if the irsitu and laboratory measurements were statistically similar. For a
small sample size of 10 (corresponding to the two populations, namely, in situ and laboratory ER
values with in sitU, a ttest is suitable for hypothesis testi{@ft and Longnecker 2). The t

tests comparing two samples can be of two types: two sartgdt (where both samples are
independent) and paireddst (where both samples are dependent). In this case, the samples were
dependent since two different ER measurement methodsamaducted on the same sbince,

a paired-test was utilized to verify the similarity in ER values between in situ ERT and laboratory
ER (with in situ™Y methods.A paired ttest simply calculates the difference between paired
observations and theregorms a one sampleést. The observations of two samples (size = 10)
are given in column VI and VIl in Tablg1. Column VII was subtracted from column VI (Table

3.1) and a single sample denoting the difference between in situ and laboratory ERwiiiuies

situ™Y was obtained as shown in TaBl&. The single sampletést was conducted on that sample.

Table 3.2 Sample of observations showing the differences between in situ and laboratory

ER (with in situ S) (Column VI - Column VII of Table 3.1).

Difference in ERM -1.527] -0.114| 0.050| 0.050| 0.050| 1.432| -0.041| 1.812| -0.600| 2.104
(- m)

For the paired-test, two assumptions were checked: (1) ER is a continuous variable; and (2) ER
follows anormal distribution. ER is an intrinsic soil property and therefore is a continuous variable,
satisfying the first assumption. To check the second assumption, a normality check was conducted.

Note thata set of observations tends to follow a normal distrdm when their probability density
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function has a belshaped curve and can be described by its mean and standard deviation (Ott and

Longnecker 2004). The probability density of a normal distribution can be defined as

"Qws' h, —— 0 (34)

where' is the mean angl is the standard deviation of the distribution of variabl€he mean of
the differences in Tabl@.2 was@ =0.322 with a standard deviationiof = 1.127, and the-p
value of the AnderseDarling normality test was 0.105 (above 0,@&Fowing the observations of

the differences follow a normal distribution for 95% confidence I@9#land Longnecker 2004)

After verifying the accuracy of the assumptions,-@st was performed with null
hypothesisO: * =0 [i.e., the in situ and laboratory (with in sit¥i measurements of ER are
statistically equal] , an® : * 0 [i.e., the in situ and laba@ry (with in situ™y measurements
are statistically different], where denotes th@opulationmeanof the differencesbetween the
in situ and laboratory (with in sitdy measurementS he ttest was performed for a significance
level,| =5%. For the degree of freedddQ=¢ -1 = 9, whereg¢ = 10 was the sample size, the

test statistic® was obtained as 0.90 using the relationship

8 — (35)

where, all the variables were previously defined. Using 0.90 andJQ= 9, the corresponding
p-value was determined as 0.39 fromtalile for the hypothesis test (Ott and Longnecker 2004).
Since the pralue = 0.39 ¥ = 0.05, the nulhypothesisO could not be rejectedn other words,

the statistical analysis suggested that there was no evidence that in situ and laboratory ER

measurements were different at a 95% confidence level.
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Although the itest is designed for small sample sizéhe power of the-test was
determined to verify if the sample size of ten was adequate in this hypothesis test. The power of a
t-test is defined as the difference of the probability of Type Il error from unity. Type Il error occurs
when the test failt reject the null hypothesis, given the null hypothesis is false. For the associated
standard deviation, = 1.127, significance level = 5%, and an estimated difference in ER of
1.5 nym, the resulting power of thetést was 96.16%, which was theopability of correctly
rejecting the null hypothesis when the difference in ER was truly at leaggril.Bue to this high
power of 96.16%, a sample size of ten was considered satisfactory and the hypothesis test result
was acceptedrherefore, it was pran that there was no significant difference between the in situ
and laboratory ER measurements, when both methods were applied on the same soil with the same
degree of saturation and densAjthough in situ ERT provides mass scale geological information
of the subsurface, this finding is very significant; a laborab@yed alternative of ERT will allow

the users to utilize any ER based models economically.

3.4.2 Effect of Degree of Saturation on In Situ ER

ERT surveys and soil sampling (for erosion testing) were conducted on the streambanks, as erosion
around the bridge abutments was the primary interest. Unfortunately, these in situ ERT
measurements may not accurately characterize the fully saturateginsioiisated in a flood. The
degrees of saturation for the 72 samples of this study varied between 82 to 100%. Working on fine
grained soilsKouchaki et al. (2018Kibria and Hossain (2012) arkbu-Hassanein et al. (1996)
showed that the ER decreased appnately exponentially with an increasing degree of saturation.
However, as the degree of saturation crossed approximat&l§%Qthe curves started to flatten

out and there was a negligible change in ER with increase in the degree of saturatiol until fu

58



saturation. Based on these previous studies it was assumed that in situ ER would not be
significantly different in the fully saturated condition, as the minimum degree of saturation in this
study was 82%. To support this information from the literatilve ER values were measured at

fully saturated conditions in the laboratory and compared with their in situ ER for ten samples.
Note that these ten samples were the same samples listed ir3Iablat this time a comparison

was made between column Vibtained at field by ERT with in sittyf and VIII (obtained at

laboratory with'Y  100%).

Fig. 3.6(a) and Fig3.6(c) show that nine out of ten samples had a smaller value of ER in
laboratory with full saturation (maximum difference of 3¢p4n than whatvas obtained through
in situ ERT. As shown in Tabl@1, only sample US3 #1 showed slightly higher ER (6.8¥n)
withY  100% than its in situ value (5.98n), which was likely due to the different measurement
devices. Comparison of the laboratory ERhwn situ™Y(7.51mm) and the laboratory ER with
Y 100% (6.977mm) confirmed that full saturation slightly reduced the ER of13S#1 sample
too, like the nine other samples. Therefore, it is true for all ten samples that, full saturation
decreased th&R as more water replaced the air within the soil pores and increased the
conductivity. However, the decrease in ER due to full saturation was minor. Among the ten
samples listed in Tablg1, US75 #1 had the lowest degree of saturation in the fizd §2.3%)
with in situ ER of 14.07ym, and at full saturation (17.7% increaséYrthe ER was determined
as 10.41m (only 3.54mm decrease). The decrease of ER due to full saturation in the other nine
remaining soil samples was even smaller as showmabieB.1. Note that the remaining 62
samples from this study had an in Siequal to or above 82%. Tal#& includes these differences
in ER between in situ measurements and fully saturated condition in laboratory by subtracting

column VIII from columnVI of Table 3.1 for the ten samples.

59



While ER values can be over 1,00 for many geomaterials, these small changes in ER
due to full saturation likely have a negligible impact on the ER based binary classifier model for
bridge scour evaluation. Theoe€, to verify if this change in ER was small enough (such as 3
nm), a paired-test was performed using the ten observations (differences in ER between in situ
condition and fully saturated condition in the laboratory) of T&88e The mean value of thes
observations wa$¥} = 1.24 with a standard deviation bf = 1.292. These differences also

satisfied the normality assumption (p value = 0.533 > 0.05), justifying the use of the fgased t

Table 3.3 Sample of observations showing the differences between in situ ER (with in situ

S) and | aboratory ER (~ColanimVIiBof&abl® 8.8) ( Col umr

Difference in| -0.986 | 0.968| 0.522| 0.268 | 0.505| 2.151 | 2.167 | 3.536| 1.032| 2.233
ER.® ( m)

The null hypothesis of the pairedest wasO : * 3 [i.e., themean ofdifferences between the

in situ ER and laboratory ER (witly 100%) is greater than or equal tarB], and alternative
hypothesis wa¥) : 3 [i.e., themean ofdifferences between the in situ ER and laboratory
ER (withY 100%) is less than 8m], where'  denotes the population meahdifferences
between the in situ ER and laboratoifg Bwith Y 100%).Note that a difference of 3m was

used in the hypothesis test, becaflbe-Hassanein et al. (1996) showed ttiegt variation in ER

for fine grained soils is usually less tham@® between 70 to 100% degree of saturation and the
range & degree of saturation of 72 samples in this study (82 to 100%) was well within this

boundary. The-test was performed for a significance leyek 5%.

For the degree of freedoldQ = ¢-1 = 9, whereg = 10 was the sample size, the test

statisticsd” was obtained ast.31 using Eq.3.5) with equivalent gralue = 0.001Since pvalue
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=0.001 <¢ =0.05, null hypothesi®© was rejectedsignifying that the difference in ER between

the partially saturated soils and fully saturated soils would be less timan Bhe power of the

paired ttest was found to be 95.84% for the associated standard deviatrot.292, significance

level| =5%, and an estimated difference in ER of iy, meaning the probability of correctly
rejecting the null hypothesis was 95.84% when the difference in ER was truly at leaph.1.5

With a 95.84% power, it can be said that the sample size of ten was adequlaé paired-test.

Based on this hypothesis, it can be said with 95% confidence{[(EH#5%] that ER values from

in situ ERT surveys were not more tham® different than what it would be if all the samples
were fully saturated from the streambekl@nce, considering the typical range of ER for different
geologic materials, this difference can be considered small enough to not influence the binary

classifier model of ER for bridge scour evaluation.

3.5 Electrical Resistivity as a Classifier for Eroability

Karim and TuckeiKulesza (2018) established that soil samples falling in the high erodibility zone

of the HECG18 erodibility categorizing graph mostly corresponded to comparatively higher ER

than the moderate or low erodibility samples. Howeverghvere overlaps of ER values between
samples representing fAhigho and fAnot higho (c
That is, there were highly erodible samples that corresponded to very low ER, and there were
samples that were not highlyoelible but had a very high ER. Seven new bridge sites were added

in this study, as well as the ER measured in the laboratory as an alternative method. The ability for

ER to distinguish Dbridge sites contasoilsi ng fih
(comprised of fAmoderateo and Al owo) is a binar
(ROC) curve is a popular statistical tool for illustrating the diagnostic ability of a binary classifier

(Swets 1988) and was used in this study.
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3.5.1 ROC Curve for Evaluating a Binary Classifier

The control variable of a binary diagnostic test (i.e., ER in this study) must be quantitative and
continuous for ROC analysis. To help decide if the outcome of a binary diagnostic test is positive
or negative, &ut-off value of the control variable must be estimated. Theffutalue works as

a boundary and the binary outcome may be considered positive or negative when the control
variable will be above or below the estimatedafiitvalue. Outcomes of a binadiagnostic test

are leveled either positive (e.g., high erodibilipy, or negative (e.g., not high erodibilitg,
comprising of low and moderate erodibility) and can be summarized in a 2 x 2 contingency table
(Kumar and Indrayan 2011) (Tal8et). Thecolumns of Tabl&.4 represent the actual erodibility
results obtained from erosion testing in this study and the rows represent the binary diagnostic test

results (i.e., predicted erodibility using ER).

Table 3.4 Diagnostic test results with respect to actual test results (adapted from Kumar

and Indrayan 2011).

Diagnostic test result Actual erosion testing results Total

(predictions) High erodibility Not high erodibility

High erdlibility True positive Y) False positive'Q0) All test
POSItive

Not high erodibility False negative Q0 True negative Y All test
negative {)

Total Actual high erodibility| Actual not high| Total sample

samplesH erodibility samplesy( size

In the context of identifying high erodibility using ER, true positive raY® (¥s the probability
of predicting a soil to have high erodibility when it was actually found highly erodible in erosion

testing. On the other hand, falpositive rate"Q0 )¥s the probability of predicting a soil to have
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high erodibility when it was actually found not highly (moderate or low) erodible in erosion testing.

Mathematically,

YOy ——  — (3.6)
o0'YY ——  — (3.7)

where, all variables are defined in TaBlé. Note that, the values 8f0 and 00 Will be different
depending on the estimation of @ff value of the control variable (i.e., ER) of the binary
diagnostic test. The ROC curve is the graphical display of¥felotted againstO0 “Yor all

these varying cuobff values.

3.5.2Interpreting an ROC Space

A characteristic ROC space (that contains ROC curve) is shown irBFidor depicting the
relative tradeoff between true positive and false positive predictions. SincéYiotéind 00 'Y
represent probabilities, the rangeabscissa and ordinate of a ROC space varies between 0 to 1.
For a certain cubff value, the best possible prediction would yield a point on thdefoporner

of the ROC space (0, 1) in Fig.7, which is called a perfect classification (Kumar and dgeln

2011). This point corresponds T80 ¥ 1.0 (100% probability of true positive) af@) ¥ 0.0

(zero probability of false positive). The diagonal dashed line joining (0, 0) and (1, 1) is called the
no-discrimination line. For a certain eaff value, any point falling on this line will correspond to

a random guess indicating equal probability of true positive and false positive. This no
discrimination line divides the ROC space into two equal triangles. Points falling on the upper
triangle represdngood classification (corresponding to certain-@ffit values) indicating
probability of true positive is greater than false positive. Points falling in the lower triangle
(corresponding to certain coff values) do not necessarily indicate bad classibn; rather it is

an indication that if the hypothesis of binary prediction was inverted, these points would represent
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good classification. Therefore, the further the points are away from the diagonal in the ROC space,

the better is the efficiency of thenary diagnostic test.
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Fig. 3.7 Characteristic ROC Space.

When all the points in the ROC space corresponding to variousffcualues of the control
variable (i.e., ER) are joined, the ROC curve is forimed the area it makes with thexis (00 'Y

axis) is called the area under the curve (AUC). The AUC is a combined measure of true positive
and false positive probability and it provides an effective assessment of the binary diagnostic test
itself (Kumarand Indrayan 2011). The maximum value of AUC is 1.0, meaning the diagnostic test
is perfect and high erodibility soils can be identified using ER without any probability of false
prediction, for example. This would occur if there was no overlap betwe@ndbability density
functions (PDF) of the ER values for high and not high erodibility soils. However, AUC = 1.0 is
extremely unlikely to occur (Kumar and Indrayan 2011) and a rough guide for classifying the
accuracy of the diagnostic test using the Aldlie is: 0.50.60 = fail; 0.660.70 = poor; 0.7.80

= fair; 0.860.90 = good; and 0.90.0 = excellent (Swets 1988).
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3.5.3 Efficiency of ER as a Binary Diagnostic Classifier

The hypothesis of the ROC analysis was that samples with ER value greater tharoth&Rut

value would be predicted as high erodibility and vice versa. The ROC analysis was 8&&5in
Statisticdby selecting various cudff ER values intherangeof% qgqm t o 327. 7 qgqm. 1
range for 82 observations of measured ER (72 in situ measurements and 10 laboratory
measurements at the in situ degree of saturation). The ER observations were arranged in ascending
order. The smallest cuaiff valuewasaunt y | ess than the mini mum obs
the largestcuo f f val ue was a unity greater than the
The rest of the cubff values were the averages between two consecutive observed ER values.
Although tere were 83 cutff values, only 28 are shown in Tal8&. This was because there

were high frequencies of observed data at | ov
spaced cubff values would unnecessarily complicate the analye. samplesrom this study

yielded 302 points in the erosion rate versus shear stress plot, with 27 falling in the high erodibility
zone and 275 falling in the lomoderate erodibility zone. While calculating th& "¥Eq. 3.6)

and the'O0 "¥Eq. 3.7) correspondingo various ER cubff values inSPSSthe number of high

erodibility pointsO = 27 and not high erodibility point® = 275 (combining moderate and low

erodibility points) remained constant (as these were actual erosion test results). However, the
numkers of total predicted positivg)and total predicted negative)(changed depending on the

varying cutoff value. The'Y0O ¥nd"O0 Yorresponding to various coff ER values, as obtained

from the SPSS output, are also shown in T&eWhen thdROC curve was plotted using these

"YO ¥gainstO0)Y t he AUC value was found to be 0.902,
classifier to distinguish the high erodibility soils for bridge scour evaluation according to Swets

(1988).
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Table 3.5 TPR and FPR for various ER cutoff values as obtained from SPSS.

ER cutoff (mm) TPR FPR ER cutoff (mm) TPR FPR
4.5 1 1 16.9 0.889 0.222
6.0 0.963 0.967 17.8 0.852 0.200
6.8 0.963 0.920 18.5 0.852 0.167
7.2 0.963 0.895 19.2 0.852 0.142
7.6 0.926 0.862 26.0 0.852 0.105
8.5 0.926 0.833 31.8 0.852 0.076
9.0 0.926 0.775 40.7 0.852 0.040
9.6 0.926 0.669 51.3 0.815 0.029
10.8 0.926 0.571 96.5 0.704 0.025
11.7 0.926 0.538 134.3 0.704 0.007
12.8 0.926 0.447 163.0 0.519 0.007
13.5 0.926 0.360 223.3 0.370 0.007
14.6 0.889 0.295 2925 0.148 0.007
15.4 0.889 0.251 328.7 0.000 0.000

3.5.4 Selecting a Fixed Cubff ER for the Binary Classifier

A fixed cutoff ER must be selected as a design guideline to implement the binary classifier model.

The cutoff value of the control variable, ER should be such that¥be? as high and/ciO0 %

as low as possible. This will ensure high probabdf true positive and/or low probability of false

positive prediction. However, for a very low eutf f

ER,

such

as 15.

4

qm

high”Y0 "¥ 0.889), the design would be very conservative and would falsely treat many not high

erodibility as high erodibility samples. On the other hand, for a very higbft&R, such as 163.0

qm

high erodible sites may be neglected. Therefore, a balanced E/ ws required so th&¥d 'Y

(corr espon dadni¥g.0a7) thevdesigly may bewinsafe and many potentially
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and"O0 "Were still high and low respectively. Recalling the typical range of ER for different
geologic materials mentioned in the introduction, acftitER of 50 mm was selected which
corresponds toYD ¥ 0.820 andO0 ¥ 0.030. This cutoff ensured that most clean, coarse grained
soils would be identified as high erodibility while not excluding all fine grained soils or coarse
grained soils with some fines based solely on the electrical resistivity properties that faaty, i

be highly erodible. Note that the selected-afiit value of 50 mm is applicable for the
hydrogeologic conditions of eastern Kansas (i.e., considering the gradation, density, degree of
saturation, porewater conductivity), and needs to be evaluatediferent conditions. The actual
results of the erosion testing in this study were revised with respect to the seled#Eeubf

50 nym in Table3.6.

Table 3.6 Erosion test results with respect to recommended ER cff.

Erodibility Based on Actua ER below| ER Total | When ER| When ER

Erosion Test 50 m above below 50 m | above 50 m
50 m

High Erodibility 5 22 27 1.8% 73.3%

Not High (Low/Moderate)| 267 8 275 | 98.2% 26.7%

Erodibility

Total 272 30 302 | 100.0% 100.0%

As shown in Table.6, 73.3% of the samples with ER abover® were highly erodible and
98.2% of the samples with ER belowrsth were not highly erodible during actual erosion testing.
This indicates that the selected-ofit ER provides a sound prediction of the erodibility. The PDFs
for both high and not high ertmlity (low and moderate erodibility) points are shown in A&

to obtain the actual probability of the erodibility based on the selecteddfdtiR 50nm.
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Fig. 3.8 Probability density functions for both high and not high erodibility samples.

The average ER among the 27 high erodibility points was 1§9.%ith a standard deviation of
106.0nym, which provided the equivalent of Bgn in the standard normal distributias z =

1.125. Therefore, there is an 87% probability of high erodibility when the measured ER is above
50 mm (to the right of cubff ER line in Fig.3.8). On the other hand, the average ER among the
275 not high (low/moderate) erodibility points wasQi@m with a standard deviation of 3In$n

and the resulting equivalence of M in the standard normal distribution was z = 1.003. As such,
there is an 84% probability of low/moderate erodibility when the ER is belonyb(left to the

cut-off ER line inFig. 3.8).

3.6 Discussion

The developed model is a binary classifier that can be used to rapidly identify bridge sites with
high erodibility soils. As shown by the statisticaést, inexpensive laboratory ER measurements
can also be used as an altgive if samples are collected and ERT equipment is not available. An

advantage of the in situ ERT surveys is ERT provides adimensional subsurface ER profile
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along the entire channel cressction as opposed to laboratory measurements which cagivaly

ER in the localized zone of drilling. Based on the ER threshold offd0subsurface resistivity
profiles (from in situ ERT surveys) can be converted into equivalent erodibility profiles by
assigning high erodibility to soils having ER overrg® andlow to moderate erodibility to soils
having ER below this threshold. In this way, the entire subsurface along thesectiss of a
channel, around bridge abutments, or other erodible infrastructure (e.g., levees) can be visualized
with respect to erodibiy. For illustration purposes, the erodibility profile of the 12% site is

shown in Fig.3.9 based on the ER coff of 50 mm.
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Fig. 3.9 Two dimensional ER and soil erodibility profile for US-24 site. (in color)

The white, dashed rectangle in F3 at 13 m along the horizontal axis shows the location where
the five samples were collected for erosion testing in the laboratory. The ERsitalues of these
samples varied between 13 to 35y®. This range is below the eaff ER of 50nmm indicating

that these samples would be predicted to fall in the not high erodibility catdd@yEFA results

of these samples showed moderate erotibitigreeing with the binary classifier model. ER of

two of these five samples were also determined using the laboratory ER method and were very
similar to that of the in situ value (Tal8€l). This is an indication that after performing the drilling,

ER values can also be measured in the laboratory to give a rapid estimate of the soil erodibility
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instead of conducting a tim@nsuming erosion test, although the results would be limited to only

two categories of erodibility.

The ER of Fig.3.9 was relatrely uniform indicating the soils at this site are likely not
highly erodible; however, other sites may be more vari&oleexample, theubsurface ER profile
of the US36 site in Fig.3.10 depicts how a-P erosion profile can identify layers or pockets
(represented by yellow, orange, and red) of highly erodible soils (with ER abaya)5Big.3.10
highlights how even if drilling is performed and a full erosion test is conducted, the erosion risk
may not be detected. The location of drilling is shovitiha white, dashed rectangle in F&y10
indicating samples should exhibit low to moderate erodibility (represented by blue zone). These
samples were in fact moderately erodible based on erosion testing (Karim and-Ruielszia
2018). Thus, a field ER3urvey can identify the location of potentially highly erodible soils where

localized measurements from traditional drilling and sampling may be limited.
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L N N
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Fig. 3.10 Two dimensional ER and soil erodibility profile for US-36 site. (in color)

There remain limitations of this study. Firstly, despite the fact that 72 samples were used in the
study, the range of soil types was narrow consisting mostly of high and lowiptadays, with
four clayey sands, two high plasticity silts, and two low plasticity silts. As shown i8.Bjghone

of the 72 samples collected for this study occupied the very high or very low erodibility zones of
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the HEG18 graph meaning that sodlfing into those categories was unrepresented by this study.
Therefore, there is a need to include fine sands in the model, which would likely fall in the very
high erodibility zone. These sands would also likely have ER values above-thfé @ub0 mm;
however, there are limited data in this study to support this hypothesis. Additionally, very few
studies on the erosion characteristics of intermediate geomaterials (IGM) or soft rock were found
in existing |iterature; is hequireel tooinclede thedrremson o n  t «
characteristics in the model. Although the soils in this study were not fully saturated in situ,
statistical analysis showed that the ER values would not vary more tiyam®en fully saturated.

As the ER cubff valueof the developed binary classifier itself wasmg@, this small variation (3

nmm) can be considered negligible. Note that, the degree of saturation varied between 82 to 100%
in this study. Hence, there is also a need to perform testing where degregaifosats much

lower because ER is greatly affected by the degree of saturation below 60%. In this way, this
methodology, which was originally built for bridge scour, can be extended to partially saturated
surface erosion. Finally, porewater conductivitifeects ER measurements. The porewater
electrical conductivity varied between 0.28 to 1.28 mS/cm with an average of 0.74 mS/cm for all
the samples in this study. Soils with more conductive porewater (i.e., above 4.5 mS/cm like those
found on the Arkansas Wir in Western Kansas) (Miller et al. 2010) may not be appropriately
characterized by this methodology. Note that accordin@rabowskiet al. (2011), salinity also
affects erodibility, therefore highly saline samples need to be investigated to furtheeir

potential applications.

3.7 Conclusions

There is a need for a rapid methodology to identify scour critical bridges. ER was proposed as a

novel approach to this problem. Statistical similarity between in situ and laboratory (at the same
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in situ degee of saturation and density) measurements of ER indicated that laboratory
measurements can be conducted interchangeably where in situ ERT is not economically feasible.
However, the added benefits of nondestructively acquiring spatial variation of ldgefage

areas make in situ ERT preferable. The degree of saturation, one of the significant factors that
affect the measured ER of soils, was investigated. This study has showed that soil ER values do
not change significantly at fully saturated conditiomben compared to the ER values of partially
saturated samples collected from streambanks. Note that, this was the case for the hydrogeologic
conditions of eastern Kansas where the degree of saturation was not found below 82%. Therefore,
ER values obtairtefrom streambanks can be utilized for an ER based scour prediction model in
similar hydrogeologic conditions. The statistical methodology of using ER (measured in the field
and laboratory) as a binary classifier for bridge scour evaluation was explaiaaceaample of
applying probabilistic approaches in transportation projects. Results showed that the efficiency of
this ER based binary cl asoffvafue af 30mmwasiselectedvfars i e X
this model to distinguish high erodibilispils from soils with less erosion potential. Results also
showed that there is an 87% probability of correctly predicting high erodibility soils using ER
alone. This study was limited by a narrow range of soil types, high in situ degree of saturation, and
relatively nonsaline porewater. In order to expand the model for other hydrogeologic conditions,
there is a need to evaluate soil at lower degrees of saturation, particularly below 60%, and where

high concentration of dissolved solids increases the abivity of porewater.
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This article is currentlyinder review for publication in the S C EJousnal ofGeotechnicabnd

Geoenvironmental Engineering

Karim, M. Z.,and TucketK u | e s z aModelihg Criical Sliear Stress f@ridge Abutment
Scour in Cohesive Soilsdournal of Geotechnical and Geoenvironmental Engineering

under review.

Abstract

Critical shear stresis an important variable when estimating scour around bridge abutments in
cohesive soils. Critical shear stress is the stress exerted by the flowing water that initiates soil
erosion. The objective of this study was to develop an empirical model totghedaritical shear

stress in cohesive soils. A total of 70 soil samples from 26 bridge sites were used for this study.
Erosion testing was performed in an Erosion Function Apparatus and 13 soil properties
(independent variables) were measured. Multyglgable screening criteria determined percent
fines, liquid limit, and electrical resistivity as the statistically significant model variables for
predicting critical shear stress. Design factors for implementing the model to predict abutment
scour werealso recommended based on probabilistic analysis and its effect on scour predictions
were presented. The critical shear stress model was validated using an arbitrary bridge site. If
adopted by transportation agencies, this model can be used to predie¢rtostour and reduce

over conservative bridge scour designs.

Keywords: Soil erosion Bridge scourCohesivesoils Critical shear stres&lectrical resistivity
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4.1 Introduction

Scour is soil erosion around bridge supports and from the bed and batikashs due to the
hydraulic stress exerted by flowing wat&alappi et al. 2010)in 1991, the Federal Highway
Administration (FHWA) established Hydraulic Engineering Circular 18 (HBTto provide a
conceptual framework for scour analysis, which rem#ie primary guideline for transportation
agencies nationwide. The original empirical scour equations in-HEQvere based on
cohesionlessoarse grained soiend were a function of median grain size. These equaimves

been proven to be over conseivatfor cohesivesoils (Schuring et al. 2010). For example, these
equations are applicable for a minimum median grain size of 0.2 mm (Arneson et al. 2012);
however, median grain size is smaller than 0.075 mm for cobesivesoils. Median grain size
predicts scour in cohesionless/roeamented coarse grained soils because gravity force is the only
resistive force against scour (Shields 1936, Briaud et al. 201¢hhiesivesoils, cohesion and
adhesion due to interparticle forces provide resistance agamst in addition to the gravity force
(Grabowski et al. 2011)n later editions of the HEC 18, equations for calculating scarew

developed as a function ofitical shear stress.

The critical shear stress is the threshold of applied hydraulic streas at which soil
erosion initiates (Partheniades 1965; Hanson et al. 1999; Utley and Wynn 2008; Bernhardt et al.
2011). The excess shear stress equation is the common equation relating erosion rate and critical
shear stress such that

o Qt ft (4.1)

whereO is the erosion rate (mm/hr¥) is the erodibility coefficient (fiN-s), T is the hydraulic
shear stress (Pa) arfdis the critical shear stress (Pa) (Partheniades 1965; Hanson et al. 1999).

Although equations to determine scour depttoinesivesoilsarea function of critical shear stress,
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site specific erosion testing currentlyrecommended to obtain the criticsthear stressSite
specific testing is the most accurate approbahit requires highly specialized equipment which
many transportation agencies do not own, likely making this cost prohibitive. Therefore, the
minimum median grain size for the given etijoia (developed focohesionlessoils) is often used

for estimating scour isohesivesoils, leading to over conservative designs. There are numerous
empirical equations to calculate critical shear streshesive soitshowever, these are rarely

usedn practice The most prevalent critical shear stress equations for cohesive soils are as follows.

Erosion incoheivesoils is affected by various physical, biological, and geochemical
properties (Grabowski et al. 2011, Paterson 1997). The relative ctiutnid and interaction of
thesefactorsare still unknowrand there has been no research to date investigating all of these
factors in one empirical modeDne of the earliegmpiricalequations for critical shear stregs)(

was developed by Dunn (1969

T mpt pyYtOAdT pg 6O (4.2)

wheret is the shear strength agd'@ the plasticity index of soil. However, the equation was
intended to be used in the design of earth lined canals. Kimiaghalam et al. (20XoyakEded
critical shear stress and shear strength paramspasifically cohesionhut theempiricalmodel

was based oasmall number (13) of soil samples and narrow range of critical shear stress (0.31
10.25 Pa). Amos et al. (1997) studied the erosion mechanisnveofdelta sediments and

established that

t xzpm” 8 (4.3)
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where” is the bulk densitythis relationshivas based on critical shear stress ranging from 0.11
to 0.50 Pa, which is a very small portion of the typical critical skigass range inohesivesoils
(Arneson et al. 2012). Julian and Torres (2006) developed a relationship bgsadide size

such that

T mXXW meincys @0 (4.4)

where"YGis the claysilt content. Thoman and Niezgoda (2008) used 25 soil samples collected
from five different creeks in northeast Wyomiagdthey found that activity of clayd(d, dry
density { ), specific gravity 10), N "Dand water content)() were significant soil properties

affecting critical shear stress such that,

T XBRYcgmMo ™M¢ p&@® @dnOm™Q. (45

Mahalder et al. (2018) developed 4 sets of equations based on physiographic regions and
had poor correlation. Note that although these are likely not all of the empirical equations to predict
critical shear stress, they highlight that researchers havaexkifferent soil properties for their
empirical models and there is no consensus on what controls the onset of erosion. Also, these

models were not developed for bridge scour design.

Shan et al. (2015) developed an empirical equation for predictingitioal shear stress
in cohesivesoils specifically to be used ithe HEG18 bridge scourdesign Shan et al. (2015)
found percent fines, water content, plasticity index, and unconfined compressive strength as
statistically significantmodel variablesall of which are commonly measured by transportation
agenciesTherefore, his equatiorallows transportation agenciesdstimate critical shear stress
without conducting site specific testing; however, the equation is only applicable for shear stress

ranging from 3 to 15 Pa. Furthermore, the model was based upon laboratory prepared soils with
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plasticity index ranging from 4 to 25, liquid limit between 15 to 50, and percent fines ranging from
10 to 90. These soils and lower shear stresses were likelynctwofeeus on the worst case (i.e.,

more erodiblerohesivesediment in riverbeds (i.e., primarily pier and contraction scour).

Abutment scour occurs ithe floodplain outside of the river bed sedimewdiue to the
obstruction of flow by the abutment amdadway embankmer{fArneson et al. 2012)When
working with cohesivesoils in eastern Kansas to study abutment scour, the authors identified that
most soil properties and applied hydraulic shear stresses were outside of the IBhias @ft al.

(2015) moe! (TuckerKulesza and Karim 2017 herefore, although Shan et al. (2015) is an
improvement overprevious equations based oocohesionlesssoils, there is still a need for
calculating critical shear stress outside of riverbeds, where a wider racaeedie soil properties

was observednd where hydraulic stresses are higher. Broadening the soil properties and hydraulic
stresses will also have the potential of using this approach for other structures where erosion is

critical (i.e., dams, levees, slopes).

Karim and TuckeiKulesza (2018) established that electrical resistivity tomography (ERT)
can be used to rapidly characterize the erosion potential of a bridge site, primarily for prioritizing
bridges for more advanced scour anedy£RT is considered erof the Advanced Geotechnical
Methods in Exploration (AGaME) by the FHWA for its capacity to obtain continuous subsurface
data between soil borings (FHWA 2019). In addition to site characterization, resedahers
correlatecelectrical resistivity with geotechnical properttesreduce the number of geotechnical
tests in a projece(g., Kouchaki et al. 2018, Kibria and Hossain 2012 ,-Abgsanein et al. 1996,
Ahmed et al. 2018Chen et al. 2018). Karim and TucKeulesza (2@8) recommende®ERT
because of the overlap between physical, geochemical, and biological properties that affect both

soil erodibility and electrical resistivity. Tuck&ulesza and Karim (2017) noted that thesesa
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correlation between electrical resistyvand critical shear stress cohesive soilshowever the
relationship was not strongr( = 0.52). Still, an advantage of electrical resistivity is that it is an
intrinsic soil propertywhich is influenced by nowngineering properties that also cohtsoil

behavior, like geochemical and biological fact@gftsedman 2005).

Previous equations to calculate critical shear stress Warted because they did not
consider the combined effects of physical, geochemical and biological factorsptiusgdon
engineering propertieSimilarly, researchers have studiget relationship between critical shear
stress angjeochemical or biological properties aloRer exampleAriathurai and Arulanandan
(1978) showectritical shear strescreases with increamy cation exchange capacit§ O
Arulanandan (1975) showed that critical shear stress decreases with increasing sodium absorption
ratio. On the biological sideburrowing organisms create water filled chambers in consolidated
sediment resulting in gher water content, lower shear strength and lower critical shear stress
(Widdows et al., 2009)To the best of the authors knowledge, there has beessearcho date
on a method to calculate critical shear stress considering all biological, geochandgathysical
soil properties. Thiss likely because there are too many varialies$ may influence cohesive soil
erosion identified in the literaturenaking the analysis too complicagtdan unreasonable scope.
This study included electrical resigty as a soil property because it inherently includes the
influence of geochemical and biological conditions in the measurement. For exalegigcal
resistivity will decrease withincreasingd ‘O &Kibria 2014), and increase with increasing
percentag of calcium ionsKibria and Hossain 20)2Again, Chambers created byrrowing
organisns will decrease thelectricalresistivity dueto increased water contef\Viddows et al.,

2009 Kouchaki et al. 2018 Thus, bothgeochemical and biological factoese captured by

electrical resistivity without additional experiments for each fadtmtuding electrical resistivity
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as a soil property is one unique aspect of this study. As will be shown, electrical resistivity was

one of the three significant variasl for calculating critical shear stress.

The objective of this study was to develop an empirical model to predict the critical shear
stress for erosion in cohesive soils focusing bridge abutment J¢osiintroduction is followed
by a methodology sectiowhere the field work and laboratory testing are briefly described. The
results and analysis section includes the description of the variables, the selection of variables
through multicollinearity analysis and variable screening technique, model buithdggross
validation of the model. Next, a design factor for application of the nfodehlculating abutment
scouris selected based on a probabilistic approach. The paper ends with the model validation, a
discussion of the results, and conclusions.
4.2 Methodology
A total of 70 soil samples from 26 sites were used to develop the model to predict critical shear
stress. Most of the samples (i.e., 67) were collected from 23 sites in eastern Kansas. The Kansas
Department of Transportation (KDOT) idengifi these sites based on scour vulnerability. As
expected, 20 of the Kansas sites characterized as alluvium geology (i.e., deposited during
comparatively recent geologic time by streams on their floodplain or delta) (KGS 2019). Two of
the sites were DakotBbrmation, characterized by white, gray, red, brown, and tan kaolinitic
claystone, mudstone, shale siltstone, and interbedded and lenticular sandstones (Zeller 1968). The
remaining Kansas site was formed by glacial drift. Glacial drift sediment was treatsjy
glaciers and deposited directly on land (Neuendorf et al. 2011). A map of the 23 Kansas sites are
shown with their surficial geologic information in F§1. The remaining three soil samples were

collected from Ohio, Nebraska, and Colorado byRH&VA for a separate study.
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Fig. 4.1 Location of the 23 sites from eastern Kansas with their surficial geology

As shown in Tabled.1, the 26 sampling locations fell under eight different physiographic
provines (KGS 2019, ODNR 2019, KDHE 2019, CGS 2019). Physiographic provinces are
divided according to their geomorphologyhich is related tahe processes of landforms and
geologic structure. Among the physiographic provinces Smoky Hills, Central Nebraska Loes
Plains, and Colorado Piedmont fall in the United States Great Plains region and are formed by
sandstone, limestone and chalk (KGS 20T8g dher five provinces fall in the Central Lowlands
region; among them both Osage Cuestas and Flint Hills areddryneroded shales and limestone;
Cherokee Lowlands by eroded shales and sandstones; Glaciated Region by glacial drift and loess;

and Derby Plain by highme till, carbonate rocks and shales (KGS 2019, ODNR 2019).
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Table 4.1 Physiographic Origins of the Soil Samples

State Physiographic Province No. of Sites
Kansas Smoky Hills 6
Glaciated Region 4
Osage Cuestas 7
Flint Hills 1
Cherokee Lowlands 5
Ohio Darby Plain 1
Nebraska Central Nebraska Loess Plains 1
Colorado Colorado Piedmont 1
Total 26

All samples were collected in 610 mm long, thmalled Shelby tubes following ASTM D1587
(ASTM 2015a), and preserved and transported following ASTM D4220 (ASTMa0dd ERT
survey vas conducted to obtain the electrical resistivity data for the 67 sample28tKansas

sites. A laboratory electrical resistivity measurement was used for the three FHWA samples with
a fourelectrode soil box following ASTM G187 (ASTM 204)8 Note thatkarim et al. (2019)
showed that laboratory resistivity measurements provide statistically similar resistivity values as
in situ ERT, primarily for this purpose where ERT was not possible. Additional soil property
measurements included: triaxial unconsat@t undrained shear strength (ASTM D2850 2015b),
water content (ASTM D221&019), Atterberg limits (ASTM D4318 2017a), grain size
distribution (ASTM D7928 2017b, ASTM C117 2017c, and ASTM C136 2QX54i) bulk density
(ASTM D72632018b) Dry density, val ratio, porosity, and degree of saturation were calculated

based on the measured properties.

Erosion testing of all 70 samples were conducted in an erosion function apparatus (EFA).
The EFA is a flumestyle apparatus where erosion rate (mm/hr) can be measured at different water
velocities (m/s) and the corresponding shear stig$%) applied by the water to the eroding soil

surface is calculated as
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t - (4.6)

where Qs the friction factor; is the density of water (kgfy) andv is the water velocity (m/s)
(Briaud et al. 2001). The critical shear stress vedsrchined from each EFA test as the shear stress
corresponding to an erosion rate of 0.1 mm/hr (Briaud 2017). A more detailed description of the
sampling, ERT surveys, and erosion testing can be found in Karim and ‘Kidksza (2018)

and Karim et al. (209).

A multiple linear regressiofSAS v.9.) was performed for modeling critical shear
(dependent variablddr erosion A total of 13 independent variablegreobtained through above
testsfor this purposeVariable transformation using a suitable d¢tion wasdoneas the first step
to reduce the skewness in the distribution of the variables. Sextral independent variables
were removed from the model development process considieenglticollinearity(Mendenhall
and Sincich 2012)among independent variables. Finally, backward elimination technique
(Mendenhall and Sincich 201®as utilized to choose the best independent variables for the

multiple linear regressiomodel of critical shear stress.

4.3Results and Analysis

Among the 70 samples of this study, 17 classified as CH (high plasticity clays), 44 as CL (low
plasticity clays), four as ML (low plasticity silts), one as MH (high plasticity silts), three as SC
(clayey sands), and one as SS& (wellgraded clayey sands) as per Unified Soil Classification
System(USCS (ASTM D2487 2017d). According to Mitchell and Soga (2005), and Raudkivi
(1990) soils having a minimum of B% fines(passing 0.075 mm siev@)y weight) are cohesive

and their erosiobehavior is controlled by the fines. All samples were cohesive by this definition

and included in the analysis to predict the critical shear stress.
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The results of erosion tests (erosion rate versus shear stress) for all 70 samples are shown in Fig.
4.2. The critical shear stresd these samplegried between 0.4 ®7.1Pa and are shown using
asterisks along the 0.1 mm/hr erosion rate line ga4&R. As per HEG18 (Arneson et al. 2012),

the graph is divided into six different categories of erodibidaged on USCS soil types.
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Fig. 4.2 Erosion rate versus shear stress with USCS classification for the 70 samples

As shown in Fig4.2 the critical shear stress of the 70 samples in this study ranged across four (out
of six) different categories of erodibilitAccording toHEC-18, high plasticity clays is the most
erosion resistant soil after rocks. It also suggests ¢hétal shea stress shouldpproximately

vary between 1.5 to 9 Pa for the low plasti@tgrysand 9 to 70 Pa for the high plasticity cday
(CH). However, in this study, a low plasticity clay was the most erosion resistant soil with
maximum critical shear stress of.@ Pa. The range, minimum, maximum, meanedian, and

standard deviation o€ritical shear stress (dependent variable) &Bdother soil properties
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(independent variablg$or all 70 sampleare shown in Tabld.2. Due to thalifference between

mean andnedian andarge standard deviatiaf 20.59 Pa foa range of 96.7 P@able4.2), the
distribution of the 70 observations of critical shear stress was highly skewed; hence, logarithmic
transformation was usedfllote that, ariable transformation usingsaitable function is the first

step in multiple linear regression to reduce the skewness in the distribution of the variables

(Mendenhall and Sincich 2012)

Table 4.2 Description of the Statistical Variables for Model Developmentor 70 Soil

Samples
Variable Range| Min. Max. | Mean| Median | Std. Dev.

Critical shear stresg, (Pa) 96.7 0.4 97.1 | 23.31| 17.23 20.59
Electrical resistivity,” (nrm) 321.7| 6.0 327.7 | 28.87| 12.71 54.90
Water content) (%) 29 11 40 26.77| 27.08 4.74
Percent fines (%) 89 11 100 | 90.30| 96.79 19.21
Median grain size (mmx2 1.9188| 0.0012| 1.9200| 0.09 0.01 0.36
Liquid limit, 0 (%) 54 26 80 42.72| 41.50 10.25
Plastic limit,0 (%) 24 10 34 20.52| 20.00 4.18
Plasticity index) (%) 49 3 52 22.20| 22.00 10.01
Void ratio, Q(dimensionless) | 0.90 0.28 1.18 | 0.77 0.76 0.19
Porosity,¢ (dimensionless) 0.32 0.22 0.54 | 0.43 0.43 0.06
Degree of saturatiofiy(%) 32 67 100 | 90.90| 90.58 6.53
Bulk density,0 (g/cn?) 0.58 1.75 232 | 1.93 1.91 0.11
Dry density,0 (g/cm3) 0.86 1.25 211 | 1.54 1.53 0.16
Undrained strengthy (kPa) | 225.5| 13.9 | 239.4 | 97.54| 95.76 47.51

As shownin Table4.2, while the electrical resistivity values varied betweem§rOto 327.7m,

its mean (28.8ym) and median (12.7dym) indicated that the data distribution was positively
skewed (i.e., more soil samples with low electrieaistivity values). The soil samples in this
study were predominantly fine grained with a high degree of saturation, supporting the relatively

low electrical resistivity (Everett 2013; Kouchaki et al. 2018, Kibria and Hossain 2012, Abu
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Hassanein et al. 98). Similarly, as shown in Tab#2 the distribution of median grain size was
positively skewed, and the distribution of percent fines was negatively skewed. Typically,
logarithmic or square root functions are applied to reduce the skewness of thetdataidnand
normalize the data as much as possible (Mendenhall and Sincich 2012). Ehezkfcirical
resistivity, median grain size, and percent fines were transformed using logarithmic function (base
= 10) before regression analysis. The diffeeebetween mean and median for rest of the variables

were small (Tabld.2); hence, no transformation was needed.

4.3.1 Variable Selection

All soil properties measured herein were previously identified as variables that ropasive

soil erodibility (e.g., Grabowski et al. 2011, Kimiaghalam et al. 2015, Karim and Ficitesza

2018, Arneson et al. 2012). Some of these properties measilag soil characteristics leading

to multicollinearity in the dataset. Multicollinearity is the existence of Hiraar to linear
relationship between a pair of independent variables, and it can cause the regression coefficients
to be misleading and rade the model predictability (Mendenhall and Sincich 2012). Following
variable transformation, multicollinearity amottge 13 independentariables were checked to

select the set of independent variables for predicting critical shear stress. Multicoflirear

measured by the coefficient correlatior{dimensionless ratiuch that

i SR S (4.7)

where,-1 1 1;® andw are the two variables between whicks being measured for th@
th obsevation (Mendenhall and Sincich 2012). A positivelenotes that the pair of variables are
positively related (increasing one increases the other) and vice versa. The clo$eatbe |s to

1, the stronger is the relationship (i.e., multicollinearig)ween two independent variables and
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one of these two variables should be excluded from further consideration. A heatmap showing the

i values among allvailable pairs of independent variables is shown in4=8y.
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Fig. 4.3 Heatmap showing the multicollinearity among independent variables; red and blue

colors denote positive and negative correlations, respeecly

As shown in Fig4.3, bulk densitydry density,void ratio, and porosity were highly correlated

with mutual i | values among them over 0.90. This was expected, begthtisese four variables

denote how densely the soil particles are packaghof these variables was checked and the

results did not change regardless of which was; kbetefore dry density was kept becausesit

commonly measuredRest three variables (bulk density, void ratio, porosity) were excluded from

the model to avoid niticollinearity. Among the Atterberg limits, plasticity index was left out

because was found as 0.91 between plasticity index and liquid limit. Also, plasticity index is
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obtained combinedly from plastic limit and liquid limit, so this information wdwrently
redundant. Finally, percent fines and median grain size were highly correlated|waitt0]89.

When plotted separately against critical shear stress both of these variables were found to affect
the onset of erosion. However, because both pefoces and median grain size were obtained
from the gradation curve, keeping both would induce repetitive information and ultimately have
an adverse effect on the model. Note that median grain size is a good indicator of critical shear
stress in clean sdrand gravel where gravity forces control the erosion threshold (Shields 1936).
Hence, median grain sizeused in the scour equations farhesionlessoils in HEG18 and the
cohesionlessquations are very accurdfeneson et al. 2012)n cohesive soils, the erosion is not
controlled by the size of the particle but rather the amount of cohesive material, or the percent
fines Furthermore, percent fines is determined more routinely than median graincbesive

soils because median grain size also requires a hydrometer analysis, which might not be feasible.
Therefore, percent fines was considered for predicting critical shear stress and median grain size
was dropped to avoid multicollinearity. After removingefimdependent variables considering the

multicollinearity, eight variables were left for the final stage of variable selection.

The final step in variable selection was to select the optimum number of independent
variables that would best describe thei@caitshear stress (dependent variable) using the backward
elimination stepwise regression, which is one of the most widely used variable screening
techniques (Mendenhall and Sincich 2012). Note that, at this stage, eight different properties were
availableas model variables, and liquid limit was used as a quadratic fun6iion(( ), adding
an extra variableLiquid limit was used as a quadratic function because, critical shear stress
showed an increasing trend with increasing liquid limit up towadiimit value of around 50 and

beyond this point the critical shear stress became somewhat constant or slightly decreased, and a
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guadratic function best described this behavioquadratic function for plasticity index was also

used in the permissiblshear stress equation developed by the United States Department of
Agriculture (USDA) for the purposes of evaluating channel lining stability (USDA 1987). The
backward elimination technique fitted a model containing all nine independent variables in the
firstiteration. In successive iterations the predictive performance of a variable was evaluated based
on the tstatistic (Mendenhall and Sincich 2012) and removed if not satisfactory, until all the
variables existing in the model had significastdtistic Backward elimination was run using=

0.10 significance level. A significance level of 0.05 to 0.10 is commonly used (Mendenhall and
Sincich 2012); 0.10 was chosen because the result of backward elimwwasurther verified

by an additionalvariabke screening. After the final iteration, percent fines, liquid limit as a
guadradic function (i.e.,00 and 0 ), and electrical resistivity were identified as significant
independent variables for predicting critical shear stress. At this stage; [aastiwater content,
saturation, dry density, and undrained shear strength were eliminated. To validate these variables
in the model and ensure it was not overly constrained, an additional variable selection algorithm
(Pedregosa et al. 2011) was usedht® detect most influential independent variables. In this

method,independentariables are ranked based on tegcores such that

0o —- (4.8)
wherei is the correlation coefficient for a certaimdependentariable with critical shar stress
andg¢ is thetotalnumber of observations. As shownTiable4.3, "Oscores of percent fines, liquid
limit as a quadradic function, and electrical resistivity were higher than the remaining five
variablesindicating they were the most influegitivariables. Furthermorehis result was in

agreement with backward elimination method.
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Table 4.3 F Scores of thel ndependentVariables for Predicting Critical Shear Stress

Variable D€ 00 00| 00| 0€™ 0 Y 0O Y
"Oscore 59.7 18.8 | 31.1 | 0.5 70.9 6.1 | 1.5 | 0.001 | 0.7

4.3.2Model to Predict Critical Shear Stress in Cohesive Soils
A multiple linear regression analysis was run based on the four variables that most influence soil
erosion, namely, percent fines, liquid limit, liquid limit squared, and electrical resistivity. Based

on these properties the regression equation was

DERN RO MROETM XY YOO UDD M 04 (4.9

:::::

of the predicted versus actual critical shear stress are shown iMd&igAmong tke 70
observations, 38 data points underpredicted and 32 of the data points overpredicted the critical
shear stress. Although thé of 0.62 was moderate to substantial (Hensetiel.2009), thiswas
because most of the dat@reunderpredicted. Moreovethe amount of underprediction was very

high (ratio of actual to predicted critical shear stress above 2.7) for five samples, which greatly
affected the model accurabgised orY . Fromageotechnical design perspective, underprediction

of critical sheaitis conservative and over prediction would initiate erosion earlier than expected.
Therefore, statistical results without engineering judgement may provide wrong implications of

the model.
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Fig. 4.4 Predicted versus actual (measured) critical shear stress
After raising both sides of Eg4.0) to the power of 10, the proposed model is
T Q" 8pm8 8 8 (4.10

where all the variables are preusly defined. Finally, cross validation was performed to verify

all model coefficients would also perform well for sites not used in this dataset. Cross validation
is a model evaluation method where the model is built by a portion of the dataset anakiinéng

portion is used for validating the model. The leave one out method, one of the most robust cross
validation methods available, was used in this study (Pedregosa et al. 2011). In this technique the
model was built 70 separate times using 69 obsensaand keeping the only other observation

for validating the model each time. A total of 70 sets of intercept and coefficients of the model
were obtained along with their maximum, minimum, and mean values. As presented in.Z,able 4

the mean values ofiercept and all four coefficients (for 70 different test models) were within 1%
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of the regression analysis results shown in BQ); therefore, no further modification of the

coefficients and intercept of the model was made.

Table 4.4 Model Cross Validation Results

Intercept Variable Coefficients
0¢ 00 00 D€
Min. -2.84 0.68 -11.02 7.66 -0.51
Max. -1.85 0.89 -6.68 11.77 -0.29
Mean -2.27 0.79 -7.81 8.97 -0.41
Selected -2.26 0.80 -7.78 8.95 -0.40
Difference from mear 0.01 0.01 0.03 -0.02 0.01

4.4 Design Recommendations

As shown in Fig4.4, the developed equation over predicted 32 of the data points. In other words,
the soil eroded relatively easily but was calculated to be m@son resistant. Among these
overpredicting points four points were roughly on the 1:1 line in &£@(indicating negligible
overprediction); however, the ratio of actual and predicted critical shear stress of the remaining 28
samples were over 0.8Uherefore, a design factor, , is recommended based on an acceptable

level of risk by the designing engineer such that

Tﬁ | z "QS " 8 p -’-[8 38 38 (4_11)

wheret j; is the design critical shear stress ands the ratio of design critical shear stress and
predicted critical shear stress. The purpose of usingvas to minimize the probability of
overpredicting the design critical shear stress. |Theés selected by the engineer such that the
probability of overpredicting critical shear stress is minimized while still achieving a prudent
design (Tucker et al.(15). A total of 65 observations were used to create the cumulative density

function (CDF) shown in Figd5. It was determined that the five observations with extremely

91



high critical shear stress (above 60 Pa) should be removed so the design did netéémely
conservative as the model cannot predict critical shear stress that high. To construct the CDF,
probability of failures (the ratio of over predicted observations and total observations) were
calculated for many values. For example, for = 1 (unfactored equation), the probability of
failure was 0.49 as 32 observations (out of 65 observations) exhibited overprediction. The same
procedure was repeated for varying to obtain a plot of probability of failure versus. A

lognormal cunulative density function (CDF) was fit on these experimental data.

e
=

0.001 £

Probability of failure

0.0001

Fig. 4.5 Cumulative density function plot for » m

The goal was to recommend based on a wejudged probability of failure. Baecher and
Christian (2003) provided the acceptable risk of failure for several civil engineering structures
based on the accumulated data in the United States. According Baecher and Christian (2003), the
acceptable probability of foundation failure is 0.01 for peiddesign. Shan et al. (2015)

recommended a reduction factor ( so that no more than 10% critical shear stress data in

cohesive soils were over predicted (probabil:i
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HEC-18 framework. The design factor,, is 0.20 and 0.36 for a probability of failure of 0.01 and
0.1, respectivelyFig. 4.5). Note that these are not the only permissible design factors. The design
equation (Eg4.11) can be factored using an value based on the project need. For example, for
designing scour depth for a bridge along rural highways, a higheray be warranted so as to

not be too conservative while = 0.20 would likely be used for a major interstate where a lower

risk isacceptable.

To evaluate how the design equation for critical shear stress wdluleince bridge scour
design the design scour depths for different values were calculated using the abutment scour
depth equation inohesivesoils (Arnesn et al. 2012)The HEC18 abutment scour equation (EQ.

4.12) for cohesive soils calculates the scour deptfm) by

@ | - — 6 (4.12

where,| (unitless) is the scour amplification factor which is dependent on unit disobfattye

stream] (N/m3) is the unit weight of flowing wate€ (uni t | ess) i's the mann
i (m?s) is the abutment unit dischargge, is a dimensionless factor (1 in S.I.), a®dis the

abutment flow depth before scour. For evaluatihe design critical shear stresses were calculated

using Eq. 4.11) with| = 0.20, 0.36, and 1.0. Next, three sets of abutment scour depths were
calculated with thee design critical shear stresses using Hdld). These design scour depths

were canpared with calculated scour deptising the measured critical shear stress from the EFA

tests [Fig4.6(a and b)]. Using = 1.0 (corresponding probability of failure 0.60 from the CDF

in Fig. 45) allowed the evaluatioof the unfactored equation. Note that the values qof , €,
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i , andw were utilized from adesign exampleefined in HEG18 as 2.1, 9810 N/n0.025,

0.94 nt/s, 1.1 m, respectivefArneson et al. 2012)
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Fig. 4.6 (a) Comparison of design scour depths with calculated scour depths for varying

critical shear stress; (b) Design scour depths versus calculated scour depth

As shown in Fig4.6(a), the calculated scour depths from measureidtalrshear stresses varied

up to15.5 m (hollowred circle markers) and scour depths were negligible when critical shear
stress was above 24 Pa. This further supported omitting the five extremely high (i.e., greater than

60 Pa) samples from the CDF dey®ig| , these samples made the reduction too conservative

while also representing sites where calculated scour would be negligible. £b10 (unfactored

design equation), design scour deptilagk6 x 6 mar ker s) were over pred
predicted 32 times. Note that, opposite to critical shear stress, over prediction of scour depth is
conservative. Most of the 32 under predictions occurred between shear stresses of 1 to 10 Pa and
the maximum difference in design and calculated scouthdevas 2.1 m at a critical shear stress

of 1.3 Pa. As shown in Fig.6 (a) and (b), the risk of under prediction was greatly reduced by
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implementing both = 0.36 plue circle markers) and 0.2@teentriangle markers). Far =

0.36, there were gen observations of under predicted scour depth with a maximum difference in
design and calculated scour depths of 1.1 m| For 0.20, there were only two observations of
under predicted scour depth and maximum difference between design and casoadatetepths

was only 0.4 m. Overall, both design factors showed that proposed design equation was
conservative. Design scour depths were obtained deeper than calculated depths for 61 and 68
observations far = 0.36 and 0.20, respectively. In many atoas these over predictions were

by a big margin (e.g. in low critical shear stresses). Note that the unfactored model was very
accurate (i.e., within maximum 0.98 m) at the four critical shear stresses below 1 Pa. Therefore, a
design engineer may use a greater than the proposed values to avoid extreme over prediction

for a rural structure with low traffic volume.

4.5 Validation

The developed model was validated using a site selected by the KDOT. The site is located 6.2 km
southwest of Lawrence, Kansas along Kansas 100khighway. The drilling was conducted on

the bank of Yanky Tank creek that intersects withhighway. As epected, the soils at the site

are characterized by the alluvium geology and theisite theglaciated region physiographic
province (KGS 2019. Sampling and ERT surveys were conducted on the same day. The
subsurfacelectrical resistivitydistributionis shown in Fig4.7(a). The electricafesistivityat the

sample location wa8.1 mm. The liquid limit and percent fines for the sample was found 40 and
95.77, respectively. Using these values, the unfactored critical shear stress was predlfzted as
PausingEq.(4.10). The design equatidiicg.4.11)yielded acritical shear stress of 3.8 Pa and 6.9

Pafon =0.2and 0.36, respectively. The actual critical shear stress from the EFA test was found
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36.3 Pa[Fig4.7(b)]. Therefore, the proposedbdel under predicted the critical shear stress, which

is conservative from design standpoint.

(@)

(b)
Fig. 4.7 (a) Subsurface resistivity distribution at K-10 site (b) the EFA test result forthe
validation sample from K-10 site
4.6 Discussion
The primary goal of this study was to develop a model for predicting critical shear stress in
cohesivesoils. The final variables in the critical shear stress equation were percent fines, liquid

limit, and electrical resistivity. Recent scour models such as Shan et al. (2015), Kimiaghalam et

al. (2015), Mahalder et al. (2018) have been valuable contributions in understanding the effects of
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