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Abstract

This study presents theerformance evaluatioof 21 direct pileCPT methods for estintiag the
ultimate load carrying capacity of square precast prestressed concrete (PPC) piles driven into
Louisiana soilsutilizing thecone penetration test (CPT) daf@&einvestigatednethods are:
Schmertmann, De Ruiter and Beringen, Bustamante and Gianeselli (LCPC), Philipponnat, Price
and Wardle, Zhou, Tumay and Fakhroo, UF (2007), probabilistic, Aoki and De Alencar, Penpile,
NGI, ICP, UWA, CPT2000, Fugro, Purdue, Germaarocode7, ERTC3, and Togliani direct
pile-CPT methodsA searchwas conducted the DOTD files to identy pile load test reports

with CPTsoundings adjacent to test pildsdatabasef 80 pileload testghat werdoaded to

failure wereidentified, collected, andised in analysisThe measured ultimate load carrying
capacity for each pile was interpreted from the pile load test tlsrigavissonand modified
Davisson interpretatiomethod. The ultimate pile capacities estimated from the-@iReET

methods were compared with the measured ultimate pile capadbitigss study, liree

approaches wermgdoptedo evaluate thperformance opile-CPT methods. In the first approach,
three statistical criterievere used: the best fit line of predict€gh) versusmeasured@nm)
capacity,arithmetic mean and standard deviation glif, and the cumulative probability of
Qp®m. The results of this evaluation showed the following {pestormed pileCPT methods in
order: LCPC, ERTC3, Probabilistic, UF, PhilippatnDe Ruiter and Beringen, CPT2000,

UWA, and Schmertmann method$e second approach used to evaluate the 2<Cgile

methods is the MultiDimensional Unfolding (MDWyhich showed similar rankingf top-
performed pe-CPT methodsThe third approach used fovauating the pileCPT methods wa
based on LRFD reliability analysis in terms of resistance factor and efficiency, and theafesults
evaluationare consistent with the previous two criteria.

The topperformed pe-CPT methalswere further analyzed using the MDU analysis to evaluate

the methodsdé6 similarity, and the results show
groups: Groufd.: Philipponnat, UF, Probabilistic, LCPC, and De Ruiter methods; Group 2:
Schmertman and ERTC3 methods; and Group 3: UWA and CPT2000.

Thecollectedpile load testaverefurtherdivided intofour categories based on soil type arsed

to develop combined pH€PT methods to estimate the ultimate pile capacitgdoh soil

category In addition, another combined pi@PT method was developed for the general case for
all piles without considering soil categorihe evaluation results showed that tdexeloped
combined pileCPT methodsignificantly improved theestimaton of ultimate pilecapacity.

Four machine learning (ML) techniques including the artificial neural network (ANt}taee
treebased techniques [decision tr&T (], random forestRF), and gradient boosted trgeBT)]
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were also used to develamdels to estimate the ultate pile capacity from CPT datd@he
comparison results between the ML models and selected dire@mpilanethods demonstrated

that the ANN and GBT models substantially outperform theptenormed pileCPT mehods in
all evaluation criteria
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| mpl ementation Statemen

This study aimed at evaluatitige direct pileCPT methods for estimating the ultimate axial
capacity of square PPC piles driven into Louisiana soils and updatihgurganaPile Design
from cone penetration test (LPOPT)software tanclude the togperformingmethodsThe
findings of this study caheused effectively inthe design ash aralysis of pilefoundationsas
summarized below:

a) Thesix top-performed direct pillCPT nethods in addition to the modified Schmertmann
method and the combined pi&PT method were implemented in LRIPT for friendly
use by DOTD engineers hetter and more accurftalesign andnalyzepile
foundationsThe usercan input the applied load apde size to calculate the required
pile length.

b) The calibrated resistance factors provided for the differeriGii€ methods can be use
in the load and resistance factor desigRKD) of thepile foundation

c) The developdmachine learning (ML) models can éfectivelyimplemented int@a
special coder LPD-CPT softwardo betterestimatehe ultimate axial capacity &fPC
piles from pile characteristics, soil type, and CPT input data.

d) The effect of scour on tHengtermultimatepile capacitywas implemented into the
LPD-CPT software based on FHWA guidelines by considgheghange on overburden
pressure for sand layers.

e) The LPD-CPT software was updated to include batnhlysisfor the different bents in a
bridgefor given pile size, ground surface elevations, local scour elevatiorthafahd
and resistance fact@tRFD).
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Design engineers usually considsingdeep foundationghen the conditions of the upper soil
layers are weak and unablewighstand andupport thestructual loads.Pileshelptransfer thee
loads deepn theground through their interactions with the surroundingssdiherefore, the
safety and stability gbile-supportedstructures depend on the behavior of piles.

Most soil deposits in southern Louisiana are soft in nature. In addition, the high percentage of
wetlands, marshes, swamps, bayous, rivers, and lakes makes it necessary to consider deep
foundatians in the design of transportation infrastructure. Therefore, pile foundations are
frequently used by the Louisiana Department of Transportation and Development (BOTD)
support highway bridges and other transportatidmastructures. §uare precast preessed
concrete piles (PPC) are the most common piles currently used in DOTD projects.

Piles areexpensive structural members, and pile projects are always costly. Current DOTD
practice of pil e desi grnethos)artdamsnenes imcanjunctioe st at i
with the dynamic analysis using the Pile Driving Analy?eiSoil properties are needed as input
parameters for the static analysis. Therefore, it is necessary to conduct field and laboratory tests,
which include soiboring, standard petration test, unconfined compression test, soil

classification, etc. Running these field and laboratory testspensive and time consumiricthe

cost of traditional soil boring and the associated laboratoryitektaiisiana is between $800

and $5,000, depending on the sampling depth and the laboratory tests involved.

Due to the uncertainties associated with pile design, load tests are usually conducted to verify the
design loads and to evaluate the actual response of the pile under loading. Pile load tests are also
expensive (the average cost of a pile load test insiamaincluding pileis about$50,000).

Moreover, pile load tests are a verification tool for pile design and they cannot be a substitute for
the engineering analysis of the pile behavior.

The use ofn-situ testssuch as the cone penetration test (CEiBY, are performed under
existingstresses and boundary conditions in the fiedah provide faster, andore accurate and
reliable estimation of pile capacity than the traditionathods.

The CPT has been widely recognizedapreferred tool for siteharacterizatiomnd evaluation
of soil propertiesThe tesis a simple, fast, repeatabé)da costeffective insitu test that can
provide continuousoundings ofeliablesoil measurementgspecially when compared to
traditional site characterizatidborings and laboratory test§)uring penetration, the CPT
measuresghe tip resistancgy), sleeve frictionf), andalsoexcess poreressures (u) when the
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piezocone (PCPT or CPTu) is used. T#Ttechnologycan be dkctively utilized for soil
identification, classificatiorand for the evaluation of different soil properties, sucst@ngth

and deformation characteristics of the sloiiplementation of the CPT can drastically decrease
the number of soil borings ameduce the cost and time required for subsurface characterization.
Therefore, implementation of the CPT technology by DOTD in different engineering
applicationssuch as the estimation of pile capacstyouldbe seriously considered

Due to the similarity between the cone and the pile, the estin@tile capacity utilizing the

CPT tesdata is considered among treeleest applications of the CPThe testcan provide

valuable and continuous information records with depth thabeanterpreted for pile capacity.
Therefore, the in situ characteristics of the soil are available to design engineers at a particular
point. The pile design methods that utilize the CPT data proved to predict the pile capacity
within an acceptable accusac

Severaldirectpile-CPT methodshave been proposed literatureto estimatehe pile capacity
utilizing the CPT datawhich correlate the uncorrected and corréaene resistance, ) and
sleeve friction () to the ultimate pile capacity (RQusing ®me reduction factors due soale
effects, penetration rate, pile type, pile installation, étcg.,[1], [2], [3], [4], [5], [6], [7], [8],

[9]; [10], [11], [12], [13]). Several studies have beesrriedout by different researchers to
evaluate the capability of the differagitectpile-CPT methods for estimating theeasured
ultimatepile capacityfrom load testsd.g.,[14], [15], [16], [17]). Thestudy carried out by
Robertson et a[14] on eight pile load tests showed that the pile capacities predisitegl
Schmertmaniil], De Ruiter and Beringel2], andBustamante and GianesgBi] methods fit the
measured capacitié®tter than other methods. &rd and Tuckef15] evaluatedsix CPT
methods using 98 pile load tests and concluded th&ukamante and GianesdBi] method
gave the best fit betweeneasured and predicted pile capacities. Another study by Tand and
Funegard16] showed that the predicted capacities using th&®iter and Beringef2] method
showed the best fit to the measucagbacities.

A previous study was conducted by ABarsakh and Titil7] using a database of 35 pile load
teststo identify the most appropria@PT methods to estimate the ultimate capacity of driven
PPCifriction piles in the state of Louisiangight directpile-CPT methods were evaluated based
on their capability to predict the measured ultimate pile capacity. Based on this evaluation, the
De Ruiter and Beringej2] and Bustamante and GianesBli methods were identified as the

best performance methods. These two methods, in addition, to the Schmdtthraathod

were implemented into a visual basic computer program (Louisiana Pile Desig@PT) for

use byDOTD enginers in the analys and design of friction piles
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Generally, pile design depends on soil conditions, pile characteristics, and driving and
installation conditions. Local experience usually played an important role in design/analysis of
piles. Therefore, its essential to take advantage of the DOTD experience in the CPT technology
to identify suitable CPT design methods. Implementation of the CPT (in conjunction with the
currently used method) in the analysis/design of piles will foster confidence in The CP
technology. With time and experience, the role of the CPT can be increased while the role of
traditional subsurface exploration is reduced.

This report presents tloeirrentresearch effort undertakentbe Louisiana Transportation

Research CenteLTRC) to identify the most appropriatgle-CPT methods foestimatingthe
ultimateaxial load carrying capacity of piles driven into Louisiana soils. To achieve this goal,
state projects that have both pile load tests and CPT soundings were identifiedeantelccoll

from DOTD files. Pile load test reports were selected based on selection criteria, compiled onto
sheets, and analyzel.database of 80 pile load tests and corresponding CPT test data were
collected.The ultimate axial load carrying capacity for epde was determined using the
Davissoninterpretatiormethod[18]. The CPT soundings close to the test pile location were
identified and used to predict the ultimate pile capadiyenty onedirectpile-CPT methods

were setcted and evaluated in this stidytheir capabilities to estimatbe ultimate pile

capacityof PPC driven pileby CPT were selected. Detailddscriptionof these methods are
presentedn Appendix Aof this report. The ultimate pile load carrying capacities predicted by
the CPT methods were compared with the ultimate capacities obtained from pile load tests using
the Davisson methodstatistical analysis, MultiDimensional Unfolding (MDU), and Relidpil
analysis were used to irstggate the performance of tBé& pile-CPT methods. In our study, it

was shown that the estimation of t@gmkedpile-CPT methods can be used in a combined

method to yield an optimized method for predicting axial capacityioél piles.

Thisreportalso explores the potential application dffecial intelligence (Al) and machine
learning (ML)techniques talevelop models for estimatirtige ultimate pile capacity utilizing
the CPT datarhis includes the atificial neuralnetwork (ANN), the most widely used Al
method; and three trdeased ML methodshe decision tree (DT), random forest (RF), and
gradient boosted tree (GBT).is expected that th&l and ML techniquesvill resolvesome of
the shortcomingjin traditional drect pileCPT methods that involves assumptions and
judgments in selecting the proper correlation coefficients between the CPT data and pile
parametergor estimating the ultimateapacityof PPC driven pilesThe results of Al and ML
modelswerecompared withtheresults of pile lad testas well as the results tdp-performed
direct pileCPT methods to demonstrate its accuracy and bolster its reliability and feasibility
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Finally, the topperformed pileCPT methods in addition to theevelopedcombinedpile-CPT
method were implementedto the Louisiana Pile Design frooone penetration test (LRPOPT)
program for friendly use by Louisiana enginetersiesign PPC piles utilizing CPT technology
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Objestive

The primary objetives of this researgbroject wee:

1 Collect all available pile load tests database from Louisiana DOTD and the corresponding
CPT soundings and soil borings clos¢hetest pile locations

1 Evaluatérankthe different direcpile-CPT methodgor estimating the ultimate axialdad
carrying capacity oflriven PPQpiles from the cone penetration test (CPT) data for use in
Louisiana sos;

1 Select, modify and/or develop a npie-CPTmethod for use in the designpfes driven
in Louisiana soils;

1 Identify the most appropriatpile-CPT methods for implementing into the LPOPT
software

1 Re-calibratethe resistance factor) for the selectegile-CPT methods;

1 Update the Louisiana Pile Desiflone Penetration Test (LPOPT) software to
incorporate the newly selectpde-CPT prediction methods; and

T Updat e IClPerofnlsPD t war eewtfeaturas,rsuch as the effect oescour
onthelongterm pile capacityimplementthe calibrated resistance factéos the pile-
CPTmethodsimplementpile setupempiricalequationsandgeneate synthetic CPT
profiles
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S ope

This research effort was focused ewaluatingthe capdility of 21 direct pile-CPT methodsfor
accurately estimatinthe ultimate axial load carrying capacitydvenpilesutilizing CPT data.
These methods are described in deta\ppendix Aof this report. The predicted capacity was
compared to the reference pile load capacity obtained from the pile load tesDasisgon
interpretatiormethod.

Thedirectpile-CPTmethods wereised to investigate thead carrying capacity of square precast
prestressed concrete (PPC) piles of different sizes driven into Louisiana soils. Other pile types
such as timber piles and steel pipes were not covered in the current analyses.

To achieve th objective of this study total of 104 pile load tests databasel corresponding
CPT soundings and soil borings close to the test pile locationsmiteally collecied from DOTD
files. However, only80pile load testshat were loaded to failure dog the load testere included
in this study.

Different evaluation techniques were adopted in this study to evaluate and identify the best
performed direcpile-CPT methodsfor estimating the ultimate capacity of PPC pilés) an
evaluation based onmathematical and statistical analysigb) an evaluation using
MultiDimensional Unfolding and(c) anevaluation based on reliability analysis

A combined method from the bgstrformed Pile-CPT methods was develed based on
contribution of sand layers total ultimate capacity (kind of optimizatiarih addition, newpile-

CPT methods were developed using the artificial intelligent and machine learning techniques
[artificial neural networks (ANN)ecision trees (DT), random forests (RF), gradient bodsted
(GBT)].

The topperformed eight pikCPT methods in addition to the combined {85IET method were
implementednto the Louisiana Pile Design frooone penetration test (LPOPT) program.
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Literature Revi ew

Axial Capacity of Piles

Piles are relativig long and generally slender structural foundation members that transmit
superstructure loads to deep soil layers. In geotechnical engineering, piles usually serve as
foundations when soil conditions are not suitable for the use of shallow foundations.

The behavior of the pile depends on many different factors, including pile characteristics, soil
conditions and properties, installation method, and loading conditions. The performance of piles
affects the serviceability of the structure they support.

Basedon some factors including the mechanism of load transfer (friction andesthg piles),

vol ume of soil displacement, and pileds mater
classification systems have been introduced in literature. Thesetar s det er mi ne t he
behavior that affect the serviceability of the supported structure. For example, the behavior of

friction piles is mostly dependent on the pslail interface friction; while for entiearing piles

most of the pile capacitycomésr om i nt eracti on between the pil
tip area known as influence zone

The prediction of pile load carrying capacity can be achieved using different methods such as
pile load test, dynamitest stanamictest static analysis based on soil properties from
laboratory tests, and static analysis utilizing the results of in situ tests sheltase

penetration test.

The ultimate axial load carrying capacity of the p{lg)(composed of the erukaring capacity
of the pile Qv) and the shatft friction capacit®){. The general equation described in the
literature is given by:

0 b 0 no D (1)

where gy is the unit tip bearing capacitdy is the area of the pile tigQis the unit skin friction
of the soil layer,iandAs is the area of the pile sharftthe soil layer.iln sands, the eroearing
capacity Q») dominates, while in soft clays the shatft friction capadly lominatesThe
design load carrying capacit@d) of the pile can be calculated by:
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0 o )
where Qu is the ultimate load carrying capacity ané.is the factor of safety.

Cone Penetration Test

The cone penetration test has been recognized as one of the most widely used in Sitntests.
penetration test (CPT) was introduced by Swedish Railways in 1917. Dutch Mantle cone with 10
o & area andp Tapex angle was introduced in 1936. The firstteteic penetrometer was
introduced in 1948. In 1953 separated sleeve for measuring the sleeve friction resistance
introduced by Begemann (friction cone penetrometer).

The cone penetration test consists of advancing a cylindrical rod with a coninéd tipe soil

and measuring the forces required to push this rod. The friction cone penetrometer measures two
resistancdorces during penetratiothe total tip resistanced), which is the soil resistance

(within influence zone)o advance the cone tignd the sleeve frictiorfs], which is the sleeve

friction developed between tiserroundingsoil and the sleeve of the cone penetrom@tee.

ratio of sleeve friction to the tip resistance is known as the friction (Rjiavhich is expressed

in apercentageA schematic of the electric cone penetrometer is depictEdjurel. TheCPT
resistance parametgs, fs) has been widelysed to classifand identifysoil strata and to

evaluatethe strength stiffness andthe deformation characteristics tife soils.

The cone penetration tg§&€PT)data has been useddstimatehe ultimate axial pile load
carrying capacity. Several theds are available in the literatureetstimatethe axial pile
capacity utilizing the CPT data. These methods can be classified into twiknaeih
approaches:

1) Direct approachin which
1 The unit tip bearing capacity of the pilg)is evaluated from thcone tip resistance
(qe) profile.

9 The unit skin friction of the pilef) is evaluated from either the sleeve frictiég) (
profile or the cone tip resistanag) profile.

2) Indirect approach: in which the CPT datpdndfs) are first used to evaluateetlsoil
strength parameters such as the undrained shear str&)gthd the angle of internal
friction (). Theseparameters are then used to evaluate thesandibearing capacity of the
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pile () and the unit skin friction of the pil®) using formulaglerived based on semi
empirical/theoretical methods.

In the current research, only the direwthods foestimding theultimatepile capacity from
CPTdata are investigatgdeferred taasdirectpile-CPT methods)

Figure 1. The electric cone penetrometer

g |6 8 s 3 4 3, 2|’ 1
\ 3 N §
im ‘ @
7 SN 31
1 Conical point (10em®) 5 Adustmant ting
2 Load coll € Waterproof bushing
3 Siraln gauges 7 Cable
4 Fricton slesve 8 Connection with rods

(a) Schematic of the electric friction cone penetrometer

(b) The 1.27. 2, 10, and 15 cm? cone penetrometers

Determining Soil Type Using CPT

Most ofthe pile-CPT methodsncludedifferentcorrelationequations foevaluatinghe unit end
bearingcapacity of the piler{ ) and the unit skin friction of the pilé€) from the CPT datégc
andfy) in different soiltypes. Therefore, it is essential ¢valuate the soil layering amétermine
the soil type fobetter calculating thpile capacity.

0 329



Soil classification and identification of soil stratigraphy can be achieved by analyziG§1he
data. Clayey soils usually show low cone tip resistance, high sleeve fraridtherefore high
friction ratio, while sandy soils show high cone tip resistance, low sleeve friction, and low
friction ratio. Many soil classification methods based@®RT employ the CPdatato identify
thesoil typefrom classification charts.

There are different soil classification methods proposed by different researchers such as
Schmertmanifil9], Douglas and Olsej20], Robertson et aJ21], and Campanellat al.[22]. In
this study, two soisoil-behavior type CPTlassification methodaereused for alpile-CPT
methodsthe probabilistic region estimation method for sdassificationby Zhangand Tumay
[23] and Robertso2010soil classification24]. Description of thesevo CPTsoil classification
methods are psentedelow.

It should be nad that the detailed implementation of each dassification method for each
pile-CPTmehod has been explained at epde-CPT description section.

Probabilistic Soil Classification

Zhangand Tumayf23] proposed thgrobabilistic region estimation methéat soil behavior
classification from CPT datshich is similar to the classical soil classification methodsere
it is based on soil compositi@tcording to thé&Jnified Sal Classification System (USCSJhe
method identifies three soil tyfehavios: clayey, silty, and sandy soils. The probabilistic
region estimation determines the probability of eachlshavior(clayey, silty, and sang) ata
certain depth.

In this mettod, a conformal mapping was introdudesedon Douglas and Olsg@0] chart to
transferthe CPT data to the soil classification index (Ohe soil classification index, U,

provides a soil profile over depth with the pability of belonging to different soil types, which
more realistically and continuously reflects the in situ soil characterization, which includes the
spatial variation of soil types. The conformal transformation is accomplished using the following
equatons:

g LR Y TANG o v ©)

U ™ owyx ™ edxXNC ) (4)

The soil classification index (U) is obtained from:
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(5)

whereA, A, A A A A, A andA are-11.345-3.795, 15.202, 5.0850.296,-0.759,-2.960,
and 2.477, respectively.

A statistical correlation was then established between the U index acwhtipesitional soil
type given by th&JSCSclassificationsystem A normal distribution of U was established for
each reference USCS soil type(, GP, SP, SM, SC, ML, CL, and CHgach Uvalue
corresponds to several soil types wdifferent probabilitis. Boundary values were used to
divide the U axis into seven regions, as showhhaequationdor the different soiturves are
given as follows:

ForU<0.140A1 AtBitgOE| @d8Up AT AUAY P p
ForU=2910AT Atox xXQ@E | @dUc qAl A UASDO
For-0.14 <U < 2.91:

OAT ABIMTP oCTTBUX T P WU WX @O (6)
OEl @GRt x Yur@ we X @ ad wwTdp T ()
Al AUANT Yo prT p YU piH X L B5p O (8)

Figure2. Soil types were further rearranged into three grosgusdy and gravelly soils (GP, SP,
and SM), silty soils (SC and ML), and clayey soils (CL and CH). The original method gives
constant probability of each solil type (represented by the step lines) regardless of the U value
within the same region (R1 to R7Time equationgor the different soiturves are given as

follows:

ForU<0.140A1 AtBitgOE| @8Up AT AUAIYX P p
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ForU=2910AT1T Atox x@E| @dUc ¢Aol A UAS00
For-0.14 <U < 2.91:

OAT AT TP OCTIMBIK T P WU WM TTX @ O ©6)
OEl @GRT X Yur@ we X @ @b wwTdp T (1)
Al AUAIT yopi@Tp Pu p X L BGp O (8)

Figure2). This will allow for a sudden drop in the probabilities of U value across the border from
one region to another. This method was furtherifremtifrom origin to allow a smooth transition

of probability (curved lines) with U values and hence to provide a continuous profile of the
probability of soil constituents with depf®5].

The equations for the different soiirves are given as follows:
ForU<0.140A1 AtBitgOE| @d3p AT AUAIY P p
ForU=2910AT Atox XQ@E | @dUc qAl A UASDO
For-0.14 <U < 2.91:

OAT ABIMP O CTMBIK T P WUE WM TTX @ O ©6)
OEl @t X yurd we X ¢ ab wwThp T ()
Al AUAUT YopI T p YU g X LU T5p O ®)

Figure22Re gi ons & b ou n d axisicarrespandingta grobabilities oftlbach soil group[25]
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Robertson-2010 Soil Classification

Robertsori24] proposed soil behaviotypesoil classification method that presengd ina
chartof normalized cone tip resistanag/Ps) versus friction ratioR) spacedividing the soil
behavior intaninedifferentsoil behavior ypes(SBT). HerePa is the atmospheric pressutiéney
used thesoil behavioiindexthat wasproposed by Jefferies amhvies[26] andmodifiedit to
SBT index ]| ) asfollows:

——— — 9
) o8 X 111G 0 p& ¢ 112G ®
The SBT index has been usediteide the chart intdhe following9 soil types:

1) Sensitive finegrained

2) Clay-organic soill

3) Clays: clay to silty clay

4) Silt mixtures: clayey silt andilty clay

5) Sand mixtures: silty sand to sandy silt

6) Sand: clean sands to silty sands

7) Dense sand to gravelly sand

8) Stiff sand to clayey sand (overconsolidated@mented)
9) Sitiff fine-grained (overconsolidated or cemented)
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The values of  for thesoil typeboundaries are shown kgure3.

In the chartzones 1, 8, and 9 are defined as follows:

1 Tpd) NjoO pAdA@bpg2 n (10)
7 TydNjo vyumADDPE2 v@@®?2 T (1)
(12

T TadNj0 vyDADDPE2 V@2 X

It should be noted hetbat no soil is located in zones 1, 8, arid 8ur study

Figure 3. Robertson-2010: boundaries of; - §n the soil behavior type chart[24]
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Direct Pile-CPT Methods

In this stwly, 21 direcipile-CPT methods were investigated. These methodsSatemertmann
[1], De Ruiter and Beringd], Bustamante and Gianes¢8i, Tumayand Fakhroo (cone)
[4], Aoki and De Alencal5], Price and WardIg5], Philipponna{7], Penpilg8], Probabilistic
[10], NGI ([11], [27]), ICP[12], UWA ([28], [29]), CPT200(13], Fugro ([30], [31]), Purdue
([32], [33]), UF ([34], [35]), Togliani[36], and Zhoy37].
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There are othgpile-CPT methods available in literature that were imatuded forevaluationin
this study. These methods are:

1) Methods using CPTu data: NBRE (Almeidaet al.[38] and Powekt al.[39]), Unicone
[9], and Enhancednicone[40],

2) Methods limited to side resistance: KTRL],

3) Methods limited to clays: K [42], and

4) Methods for operended piles in sandy soils: UGTH [43], UCD-11( [44], [45]), and
HKU [46].

As stated earlierhe directPile-CPT methods evaluate the ueihdbearing cpacity of the pile
(gp) from the measured cone tip resistargg §y averaging the cone tip resistance over an
assumed influence zone. The unit shaft resistdhce €ither evaluated from the measured
sleeve frictionfs) in some methods or from tineeasured cone tip resistangg) {n other
method. It should be natdherethat the cone tip resistanag)(is corrected for the pore water
pressure and the probabilisind Robertso2010CPT soil behaviorclassificationrmethod
were used tgelecttherelevantequationsand correlation$or each soil type

The detailed descriptions of the different dingibe-CPT methods are presented in Appendix A.
Eachpile-CPTmethod is introduced and the implementation of the probabilistic and Robertson
2010 CPT sail behavior classification methods into the differpi-CPT methods are

explained.

Evaluation of Pile-CPT Methods

Several criteridnavebeen useth literatureto evaluate the diregile-CPT methodgor
estimating the measured capacity from pile load t&siis section will summarize some of these
evaluation criteria

Briaud and Tuckef15] studied sixdirectpile-CPT method using 98 pile loadestdatabase
obtaned from Mississippbtate Highway Departmerftor statistical analyzing, the ratio of
estimaed to measured pile capac{ty,/Qm) was investigated fatifferentpile-CPT methods.
The accuracy criteria of the method was determined by me&p$@f close b 1. The precision
criterion of the method was dependent on the standard deviatig@h\@f. For ranking the
methods, they introduced a ranking index, RI, according to the following equation:

2) g As AA (13)
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where,{ andA are the mean and standard deviatiori oflL j 1 , respectively. They

recommended using the log normal distribution. The method that overpredicts the pile capacity
leads into lower values of RI, and therefore ranks better than the method that undstbesdic

pile capacity. Based on their resuttsge LCPC, De Ruiter and Beringen, Penpile, Schmertmann,
and Tumay and Fakhroo were set in order from the best to worst performance.

In 1999 a researcltudyconducted irLouisiana Transportation Research Cef(itdiRC) by
Abu-Farsakh and Tifil7] evaluated eight diregtile-CPT methods for estimating the ultimate

pile capacity of 35 square precast prestressed concrete (PPC) driven friction piles by using the
following four criteria

1) The best fit line of estimated, versus measured pile capacity, with the

2)

corresponding coefficient of determinati@n,:

The equation of bedit line of estimated versus measured pile capacity with the
correspondingoefficient of determinationifear regression is used to find a straight line
betweeril as the x values arid as the y values. Forcing the regression line to pass

through the origin leads to linear regression without the intercept ternp,@ where the
slope of bestit line, 1 is found by the leasiquare approach in equatifi¥) as:

B gU QU (14
' B o o

The oefficient of determinatior? is the proportion of the variance in the dependent
variable, y from the independent variableTRe following €uation shows the most
general definition o2 d,

— (19

Where Uis thepredicted values by the regression model@isdthe mean of observed
data@ .2 ranges from O to 1 and shows how wiellvalues are replicated by the

model. Accuracy and precision of a method can be estimated by jaand values
close to 1, respectively.

The arithmetic mean and standard deviatioh gfl

Mean and standard deviation are basic measures for acamé@yecision of CPT
methods for predicting the pile capacity. Standard deviation should be understood in the
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3)

4)

context of the mean of data. Coefficient of variation, CV is defined as the ratio of the
standard deviation to mean and shows the extent of igariatrelation to mean.

The 50% and 90% cumulative probabilitylofj 1
The conceptis to arrandej 1 values for each method in an ascending order and
estimate the cumulative probability)(using the followingequation47]:
E
- 16
0 T (16)

The 50 and 90% cumulative probabilities are calculatéd asnd0 , which provide an
additional evaluation criteria to estimate the ability of CPT methods for predicting the
axial capacity of piles. It should be noticed thatand0O are representatives of median
and 90 percentile of values bfj 1 , respectively0 values closer to 1 with a lower

range of0 0 represent the best method.

The 20% accuracy level obtained from histogram and log normal distributiorj @f :

The value ofL j 1 theoretically ranges between zero to infinity, with an ultimate value
of 1. Therefore, logormal distribution is better to catch the propertie gf1 than
normal distribution. The logormal density is defined ime followingequation

(1%
m —" AgpPl® U 17
N @ G A

Where@ 1 j1 ,t andA aremean and standard deviationlofl j1
respectively. The histogram and lagrmal distributions are used to calculate the ability
of CPT methods to predict the pile capacity with specified accuracy level. In their
research20% accuracy has been chosen, which is the likelihootl feralues within 0.8

top&l

The ranking of each direpile-CPT method was calculated in each criterion and summed up to
determine the overall nking index (RI = R1 + R2 + R3) of each method. Based on this ranking
amalysis, De Ruiter and Beringen, LCPC, Philipponnat, Schmertmann, Aoki and De Alencar
Price and Wardle, Tumay and Fakhroo, and Penpile methods showed the order of performance,
respectrely. Due to its rationality and simplicity, this evaluation approach has been adopted by
other resarchers to evaluate different dirpde-CPT method using dférent pile load test
databases(g, [48]).
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The bad andesistance factoresign (LRFD) is another approatttat has beeunsed for
evaluatinghedifferent directpile-CPT method.Bloomquistet al.[34] evaluated 14 idect Pile-
CPTmethod using firsbrder seconanoment (FOSM)esistance factor equation by Paikowsky
[49] with correction for coefficient of variation of load by Sty]60] in LRFD equations. The
values of bias parametér, 2 |2 and resistance factdr, 2 ] 2 define guation

(18)

2 ) 2 (18)

where } 2 ]2 isthe bias paramete?, is the measured resistance referred to failure load
defined by Davisson method from pile load t@st,s the nominal resistance agd is the
predicted design capacity be the method. The higher the value of efficfgricy, the better

the performance of the method is. Based on the analysis of 21 piles in Florida and 28 from
Louisiana, LCPC and Philipponnaiethods showed the best performoe.

Another approach for evaluating differdtite-CPT methods is using fulljnstrumented piles.
Niazi and Maynd40] used the 76@nm pipe pile driven in EURIPIDES project, instrumented by
strain gauges, pore pressuedls; and toe load cells and found out that LCPC method
underestimates the side resistance, while overestimates the tip resistance. Hah]ettadlied

the results of an instrumentebbsedended steel pipe pile drivém a multilayered soiand

showed that the predictions by Purdi@??, UWA, NGI, and Fugranethods produce
satisfactoryestimates of the pile capacitypwever more field test data is needed for validation.

In this study, different evaluation approachasébeen used for evaluating the abilityrdé-
CPTmethods for predicting the pile capacity.

Overview of Machine Learning (ML) Techniques

Theapplicationof artificial intelligence (Al) and machine learning (M& subset of Al)
techniguedvy many industies have grown rapidly in recent years dugh&r powerfultoolsin
predictingnon-linearcomplex phenomenon and analyzing huge dag $ee Al and ML
techniques usually use algorithms thatction in an intelligent mannefheyusually provide
systens with the ability to learn and enhance from experience automatically without being
specifically programmedlhe interest of exploring the Al and ML geotechnical engineering

has beemecently increased in civil argkotechnical engineering. TAé andML techniques
haverecentlydemonstrated their high predictive ability to model complex civil and geotechnical
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engineering pblems (i.e.[52, 53)). TheAl and MLtechniqueaveanadvantage over
traditionalregressiormodeling in terms oflealing with multiple outputs or responses while each
regression model desalvith only one respong®&4]. The Al and MLtechniques involve

algorithms that can accurately modemplex mechanicddehavior that includgood

generalization capability, universal function capability, resistance to noisy or missing data, and
accommodation of multiple nonlinear variables for unknown interactions.

Several studies in literature have successfully appled/th techniques for different

geotechnical engineering applicatiosgch agstimating different strength and deformation soil
parameters, evaluating pile capacities, evaluating pile setup, and for liquefaction. Most of these
applications use the artifagi neural networks (ANN). Other researchers used the decision trees
(DT), random forests (RFyradient boosted tree (GBT-nearest neighbor (KNN) and vector
machine (SVM) models for many geotechnical applications.

Thesoil-pile interaction is a complgghenomenon thaequestadvanced tools tmodelit. ML
techniquesnvolve algorithms that can capturemplex nordinear relationships between
variables. They can learn automatically from data and develop highly accurate generalized
models without any prior simplifying assumptions about the relationships of interacting
variables. TherefordyiIL can be a mmising alternative to better capture the-gdli¢ interaction
and mitigate thassumptions anshortcomings ofhedirect pileCPT methodsSeveral
researchers havecentlyappliedthe ML techniques t@stimate thelltimate pile capacity from
CPT dataShahin[55] appliedthe ANN techniqueKordjazi[56] used theSVM techniqueand
Alkroosh and NikraZ57] utilized thegene expression programming (GEP) tadjoethe

ultimate pile capacity from CPT data. Ghorbani ef58] explored the potential of adaptive
neurcefuzzy interface systems (ANFIS) in predicting the ultimate capacity of piles from CPT
data. Harandizadeh et §89] developed a hybrid version of ANFIS, which is a combination of
ANFIS and group method of data handling (GMDH) structure optimized by particle swarm
optimization (PSO) algorithm called ANFISMDH-PSO model. Ardalaat al [60] built a
prediction model for pile shaft resistance from CPT data using polynomial neural networks and
genetic algorithm (GA)Baziaret al.[61] did the same using ANN. All these drge ML

methods have shown excellent performance in predicting the ultimate pile calpacity
outperformed the conventional p&PT methods in most of those studies.

In this studythe ANN andhree treebased ML methods, the decision tree (DT), random forest
(RF), and gradient boosted tree (GBUgreused toestimatehe ultimate pile capdty from CPT
data
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Artificial Neural Network (ANN)

The learningnechanisnof the human brainwhich is composed of very complex webs of
interconnected neurons the primary inspiration towards tdevelopment of thartificial

neural networks (ANNs)Iheyintendto replicate théearningprocesf thehuman brain

learning throughmathematical lgorithmsusing prior cases/instancd$1e ANNs can perform
parallel computation for complex and massive data processing and knowledge representation.

Like the human brairthe primary element of ANN iseurons. They are also called nodes or
processing elments. These processing elements are generally arranged in several layers
consisting of an input layésingle layer), one or a few intermediate/hidden laysrd an output
layer (single layer)as shownn Figure4. The intermediate layers are also called hidden layers
since hey do not interact directly with the external environmahteast one neuron is present
in each layerThe network is arrarggl in such a way that the output of one layer serves as the
inputfor the following layer.

Figure 4. Typical structure ANN [53]
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The neurongor node} of each layenetworkis interconnected to other neurons through
connectionweights Figure4 b), which determine the strength@innectiondetween the
interconnected neuronso connection betweeanytwo neuronshould have zero weight
whereasa negative weight refers to a repressive relafitie. receivedveighted inputgor an
individual processing nodaesummedaggregatedand scaled within a certain range to
improveconvergence propertyf ANN. The resultantarethen propagated through a transfer
function (e.g, step, linear, ramigmoid logisti¢ or hyperbolic tangent) to generate the output
of theprocessing nod@-igure4 b). Theprocessfor any node jjs summarizedisingthe
following equations:

i -] +B x @ (19
y; = (1)) (20
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where,|j' = activation level of nodg x = connection weight between nodesdj; @ = input
fromnodei;i= 0, nl =wjé& bias for nodg; y;' = output of nodg; andf(l;) = transfer
function. The hyperbolic tangent function (tanh) was usehisnstudy which is the hyperbolic
analogue of the tan circular function. It is one of the most used functions for neural networks
where the output ranges betweério +1. Ideally, tanil) = (A A Y/ (A A ). The
network is then propagatedrieard leading to final output;.yit is then compared with the target
output, yand error, E, of the network is then calculated as/#B=¢  ® 2

The backpropagation algorithmtige prime algorithnmusedfor training theANN modelg[62]. The

prime operation in &ckpropagation is searching for an error surface for point(s) with minimum
error using a form of steepest descent. At each time step, the error gradient guides to a certain
direction in the weight spagehich reduces the local error drasticalfne ANN backpropagation
procedure can be described usingftil®wing stepg63]:

1) The input parameteerelabeledas x°x1%xa%é . .
2) Theconnection weightsanthenbe assignedis wi' wherel= 0, 11, 2 é .
3) The forwardnetwork will then be propagated forward using equat®and D:
! =—+B 0 ®
yi' = (1)
where f(.) is the activation function (e.g. logistic sigmoid).
4) For each' node belonged to output layé=l), calculatet he correcti on f act
G'= (i y' )y (@7 ') (21)
5) Thenupdateconnection weightsw;', using the following equation:
S’/Wjil(current): dxll—ll} HS’/WjiI(previous) 22

Theabove guation resembles the defidle Yw;' = dx'§, wherep is the momentum rate (0<
M < 1). This equation is also known as the generalized delt§62jeThe update of bias can be
done as follow

S'/_ = d+ pﬁ— (23)

6) Similarly, for the case of hidden layers

G'=y' (1-y) B (—) (—) (24)
7) The weights and biasesill be updated usingquations 4 and 5, respectively.

8) Finally, the steps-¥ areiterateduntil the outputerror iswithin acceptable tolerance
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The number of training cycles required for a better performance of the model is determined
iteratively. A long training can result in overtraining or overfitting along with4zaeao error on
predicting training data. The generalization of test data degrsignificantly in such situations
(Figureb). In the beginningfor a small number of training epochs, the error of thesesst

continues to decese likethe training examples. However, as the network loses its capability to
generalize on test data, the error starts to increase after each epoch. The onset of an increase in
the error of the test sets data resembles the optimum number of traineg ¥yhen there are a
limited number of training examples available, a sufficiently large test set is usually difficult to
arrange. In such a case, Hethi¢élsen[64] suggested the network to be trained on all available
data and the training process is to be stopped when the error on training data is at the onset of

stabilization.

Figure 5. Evolution of error for training and test data as a function of network size and number of training
cycles [63

Error Criterion (¢.g. MSE)

Number of Hidden Nodes
Numer of Training Cycles

Tree-Based Machine Learning

The weltknown cecision tree (DT) is a classical, rparametric supervisdgipe oftreebased
machine learning (MLalgorithmthat can be uset solvenonlinear problemsin general
usingthe DT algorithmalonecan lead to aveak learnemwhich suffers from overfittingi.e.,
inducinglow bias and high varianceélence, ittanproducepoor prediction accuracy. However,
combiningthe DT algorithmwith an ML ensemblgechniqueausuallyresulsin significant
improvements in the prediction accuracy while capturing highlylmaar complex
relationships. In this stugdywo well-known techniques were exploratbng with the basic DT in
which multitude of detsiontrees are either constructed in parglRhndom Forest) or
constructedgequentially (GradierBoosted Tree).
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Decision Tree

The decision tree (DT also known asagression treavas proposed by Breiman et @5] to
solvenontlinear regression problemiBhe DT consiss of three primary components:root node
representing the entire data set, internal nodes that split over each input éeatseveral

leaves or terminal nodes representing the outpidgsire6 presents the typicaktructure of a

decision treeThe DTdivides the input feature space into discrete-ogrlapping zones and

predicts for each of therror simplified illustration considerFigure6 with two input features,

X1 and X%. Forthese two features, the dataset can be separated into four distinct areas or terminal
regions.The four regions heae the following mean values: (1.5, 1), (1.5, 4), (4.5, 4), and (4.5, 1).
The predicted value of a newstesample is the average of the training observations in the region
where the sample falls. healprocessmore than two featurese usually considered@he
process of selecting the predictor s,p&xuse and
following a recursive binary splittin$6]. When a predetermined stopping criterion is met, the
growth ceased he minimum number of samples necessary to split an internal node can be
predefined. The lowest number ohsgales required at a leaf node is an additional significant
stopping criterion. These three values are essential hyperparametelsTfarael that will be
fine-tuned later during the modbLilding process.

Figure 6. Structure of decision tree[66]
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Random Forest

The Random Forest (RF) is ML ensemble method developed by Breinj@n] to mitigate the
limitations of individualDTs by building a certain number of them parallelly and introducing
randomness to each weak tr€be RF generallyfollows two processes: bootstrap aggregation
andselection ofandom featureJsingFigure7 asa simplified examplethe original dataset

contains six entries of training examples fromtalids. Each training example has four features

(xo to x4) and one continuous output y. First, the Rfoathm creates N (N = 3 in this example)
number of bootstrap datasets of the same size by randomly selecting training examples from the
original datasefThis ensures each bootstrap dataset is independent of its gregitsjoes not
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depend on previouskelectedsamplesAdditionally, each bootstrap dataset is made with

randomly selected features, as in the case of our example, the first bootstrap dataset comprises
two (X, X1) randomly selected features out of four. This random feature selectiondhedolsite
correlation between individual trees by reducing variance and tackle the overfitting problem that
plagues individuaDT model. Finally, each N number of bootstrap dataset is used to create N
numbers of individual decision trees as explajvedichensures that the individual trees are as
independent as possiblEhe RF model ighentrained. While predictingsingtesting data

samples, each input feature value is passed through its corresponding trees, and the independent
output generated by eaatdividual tree is averaged to get the final output from the RF model

The number of maximum faaes thatandomly seleedwhile bootstrapping is ongrucial
hyperparametesf the RF model Another hyperparametés the number of trees to builth the

RF model,each individual tree has its own hyperparameters. These hyperparameters are
optimized for a given predictive modeling problem to get an optimum RF model.

Figure 7. Structure of Random Forest[67]
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Gradient Boosted Tree

TheGradient Boosted Tree (GBPpyoposed by Friedmdw8] is anotheML ensemble
techniquan which asequence of wedRTsis constructed in an iterative fashigequentially.
The GBT algorithmis describeds follows:

Given the input training data o , and a pred@ed differential loss function,
0 whow :
1) Initialize a base model with a constant value:
Ow i QB O wh (25
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where,w is the observed value ahdepresents the predicted value, that minimizes the
loss functionB 0 wif
2) Form=1toM:
a. Computethe pseuderesiduals:

i L fori=1, ém@ . (26)

where,"Ow is the previous model, and M is the total number of trees.

b. Fit a new regression tree to the residuals and divide the input feature space into

terminal region$y forj = 10, .&). represents the number of leaf nodes.
c. Forj = d cogpute:
I Wi Qs « O who o T (27)

d. UpdateO @ O w -B [ OwN'Y
where,— represents learning rate a8d [ "OwN Y s the currently added tree.

3) Output’® w

In sunmary, the GBT algorithmadds newDTs sequentially to reduce the residual errors in
prediction from tle existing sequence of trees. Téas rapidly reduce the error and eventually
overfit the training data. Therefgra weighting factor isisuallyapplied for the corrections by
new trees wheadded in the sequenaalledthelearning rate-{), whichprovides a
regularization effect and enhances the training prodésslearning rate is one of the significant
hyperparameter of the GBT model, which will be fimneed lateduring the modebdevelopment
process.
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Methodology

The main objective of this studyas to evaluate the ability of differeRile-CPT methods for
estimating the axial capacity of square PPC piles driven into Louisiana soils. For this reason, a
database 0104 precast prestressed concrete (PPC) pile load test cases were collecsggg$rom
within state ofLouisiana. Amongst those, o PPCpilesthat were loaded to failure and the
correspondingile load testsCPT tess, and soil borings dataere collectedThese pilesre

located in34 projectsites inLouisianaasshown inFigure8.

Figure 8. Louisiana state map with location of analyzed piles

The collected pile load tests, soil properties and CPT data were andliedection described
themethodology of collecting, compiling, and analyzing the data.

Collection and Evaluation of Pile Load Test Reports

The information abouhe projecs, soll straffications, pile characteristics, load test data, CPT
profiles, etc. were collected, processaull transferred to different tables and grapitishese

data plus some available data about pile driving and dynamic test results were stored in digital
format, so different analysis would be possible in future, regaatiatyzirg the reliability of
different ple driving methods such as thlgngineering News (EN) Formylanodified EN, Gates,
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modified Gates, and Dynamic methotlégve Equation AnalysisBVEAP) andCase Pile Wave
Analysis Program (CAPWAP)

Pile load test reportserecollected fromavailable files at DOTD headquartén Baton Rouge.

These reports were studied carefully to examine their suitability to be included in this study. The
main criteria for suitability of a project were availability of CPT soundings, site locations, and
subsirface explorationsThe characteristics of the square precast prestressed concrete piles
obtained from DOTD arpresented ii\ppendixB.

Compilation and Analysis of Pile

The information about the projects, solil stratifications, pileattaristics, load test datand
CPT profileswere compiled. The graphs representing the summary of geotechnical data
including the soil stratigraphy, laboratory tests, ansiin testdor the state projects are shown
in AppendixC.

The following data ad information were collected, compiled, and analyzed for each pile load
test report.

Site Data

The site data provides the necessary information to identify the location of the project. The site
identification used herein is the Louisiana state projectoaunt-orexamplethe site ID 26605

0020 is the state project number ZBB0020 (Tickfaw River Bridge and approaches on State
Route LA-22). The project ID, location, and parish are available in AppdBdix

Soil Data

The soil data consist of informati@am the soil boring location, soil stratigraphy, and laboratory
testing (shear strength, physical propestietc.) for each soil layer. From soll stratification, the
predominant soil type was identified. Appendisshows the boring data for each pile stablin
this projectBoring data near to the pile locations have been used in DRIVEN software (using
the Umethodand Nordlund method for clayey and sandy soils, respectjweyyh shows that
most of the pile capacity driven in Louisiana soil is duede sésistance. It can Been in
Figure9(a) showsthat more than 70% of the pile capacity for 69 pdesof the80 piles comes
from the sideesistance. Only foysiles have a tip resistantieat ismore than 50% of the total
pile capacity This means that most of the piles in this study can be regarded as frictiof lpdes.
proportion of pile capacity in clay layers to the total pile capddifined as clay contribution)
has been used to characterize the dominant soil for the pile databasewksinFigure9(b),
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piles were driven intdifferent sandy, clayey, and layered soils presented in percent in clayey
soils.

Figure 9. Pile properties based on the soil type
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Foundation Data

Foundation data consist of pile characteristics (pile ID, diameter, total length, embedded length),
installation data (location of the pile, date of driving, driving record, hammer type, etc.) and pile
loadtest (date of loading, applied load with timdegiead movement, pile failure under testing,
etc.). All the piles studied in this repante driven square precast prestressed concrete piles.
AppendixB represents information about the diameter, leragid embedmenéngthof the

piles hammer typeand dates of driving and loading

CPT Data

The cone penetration soundings information includes test location (station number), date, cone
tip resistanceand sleeve friction profiles with depth. In most of the cases, the collected CPT
soundings were not available as a digitaia;thereforethe CPT soundings were scanned and
digitized using the WebPIlotDigitizer progra@PT graphs for each pile is shownAppendixC.
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Anal ysis of Ultimate Capacity of

Quickload tesiprocedurs as described in ASTM D11489] were performed othe 80

different piles aapproximately tier 14 days of driving to obtain theadsettlement curve.
Based on this procedure, the load was applied on thbgalé in increments ranging from 10 to
15 percent of the design load and maintained forrhirautes. The load was increased up to two
to three times the design load or untiegailure. The load settlement cus/er all the pile are
shown in AppendiD.

The ultimate load capacity of the piles was determined based on the Davisson [i@thod

Davisson failure criterion defines pile capacitytlas load causes the pile top léetion equal to

the calculated aktic compression plus 0.15ml us 1/ 120 of the pilebds w
with diameters morthan 24 in. based orfrlorida Department of TransportatidfOT)

specification 2010,extion 455 the criterion is modified to calculated elastic compression plus

1/ 30 of the pi[li0lebs width/ di ameter

Correctdonnge tThhep Resi st ance

In order toimprowve the quality of CPT results, the cotig resistanced) should be corrected
(qr) dueto thepresence gporevaterpressureacting behind the cone shoulder follows( [71],
[72]):

N N p AO (29)

where a is the net area ratio for the cone (0.59 for CPT used in this reséauifg.load test
cases where the porewater pressigsare available, i.e., when piezocone PCPT (or CPTu)
tests are used, the above equation was used directly to evaluaigrdloted cone tip resistance
(o). However, in many cases, only the CPT dgtaf{ with no b measurement) using friction
cone tests are availablEo be able to correct the cone tip resistance whé&nhnot available, a
database was collected from aailable site locations in Louisiana withmeasurements. A
comparisorand statistical analysis was made between all collegtaddyg, which ledto a
correctionfactorthat dependen the measured cotip resigance(qc) anddepth, as shown in
Figurel10. Details ofcollected database andrrelating between the gnd @ are available in
anotherstudy[73]. The correction factors obtained frdfigure10were used to evaluate the q
for the pile loadestcasesvhen theu; measurementsre not available
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Figure 10. Correction factor for tip resistance with depth
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Almost all hepile-CPTmethodsrequire the determination of styipe andsoil classification
profile with depth along the pile in order to select the properelationparameters needed to
evaluate the unit sideapacity(f) for each soil layer and the unit end beamagacity(qy) of the
pile fromthe measure@PT data (g fs). Figurell presents simpleschematic diagram of the
procedure for estimating the s|ainit capacities (g f).

In this study, twdCPT soil behaviottype classification methods were selected: ttodbabiistic
region estimation methd@3] andthe Robertsor2010[24] classification methodBased on the
CPT datatheprobabilistic method detenines the probability of soil behavior (cky sand,

and sily); while the Robertsor2010 presents a chart dividing the soil behavior into 9 different
soil types.The details of eacBPT soil classification method were explainegklier The details

of implementing the two CP3oil classification methafor selecting the correlation parameters
for eachpile-CPT methodwere discussedarlier,separately
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Figure 11. Effect of il type on estimating pile capacity from CPT data

Cone data Soil Type Pile Parameters

Development ofMachine Learning (ML) Models

In this study, the artificial neural network (ANN) artée treebased machine learning (ML)
techniquegthe decision tree (DT), random forest (RF)J gmadient boosted tree (GBWere
used tadevelopML models toestimae the ultimate capacity of piles from CPT dala develop
any ML model, several parameters need to be identified and addréssedhcludedatabase
compilation,selection oimodel inputs and outputs, data divisemdpre-processingnetwork
architecturehyperparameter optimizati@uch aptimization of connection weighter ANN,
trainingprocess, testingtopping criteriaand validatiorof the ML model455]. The collected
80 pile load test data weeused in this study to train (caigte), verify and validate the ML
modek. The personal computéased software Neural Designer was used intbik to
simulate the ANN models; while tlepen source ML library for the Python programming
language cadld scikit-learn or sklearmvas used to simulate the three tisesedVIL models[74].

Database Compilation

Thedatabase a0 pile load tests of squaRPCpiles of varying widths and lengths that were
collected from 34rojectsites in Louisiana were used to develop the ML models.l&ingths of
piles range from 48 210ft., while thepile widths range from 14 to 30 in. The lecadttlement
curve for each pile load tesfas interpreted to determine the measured ultipisgecapacity
based ormavisson's offset limit methdd8]. The associated CPT test data thate conducted
closeto each test pilevere used to develop ML models based on CPT. data
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Selection of Model Input Parameters

The quality and accuracgf any developed ML model depenais the proper selection of input
variables thainfluence the output prediction of tiuétimate pile capacity (g). It is well-known
that the ultimateapacityof piles depends on thele characteristis such as pile materjal
geometryandtip condition,pile installationmethod testng procedure andthe soil properties
However, since all the tested piles in the compiled database are B@2aaven piles with
closedend many of these factors cae disregarded. In this study, the embedded length of pile
(Le) and pile width (B) along with the corresponding CPT data profile (corrected tip resistance,
a:, and sleeve frictiong)f that reoresent theoil characteristics we considered as input
paranetess. The variation of soil properties along the pile shaft wasdsuidled into five equal
segmentglongthe embeddegile length. The average valuefscorrectedip resistance (Qvg

and sleeve friction {fkvg were calculated for each the fivelssegmentsThe influence zone for
the end bearing capacity was considered to range4ihbelow the pile to¢o 4B (or 8B for

ANN only) above the pile toe, where B the pile width. Tie correspondingverags of

corrected tip resistancewg) were deéerminedfor the upper and lower zonssparately.
Consequentlya total of14 inputparameters we usedto develop the ML modskas shown in
Figurel2 Accordingly, the final selection df¥IL input parameters in this study were: fil§
embedment dept{Le), (2) pile width (B), (3) ¢, avg1 (4) G, avga (5) G avg3 (6) Atavg4 (7) Gt avgs

(8) fs, avg 1 (9) fs, avg 2 (10) 3 avg 3 (11) 3 avg 4 (12) 3 avg 5 (13) (-tip, 4B/8B above and(14) Q-tip, 4B

below. These inputs parameters were used in three different combinations to deterrivihe the
models that yield the begerformance in terms of estimating the measured ultimate pile
capacity. They only vary in the way the side resistance of piles were calibrated, i,e.;,dgng q
alone, usingsf avgalone, or both @avgand §, avg. FOr each caseither Gtip, 48 aboveOr Qi-tip, 88 above
were usedn ANN models, while only.ip, 48 abovéVvas used in tredased ML modelsHence, a
total of sixdifferent types of input parameter setsreconsidered in this study to obtdhe best
performed ANN modelas shownn Tablel. Meanwhile onlythreeinput models were
considered for the trelgased ML models.

Data Division and Pre-processing

Usually the availabldatabase is ralomly divided into two subseta:training settp build the
ML mode) and amwtherset for testing andalidaing theperformancef ML model
Hammerstron}75] suggested to consider tvilirds of the database fonodel training and the
remaining onehird for testing andralidation Stone[76] proposeda modification éthe above
data divisionwhich is known as crosslidation. In this technique, the datet is divided into
three sibsets: training, testin@nd validation. The training setas usedo improve thenodel
network connectionthe testing sdb test the performance ML model at different stages of
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training and validation seb determine the performance of the traimetwork. Shahin et al.

[77] showedhat there is no distinct relationship between the proportion of data for training,
testing and validation, and the model performance. However, they obtained the best result using
a comlination of 70% ofdatafor training and 30%f data fortesting

Figure 12. Selectednput parameters and influence zone
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In developing ANN modeghe database of §flle load tests wasandomlydivided into70% for
training, 10% for testingand 20% for validatiorHowever, in developing thegebased ML

Models the database waandomly divided into 80% for training and 20% for testirige

training subset wsaused to train the ML medk, while the testingubset was usdd evaluate

the accuracy and generalization ability of the traikdmodels.lt should be noted here that the
ML models have difficulty in extrapolating beyond the range of the range of the training data.
Therefore, all the existing pattes available in the dataset need to be included in the training set
to develop a good ML modelf the extreme data points a&cluded from the training datet,

then thevalidation data will test the modélextrapolation capability instead of its interpolation
ability. Consequently, the model magt perform well as th®L models perform best when

they do not extrapolate beyond the limit of the trairdatpa[24]. Therefore, care was taken to
avoid this sceario. In this study, data division was carried out randomly through trial and error
until the statistical properties (mean, standard deviation, range) of subsets are close to each other
as possible with the minimum and maximum values included in thenigesnbsef77].
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Table 1. ANN model types used in this study

ANN model type Input parameters
(1) Pile embedment depth, L, (2) Pile width, D, (3.6 (4) q,
Type 1 avg 2 (5) q avg 3 (6) q avg 4 (7) q avg 5 (8) Q—tip, 4B above (9) q—tip, 4B

below

(1) Pile embedment depth, L, (2) Pile width, D, (8)v8x (4) q,
Type 2 avg 2 (5) q avg 3 (6) q avg 4 (7) q avg 5 (8) Q—tip, 8B above (9) q—tip, 4B
below

(1) Pile embedment depth, L, (2) Pile width, D (3)41 (4) T,
Type 3 avg 2 (5) fs, avg 3 (6) fs, avg 4 (7) fs, avg 5 (8) q-tip, 4B above (9) q-tip, 4B
below

(1) Pile embedment depth, L, (2) Pile width, D 33§31 (4) f,
Type 4 avg 2 (5) fs, ayg 3, (6) fs, avg 4 (7) fs, avg 5 (8) q-tip, 8B above (9) q-tip, 4B
below

(1) Pile embedment depth, L, (2) Pile width, D, (3).6» (4) q,
Type 5 ag2 (5) 4 avg3 (6) 4 avga (7) 4 avgs (8) F avgs (9) fs,avg2 (10) §,
avg 3 (11) fs, avg 4 (12) fs avg 5 (13) q-tip, 4B above (14) q-tip, 4B below
(1) Pile embedment depth, L, (2) Pile width, D, (3.6 (4) q,

Type 6 avg2 (5) 4 avg3 (6) 0 avg4 (7) 4 avgs (8) F avgs (9) fs,avg2 (10) &,
avg 3 (11) fs, avg 4 (12) fs avg 5 (13) q-tip, 8B above (14) q-tip, 4B below

Training of ML Models

Training ofan ANN model refers to the process of initializing a network through the deployment
of initial values and then optimizing the connection weightorder to obtain a global minirm

instead of a local one. A very widely used method to obtain the optimum weights is the back
propagation algorithm or the gradient descent method. However, the convergence is sometimes
slower and requires lots of itei@ts in this method. Hence, a faster Qudswton method was

also used in this work to get the optimum ANN. The number of training cycles required for a
better performance of the model is determined iterativelyjaximum of 1000 iterations was

allowed inthe Neural Designer software.

The teebased ML models (DT, RF, and GBT) waéraned and assessed independetatly
identify the model that provides the optimum or near optimum performance. Each model
possesses some external tunable parameters calleghdmgreeters. These parameters regulate
the learning process and must be set before the training phegges.Table2 illustratesthe
significanthyperparameters of DT, RF,&GBT models tunedas denoted in scikiearn[74].
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Table 2. Hyperparameters of treebased models

Hyperparameters Variable type Range Applicable models
learning_rate Continuous 0-o GBT
n_estimators Discrete 1-o RF, GBT
max_features Continuous 0-1 RF, GBT

max_depth Discrete 1-o DT, RF, GBT
min_samples_split Discrete 2-o DT, RF, GBT
min_samples_leaf Discrete 1-o DT, RF, GBT

Since both the RF and GBT models are built s as base learners, they have some common
hyperparameters (max_depth, min_samples_split, min_samplesiiesdyiition,the RF and

GBT have two crucial hyperparameters to be tuned: the number of decision trees to be combined,
denoted as n_estimators, and the number of random features to consider while building trees,
denoted as max_features. The GBT model has an additippatparameter called the

learning_rate. Ishould be noted hethat the three trebased models have more additional
hyperparameters. Only the main hyperparameters that significantly impact the performance of
ML models based on literatueee exploredn this study

It is necessary to evaluate multiple combinations of hyperparameter settings since one set may
perform well in one case but poorly in another case. The process of determining the optimal
combination of hyperparameter settings for a certablpm is known as hyperparameter
optimization. In previous studies, the produdéd models were optimized manually through a
trial-anderror procedure that is tedious and compaitzlly expensive. In this stugg more

effective method termed random sédmix employed for hyperparameter optimization. The

random search procedure begins by specifying a finite number of possible values for each
hyperparameter, creating a hyperparameter search space. Then, the search algorithm selects
random combinations of pgrparameters from the search space. Each hyperparameter
combination represents a distinct candidate model. The performance of each candidate model is
then determined using cregalidation procedure.

Stopping Criteria

Stopping criteria is important to d@etnine when to stop the training process. There several
approaches that can be used to decide when to stop training. Training can be stopped when a
fixed number of training records are presented, when sufficiently small value of the training error
is obtaned or when changes in the training error is insignificant. However, these approaches may
lead to premature model stopping or etraining. In this study, the crosslidation method was
implemented to solve this issue. The testing set judges the cgpabilie model to be
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generalized, through evaluating the performance of the model at different stages of the training
process. Once the testing process is completed, we move to next validation set to assess the
model performance.

Validation of ML Models

After completing the trainingh@aseandlocating the optimal ML model, the model needs to be

validated to ensure its ability to be generalized in a robust way within the limits of traineng dat

A separate data set that was utilized inthetraining phas is usually used to validate tN&-

model intermsof accurately predicting the measured ultimate pile capacity TQe satisfactory
performance in this phase indicates the model
determination, Rthe r oot mean squared error, RMSE, mean
variance, COV, of the measurederpredicted ultimate pile capacity ¢@m), are the prime

criteria that were used to evaluate the performance of ML models. The coefficientetditam,

r, can also be used to obtain the relative correlation and goodness of fit between the measured

and predicted valge Smith[78]suggested the following guide fpfvalues:

[r|_ 0.8 strong correlation exists betwevo sets of variables;
0.2 <|r| < 0.8 correlation exists between the two sets of variables; and
Ir|. 0.2 weak correlation exists between the two sets of variables.

However, the RMSE is considered the most popular measure of error due to its advantage of giving
greater attenuation towards large errors rather than the smallerTdreegparameters can be
calculated as follow:

B1.1, Blf] B1,

i 1= = (29)
B1, B1, B1, B1,

YO'YO -B 1 1 (30)

- — (31)

00 ab pTITT (32

Where n =number of samples or observationg,=(redictedpile capacityand G, = measured
pile capacity

0 5946



Analysis of Results

The main objective of this study waoevaluate the ability aflifferent directpile-CPT methods
for estimaing the ultimate loadarrying capacity of square PPC piles driven in Louisgmiz

A total of 80 pile load test database were used irsthdy to evaluate the performance of 21
directpile-CPTdesign methodsThe measuredltimate capacity for each pile was determined
from the load deformation curve based on Davisson interpretation cfit8}idn addition, the
predicted ultimate pileapacity for each pile was also determined for each ta@CPT
method.Thecomparison between the maesd and estimated pile capacitiesall pile-CPT
method are available in Appendik.

In our analyss, the followingtaskshave been executeshddiscus®din this section

1) Utilize sensitivity analysisof thepile-CPT methods to selected CR®bil classification
method

2) Evaluatepile-CPT methodsased omathematical anstatisticalcriterig
3) Evaluatepile-CPT methods using MultiDimensional Unfolding
4) Evaluatepile-CPT methodsased orefficiency fromreliability analysis

5) Develop combined methodi®m the best performeale-CPT methoddor different soil
conditionsbased on contribution of sand layers to total ultimate capggitg of
optimizing thepredictionaccuracy); and

6) Develop machine (ML) learning models using the artificial neural nét{(AXN) and
three treebased ML methods, the decision tree (DT), random forest (RF), and gradient
boosted tree (GBT) to estimate the ultimate pile capacity from CPT data.

SensitPivCR Meohods to Selected CPT Soil

Seventeepile-CPTmethods including: LCPC, Schmertmann, De Ruiter, Philipponnat, UF,
probabilistic, Aoki, Penpile, NGI, ICP, UWA, CPT2000, Fugro, Purdue, German, Eurocode?,
and ERTC3 are dependent on the soil figreestimating the ultimate pile capacity. Tmeas

that n order to use CPT for calculating thiimatepile capacity, it is necessary to classify the

soil and evaluate soil type with depth for proper selection of correlation parameters between the
CPT data (g fs) and pile unit side and unit end biegrcapacities (g f).

Forexample Figure13 comparegshe predicted ultimate capacipyrofiles ", for a pile in
GibsonRaceland highway site obtained frahe UWA pile-CPT methodusingboth the
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probabilisticregion estimatiomnd Robertsoi2010CPT soil classificatiormethod. It can be
seen thathe valueof "gj "E for the UWA pile-CPT method are not much differefur
probabilistic and Robertson (2010) soil classificanoethod. However, in some cases therais
significant difference.

As a part of this research study, the sensitivity othpile-CPT methods to the selection of
CPT sall classification methods were analyzed. As presented in Apgenidixeaclpile-CPT
method, the values giredicted pile capacitie, , were calculated using the probabilistic region
estimation and Robertson (2010) CPT soil classifications, separately.

In order toquantifythedifferencebetween pile capacity predictions using the two CPT soil
classificationsthe value of dif{%) is defined in EquatioB33), which represents the percentage
of increase irl j 1 in case of using probabilistic soil classificatias compared tRobertson
2010 soil classification.

AEEE 1]1 1j1 P T (33

Statistical analysis (using SAS/STATTM software) was used to test the null hypothesis of diff
(%) equal to zero for different methods. The myjbothesis was rejected in pile-CPT

methods excegor theLCPC, Schmertmann, and Aakiethodswhich meanshat the selection

of CPT soil classification has a significant result on the ability of the methods for estimating the
ultimate pile capacity. The statistical results for diff @b}he 17pile-CPT methodsareshown

in Figurel4 anddescribed infable3.
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Figure 13. CPT data and boring log for tp4 at GibsorRaceland highway project in Terrebonne parish (pile
42) (a) profile of cone tip resistance & friction ratio (b) oil classification from boring (c) CPT soil
classification usng Zhang and Tumay (1999) (d) sil classificaion using Robertson (2010) (e)stimated pile
capacity from UWA direct pile-CPT method using different soil classifications
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Figure 14. Box plots of the diff (%) in pile capacities for allpile-CPT methods between using either of the two
CPT methods
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Table 3. Mean, standard deviation, max and min véues of diff (%) for different pile-CPT methods

CPT methods LCPC  Schmertmann De Ruiter Philipponnat UF Probabilistic Aoki Penpile NGI
mean -1.24 -0.18 -4.63 -2.97 -3.02 1.38 -1.69 -0.82 -8.73
diff (%) SD 9.03 191 7.68 6.21 10.00 3.52 9.31 1.74 10.09
27.54 3.12 14.01 11.57 24.72 13.65 2181 3.33 11.83
min -24.50 -8.78 -33.17 -24.49 -31.68 -13.27 -27.35 -8.32 -47.88
CPT methods ICP UWA CPT2000 Fugro Purdue Eurocode7 ERTC3 German
mean -9.03 -15.85 -10.47 -6.44 -8.43 -9.44 -9.32 -3.16
diff (%) SD 9.04 15.44 10.57 11.31 11.59 13.58 14.15 6.65
5.12 10.97 6.03 40.57 3341 16.29 19.65 14.75
min -38.39 -75.05 -38.12 -30.52 -32.56 -56.60 -69.92 -25.35

The lowest mean values of diff (%) are for Schmertmann and Penpile methods, which shows that
on average these methods are less dependent seléison ofoil classification method. On

the other hand, UW, Eurocode7, ERTC3PT2000, ICP, NGland Purdue methodsvethe

highest mean valsdor thediff (%), which implies that these methods shinvsignificarce of

the selection of soil classification on the difference on predmiteccapacies Analysis of

standard deviations foh¢ 21 pile-CPT methods shows that Penpile, Schmertmann, and

probabilistic methods have the lowest valoestandard deviatigwhich implies that these

methodsare lessensitive to theselection ofoil classificatbon method. On the other hand,

UWA, ERTcC3, EurocodeRBurdue, Fugro, NGand CPT2000 methods have highaluesof
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standard deviatigrand therefore their sensitivity to teelection of&oil classification method is
higher. The max and mixtreme)values of diff (%) inTable3 represent the range of diff (%).
The lowest range is for Penpile, probabilistic, and Schmertmann meitudk iswithin © 13%.
TheUWA, ERTCS3, and Eurocodeviethod have the highest range -056% (UWA) to +20%
(ERTC3) which means that usirige probabilisticregionsoil classification might estima#s%
less or 20% higharltimatepile capacities than using Roberts2®l0soil classification. The
range of diff (%) forthe otherpile-CPT methods are betweed8% (NGI) to +30%(Fugro)

It should be natdherethat the value of dift%) in predicted ultimate pile capacities also
depend®n theengineering judgment implementingthe soil classification methods for
evaluating the differentacrelation parameters between CPT dataf{gand pile data (g f) for
eachpile-CPT method.For the purpose of evaluatitige pile-CPT methods, the average values
of predictedheultimate pile capacityl , obtainedfrom using either th@robabilisticregion
estimationor the Robertsorf2010CPT soil classificatiormethod wasadopted in this study.

EvaluaPi-6BMet hods Basédmani cal and St
Anaeésys

In thispart ofstudy, an evaluation scheme usthgeedifferentcriteriabased ormathematical
and statisticafnalysiswas considered in order to rank the performandbexdifferentpile-CPT
methods for estintang the ultimate axial capacity dfivenpilesin Louisianasoils. These
criteria are: (1) the equation of the best fit line of predicted versus measured capptity
andthe corresponding coefficient of determinatioR% (2) the arithmetic mean and standard
deviationforl j1 ;and(3)1 j1 at 5®6and 906 cumulativeprobability (P50 and P90)
Anothercriterionreportedn a previous studiy Titi andAbu-Farsakh79] was based on the
20% accuracy level fat j 1 obtained from histogram and legrmal distributionThis
criterion seem$o represent information about the accuracy and precision of the methods as the
others. For this reason, it was decided to includehis criterion in our evaluation analysis. It
should be noticed that the logprmal distribution ofl j 1  will be addresse later in the

reliability analysis and evaluation for calibrating the LRieBistance factof,.

The plot of pedicted(Qp) versus measurg@m) ultimate capacity anthe cumulative

probability plots for alpile-CPT methods are presented in AppenéixA rank index (RI) was
usel in thispart ofstudy to quantify the overall performance of all methods. The rank index is
the sum of the ranks from the different criteria, RI= R1+R2+R3. The lower the rank index RI,
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the better the performance of the methode phrformance of the prediction methods based on
thethreedifferent criteria is discussed below.

Inspecting the results ), versusQnm plots inAppendixF shows thathe LCPC, ERTC3, ¥,
and Philipponnainethod have the best fit equatiorl P81 G with R?=0.74~0.82 The
results also summarizéal Table4. These method tend to overpredidhe measured pile
capacity by an average 8. Thereforethesemethod arerankednumber one according to this
criterion and is giveiR1= 1 (R1is the rank based on this criterion). TPm@babilistic ande
Ruiter and Beringemethod with 1 o X T@oyl (R’=0.77~0.78 tend to underpredict
themeasured capacity [#3% and thereforareranked next(R1=4). Also, the German method
hasl P81 & , butR?=0.67; which is low and therefoitis rankedasR1=4. According to
this criterion,Aoki and De Alencar, Price and Wardle, and Penpighod tend taunderpredict
themeasured ultimate pile capacityhile the other method®nd tooverpredict the measured
ultimate pile capacity. Th€oglianimethod showed the worse performance Wwith p& 1
(R?=0.81) and therefore was givéRl = 9.

In the second criterion, the arithmetic meahand standard deviatiod)(of the ratiol j 1

values for each method were calculated. The best method is the one that gives a mean value
closer to one with a lowepoefficient of variation (COV))which is the masure of scatter in the
data around the mean. According to this critertbaProbabilistic andJF method rank number
one R2=1)witht 1 j1 p8t A T @8t tandCOV=0.33 and 0.35, respectively. They are
followed by theLCPC, ERTC3, Philipponnat, and BRaiiter and Beringemethod (R2= 3). De
Ruiter and Beringen, Aoki and De Alencar, Price and Wardle, and Paapitee (Qp/Qm) < 1,

which means that these methods on averageraterpredictinghe measured pile capacity. On
the other handhthermethod havee(Qp/Qm) < 1, which means that these methods on average
areoverpredicting the measured pile capacity.

The cumulativegorobability curves AppendixF) were used to determine the 50 percent and 90
percent cumulative probability valueRs andPgg), which are also summarized ifable4. The
pile capacity prediction method wiftso value closer to one and with loweso - Poo range is
considered the best. Based on this criterionEfR&C3,LCPCand Probabilistienethod with

0 p8tandPgo= 1.41~1.45rank number oneR3=1) followed byUF, Philipponnat,

CPT2000, and [@ Ruiter and Beringen witR3=4. TheToglianimethod has wrstPso andPgo
values and therefore ran&s the worst method

In order to evaluate the overall performance of the different prediction methods, all criteria were
considered in a form of an index. The Rank IndgY (s the algebraic sum dfi¢ ranks olatined
using the threeriteria. Considering CPC method, thekl equals tdive as evaluated from
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RI=R1+R2+R3.The Rank Index values for all other methodspmesented i able4.
Inspectionof Table4 demonstratethatBustamante and Gianeselli (LCPC/LGRe¢thod anks
number one along witBRTC3method. These two methods showed the best performance
according to the evaluation criteria and therefore considered the best methodsodi®listic
and UFmethod rank number thredollowed by Philipponnat, De Ruitend Beringen,
CPT2000, UWA, and Schmertmann methoblseZhou andTogliani method showed the worst
performance among all methods.

EvaluaPi-6BMeft hodsMWlstiini mensobdahg

The MultiDimensional Unfolding (MDU) is an approach used in this study, which displays the
ranking data in &awo-dimensional space. This approach helps us to find out the typical ranking
of thepile-CPTmethods, the extent of agreement between the pieserce of outliers among
the piles anghile-CPT methods, and the similarity between the diffeqaiet-CPT methods.

In this section, MultiDimensional Scaling (MDS) isstribed. Then, some examples are
explained to be solved using MDS. Thenylt¥Dimensional Unfolding (MDU)s an MDS
technique iglescribed. Finally, MDU isised for rankindPile-CPT methods.

MultiDimensional Scaling (MDS): Basics

The MultiDimensional scaling (MDS) is a technique for showing similéréyveen the objects

in a low-dimensional space. A symmetfic T matrix,Y known as dissimilarity matrix with
elementy is the input matrix for MDS. A very simple example for application of MDS is that
distances between some cities in the US is giveheasmput matrix and the result is a two
dimensional locations of these points reflecting the US [8@ Finding the location of the
points in an Euclidean space of dimension p, without any additional transformahen is
traditional way of performing MDS, referred as classical sc48ag

The objective of performing MDS is finding the configuration matrix, X somehow that distances
between pointsA be as close as possible to values ofThe values oA is defined in ap
dimensional space é&sllows:

(34
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Table 4. Ranking of pile-CPT methods based on multiple criteria

Arithmetic
calculations
Best fit calculation Qp/Qm Cumulative probability Overall rank
Pllrengﬁ]poeamty Qw/Qn R> Rl  Mean COV R2 QQmatRo  Qu/QmatRo R3 RI Final rank
LCPC 1.03 074 1 1.07 039 3 0.99 1.45 1 5 1
ERTC3 1.04 073 1 1.08 035 3 1.01 141 1 5 1
Probabilistic 0.97 0.78 4 1.03 033 1 0.99 1.42 1 6 3
UF 1.03 082 1 1.04 035 1 0.95 1.45 4 6 3
Philipponnat 1.03 079 1 1.02 0.37 3 0.93 1.42 4 8 5
De Ruiter 098 0.77 4 095 0.36 3 0.87 1.24 4 11 6
CPT2000 1.17 079 6 1.11 034 6 1.08 1.56 4 16 7
UWA 1.19 082 6 1.17 031 6 1.09 1.60 4 16 7
Schmertmann 1.20 0.77 6 121 035 6 1.18 1.58 9 21 9
German 1.03 0.67 4 1.02 044 9 0.88 1.52 9 22 10
Eurocode? 1.22 074 6 1.17 0.48 10 1.02 1.87 9 25 11
Price and Wardle 084 0.79 9 083 034 9 0.78 1.21 9 27 12
Static 1.16 0.60 9 1.26 0.40 10 1.17 1.71 9 28 13
NGIO5 1.28 0.72 11 1.24 045 10 1.10 1.96 14 35 14
Tumay Fakhroo 1.29 0.69 11 1.36 0.35 10 1.26 2.02 15 36 15
Fugro 1.44 0.75 13 1.34 0.45 10 1.15 2.14 15 38 16
Purdue 1.45 0.60 13 1.29 056 14 1.02 2.36 19 38 18
Aoki 0.83 064 9 0.77 051 16 0.65 1.27 15 40 18
ICP 149 0.74 13 1.33 0.45 10 1.22 2.12 19 42 19
Penpile 0.54 0.85 13 0.59 0.28 15 0.57 0.77 15 43 20
Zhou 149 0.85 13 1.68 0.28 17 1.60 2.20 21 51 21
Togliani 1.70 0.81 18 1.83 0.30 18 1.79 2.45 22 58 22
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Instead of classical scalintipe Stress Majorization of a COmplicated Funct®NMACOR
approacttan be used for solving the M@8oblem, whichoffers more flexibility [82], [83].

S MA

COF wuses KB s98Jas thetargsttitarienswhichis definedusing the

following eguation

A @ 517 A8 (39)

whered | is as:

5y 11 pxe (36)

The walues ofd representhe matrix of weightsy, which is a symmetric, nenegative, and

hollow
andd

matrix. The wmatrix can be used for imposing missing values, as pif | is known
mif 1 is missing. Other kinds of weighting structures are also available.

Details of SMACOF solution is available for MDS problemdd®/Leeuw and Mair and Borg
and Groener{84], [85].

As an example for MDS, below matriX,(I T matrix) shows distances (in miles) between 10
cities inLouisiana:

Table 5. Example of MDS showing distances between 1®uisiana cities

City New OrleansBaton RougeShreveport Lafayette Lake Charles monroe  Alexandria Slidell Arcadia Houma
New Orleans 0 75.14 281.1 118.13 189.23 214.42 169.73 28.36  246.29 46.02
Baton Rouge 75.14 0 208.38 52.14 122.19 152.59 95.47 84.79 177.47 65.48
Shreveport 281.1 208.38 0 189.14 162.08 95.13 113.67 281.27 48.43 270.72
Lafayette 118.13 52.14 189.14 0 71.57 158.18 79.34 133.81 169.38 89.26
Lake Charles  189.23 122.19 162.08 71.57 0 170.69 87.95 205.34 161.6 155.99
Monroe 214.42 152.59 95.13 158.18 170.69 0 85.05 207.21 46.79 217.93
Alexandria 169.73 95.47 113.67 79.34 87.95 85.05 0 173.75 90.04 157.06
Slidell 28.36 84.79 281.27 133.81 205.34 207.21 173.75 0 243.03 73.3
Arcadia 246.29 177.47 48.43 169.38 161.6 46.79 90.04 243.03 0 242.32
Houma 46.02 65.48 270.72 89.26 155.99 217.93 157.06 73.3  242.32 0

Solving the MDS to produce twdimensional X, is as follows:

1)

Torger sono6s Qreataaddecentanersionmfy, designated td”, where
the row sums, the column sums, and overall sum of the cell entries in the matrix are zero.
For dissimilarityy in matrix¥, the corresponding’ in matrixY” is obtained as:
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Y@ s s 1w (37

Y* should be factorizetb obtain the matrix of point coordinated (31 D matrix,
p=2 for twadimensional configuratign

2) Carry out tle factoring process by performing an eigendecompositidtf on
Y 67 6 (39)

Where 6 is thel  Nmatrix of eigenvectorss is theN Ndiagonal matrix of eigenvalues,
andNis the rank ot” (usually equal to n).

3) CreateX from the first p eigenvector$§ () and the first p eigenvalues ():

8 6 7 (40)

X, contains point coordinates such that the interpoint distances have sgiearss fit to the
entries inY.

For this examplewe used the below code irBRidiosoftwareas shown below

getwd()

library  (smacof)

library  (stringi)

DeltaO < - read.csv (file= “"dist.csv' )
#View(DeltaO)

Deltal < - DeltaO[ 1:10, 2: 11]
rownamegDeltal) < - DeltaQ[, "City" ]

#View(Deltal)
fittLA< - mdgDeltal)
fit.LA $conf
op <- par(mfrow = c(1,2))
plot (fit.LA)
theta < - 315*pi / 180 ## degrees to radians
rot< - matrix (c(cos(theta), sin (theta), - sin (theta), cos(theta)), ncol= 2)
fitLA2< - fitLA S$conf %*%rot ## rotated configurations
xmirror < - matrix (c(-1, 0, 0, 1), ncol= 2)
fittLA2< - fitLA2  %*%xmirror ## mirror configurations
fit.LA2
plot (fit.LA2 , xim= ¢(-1.0, 1.0), ylim= c¢(-1.0, 1.0),
main = "LA CITIES" , xlab= "First rotated and reflected eigenvector" , ylab
="Second rotated eignvector"” )

text (fit.LAZ2, row.names(fit.LA2), cex=0.8, pos=3, col="black" )
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Thetwo-dimensional configuration, X for dissimilarity matri¥,is obtained irfFigure15. Figure
15 (a) presats the original solution of MDS, which by approprietéating and reflecting, as
shown inFigurel5 (b), the bcation of the cities in Louisiana can be obtained.

It should be n@dherethat, in this metric MDS solutiorthe relative distance between cities is
obtained and appropriate rafing is necessary to obtain the original map.

Figure 15. Graph of eigenvectors (a) MDS solution (b) rotated and first eigenvector reflected
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If we use the matrix of ran@rdered distances between fieLouisianaities (ordinaldata) we
will get the following

Table 6. M atrix of rank -ordered distancesdbetween the 10 Louisiana

City New OrleansBaton RougeShreveport Lafayette  Lake Charlesnonroe  Alexandria  Slidell Arcadia Houma
New Orleans 0 9 44 19 34 38 29 1 42 2
Baton Rouge 9 0 37 5 20 22 17 11 32 6
Shreveport a4 37 0 33 27 16 18 45 4 43
Lafayette 19 5 33 0 7 25 10 21 28 14
Lake Charles 34 20 27 7 0 30 13 35 26 23
Monroe 38 22 16 25 30 0 12 36 3 39
Alexandria 29 17 18 10 13 12 0 31 15 24
Slidell 1 11 45 21 35 36 31 0 41 8
Arcadia 42 32 4 28 26 3 15 41 0 40
Houma 2 6 43 14 23 39 24 8 40 0

However,it seems to be less information¥rmatrix, thetwo-dimensional configuratin still
provides excellent fit, ashown n Figure16.
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Figure 16. Graph of eigenvectors (a) MDS solution (b) rotated eigenvectors for ordinal data

L= o |
— —
E.Iu._-r.Tp-_uFl-.'r\dl.-\I.'cr'nc
Lake Charles - -
= F, 1
T ] % =
L= =
3
"-E Latayulte g’ Algxandria
=] . - &
'-'l:" Alewandna = ‘;: —
Houwm, L "
E g | ouma I'!.a’.nr.Rl'.u;lﬁ ':':.-u-:-.w.epurt B Lt _-|-E°m" Rouge .
petle e
o #w Orleans Aacadia ? Lake Charles o “ Maw Orleans
Siidall - 53 “ o Hl.'ll._"ua
s Monros w =1
u
o
o
; | r ' T T T
£ 5 1
05 o0 05 10 1.0 05 0o 0.5 0
- ’ e
Dirnansion 1 First rotated eigemecton
(a) (b)

As shownin Figure16, themetric MDS seems to work for ordinal data, too. However, it

imposes an implicit assumption about the relative sizes of differences between dissimilarities and
using the concept aigendecomposition is not appropriate. Therefore, a different strategy

should be used for ordinal dimilarities which was described as SMACOF approach:

1. Initial configuration is created, randomly.

2. Distance between points is calculated, as d.

3. Optimal momtonic transformation of proximities is found, Based on this, optimal scaled
data f(x) can be obtained.

4. Kr us k al £ 8 assshowreikEaquation(35) is determined.

5. By minimizing stress, new configuration of data points can be found.

6. If stress is mall enough, terminate the loaptherwise go to 2.

This approach is very useful to find the best configuration for-cad&red dissimilarities among
different objects.

Multidimensional Unfolding (MDU)

Different MDS techniques have been developed over the j@&rS'heMDS can be divided

into oneway and multiway MDS. In multtway MDS, different individuals (multiple judges and
ratersrepeated measurements) present dissimilarity for each pair of objectsmddii MDS is
the case when dissimilarities are qualitatively diffefery.,objects are rated based on different
subject$. Each kind of MDS can be provided in metric and-nwatric variants. If

dissimilarities;) , are on ordinal scale, transformations of the dissimilarifies, /A
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(commonly known as disparitiegan be defined to preserve the order as ) A A,
which is referred to nonmetriélso, restriction®©n configuration matrix, X can be applied as
shown byDe Leeuw andHeise[83].

As discussed ithe previous sectiorthe SMACOF is an MDS solving stratedgfyatuses

majorization to minimize stress. For the above extengibossical MDS, some changes for

the SMACOF solution is needed. For exampirethe cases when K judges present dissimilarity
matrices, additional algorithms like SMACOF routines for individual differences (also known as
threeway SMACOF) such as INDSE&L (Individual Differences Scaling), IDIOSCAL, etc. can

be used.

The case that we are going to use in stislyis when we havé judges raté objects. Hnce,
the dissimilarity matrixs not square. The basic idea is that objects and judges are gbiag t
represented on the same scale.

A simple unidimensional example presentedAbyo and Philip[87] is shown inFigurel7,
wherejudges and objects are shown on a line. Forek#snplethe rankings giverotfour
objects by twqudges are as follows:

First Second Third Fourth
Judge J A B C D
Judge J C D B A

As seen irFigurel7, the objects and judges are placed on the line based on the rankings given to
the objects. By folding the line at each judge point, the original ranking of the objects can be
observed. For emple, as shown iRigurel7, folding the line at pointyYeveals that judge;J

prefers objects A, B, C, and, Bespectively.

Figure 17. Unidimensional unfolding

Al B C I D
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It can be seen that it is impossible to place judge 3 giving rankings as DABC for the previous
example.TheMultidimensional unfolding (MDU) is the MDS technique used for ranking data.
The SMACOF approach was extendedbg Leeuwand Mair[84] and smacof package R

[88] can be used for solving different MDU problems

TheMDS goodness of fit can be estimated using the standardized version of raw stress, called
Kr us k a |-1§ whiclsi$ soreebiasv not dependent on the absolute values of dissimilarities.

B 5 A A8 B 5 A A8 (41)
B 5 A 8 1T piTg

For ordinal MDS, different streskvalues of 0.2, 0.1, 0.05, 0.025, and 0 represent poor, fair,
good, excellent, and perfect [&]. The goodnessf-fit of the results also can be estimatesihg
the Shepard diagrams separately for the row and column dissimilarities.

Displaying te ranking data (preferably in twebmensional space) help us to find the typical
ranking of the objects, the extent of agreement between the judges, existentiersfaabng
the judges and objects, and the similarity between the objects.

MDU Results: 80Piles

Each pile has been regarded as an individual (jueldegh rates the methods based on the
valuesofl j1 .Ifthevalueofl j1 i s one, t he amesoheo3bbdhse r ank be

ranking is based on the value A @ j1  p .The ranking of th@ile-CPTmethods ha
been obtained, which is shown Table7.
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Table 7. Ranking of pile-CPT methods for each pile from 1 to 22

Pie| 4 2 3 4 5 666 80
method
1- Philipponnat 8 7 6 5 13 A o 8
2- UF 6 13 4 2 14 | | 8 6
3- Aoki 21 17 19 18 20 |5 ¢ 20
4- Price and Wardi¢ 7 9 7 11 19 |3 2 18
5- Penpile 22 19 20 17 21 18| % 22
6- Tumay Fakhroo 5 1 3 13 2 £ @ 7
7- NGI05 12 6 5 9 7 g | o 10
8- ICP 17 15 17 19 10 |& § 15
é é. é é é é é o é
é é. é é é é é L é
22- Static 17 15 17 19 10 M 12

The below code in RStudio software was usedfeMDU analysisin this study

getwd ()
library  (smacof)
library  (stringi)

CPTmethods <- read.csv (file= "methods.csv" )
#View(CPTmethods)

CPTranking < - CPTmethods|, 2: 81]
#View(CPTranking)

rownamegCPTranking) < - CPTmethods|[, "method" ]
#View(CPTranking)

fit.CPT < - unfolding (CPTranking) ## 2D metric unfolding solution

fit. CPT $stress

fit. CPT[[ “conf.col” 1]

fit. CPT[[ “"confrow" 1]

plot (fit.CPT, label.conf.rows = list (label= TRUE col=1), label.conf.columns

= list (label= FALSBH, col.rows= hcl (0), col.columns=  hcl (240), pch= 10)

best< - sort (rowMeangCPTranking, na.rm= TRUR[ 1:12]

worst < - sort (rowMeangCPTranking, na.rm= TRUF, decreasing= TRU} 1:12]

bestworst < - namegq c(best, worst))

text (fit.CPT $conf.row[bestworst,], labels = bestworst, cex= 0.8, pos= 3,
col= hcl (0, 1= 50))

The results of MDU analysis f@1 pile-CPT methodsn addition tothe static analysis
(Tomlinson and Nordlundhethodfor the 80 PPC pileareshown inFigure18.
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Philipponnat (1980}

UF (Bloomaquist et al. 2007)

Apkd and De Alencar (1975)
Prince and Wardle (1982)
Penpile (Clisby et al. 1978)
Tuwmay and Fakhroo (1982)

NGI (Clausen et al. 2005)

ICP (Jardine 2005)

UWA (Lehane et al. 2005; 2013)
CPT-2000 (Lehane 2000)

Fugro (Kolk et al. 2005)
Purdue-CPT (Salgado et al. 2011)
Probabilistic (Abu-Farsakh and Titi 2007)
Togliani (2008)

Zhou (1982)

LCPC (Bustamante and Gianeselli 1982)
Shmertmann (1978)

De Ruiter and Beringen (1979)
EuroCode7 (2007)

ERTC3 (1997)

German (2007)

Static (Tomlinson and Nordlund)

It should be natdherethat the results shown Figure18 wereobtained by Metric MDS, which
mears that dissimilarities and distances are linearly related. The Shepard diagram for this metric
MDS analysiss shown inFigure19. The xaxis inFigure19 represents dissimilarities, which

refers to ranking of the methods and changes from 1 toH22y-axis represents the distances
between poits shown irFigure18. For each ranking (dissimilaritybhe 80 points areshown in
Shepard diagramepresenthedistances ofhe 80 piles from thpile-CPT methodsFor metric

MDS, a linear relationship between these dissimilarities and distances exist, which is shown in
the Shepard diagram. The value/offor this MDU analysisvasobtained as 0.349he Shepard
diagram andl value suggest that metric MDU is poor and is not the best fit for the results
However thetwo-dimensional configuration of points, as showifrigure19, is a usefutool for
visualizing data

0 7590



Figure 19. Shepard diagram (netric MDS)
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For the second MDU analysibe ordinal MDSwasused and he results are shown Figure

20. The value oft for this MDU analysis was obtained as 0.103, which is much lowetthiean
metric analysis. However, as showrFigure20, most of thepile-CPT methods are located close
to each other and the results are not useful for rartkimgjle-CPT methodsThe Shepard

diagram for this analysis is shownkigure21, which shows that this analysis doex

differentiate much betweggile-CPT methods with rankings from 1 to 19. Therefore, the results
of this analysisvere notused for rankingile-CPT methods
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Figure 20. MDU results for the 21 pile-CPT methods and static analysis metho¢brdinal MDS, primary)
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Figure 21. Shepard diagram (ordinal MDS, primary)
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For the next MDU analysisheordinal seondary MDS was used, and the resultsshi@vn in
Figure22. The Shepard diagram for the ordinal secon®#4Ds analysis is shown iRigure23.

The value o for thisMDU analysis was obtained as 0.235.
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Figure 22. MDU results the 21 pile-CPT methods and static analysis methodg{dinal secondary MDS
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TheotherMDU analysisis monotone spline transform MDU, and the results are presenied

Figure24. The Shepard diagram for this MDS analysis is showkigare25. The value of
for this MDU analysis was obtained 0.58.
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Figure 24. MDU results for the 21 pile-CPT methods and static analysis metho¢monotonic spline MDS)
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It can be seen that monotoyspline and ordinal secondary MDU results are similar. Therefore,
ordinal secondary MDUwhich has smallef valug wasused for ranking thenethod.
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Imposing circle restrictions on the MDU solution for valuesd@A @ j1  p

resultsshown inFigure26 with A value equal to 0.579.

led into the

Figure 26. MDU results for the 21pile-CPT methods and static analysis method {icular restricted MDS)
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Based on the ranking of tipe-CPT methods given by each pile, #ilepiles and pile-CPT
methods were located int@o-dimensional spacé&he distance of each pilePT methodvith
respect to theenter (0, 0) coordinate represents how accurate thatpilemethod in
predicting tke ultimate pile capacitiefor metric, ordinal secondary, and circular restricted
MDU results the distance of eaghile-CPTmethod to the center was calculated presented in
Table8. Based on the distance fnothe center, the rank of eagite-CPTwas calculated. The

final ranking of the methods was obtained based on the summation of rankings for each MDU

analysis type, known as RIBased on the RU analysisthe Probabilistic UF, Philipponnat,
German, LCPC, De Ruiter and Bering&RTC3 CPT2000, andUWA methodsshow the
lowest distance from the center of the pikesd thereforarerankedthe bestmethods As shown
in Table8, the results of MDU analysis an®t much differenfrom multiple criteriabased on
mathematical and statistical critedascribed ira previous section
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Table 8. Ranking of pile-CPT methods based on MDU analysis

Ordinal Secondary Circular restricted

Metric MDU MDU MDU Overall rank
Pile capacity Distance Ranking Distance Ranking Distance Ranking RI2 Final
method rank
LCPC 0.10 1 0.24 4 0.17 12 17 5
ERTC3 0.33 8 0.27 8 0.10 3 19 7
Probabilistic 0.25 4 0.23 1 0.09 2 7 1
UF 0.16 2 0.25 7 0.11 4 13 2
Philipponnat 0.21 3 0.24 5 0.12 5 13 2
De Ruiter 0.42 10 0.25 6 0.05 1 17 5
CPT2000 0.32 6 0.27 9 0.14 7 22 8
UWA 0.41 9 0.30 10 0.16 10 29 10
Schmertmann 0.46 12 0.31 11 0.18 13 36 12
German 0.26 5 0.23 2 0.16 8 15 4
Eurocode7 0.45 11 0.35 12 0.17 11 34 11
Price and Wardle 0.70 17 0.58 15 0.13 6 38 13
Static 0.33 7 0.24 3 0.31 15 25 9
NGIO5 0.62 14 0.36 13 0.49 16 43 14
Tumay Fakhroo 0.67 16 0.37 14 0.52 17 47 15
Fugro 0.75 18 0.61 16 0.65 18 52 18
Purdue 0.58 13 0.67 18 1.06 22 53 18
Aoki 1.07 19 0.81 19 0.16 9 47 15
ICP 0.66 15 0.65 17 0.71 19 51 17
Penpile 1.17 20 1.13 20 0.26 14 54 20
Zhou 1.20 21 1.27 21 0.86 20 62 21
Togliani 1.40 22 1.60 22 0.96 21 65 22
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EvaluaPi-6BMet hods Using Reliabil:i

Reliability-based calibration obtained fraime principlesof load and factor desigiRFD) can
be used for evaluating the efficiencytbédifferentpile-CPTmethods. In this section, the
following parts are described.

LRFD: Background

Underthe working stressesign (WSD), also known as allowable stress design (ABB)

design load, Q, isompared to resistance, or stren@hthrough a factor of safety, F&hich

used to account for uncertainties in the applied loads and soil resistance. The magnitude of FS is
dependent on the importance of the structure, the confidence level of the material properties, and
design methodologylhe equation is given as:

2 1 (42
3 &3
where 1 is design load]l is allowable design loa@, is resistance of the element or the

structure, and.  is the ultimate geotechnical pile resistance.

Thebridge design specificatioqablished by the American AssociationHifjhway and
TransportatiorOfficials (AASHTO) in 1994 andl998( [89], [90]) have introduced the LRFD
method to account for uncertainties associated thiélestimated loads anésistances,
separatelyln 2007, theAASHTO mandatd that 8 federatfunded new bridges shall be
designed using the LRFD methpgd].

LRFD: Concept

The basic idea behind LRFDssown in Figure 27Here the distributions ofandom load (Q)
and resistance (R) values are shown as normal distributions. The performance limit state function
for the state of the structural system can be described as follows:

Coft 2 1 (43

where R is the resistance of a given structure, whicdiandom variable, and Q is the applied
load, which is also a random variable.
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Figure 27. LRFD concept of reliability
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| f g O 0, t handifgk 0, the structuresiurisafeTrse arbbability of failire is
thendefined as:

0 PC2lt m P2 1 (44)

For a normal distribution of g values, the probability of failure can be equated explicitly to the
value of r el3j/afiwhereryt § t hdemehb ngisthdstaedard f g and
deviation of g. The relationship between probability of failure and reliability index can be

calculated using the following function.

0 p ./2-%)34 (49
In addition if the load and resistance values are normally distributed anihibsthte function
is |linear, then b can be determined from the
I 1
r (46)
A K

where,f and{ arethe mean anfl , andA are the standard deviation of resistance and load,
respectively.

If both the load and resistance distitions are lognormal and the limit state function is a product
of random variables, thgncan be calculated using a clodedn solution reported by Withiam
et al. and Nowak as follow92, 93}
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i1l ¢ p #I6Tp #/6 w

i1p #/6p #/ 6

where,{ is the mean value of the resistance R, fant the mean value of the load &/ 6
and# / 6are the coefficients of variation for the resistance and load values, respectively.

LRFD: Calibration

The basic equatioof LRFD is shown in equation (3&elow. The idea is that the design
resistance (which is the measured resistance decreased by the fdctown as resistance
factor) should be more than the summation of the design loads (which are measur#&d loads
increasedy load factors ).

f2 sr 1 (48)

where f = resistance factor, R= nominal resistancéh = load modifier to accourfor effects of
ductility, redundancy and oper at i ¢o=rLeabeffactmpor t a
9 =Load factor.

Most of driven piles develop both skin and toe resistances, but the percentige of toe
resistanceo total resistance is not constant. Therefore, it is not possiblerdeide a fixed
correlation between the three resistance factors (skin, to®mtidesistances). In this research

only the resistance for totaésistancewas calibrated. Thus, it should be noted that the same
resistance factors for skin and end bearing are assumed and the calibrated resistance factors are
valid only for the rangesf pile dimensions (length and diameter) that employed in this study.

Consider the load combination of dead load and live loadARBHTO Strength | case, the
performance limit equation is as follows:

n2 r 1l rl (49

where Qp and Q are the dead &d and live load, respectively n @ a © d areothe load factors
for dead load and live load, respectively

The load parameters in LRFD were studied extensively by different researchers, and the following
LRFD parameters have been suggested, and spkebyidASHTO LRFD Specificationge.g.,
[92], [94]):

0 849



r P& U r pP v #1 6 ™Y
r P& U r p3T Y #/1 6 T C Y

(50

where op a n d aredthe load factors for dead load and live load, respectagiya n @.are the
load bias factorémean ratio of measured over predicted valoejhe dead load and live load,
respectivelyCOVqop andCOVq. are the coefficient of variation values for the dead load and live
load, respectively

TheQp/QL is the dead load to live load ratio which varies depending osptne lengtti4]. In this
researchQp/QL of 3 is used.

Reliability based analysesingthe First Order Second Moment (FOSM) methtbdmodified
FOSM byBloomquist et al[5], the First Order Reliability Method (FORM), and the Monte
Carlo (MC) simulation methodere used to calibrate the resistance facforfof the different
pile-CPTdesign methods. A target reliability index | of 2.33 wa selected for the calibration

of resistance factorsimilar to previous studig®.g.,[95]).
First Order Second Moment (FOSM) Method

In FOSM, thelimit state function is linearized by expanding the Taylor series about the mean value
of variable. Since only the mean and variance are used in the expansion, it ifirsal{etean)

order second (variance) monme#for lognormal distribution of resistaea and load statistics,
Barker et al. suggestéide following relation for calculating reliability inde, as[96]:

1 P p #/6 #/6 #/ 6
] 1 ) p #/ 6 (51)

1 1p #/ 6p #/ 6 #/ 6

For LRFD, this equation is modified by replacitigg overall factor of safety (FS) by partial
factor of safety and then rearranges to express relation for resistanceffpaofo{lows:
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p #/ 6 #I/ 6

1
] Y — 1
1
f p #/ 6 (52

1 11 A@® ldp #/6p #/6 #/6

The resistance bias factdr, and the resistance coefficient of variatign, 6are important in
estimatingf and is calculated based on the following equations:

B
Bt (53
B} ]
A _— (54)
- P
#1 6 A Al Al 2 5
n > (59)
where 2 = measured resistance from a load,testl2 = predicted resistance from lab or

field data
Modified FOSM Method

Equation(52) used for FOSM has been shown to estiniatalues for about 205% less than
the other method#\ modification tothe equation wasuggestelly Styler[50] in theterm
COV(Q). Equation(52) assumes COV(Q3 COV(Qp) + COV(QL), but it has found that
COV(Q) should be obtained by:

) #/16 ) #/ 6
#1 @ (56)

Using this modification in equatiq®5), the difference betweehe FOSM and othereliability
mehodsbecomsslightt Th e mo di f iresistanée @stdd pesjuation becomes:
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1 1 Ag® 1o #/6p #/6

Fir st Order Reliability Moment (FORM) Method

Hasofer and Lind proposed a modified reliability index that did noitéxthe invariance

problem[97. The HAcorrectionod is to evaluate the |
Adesign pointo instead of the mean values. Th
0. Since the design point is generally not known in advance, an iteration technique must be used

to solve the reliability index. Detailed procedure regardi@RM can be found in Nowak and

Collins[98]. The following $epsdescribe th&ORM using the RackwitEiessler metho{b9]:

1. Define limit state function, g(x1, x2, x3....).
The limit statefunction for LRFD is developed as follows:

1 1 1 11 11 (58
f2 r1 rl (59

Fromthe above equations

r 1l rl
C28 f—l 11 11 (60)

The specified live load to dead load ratia /@) equationcan be rearranged as:

. r rJ
c2n — ] ] 1 J (61)

where, [ 1 1

2. Assune aninitial design point (¥), which is usually thenean valus are considered in
most casednitial design values for dead load and live loaglgmd %) assumed and the
resistance (¥ is determined by equating the limit state function to zEoo.lognormal
variables equivalent normal parameters are then determirieltbass:

t 8 AB &O (624)
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where,3 andz denotes the mass probability density function (PDF) and the cumulative
distribution function (CDF) for normal distribution, respectively.

3. The reduced variableorrespondingo the design point xis found as:

g t

g 63
u %) ©3)
4. Partial derivatives othe limit state function is found at the design poamd vector G is

defined as:

, where,' — at design point —2 A @ at design pointThe values

of b anda will then be determined as:

N b

r —— (64)

Y]

where U U

U

5. The new design point is determined in the reduced varialitdlaws:

U 1 (66)
g i UK (67)

The new design point for resistance)(is determined by insertingenew design values for

loads (¢ and x) into the g function. With newesign points, steps from 1 to 5 are followed

again iteratively The process is repeated unpténd the design point converges. In this study,

the excel sheet was used to get the FOSM solwu
and resistanceatt i st i cs. |l terations for FORM is done
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Monte Carlo simulation Method

For more complicated limit state functions, the application of the general statistical method for
the calculation of the reliability index is either extremelyidifft or impossible. Under this
circumstance, Monte Carlo simulation provides the only feasible way to determine the reliability
index or the probability of failure.

The Monte Carlo method is a technique by which a random number generator is used to
extrgpolate cumulative density function (CDF) values for each random variable. Extrapolation of
CDF makes estimating possible; otherwise, a limited quantity of data has restricted the reliable
estimate of . Once reliability indexg , is estimated, the probitity of failure can be estimated

by assuming the distribution of g(x). The steps of Monte Carlo simulation method are as follows:

1. Select atrial resistance factd).(Generate random numbers for each set of variables. Here
there are three variables (i®since dead loado live load andbias factor), so three sets
of random variables have to be generated independently for each case. The number of
simulation points required is found usiting followingrelation:

p O

620 (68)

where,0 is the lowest magnitude of probability that is to be determined using Monte
Carlo simulation, an@ is the desired coefficient of variation of the simulation result.

For estimating probability as low g@stt and keeping variance under%0the number
of points to be generated in Mor@arlo simulation is 9900.

For each lognormal variable, sample valuis estimated as:
g Aop UA (69)

where A 1 16 p andf [ P A

In the above expressiorjs, and 4 are the arithmetic mean and variance df x; and

A are equivalent lognormal mean and standard deviation of In(x)} amd
NORMSINV(RAND), the random standard normal variable generated using EXCEL
function.

2. Define the limit state functioequatior48).
1 11 11 (70)
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From equation$49) and(70):

. rl rl
c2n Tl 11 11 (71

where equation(71) can be rearranged to:

. r rf
c2n T ] | 1 { (72

where [ 1 1

3. Find the number of cases whé&l& 1t The probability of failure is then defined as:

o =T (73)

andthereliabilityi ndex b i s esti mated as:

r 8 0 (74)

4. If the calculated reliability index { is different from the selected target reliability index
(r ), the trial resistance factor)(in step 1 should be changed and iteration needs to be

done until | -1 1| <tolerancg0.01 in this study)
Results ofLRFD Calibration and Efficiency of Pile-CPT Methods

Ranking of differenpile-CPT methods can be determined by calculathegefficiency ofeach
method and compare theifhe prediatd capacity from an individugile-CPTmethod 2 , is
used to find the design capacity of the pile, as:

2 n2 (75)
However, the bias factor is:

] 2 76
- (79)

where,2 is the measured capacity (using a criteria such as Davisson). Combining the
equations:

2 "2 (77)
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The term nj 1 identifies the percentage of the measured Davisson capacity that is available
for design. Therefore, this term represents the efficiency qfil&€PT method. The higher the
value of nj1 , the better the methasl

It should be noticed that for calculatihg for each pile the proportion of measured to predicted
resistance} should be calculated and the average of these values should be considered as the
resistance bias factdr,. Th e t ar g e trof 2.&lwasaddectédifor driven fdiles, similar

to previous studie®(g.,[95]).

Thehistogram and lognormal distribution of.@; for selectegile-CPT methods are presented
in Figure28. Theresulting resistance factors) (using the different reliability methods are
presented iTable9. Therankingof all pile-CPT methodsased orthe mean of bias and
efficiencywere also judged and presented able9. The closer the mean of bids) o one and
the higher efficiency leads to better ranking.

ComparingTable9 with previous criteriaTable4 for multiple criteria and’able8 for MDU

analysis)|jt is clear that the efficiency criteria based on LRFD is almost consistent with the
previous criteria and LCPC, ERTC3, Probabilistic, BRilipponnat De Ruiter, CPT2000,

UWA, Schmertmann, German, and Eurocode7 are among the methods with highest rankings.
The main difference between these rankings is seen for Zhou, Togliani, and Penpile methods.
Based on the previous criteria, these metheel® considered as the lowede-CPT methods.

Zhou and Togliani methods overpredict the pile capacity with mean valugsjfar as 1.68

and 1.83, respectively. This overprediction caused that the ability of these methods for estimating
the pile capacityvas considered weak. However, the standard deviations of these methods are
low which compensasghe weakness of these methods in overprediction aspect. In fact, LRFD
criteria shows that Zhou and Togliani methods have low resistancesfat@38 and @5, and
efficiency values3j1 of 0.60 and 0.59, respectively. The high values of efficiency for these
methods suggest that they have to be modified to be considered for predicting the pile capacity.
On the other hand, Penpile method is a method that predigcts the pile capacity with mean

value of 0.59 andherefore, in previous criteria was considered aethod with low ranking.

Using LRFD criterion, the resistance factgrfor this method obtained 1.00 gniderefore a

high value of efficiency vales,3j1 as 0.54.

LRFD analysis suggest that using Zhou and Togliani method with low resistance factor of 0.35
and Penpile method with high resistance factor of 1.0 lead into acceptable predictions for the
resistance for pile design. However, as seeth®iother methods, the usual value for resistance
factor,3 is in the range of 0:8.6. A very simple solution for making these methods consistent
with the others is to modify them by multiplying a coefficient (equalj tb ) to their equations
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Figure 28. Histogram and lognormal distribution of |k [k_for selectedpile-CPT methods
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Table 9. Efficiency of Pile-CPT methods based on LRFDreliability criterion

Pllgg&pozmty MgRan, cov i F(;SM L]Efﬁf?e“ﬁ FOfRM féﬂa?{ge f/w  Finalrank
LCPC 1.04 031 0.32 0.54 0.59 0.60 0.60 0.57 5
ERTC3 1.02 031 0.32 0.53 0.58 0.59 0.59 0.57 6
Probabilistic 1.08 0.34 0.37 0.52 0.57 0.58 0.57 0.53 7
UF 1.05 0.27 0.29 0.58 0.65 0.65 0.65 0.62 1
Philipponnat 1.09 0.30 0.33 0.57 0.64 0.64 0.64 0.59 3
De Ruiter 1.16 0.29 0.34 0.62 0.69 0.69 0.69 0.59 2
CPT2000 1.00 0.34 0.34 0.48 0.53 0.53 0.53 0.53 11
UWA 0.93 0.30 0.28 0.49 0.54 0.54 0.54 0.58 7
Schmertmann 092 034 0.31 0.44 0.48 0.49 0.48 0.53 14
German 1.14 0.37 043 0.51 0.56 0.56 0.56 0.49 12
Eurocode7 099 0.35 0.35 0.47 0.51 0.52 0.51 0.52 13
Price and Wardle  1.37 0.43 0.59 0.55 0.59 0.59 0.59 0.43 14
Static 091 042 0.38 0.38 0.41 0.41 0.41 0.45 19
NGIO5 0.94 0.38 0.36 0.42 0.45 0.45 0.45 0.48 17
Tumay Fakhroo 0.81 0.30 0.25 0.42 0.47 0.47 0.47 0.58 10
Fugro 0.87 0.38 0.33 0.39 0.42 0.43 0.42 0.49 17
Purdue 094 0.38 0.35 0.42 0.46 0.46 0.46 0.49 16
Aoki 1.56 0.37 0.58 0.70 0.76 0.77 0.76 0.49 9
ICP 0.89 042 0.38 0.36 0.39 0.39 0.39 0.44 20
Penpile 1.86 0.33 0.62 0.91 1.00 1.00 1.00 0.54 4
Zhou 0.64 0.29 0.19 0.34 0.38 0.38 0.38 0.60 21
Togliani 059 0.30 0.18 0.31 0.35 0.35 0.35 0.59 22
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ClustePi-DB™Met hods

Based on multiplstatisticscriteria, MDU analysis, and efficiency based on LRiebability
analysis, the followingile-CPT methods Bowed acceptable performance in evaluating the
ultimate capacity of drivepiles in Louisianaoil: LCPC, ERTC3, Probabilistic, UF,
Philipponnat, De Ruiter, CPT2000, UWandSchrertmann

Table10 showsthe ranking of these methods based on each evaluation criterion:

Table 10. Ranking of top nine pile-CPT methods

Pile capacity Mu_ltip_le MDU_ relfiggill:i)ty
method criteria analyss X
analysis
LCPC 1 5 9
ERTC3 1 7 8
Probabilistic 3 1 11
UF 3 2 1
Philipponnat 5 2 5
De Ruiter 6 5 3
CPT2000 7 8 13
UWA 7 10 6
Schmertmann 9 12 12

Theseselectegpile-CPTmethods calve showrin a twedimensional configuration in Figure 29
(using MDU analysis adescribed in previous sections).

Displaying the ranking data in tadimensional configuration enables us to identify if there is
any similarity between thgile-CPT methods. In other words, if@le-CPT method is close to a
particular pile in
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Figure29, it means that the prediction of thake-CPT method is clos to the measured capacity

of that particular pile. When two or thrpge-CPT methods are close to each other, it means that
thosepile-CPTmethods have similar predictions for the piles. For piles that are close to those
pile-CPTmethods, the predictiongere accurate and for piles far from them, the predictions
were different from measured capacities.

This @ncept shows us that we can use FigurR4@ividing pile-CPT methods into different
groups. For this purpose;ideans algorithm used in unsupeedsnachine learning was used.
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Figure 29. MDU results for nine pile-CPT methods (Metric MDS)
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K-means Clustering: Concept

1.2

Pile-CPT Methods

Philipponnat (1980)

UF (Bloomquist et al. 2007)

UWA (Lehane et al. 2005; 2013)
CPT-2000 (Lehane 2000}

Probabilistic (Abu-Farsakh and Titi 2007)
LCPC (Bustamante and Gianeselli 1982)
Shmertmann (1978)

De Ruiter and Beringen (197%)

ERTC3 (1997)

L =T - I I = Y =

TheK-means algorithm is a method for automatically clustesimilar data to each other. The
idea is to start by guessing the initial centroids for each cluster, assigning data points to the
closest centroids, feomputing the centroids based on these assignments, reassigning data
points, and doing iterations totgee final groups.

TheK-means algorithm can be explained through an example: If we want to thes@6rpiles

shown in
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Figure29into three groups (K=3). The following algorithm is used:

1.
2.

Initially, three centroids as(@.5,-0.5), (0, 0), and (0.5, 0.5) was chosen.

Closest points to the centroids are determined, aiditldex from 1 to 3 is determined
as shown irFigure30.

Based on the average of points in each index, the new location of centroids was
determinedas shown irFigure31

4. Aloop from 2 to 4, until reachinp the minimum for the cost function.

A R RBR - @

| (78)

Figure 30. First iteration of K -means algorithm
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Figure 31. Second iteration of Kmeans algorithm
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where, m is the number of data points (X), K is number of cludierss the index of cluster
(1, é, K) & assignedcangd is the coordinate of the centroid which example
is assigned to it.

The purpose of Kneans algorithm is to find ¢hoptimization of cost functiofalso known as
distortion) using egation(79), and the results of clustering are preseiridegure32:

~~

A FBRA R R 79

FTE&
j X8

Figure 32. Clustering piles into threegroups after 10 iteration of K-means algorithm
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5. It should be n@dhere that the minimum codepend ontheinitial configuration of
centroids. For different initial coordinates of centroids, the cost function was caliculate
and the minimum value of all different cost functions was chosen as the finial clustering
of the piles(seeFigure33).
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Figure 33. Effect of initial configuration on the final clustering
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TheK-means clustering was used for clusteti@PC, ERTCS3, Probabilistic, UF, Philipponnat,

De Ruiter, CPT2000UWA, andSchmertmanpile-CPT methods, as shown Figure 29 The

number of clusters (K) was chosen tode

The optimization objective was set to be:
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The final results for the different number of clusters are showingure34.

Figure 34. Clustering pile-CPT methods into three groups (J=0.36963)
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Pile-CPT Methods

Philipponnat {1980

UF (Bloomquist et al. 2007)

UWA (Lehane et al. 2005; 2013)
CPT-2000 (Lehane 2000)

Probabilistic {Abu-Farsakh and Titi 2007)
LCPC (Bustamante and Gianeselli 1982}
Shmertmann (1978)

De Ruiter and Beringen (1979)

ERTC3 (1997)
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Based on Kmeans analysis as shownFigure34, the followingclustering ofpile-CPT methods

were obtaine@s follows

Cluster 1: Philipponnat, UF, Probabilistic, LCPC,

Cluster 2: Schmertmann and ERTC3

Cluster 3;: CPT2000 and UWA

and De Ruiter

If geotechnical engineeeseinterested to get a better range of estimating the ultimate pile

capacity by selecting thregfferentpile-CPT methods, it is recommended to select one method

from eachclustergroup.

Devel op @a

it Theetdhs o d

The evaluation of performance pfe-CPT methods showed thatne methods have the most
performance ipredictions thailtimate axial capacity of the pileslowever, due to similarity
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betweerPhilipponnatand UF, and betweegdPT2000 and UWAonly UF andCPT2000will be
considered in develamy the combinedpile-CPT methodsAccordingly, the following seven

pile-CPT methods will be considered hef@&chmertmann, De Ruiter and Beringen, Bustamante
and Gianeselli (LCPC), ERTC3 (European Regional Technical Committe\3)y,

probabilistic and UFmethodsIn this section, the piles are categorized based on the percentage
of pile capacity obtained in sand layers and thenognal distribution nature of the ratio of

0 jO is used to find a relationship for pile capacity based on the values of pile capacity
obtained by different methods in different categories. This new method uses the combination of
pile-CPTmethods to overcome tlwencernof overprediction and high varidiby in sandy layers

and helps engineers to have a tool for estimating the pileitapaa more acceptable range

Log-normal Distribution of Pile-CPT methods

The ratio ofd j O for the investigated piles has a reymmetrical distribution around the
mean value. The legormal distribution of thé j 0 ratio can beused for measuring the range
distribution of pile capacity foritferent pile design method3he following density function
defines the loghormal distribution:

I 1o
L‘AQDE re 82)

N  —
ne*, w C "

where® 0 j0 ;and® and, arethe mean and standard deviatioh @ jO

respectivelyFigure35 showsthe histogram and legormal probability distribution ahe seven
pile-CPTmethodsin addition to the static analysis method

Evaluation of Pile-CPT Methods based onPile Category

In previous sectiog) it was shown thahe pileCPTmethods are able to estimate the capacity of
the piles in a reasonable range. ComparingtleeCPT methods to static method showed that
using CPT data for estimating the pile capacity is an efficientiealand more accurate
predictionsthatenable engineers to have a better estimation for choosing the pile length and
width. It was shown by researchers that ability of s&t@lysismethod for predicting the pile
capacity for piles driven in sandy sodlecreases considerald¥jost of the time, statianalysis
method overpredistthe pile capacity of such piles. Based on the soil borings, the atatiysis
method uses the Nordlund method for estimating the tip and side capacity for sandy soil layers
an d-méthod for clayey soil layertn this studythe authors attempt to evaluate the

performance opile-CPT methodsased on contributions eand and clajayers to the ultimate
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pile capacityThe percentageontributionof pile capacity in sandy laysito the totatltimate
capacityof the entire pilesvas calculatednd categorized into fogroups.Tablel1l summarizes
the sand contribution for the pile load tests codldan our database
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Figure 35. Histogram and log-normal distribution of |- |k for the different pile-CPT methods
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Table 11. Categories of the piles based on the percentageaatribution of sand layers to total ultimate
capacity

Sand contribution to the pile  Number of

Category capacity (%) piles
1 0-25 43
2 2550 9
3 50-75 17
4 75-100 11
All 0-100 80

The performance on eaplile-CPTmethod is studied separately in each of five categories of

piles based on sand contributisimown inTable11. Thefirst category included piles that had

less tharR5% of their capacity from the sand layers, while sand layers in the fifth category of
piles contribute to more than %&of the pile capaty. For static angile-CPT methods
arithmetic mean, € and standard deviati on,
the values of mean and standard deviation & j 0  were calculated, which were used to
identify the lognormaldistribution of the density function in equati(82). Based on this
distribution, 20% accuracy level was calculated that represents the probability of estimating pile
capacity in the range of @8 to 1.2) . Moreover, the values of) j 0 and

0j0 based on 95% confidential interval were determined. Assuming a normal

distribution forl 10 j 0 , it can be discussed that with 95% confidence the values of

1 10 j0 are located within pB ¢ .Hence, 0 jO and 0 j 0 are

defined as:
0j0 A@D pdog (83
0j0 A@D piog (84)

Figure36 presens therangevalues for our database categorized based on the contribution of sand

layer to total pile capacity.
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Figure 36. Evaluation of static and pile CPT methods in different pile categories offable 11
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Figure36 wasdetermineby cal cul ating arithmeti,foreachan, ¢

category, separatelior category 1, which is related to piles in soils where the contribution of
sand layer to the total pile capacity was less than 25% (piles in clayey soils), De Ruiter, LCPC,
probabilistic, and UF methods underpredicted, while Schmertmann, ERTC3, U\WAtadic

methods overpredicted the pile capacity. Schmertmann method witp® vand, 1@ tand

UWA method with" p® @@nd, 1@ mesulted in less accurate estimations for the measured
pile capacity than other methods for this category. For categaryetethe contribution of sand

layers to the total pile capacity was more than 75%, all methods overpredicted the measured pile
capacity and standard deviatiopn, was considerably higher than other categories. In this
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category, the arithmetic mean e Ruiter method was the closest to one, which indicates more
accuracy for this method for piles in category 4 than the other methods. The standard deviation
for probabilistic method was less than the othethod in this category, indicating more

precison for probabilistic method than tloghermethod.

The values of mean and standard deviation @ j 0 categorized based on the contribution
of sand layer to total pile capacity @afined inTable11) were calculated to obtain lagprmal
distribution, which was used to calculate the 20% accuracy legbloa# inFigure36. For
category 1, which was related to piles in soils where the contribution of sand layer to the total
pile capacity was less th@&a%, theprobability of estimating the pile capacity using UF method
within @0 top&0 was 62.48%, showing that UF method is the best method for piles in
category 1. On the other hand, as showrigure36, for piles in category, the &curacy level
decreased considerably and the highest probability for estimating the pile capacitymibhin
top&0 in categoryd was 40.21% obtained by De Ruiter method.

Figure36 showsthe values of 0 j 0 and 0 jO .Valuefor 0 j U more
than 0.5 and values fob j O less than 2 show that within 95% accuracy, the estimated

pile capaciy is more than half and lower than twice the measured pile capacity. For piles in
category 1, UWASchmertmanpstatic,UF, and ERTC3 methods had the closest values of

0jo0 to 1, in order. On the other hand, the order of methods that had thstclakies
of 0 j0 to 1 was UF, De Ruiter, LCPC, and probabilistic. For piles in catefjdng
order of the methods based an j 0 was LCPC, UF, Schmertmann, static, and UWA;
while based on0 j 0 De Ruiter, probabilistic, URand ERTC3 methods showed the best

performance in sequence.

Figure37 presents theolg-normal distributions of the sev@ile-CPT methods in addition to
static method based on each category and the static analysis method.
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As shown inFigure37, the lognormal distribution for each method is different in each category.
It can be observed that static guleé-CPT methods overpredict the pile capacity in cases where
the sand soil contriltion in pile capacity is high. Also, increasing the sand contribution to the
pile capacity causes more variability in the estimations of statipiEr@PT methods. In the

next section, the properties of fogrmal distribution will be discussed. Thoseerties will be

used to combinpile-CPTmethods and get a better estimation for the pile capacity based on the

pile categories shown ifiable11.

Analytical calculations for log-normal distributions

It was shown that the value dd j 0  can be regarded as a{ngrmal distribution. Therefore,
thevalueof 10 jO is a normal distribution of h, ,where’ and, are mean and
standard deviation of the variableds natur al
variable, with 95% certainty, the values are locateéd in p&o ¢ , which gives us the values

of 0 j0 - Q 8 . Also, it was shown that legormal distribution of each

method is different for each piategory. As shown iRigure36 andFigure37, by increasing
the sand contribution, the accuracy of the methods decreases considerably.

Characteristics of logormal distributions can be used for shifting the mean value to zero,
decreasing the standard deviation, and combining thedagal distributions.

For a normal distribution df 10 jO ,* can be shifted to zero by addig * toiit,
which causes the value 8fj 0 to be changed t& 0 jO . This changesi shown irFigure
38(a) and (b) whereéhe mean oprobability function number 1 has changed to zero in
probability function number 2. In other wordspifj 0 is a lognormal distribution witH

and, as its mean and standard deviation, 0 jO  will be a lognormal distribution wit
Ttas its mean and no change in standard deviation.

Mul tiplying a normal distributi onolgdthe causes
standard deviation fromtol,, . For normal distribution of 10 j O Y, where the mean
valueiszeroomuli pl yi ng by @& changetsl, t whdethemeanvhlaes d dev
remains zero. In other words, stsown inFigure38(c) and (d)} 1 10 j 0 y

1100 is a normal distribution with mean and standard deviation equal to zero and
1, , respectively. Values dfless than 1 cause the resultant rardistribution to have lower
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standard deviatiorzigure38 (c) shows that probabilitijunction number 3which is

Y00 is a lognormal distribution with  TTand standard deviation decreasetl,to.

Linear combination of normal distributions, with means and standard deviations equal tand
» 1S anormal distribution, L, which has the following charactiess

0 R1A) (89

: » O , 0, (86)

As shown inFigure38 (f) combining two normal distributions &f i®d andi 1 with mean
values equal to zero and standard deviationys ahd, , results in a normal distribution with

‘  mand, ,  S.Therefore] 1d 1 1® 1 10 G is anormabistribution
with mean and standard deviation equal to zero and 8, respectively. In other words,
@ ® is a lognormal distribution as shown by probability function number Bigure38 (e).

The summary of resultant changes in-taymal and normal distribution, due to addig

*, multiplying bysa; and linear combination of legormaldistributions is depicted iRigure
38.
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Figure 38. Changes in lognormal and normal distribution by shifting the mean value to zero, decreasing the
standard deviation, and combining the lognormal distributions
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These properties will be used to shift the-taymal distributions t6 11, decrease their
standard deviations by multiplying By p, and finally adding them together somehow that the
resultant standard deviation will be obtained.

Combined Pile-CPT Methods

Generally, by increasing the sand contribution in pile capabigypile-CPT methods tentb
overpredict the pile capacitin addition,the standard deviation 6f j 0 for each method for
piles in sandy soils is more than the other piles. It was showgume37 that for each category
of piles presented ifiable11, thelog-normal distribution of 0 j 0  for eachpile-CPT
method is different.

In previous section, ivas shown that properties of lagrmal distribution can be used to
produce a loghormal distribution with desired properties. In this sectionyiognal properties
are used for combining predictionspie-CPT methods of ultimate capacity of piles ircha
category ofTable11. In this section, combining predictionsmlie-CPT methods for a pile in
categoryd of Tablellis explained. The same procedure can be done for piles in other
categories.

As shown inFigure36, the proportion of pile capacity predicted by Schmertmanme Ruiter

0 , LCPCO , ERTC30 , UWA D , probabilistic) , and UFD methods to the measured
capacityd in category4 (piles with 75% to 100% capacity due to sand layers) yields normal
distributionsfodl 10 jo ,1 10 j0 , é, ldhjd withmeans' equalto @7, 017,
0.41, 0.2, 0.34, 0.5, and 0.3, respectively. The correspondis@ndard deviationg, equalto
0.3, 034, 0.34, 037, 0.34, 0.31, and 0.3, respectively. Ashown inFigure38, addingQ and
multiplying byl , makes the distributions bfT'Q 8 0 j0 ,

11TQ 8 0j0 , 6, ldi@d® 00 normal distributions with means equal
to zero and standard deviations equal t0.30341 , é , aln drespectigely.

The linear combination of these normal distributions is:

17TQ 28 0jb I

—
CINe)
o
ch —
cA
o
cn
R
(@]
o
cA
| S— mn
cA
—
@)
C »
cR
cn

(87)
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The sandard deviation for the above normal distribution is:

, ™ P ™ 1 E m™p 8 (88)

Having the value of0 j 0 . Q 8

equal to 0.5 and 2, respectively, means that
0 isinthe range off@0 RO  with 95% confidence. This means that the valug afhould

be equal toI € T L.T

P& @

Equation(88) hassevenunknown variable$ tol . For obtaining these values additional
conditions have to be consider&ar increasing the effect of normal distributions with less
variance, the values of have been regarded as:

1 o P (89)

~ ~
g g

- - Q Q 5 K
which results in T[8f(p’1 T & 13”8T[8; o

Solvingequation(88) for these values led to finding the value$ ofol equal to 0.350, 08®,
0.391, 0.29, 0.379, 0476, and 0474, respectively.

Substituting the values &f in equation(87), theycan be usetb obtainthe value of pile
capacity,0 :

Q 0j0 Q 0j0 8 Q 0j0 P (90)

Finally, the general equation for obtaining the value of pile capacityis given as

0 60 0 8 0 (91)
where6 A @B ‘1jBl andd 181

The values of B and for piles in category were obtained as 41, 0.126, 0.140, 0.140, 0.118,
0.136, 0.171, and 0.%0.
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Knowing the value oBO  p made it possible to normalizepation(91) as shown in
following equation:

(92

where 0 s the average value of pile capacity from different methods.

Using thementioned procedure, the values for B andavere obtained for all the categories in
Tablel11, where i=1 to 7 is related to Schmertmann, De Ruiter, LERT,C3, UWA,
probabilistic, and UF methods, respectiv@liese values are shownTiable12.

Table 12. Combined pile-CPT method parameters

Category B A A As Ay As As Az
1 1.019 0.122 0.134 0.152 0.118 0.163 0.121 0.190
2 1.042 0.134 0.124 0.106 0.117 0.165 0.072 0.282
3 1.033 0.119 0.155 0.128 0.173 0.141 0.152 0.131
4 0.741 0.126 0.140 0.140 0.118 0.136 0.171 0.170
All 0.978 0.135 0.146 0.124 0.143 0.159 0.136 0.158

The proposed combingile-CPT method can be illustrated as follows:

1. Use thepile-CPTmethods: Schmertmann, De Ruiter, LCPC, ERTC3, UWA, probabilistic,
and UF to obtain pile capacities@as 0 , é , 0a, nedpectively.

2. Determine the percentage of pile capacity in sand layers and categorize the pile based on this
value inTable11

3. Find the valus of B, A, A2, é , a gomktams iMable12 based on the pile category. The
category of AAlIl 6 is wused, in case of unknow

4. Use egation(92) to evaluate the ultimate pile capaciby,
Application of Combined Pile-CPT Method for Louisiana Pile Database

The procedure mentioned time previous section was used to obtain the results of pile capacity
for the piles inthe Louisiana database usitige combinedpile-CPT method Figure39 shows the
results of pile predictions obtained by this method and the comparison with the measured values.
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Figure 39. (a) Estimated versusmeasured pile capacity (b) istogram and lognormal distribution of
| |5 for combined pile-CPT method after categorizing piles based on sand contribution
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As shown inFigure39 (a), the slope of the beft line for the combined method is 1.01.

Moreover, the coefficient of determinatior? f&r combined method is 0.86, which is higher than
static andpile-CPT methals. The values dfi» andlin are-0.01 and 0.27, which are used to

obtain the lognormal distribution for the combined method as showkigure39 (b). The 20%
accuracy level obtained from lagprmal distribution is 588%, which shows significant

increase compared to accuracy levels of other methods. The above results indicate the accuracy

and precision of the obtained pile capacities increasesrpiningpile-CPT methods.

Forthe case of using combined method without categorizing the piles, the obtained results are as

shownin Figure40.

Based orthe resultshown inFigure40, asimilar increase in accuracy and precision of
predictions by combiningile-CPT methods is obtained. However, the results show that
categorizing pile before combining them leads to morewaiacy inpile prediction. The slope of
the besfit line in Figure40 (a) is 1.03 with coefficient of determination equal to 0.8. The values
of e andlin equal to 0.0 and 0.29eseobtained, which are used for showing the-tmgmal

distribution inFigure40 (b), whichhas the 20% accuracy level of.94%.
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Figure 40. (a) Estimated vs. measured pile capacity (b) istogram and log-normal distribution of |k |k
for combined pile-CPT method without categorizing piles
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Ranking of differenpile-CPT methods can be determined from determining the efficiency of

thembased on reliability analysis from LREFDhe results are presentedTable 13

Based on the results of efficiency of the methadBable 13 combiningthe ple-CPT methods

with or without categorizingiles based on sand contribution shows improvement in predictions

for pile capacity. The main advantage of categorizing piles and then cagnbieimbased on
the factors in Table 12an be seen iRigure41, where lognormal distributions for piles in

different categories of pile§éblel1l) is shown, separately
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Table 13. Evaluating the performance of different pile-CPT methods based on LRFDreliability analysis

Pile capacity method b i ags Ccov « «
Schmertmann 0.92 0.31 0.34 0.48 0.53
De Ruiter 1.16 0.34 0.29 0.69 0.59
LCPC 1.04 0.32 0.31 0.60 0.57
ERTC3 1.02 0.32 0.31 0.59 0.57
UWA 0.93 0.28 0.30 0.54 0.58
Probabilistic 1.08 0.37 0.34 0.57 0.53
UF 1.05 0.29 0.27 0.65 0.62

Combined method
(with categorizing piles)
Combined method
(without categorizing 1.05 0.31 0.29 0.62 0.60
piles)

1.05 0.28 0.27 0.65 0.62

Figure 41. Log-normal distribution of |- |k, for the combined pile-CPT method (a) with categorizing piles
(b) without categorizing piles based on sand contribution to the pile capacity as shownTable 11
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40 | 40 F
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= =
2 2
g 20 g 20
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Figure41 shows that combineglle-CPT method is a useful technique for increasing the
accuracy of estimations for ultimate axial capacity of the pilstng the combinepile-CPT
methodwith categorizing pileshows significant improvement, especially in estimation for piles
in sandy soilsComparingFigure41l (a) and (b) shows thdbr piles that have less than 75% of
their capacity from sand layers, no need for categorizing piles is needed.
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Studying the combinepile-CPT method for different pile databases is recommended for
evaluating its perfamance in an unbiased manner. The same procedure described in this paper
can be used for combining differgnte-CPTmethods. Therefore, interested researchers can add
morepile-CPTmethods to the methods used in this study and obtain reliable valudtsnate

axial capacity of piles.

DeveMaogphi ne Pe&£BMordge !l s

As stated arlier, the Artificial Neural Network (ANN) anthree treebased ML techniquesHe
decision tree (DT), random forest (RBhd gradient boosted tree (GBWére used to develop
ML models to estimate the ultimate pile capacity from CPT ddtaML input parameters
include two pile parametersilgp embedment depth,e, and pile widthB), 10 CPT dat#or the
five equal segmentsongpile shaft ¢, avg 1t0 O, avg 5 @andfs, avg 110 fs avg 9, and 2 CPT datéor
the influence zone around pile fi-tip, 48 below@Nd(Qft-tip, 4B aboveOr Q-tip, 88 abovd], @S Shown in
Figurel2 The results and analyses of these ML models will be presented in the following

sections

ANN Models

NumerousANN modek were tried usinglifferent numbers of hidden layedifferent numbers

of nodes per hidden layeand different inpuparameters (s€kablel for different model typés

to determine the éstperformed ANN model(s)Theresultedbestperformed ANN models in

terms ofestimatingthe measured ultimate pile capacityresting trainig, andvalidation)are

summarizedn Tablel14. Asdiscusseearlier, the performanad# ANN modelswas evaluated

based on thllowing criteria: coefficient of correlation, coefficient of determination, Rroot

mean squared error, RMSE, mean biasTheANNt or, @&
modelsin Table14 are designateldased on thenetworkstructure For example, the first and

last numbefor model9-4-1-1 representite number of nodes in the ind@tparametedsand

output(1 parameter), respectivelyhe intermediate numberspresentwo hidden layers witd

and 1 nodes, respectively.

Table14 presentghe top three begierformedANN modelsobtainedfor eachinputtypein
Tablel from hundreds ofrial ANN models.The resultshow that th&'ype 4 ANN model 97-

0 1189



7-1, which usedsto simulae the side capacityandaninfluence zonef 4B below to 8B above
pile toefor end bearing capacitgan be considereabthe besANN model inestimatingthe
measured ultimatgile capacity based on validation phadewever, based odpbothtesting and
validation phasesheType 5 ANN model 18-3-1, which considerboth q and £ to simulate
theside capacitynd annfluence zonef 4B below to 4B above pile toe for end bearing
capacity,outstands all thANN models with the most stabledbestperformed model in
estimatingthe ultimate pile capacityrthe comparison between the predicted and measured
ultimate pile capacity for trainingesting and validation phases for ANN Type 4 modé&l-9-1
and ANN Type 5 model 19-3-1 are presented Figure42a andFigure42b, respectivelyln
general the resultsn Table14 show thatsing the combinatioaf ¢, avg andfs, avg to evaluate

the pileds side capacity.yields better ANN

Figure 42. Predicted versus measured ultimate pile capacity for training, testing and validation phases: (a)
ANN Type 4 model 97-7-1, and (b) ANN Type 5 model 18-3-1
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Table 14. Bestperformed ANN models

ANN type | ANN model Phase r R? RMSE Mean 4 cov
Training 0.99 097 2845 1.00 0.18

9-7-1 Teszting 0.98 0.90 52.09 0.94 0.20

validation 098 0.93 23.39 0.93 0.17

Training 097 0.93 44.13 0.99 0.27

Type 1 9-6-1-1 Testing 0.89 0.75 48.34 1.10 0.28
validation 096 0.92 20.85 0.93 0.23

Training 089 0.99 10.24 0.99 0.08

9-94-1 Testing 093 0.84 37.12 111 0.19

validation 096 0.93 33.06 111 026

Training 097 0.93 44.40 1.00 026

9-4-1-1 Testing 0.90 0.78 41.82 1.11 0.27

validation 093 0.87 37.06 0.91 027

Training 098 0.97 2742 1.00 0.18

Type 2 9.7-5-1 Testing 0.95 0.80 3546 1.14 0.23
validation 097 0.91 20.40 0.97 0.20

Training 098 0.97 29.26 1.02 0.20

9-8-1-1 Testing 0.96 091 43 66 1.17 0.15

validation 0.98 095 33.54 0.90 023

Training 0.99 0.99 11.65 1.00 0.08

9-7-7-1 Testing 094 0.68 33.23 1.08 0.192

validation 089 0.98 26.78 0.99 0.12

Training 099 0.99 13.44 0.99 0.10

Type 3 9-7-3-1 Testing 099 0.98 28.80 0.98 0.17
validation 098 0.9§ 32.62 0.95 0.18

Training 089 0.99 8.78 1.00 0.07

9-90.1 Testing 091 0.81 3134 1.12 0.23

validation 098 0.95 37.66 1.01 022

Training 099 0.99 11.83 1.00 0.08

9-7-7-1 Testing 0.96 0.82 23.79 0.93 0.11

validation 089 0.98 22.49 0.99 0.15

Training 089 0.99 18.05 0.99 0.13

Type 4 9-6-3-1 Testing 0.93 0.79 53.28 1.03 0.23
validation 0487 0.95 37.31 0.95 0.1%

Training 0.99 099 13.43 1.00 0.08

9.17-1 Testing 0.93 0.77 4339 1.20 0.23

validation 099 0.98 3348 1.08 0.17

Training 089 0.99 10.18 1.00 0.08

14-9-3-1 Testing 098 0.94 14.78 0.9 0.08

validation 089 0.97 24.90 0.96 0.14

Training 099 0.98 22.98 0.99 012

Type 3 14-7-1 Testing 0.90 0.82 30.28 1.10 0.12
validation 098 0.93 38.08 0.93 020

Training 099 0.99 744 1.00 0.06

14-10-8-1 Testing 096 0.83 20.79 0.97 0.12

validation 097 0.93 33.58 0.99 0.23

Training 099 0.99 7.17 1.00 0.07

14-94-1 Testing 087 0.94 30.27 0.9 0.23

validation 089 0.98 20.65 0.97 0.14

Training 089 0.99 757 0.99 0.07

Type & 14-20-1 Testing 0.8o 0.98 36.07 1.01 0.15
validation 098 0.95 24.31 0.93 0.1

Training 089 0.99 9.30 0.99 0.08

14251 Testing 0.84 0.67 49.16 118 027

validation 0.98 097 039 1.03 022
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Sensitivity Analyses of Input Parameters in ANN Models

Sensitivily analysesvere conductetb investigate the effecf input parameters fahe ANN
Type 5 model 14-3-1 on the output ultimatgile capacity Garson evaluated the relative

importance of each parameter for a rigyered ANN model as folloyi00]:

B [

B
Relativeimportance of a certain variable= (93
B B
B
where 0 = weighted connection between tHeand J"nodes, 0 = weighted connection

between the'] node and the output layér, = number of hidden nodes, = number of

variables. It isvell knownthat both the pile embedment lengtls, &nd pile width, B, are

directly affecting the pile capacity. Therefotlee sensitivity analyses hewill be focused on the
relative importane d CPT input parametes. The results of sensitivity analysis are presented in
Table15, which shows that, apart from &nd B, the average corrected cone tip resistance below
pile toe, @tip, 48 below has thehighest value of relative importance among@#Er input

parametes. Meanwhile the average sleevadtion along pile shaft,sfavg, has higher importance
than qavg However, theesults of sensitivity analysis (i.e., percent of relative importance)
demonstrated thahe fourCPTinput parameterareimportant in estimating the ultimate pile

capacity using the ANMiodels

Table 15. Relative importance of ANNinput parameters

ANN Input Variables The relative importance of input variables (%0)
Embedment length of pile_ L. 14 8

Width of pile, B 141

Qt-tip, 4B above 190

Qt-tip, 45 below 22,

Qt-av= along the pile shaft 129

f:ave along the pile shafi 16.4

Tree-based ML Models

Numerous tredased ML models using DT, R&nd GBTtechniquesverefirst tried usingthe
randomly80%trainingsubset datand differentarchitecture to determine the begterformed

modelsfor estimating the measured ultimate pile capdtdayn CPT dataAfter locating the
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optimal models by random search, a final evaluatigeiformedusingthe 2®@6 subsetesing
datato ensure that these models can be robustly generalizedmplies thathe ML models
must not overfit the training data and have minimal bias and vari&peeifically the optimal
ML modelsshouldhavelow error rates on both the training and testing dette. entire random
seach process is repeated usthifferent search spasanddifferent architecturgto locate the
mostoptimalML modek thatsatisf the evaluation criteria.The coefficient of detrmination
(R?) and root mean squared error (RMSExe usedn this studyto evaluate the accuraand
generalizability of the trebased MLmodels.

The resulted optimal DT, RF, and GBT models in terms of estimating the measured ultimate pile
capacity (fo training and testing phasds)sed orR? and RMSE are summarizedTiable 16.

The comparisambetween the predicted and measured ultimate pile capacity for the three ML
modelsarepresented ifrigure43. It can be seen that the DT model has the least performance as
compared t@mther ML models in both the training and testing phaBlee RMSE (=99.96 for

testing subsas muchhigher than the RMSE=61.6 for training subsetindicatng high
overfitting. The secondestperformedmodel isthe RF mode| which has a testing?Rind

RMSE values 00.94 and43.23 respectivelyThe overfitting conditiomeducedconsiderablyor

RF modelas compared to the DT modelowever, the GBT modalignificantlyoutperforms

both the DT and RF models and demonstratdsetthe begperfornedand geneld&ed tree

based ML modein this study

Table 16. Optimum tree-based ML models based otraining and testing phases

Tree bazed ML models Phaze Rl EMSE (tons)

Decigion Tres (DT) Training 0.9 3.6
Testing 0.66 9096

Bandom Forest (RF) Training 0.9% 2578
Testing 0.94 4323

Gradient Boosted Tree (GBT) Training 0.99 169
Testing 0.97 272

Agtificial Nevral Network (26) Training 0.a0 1012
Testing 0.97 249

Comparison between ML Models and Selected Direct PHEPT Methods

The besfperformed ANN(9-7-7-1, 149-3-1) and treebased GBT) ML models developed in
this study were compared with selectedpapformed direcpile-CPT mehods (CPC, ERTCS,
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probabilistic, andJF) using the samtesing subsetwhich includes 20% dahe entire80-pile

load test databas€he results of this comparisimterms of theslope of the bedit line

(Qrit/Qm) of predicted (Q) versus measured (pultimate pile capacitythe root mean squared

error (RMSE), and the arithmetic r/6maae (¢€) and
presented iTable17. Thecomparison clearly shows that the ANN and GBT models outperform

the topperformed pileCPT methods in all evaluation criteriehevalues ofRMSE seem to be

much lower for the ML model$an the togperformed pileCPT methodsThus, it can be

concluded that, in general, the Mhodels perform substantially better than the conventional

direct pileCPT methods.
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Figure 43. Predicted versus measured ultimate pileapacity for training and testing phases: (aylecision tree

model, (b) random forestmodel, and (c) gradient boosted tree model
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Table 17. Comparison between MLmodelsand selectedpile-CPT methods

First criteria Secondcriteria Overall
Methods OilQm | RZ | R RMSE R, | Meanofl ooy | R, | Final rank
(tons) Qu/Qnm
ANN (9-7-7-1) 0.97 | 0.98 2 2249 | 1 1.02 0.15 1 1
ANN (14-9-3-1) 0.97 | 0.97 3 2490 | 2 1.05 0.14 2 2
GBT 0.98 | 0.97 1 2720 | 3 1.07 0.17 3 2
UF 1.12 | 0.93 6 51.30 | 5 1.05 0.24 4 5
Probabilistic 0.99 | 0.91 4 3529 | 4 1.06 0.23 5 4
LCPC 1.10 0.91 5 5713 | 6 1.11 0.28 6 6
ERTC3 1.09 | 0.87 7 6197 | 7 1.10 0.32 7 7
Update the PIiCIPd Beoditgvmrfer om

The topperformeddirect pileCPT methods in this study were implemented in the updated
versiono f  tomigiandiPile Design frol@one Penetration Test (LPOPT) 6 sof t war e
in the design and analysis of pile foundatiorntsisTincludel the LCPC, ERTC3, Probabilistic,
PhilipponnatDe Ruiter and Beringemnd Schmertmann method$e combined pileCPT
methodof the topperformed methods was also implemented in the-FT. In addition, the
Schmertmanmethod was modified for bettand more accuratestimating the ulthate pile
capacity and implemented in the LRIPT softwareThe program performs the analysis on the
CPT soundingclassify the soil profile based on probabilistic and Robertson 2010 CPT
classification methodsind then usethe selected pH&CPT methodd plot the estimated
ultimate pile capacity with deptiithe main features of the updated LERPT software are
presented ifrigure 44throughFigure52. The main menu of the softwafi@put parameters and
datg is presenteth Figure 44, whichnclude (1) entemproject information(2) enter elevation
and scoumformation and(3) selecinput CPT datdile and corresponding units and format
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Figure 45Figure 45illustrates the ection and opesthe inputCPT data file After selecting the
CPT file, the softwarelptstheprofiles of CPT data in parallel withoil classificationusing the
probabilistic and Robertson 2010 CPT classification methéidsie46). Following this, the
user inpus the pile information (type and sigandelevations [Figure47) andthenselecs the
pile-CPT design method as showrFigure48. The softvare then ots the profile of ultimate
pile capacity with depth for the selected gl T methodaisshown inFigure49. The software
can plot the ultimate pile capacity with depth for three different scenarios: thogeprebore
(casing), and longerm scour conditiofbased on FHWA guidelinedjor the selected scenario,
the softwarecalculates the required pile length for the applied load based on select€#®pile
method as shown iRigure 44. heinput and output of the batching process anaiysise LPD
CPT softwardor the different bents in a bridge are presemedigure51 andFigure52,
respectivelyfor given pile size, ground surface elevations, local setvation, and load and
resistance factor
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Figure 45. Sectionand open theinput CPT data file
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Figure 46. Plot the soil profile using theprobabilistic and Robertson 2010 CPT classification methods
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Figure 47. Input pile information and elevations
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Figure 48. Sectionof pile design method
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Figure 49. Plot the profile of ultimate pile capacity with depth for the selected pileCPT method
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Figure 49. Calculate the required pile length from applied load based on selected pi@PT method
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Figure 51. Input the parameters for the batch process analysis of the bridge
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Summary and Conclusions

This studyfocused on evaluating the direct p0dT methods foestimating the ultimate axial
capacity of square PPC piles driven into Louisianits. A total of21 direct CPT methods were
included in thisnvestigaion. A databasef 80 PPC pile load tests that wdoaded to failure

were used in this evaluation aysik. The mesured ultimate load capacity ¢§for each pile

was determined from the loagttlement curve usirtge Davisson and modified Davisson
interpretation methods. The ultiredbad capacity of each pile {Qvas also determined using

the 21directpile-CPT methods, antthe estimated values were compared with the measured pile
capacities from statigile load tests.

Researchers useldree approaches to evaluate the different@RI methods. In the first
approach, three statistical criteria (beslifie for Qp, versusQm, arithmetic nean and standard
deviation of Qim, andthe cumulative probability of giJm) were adopted to evaluate the
performance of th1direct pileCPT methods. These criteria were used to rank the CPT
methods based on th@erformance. The final rank of each method was then determined from
the Rank Index (RI). The results of this evaluation showed the foliparder of the best
performed pile-CPT methods: LCPC, ERTCS3, Probabilistic, UF, Philipponnat, De Ruiter and
Beringen,CPT2000, UWA, and Schmertmann methods.

The secon@pproactusedfor evaluating the pikCPT methods is the MultiDimensional

Unfolding (MDU), which is a technique for representingeafiént objects and judges in a two
dimensional space. In this approattte result of each pile load test was regarded as a judge that
ranks the objects, which are the 21 {IET nmethods, based on the value ofi@. The abilities

of MDU analysis for showing the extent of agreement between the measured pile capacities and
predicted capacities from thgle-CPT methods, the existence of outliers, and the similarity
between the pikCPT methods were described. The MDU analysis helps to find the typical
ranking of the pileCPT methods. Based on MDU analys$iee pile CPT methodshat were
locatedclose to theeenter of the measuredeicapacitieplot were considered as high

performance methodsvhile those methods that welecated far from the center were considered
as low performance methodsterestingly, he pileCPT methods that showed the best
performance according to MDU appobeare the same methods thate thehighest rankings

based on statistical analysis usthgthree criteria.

The third approach usddr evaluating pileCPT methods ibased on LRFDeliability analysis.
The results othe LRFD analysis in terms of resistance factor affttiencyare consistent with
the previous criterizgn which theLCPC, ERTCS3, Probabilistic, UF, Philipponnat, De Ruiter

methodshavethe highest rankings.
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Forselectinghebest pileCPT methodsthe ninetop-performedmethods weréurther analyzed

using theMDU analysis o0 eval uat e t h dntmseabalyosdtespdeCBTI mi | ar i ty
methodghat are locatedlose to each other thetwo-dimensionaMDU space can be

consderedto besimilar to each other. Accordingly, the@p ninepile-CPT methods can be

divided into three groups

1 Groupl: Philipponnat, UF, Probabilistic. CPC, and De Ruiter methads
1 Group 2 Schmertmann and ERTC3 methods; and
1 Group 3:UWA and CPT2000.

If geotechnical engineeaseinterestedo get abetter range of estimating the ultimate pile
capacity by choosing three p8PT methods, ils recommendetb select one method from each

group.

The pile database wasrtherdivided into fourdifferent caegories based asoil typefor extra
analysis and evaluatioin category 1the pileshaveless thar25% of theircapacity due tsand
layers In category 2, the sand layersntribute between 25% and 50% of the pile capafuty;
piles incategory 3, the sand layers contribute betwsf$h and 756 of ther capacity Forthe
piles in category 4hesand layers contribute more than 75% ofrtbapacity.The ezaluation of
pile-CPT methods for each category of piles separately showed thrtbemance of pilCPT
method is different at each categoihis is mainly due to the fact thaach pileCPT method
includesdifferent equations for tip and side resistance of the piles in different soil types, so it is
possible that a p€PT methodchasa moreaccurate equation for pile side resistance in a soil
type butunder/over-predicts the pile capacity with less accuracy in othertygod The
performance of each p#ePT method was studied in detfit each categoryThe general
observatiorshowedhat increasing the sand contribution to the pile capacity causes
overprediction in pile capacifypr pile-CPT methodsandhencean increasé the standard
deviation of Q/Qm, which means lesaccuracy andeliability in estimations of pikCPT
methods in sandy soils.

The lognormal distribution of the ratio of predicted to measured pile capagit,,@as used

for adding, multiplying, and linear combination for normal distribution of ipe) of differert
pile-CPT methods, ankdenceexploringbetter relationship and developing combined methods
for estimatiig the pile capacity. Th&0 pile load tests collected in Louisiamareused to

develop combined p#€PT methods to estimatiee ultimate pile capagitfor four soill

categories based on the contribution of sandy layers to the total capacity. In addition, another
combined pileCPT methodvas developed for the general case for all piles without considering
soil categoriesEvaluating the developed combthpileeCPT methods demonstratadrgficant
improvement in the accuracy of estimating the ultimate pile capatigymain advantage of
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using the combined pHEPT methods is for piles in soil category 4 with more than 75%
contribution of sandy lagrs to he total pile capacity

Fourmachine learning (ML) techniques includitige artificial neural networKANN) and three
treebasedechniquegdecision treeDT, random forestRF, and gradient boosted tr€&BT)

were also ged to develop ML models &stimate the ultimate pile capacity from CPT dgta

and £). The comparisomesults between the ML models and selected direciGi#i€ methods

demonstrated thahe ANN and GBT models substantially outperform thegegdormed pile

CPT methods in all eWaation criteria. The values tifie slope obestfit line (Qsit/Qm) of

predicted (Q) versus measured (pultimatepile capacitta nd t he ar i t hpl@t i ¢ me:
are much better, and tiRMSE and coefficient of variation (COV) ofsf@m are much lowefor

the ML models than thip-performed pileCPT methods
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Recommendations

Based on the results of this research study, the following recommendatooféered to DOTD
engineers:

1 Itis highly recommended that the DOTD design engineers start usitaptherforning
direct pileCPT methodshat weredmplemented in the updated versigithei Loui si ana Pi
Design fromCone Penetration Test (LPOP T ) 0 sfar the desagn epiles innew
bridges and other infrastructure.

1 Itis recommended to start ngithe modified Schmertmann method instead of the original
Schmertmann method for design of piles in bridges and other infrastructures.

1 Itisrecommended that the DOTD design enginbergnusing thedeveloped combined
pile-CPTmethod that is implementéa the LPDCPT softwarefor the design opiles innew
bridges and other infrastructyi@nd compare the results with the-fmrformeddirect pile
CPTmethods to build confidence dme accuracy of the combined methods

1 Itis recommended to start explagithe potential benefits of using the machine learning
(ML) modelsfor estimating thailtimate pile capacity from CPT dat@ndcompare th
results with the togperformingdirect pile CPT methods to build confidenca using ML
models.

1 Itis recommended thold a workshop to train DOTD engineers on using the updated version
of theLPD-CPT softwardor design of individual piles and pile foundations for bridge bents.

1 Itis recommended toontinue evaluating the tgperforming pile-CPT methods, the
combined pe-CPT method, and the ML models as more pile load tests become available.

1 Itis recommended to consider updating tRD-CPT softwardo include different pile types
other than the PPC piles.

1 Itis recommended to stazdvnductinga piezocone penetratidest(PCPT)on allold and new
bridgesto aeatedatabaséo evaluate and/or develop pIRCPT methods fagstimate the
ultimate pile capacity frorRCPT data

1 Itis recommendethat a new research stuhyestigate the effect atouron the longterm
pile capacity utilizing the CPT/PCPT data.

1 Itis highly recommended toonsider using the artificial intelligent (Al), supervised and
unsupervised machiearning (ML), and deep learning (DL) techniques to develop
advancedind more accatemodels tcestimae the ultimate pile capacity from CPT data
considering allmportantpile, soil, and CPIPCPTparameters.

0 1349



Term
AASHTO
Ab

Al
ANFI S
ANN

As i

B
CAPWAP
CDF

CL

CH

CcCoV
CO¥
CO¥%
COVo
COVW
CPT
CPU
DOTD
DRI VEN
DT

E

EN
ERTC

f

fi

fs

FDOT

F HWA

Acronyms, Abbreviations, and Symbols

Description

Association of ®Dfdate
Area of the pile tip
Artificial intelligence

Adapti vleunzyriont erface

Ameri can

syst ems

Artificial neur al net wor k
Area of the pile shaft i1in the
Pile width

Case Pile Wave Analysis Progr
Cumul ative density function
Low plasticity cl ay

Hi pgh asticity cl ay
Coefficient of wvariation
Coefficients dfoawdari ation for
Coefficients olfoavdari ation for
Coefficients dfoawdari ati on for
Coef fiocfi evnatrsi art @ ®instfamce he
Cone penetration test

Cone penewirtah i monr e wastter measul
Department of Transportation
Dr i v e np rPoiglreasm

Decision tree

Error of the network
Engineering News

European Techni cal Commi ttee
Unit skin friction of the pil
Unit skioh f®Boi¢tilayer i

Sl eeviecti on

FIl orida Department of Transpo
Feder al Hi ghway Administratio
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Ter m

Description

FOR First ordmeet hreed i abi |l ity

FOSM Fi os o er -nsoenteonntd

F. S. Factor of safety

fs, avg Average sl eeve friction

Q Limit state function

GA Genetic algorithm

GBT Gradient boosted tree

GNDH Group method of data handling
GEP Gene expression programming
GP Poorl yggaadled

| CP | mperi al Coll ege Pile

IseT Soil behavior index

KNN Knearest neighbor

LCPC Laboratoire Central des Pont s
Le Embedded I ength of pile

LPIPT Louisiana Pile Design from co
LRFD Load and redesit@gmce factor
LTRC Louisiana Transportation Rese
LPIPT Louisiana Pile Design from co
MD U Mul ti Di mensi onal Unf ol di

MD S Mul ti Di mensi onal Scaling

ML Machine | earning

NGI Nor wegian Geotechnical l nstit
NORMDI SNormalstri bution function

P Cumul ative probability

Pa At mospheric pressure

Pso 50%Wnmnul ative probability

Po o 90%W mul ati ve probability

P Probability of failure

PCPT Piezocone penetration test
PPC Precast prestressed concrete
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Term Description

PSO Particlogtswarzmti on

Pirue Lowest magnitude of probabili
Q Design | oad

Qal i Al | owabl e design | oad

Qavg Average value of pile capacit)
Qo Unit tip bearing capacity

Qb Enebearing capacity

Oc Cone tip resistance

Qo Dead load

Qrit Best fctcapatipyl e

Q Load effect

QL Livead

Qm Meas priéagpacity

Qu Design | oad carrying capacity
Qp Predpcdaemacity

Qs Shaft friction capacity

O Corrected cone tip resistance

O, avg Averagecone tip resistance

Ot i p, 4B atAveragecone tip resistanosithin 4 width above pile tip
Gt i p, 8B  Average cone tip resistance withimédth above pile tip

Ot i p, 4B bdAverage cone tip resistance within 4 widttlow pile tip

Qu Ultimate capacity

Quit Ultimate geotechnical pileesistance

R Resistance of a given structu
r Coefficient of correlation

R? Coefficient of determination
Raesi gn Design pile resistance

RF Random forest

RI Ranking index

Rm Measpriéd resistance

RMSE Root mean squared error
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Term Description

Rn Nomimialle resistance

SBT Soi l behavior types

SC Clayey sand

SM Silty sand

SMACOF Stress Majorization of a COmp
SP Poorly graded sand

S Undrained shear strength

SVM Support vector machines

U2 Porewater pressure

U Soil cl aissdéx cati on

UF University of Florida

U WA University of Western Austr al
USCS Uni fied Soil Classification S
Vm Ei genvector

WE AP Wave Equation Analysis

f Reliability index

br Target reliability index

D Distancematrix

. Resi stance factor

3 anolfe internal friction

U |l nput matrix for MDS

= Mul ti pfiacabron

| o Load bias factor for dead | oa
oR Resistance bias factor

| oL Load bias factor for l'ive | oa
(03] Lad factor for dead | oad

g Load factor

o} load factor for Ilive | oad

o) Ar i t hmeean c

Qn Mean ®Jf0 ) n(
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Description
Equi val ent
Mean value

Mean val ue

| @fg nlom (ma)l
of the |

me an

oad

of the resistance

Learning rate

St andard de

Equi val ent

vi ati on

standard

Standard de§d ati on

Kr usgsk aslt r e s

S

Matrix of weights
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Appendi x A

Pi-CBE™Met hods

Schmertmann Method

Schmertmann proposed the following relationship to predict theendltearing capacity
of the pile @) from the cone tip resistancg) [1]:

. N N

N -

- (A.1)

where g1 is the minimum of the average cone tip resistances of zones rangin@.#bm

to 4D below the pile tip (wher® is the pile diameter) amgz is the average of minimum
cone tip resistances over a distaBBeabove the pile tip. To determimgge;, the mininum

path rule is used albustrated inFigure52. The describedone (from8D above t00.7D-4D
below the pile tip) represents the failure surface, which is approximated by a logarithmic
spiral. Schmertmann suggested an upper limit of 150 (LS MPa) for the unit tip bearing
capacity ¢p).

According to Schmertmann method, the unit skin friction of the filis given by:
£ | E (A.2)

where, L is a reduction factor, which varies from 0.2 to 1.25 for clayey soil,faiscthe
sleevefriction. Figure53 depictsthe variation ot with fs for different pile types in clay.

For piles in sand, the friction capacitysf is obtained by:
1 U /A
T (A3)

where,U is the correction factor for sand, which carob¢ained fronFigure54, y is the depth
at which side resistance is calculated, amslithe pile length.

Schmertmann suggested a limit of 1.2 TSF (120 kP#) on
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Figure 52. Calculation of the average cone tip resistance in Schmertmann meth¢t]
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Figure 53. Penetration design curves for pile side friction in clay in Schmertmann method
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Figure 54. Penetration design curves for pile side friction in sand in Schmertmann method
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For implementing Schmertmann method in the cadimg the Probabilistic soil classification:

f PAT AWOEI )

Otherwise:
£ bAl AWOEI O POAT A £
Using Robertsot2010 soil classification:

A L 1pPp1L TP K

where,| and| are obtainedrom theTable18:

Table 18. and  values for calculating unit side resistance for Schmertmann method

Soil index 1 01
1 0 1
2 0 1
3 0 1
4 0 1
5 2/3 1/3
6 1 0
7 1 0
8 2/3 1/3
9 0 1
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De Ruiter and Beringen Method

This method is proposed by De Ruiter and Beringen and is based on the experience gained in the
North Sed?2]. This method is also known as the European method andliffeesnt procedures
for clay and sand.

In clay, the undrained shear strend) for each solil layer is first evaluated from the cone tip
resistancedg). Then, the unit tip bearing capacity and the unit skin friction are computed by
applying suitable mitiplying factors. The unit tip bearing capacity is given by:

(A.4)

where,N; is the bearing capacity factor aNg=9 is considered by this methddk is the cone
factor that ranges from 15 to 20, depending on the local expergg(tg®. is the average of cone
tip resistances around the pile tip computed similar to Schmertmann method.

The unit skin friction is given by:

£ 13 (A.5)

where,b is the adhesion factob=1 for normally consolidated (NC) clay, ah&0.5 for

overconsolidated (OC) clagi(side, the undrained shear strength for each soil layer along the
pile shaft, is determined by:

3 N (A.6)

wherg, gc(side is the average cone tip resistance along the soil layer.

In the current study, the cone fachu=20 and the adhesion factbr=0.5 were adopted in the
analysis, since these values gave better predicted ultimate pile capacity for the investigated piles.

In sand, the unit tip bearing capacity of the pile ( ) is calculated similar to Schmertmann
method. The unit skin frictio (f) for each soil layer along the pile shaft is given by:
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De Ruiter and Beringen imposed limits ggandf in whichgpy¢ 150 TSF (15 MPa) and¢ 1.2
TSF (120 kPa).

Implementing Probabilistic soil classification into this method is as follows:

f PAT AWOEI )

N N
£ £
Otherwise:
\ pAl ARJOEI D PpOAT N

£ pPOAT ROEI @8 PpAl AA
For Robertsos2010 soilclassification:

~ ~

N KN 1p N rp
£ A 1p A I p

where,| pandr pare obtainedrom Table18.
Bustamante and Gianeselli Method (LCPC Method)

Bustamante and GianesdBi proposed this method for the French Highway Department based
on the analysis df97 pile load tests with a variety of pile types and soil conditions. It is also
known as the French method and l@&PC (aboratoire Centrales Ponts et Chaussees)
method. In this method, both the unit tip bearing capagi)yand the unit skin frictioff) of the

pile are obtained from the cone tip resistamgk The sleeve frictionfd) is not used. The unit tip
bearing capacity of the pilgy) is predicted from the following equation:

N ER (A-8)

where ky is an empirical bearing capacity factor that varies from 0.15 to 0.60 depending on the
soil type and pile installatioprocedure Table19) andge(tip) is the equivalent average cone tip
resistance around the pile tip, which is obtained as follows:
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1) Calculate the average tip resistangg)(at the tip of the pile by averagimgvalues over
a zone ranging from 1bbelow the pile tip to 115 above thepile tip (D is the pile

diameter);

2) Eliminateqc values in the zone that are higher thargd.8nd those are lower than Qe4

as shown irFigure55; and

3) Calculatethe equivalent average cone tip resistangegtip)) by averaging the remaining
cone tip resistance) values over the same zone (bordered by thick lin€gure55).

Table 19. LCPC bearing capacity factor (k)

Soil Type Bored Piles Driven Piles
Clay-Silt 0.375 0.60
SandGravel 0.15 0.375
Chalk 0.20 0.40

Figure 55. Calculation of the equivalent average tip resistance for LCPC method (after Bustamante and

Pile

Gianeselli[3])

a=15D

079, |<—Nca—b+ 1300

m
Y

ol
™

Depth
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The pile unit skin frictionf] in each soil layeis estimated from the equivalent cone tip
resistancedeqside) of the soil layer:

N g (A.9)
+

where,+ is obtainedrom Table20; andthe categories are determinfedm theTable21.

Table 20. Valuesof € - for LCPC method

K Coefficient +
category

Nature of the soil (10° Pa) [ 1]
IA B A 1B
Soft clay and mud <10 30 30 30 30
Moderately compact clay 10to 50 40 80 40 80
Silt and loose sand <50 60 150 60 120
Compact to stiff clay and compact silt >50 60 120 60 120
soft chalk <50 100 120 100 120
moderately compact sand and gravel | 50 to 120| 100 200 100 200
Weathered to fragmented chalk >50 60 80 60 80
compact to very compact sand and grayy  >120 150 300 150 200

Table 21. Pile category for LCPC method

Pile Category Type of the pile
1A Plain bored piles, mud bored piles, hollow auger bored piles, case screwed pil
B Cased bored piles, driven cast piles
A Driven precast piles, prestressed tubular piles, jacked concrete piles
1B Driven steebiles, jacked steel piles
A Driven grouted piles, driven rammed piles
B High pressure grouted piles (d>0.25 m), Type Il micropiles

The following procedure explains how to determine the maximum unit skin fricon) (
which is dependent on $dype, pile type, and installation procedure:

A. Based on the pile type, select the pile catefjany Table22 (for example, pile category
is 9 for square PPC piles),

B. For each soil layer, select the appropriate curve nunladni¢23 andTable24) basedn
soil type,equivalent cone tip resistance along the soil layel(geqsidg), and pile
category, us@able23for clay and silt andrigure56 for sand and gravel,
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C. FromFigure56, use the selected curve number and the equivebert tip resistance
(deq(side) to obtain the maximum unit skin frictiod ), useFigure56a for clay and
silt andFigure56b for sand and gravel.

Figure 56. Maximum friction curves for LCPC method (after Briaud [101])
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Table 22.

Pile categories for LCPC method

1. FS Drilled shaft with no dalling nmd

Installed withowt supporting the soil with dnlline nmad. Applicable only for cohesive soils above the
water table.

2. FB Dlled shaft with drilling nmsd

Installed psing mud to support the sides of the whele. Concrete is poured from the bottom up,
displacing the nmd.

3. FT Drilled chaft with casing (FTU)

Diilled within the confinement of a steel casing As the casting is retrieved, concrete is powred in the
hole.

4.FIC Dmlled shaft. hollow auger (auger cast
piles)

Installed vsing a hollow stem confimscus anger having a length at least ecqual to the proposed pile
length The auger is extracted withowt tuming while, sinmiltanecnsly, concrete is injected through the
AT stem

5. FPU Pier

Hand excavated foundations. The drilling method requires the presence of werkers at the bottom of
the excavation The sides are supported with retaining elements or casing.

6. FIG Micropile typel (BIG)

Diilled pile with casting. Dimmeter less than 250 nwm (10 inch). After the casting has been filled with
concrete, the top of the casing is plugged. Pressige is applied inside the casting between the concrete
and the phag. The casing is recovered by maintaining the pressure against the concrete.

7. VMO Screved-in piles

Mot applicabile for cohesionless or soils below water table. A screw type tool is placed in front of a
corrugated pipe which is pushed and screwed in place. The rotation is reversed for pulling ot the
casting while concrete is poured.

8. BE Dnven piles, concrete coated

- pipe piles 150 o (6 n) To 500 nun (20 in ) External diameter

- Hpiles

- caissons made of 2, 3, or 4 sheet pile sactions.

The pile is driven with an oversized protecting shoe. As driving proceeds, concrete is injected through
ahose near the oversized shoe producing a coating aronnd the pile.

9. BBA Driven prefibricated piles

Remforced or presiressed conetete piles installed by doving or vibrodimang,

10. BM Steel driven piles

Piles made of steel onty and driven in place.
-Hpiles

- Pipe piles

- atry shape obtained by welding sheet-pile sections.

11. BFE. Prestressed tube pile

Made ef hellow cylinder elements of lightly reinforced concrete assembled together by prestressing
before dving. Each element is senerally 1.5 to 3 m (49 ) lonz and 0.7 to 09m (2-3 ff) in diameter;
the thickness is approsimately 0.15m (6 in). The piles are doven open ended.

12. BFR Dhiven pile, bottom concrete phg

Dymvng 15 achieved firouch the bottom concrete phag. The casting is pulled out while low shap
concrete is compacted in it.

13. BMO Driven pile, molded.

A phugped tube 15 diven until the final posifion is reached. The tube is filled with mednm shanp
concrete fo the top and the tube is extracted.

14. VBA Concrete piles, puched in

Pile 15 made of cylindrical concrete elements prefibricated or cast-inplace, 03 t0 23 m (1.5t0 8 f)
long and 30 to 60 cn (1 to 2 ) in diameter. The elements are pushed in by a hydranlic jack

13. VME Steel piles, pushed-in

Piles made of steel onty are pushed in by a hydmnbic jack .

16. FIP Micropile type IT

Diilled pile <= 250 nom ( 10 in) In dismeter. The reinforcing cape is placed in the hole and concrete
placed from boftom zp.

17. BIP High pressire injectad pile. large
diameter

Diameter = 250 nom (10 in ). The injection system showld be able to produce high pressiges.
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Table 23. Input parameters for clay and silt for LCPC method

CURVE #

PIILE TYPE
{(see Table 2)

COMMENTS ON INSERTION PROCEDURE

1-17

12

- very probable values when using tools without teeth or with
oversized blades and where a remoulded layer of material
can be deposited along the sides of the drilled hole. Use
these values also for deep holes below the water table where
the hole must be cleaned several times. Use these values also
for cases when the relaxation of the sides of the hole 15
allowed due to incidents slowing or stopping the pouring of
concrete. For all the previous conditions, experience shows,
however, that q; can be between curves 1 and 2; use an
intermediate value of q; 1s such value 15 warranted by a load
test.

=

=251

>251

=251

=251

=251

4.5 8,910,
11,13, 14,15

1,2

- for all steel piles . experience shows that, in plastic soils, g,
15 often as low as curve 1; therefore, use curve 1 when no
previous load test 1s available. For all driven concrete piles
use curve 3 in low plasticity soils with sand or sand and
gravel layers or containing boulders and when q 52 2 ksf.

- use these values for soils where q<52.2 ksf and the rate of
penetration 15 slow; otherwise use curve 1. Also for slow
penetration, when q>93 9 ksf, use curve 3.

- use curve 3 based on previous load test.

- use these values when careful method of drilling with an
auger equipped with teeth and immediate concrete pournng is
used. In the case of constant supervision with cleaning and
grooving of the borehole walls followed by immediate
concrete pouring, for soils of q.=93 9 ksf, curve 3 can be
used.

- for dry holes. It 1s recommended to vibrate the concrete
after taking out the casing In the case of work below the
water table, where pumping 1s required and frequent
movement of the casing 15 necessary. use curve 1 unless load
test results are available.

=251
=41.8

- usual conditions of execution as described in DTU 13.2

=148

16, 17

- in the case of injection done selectively and repetitively at
low flow rate 1t will be possible to use curve 5, if 1t 15
justified by previous load test.
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Table 24. Input parameters for sand and gravel for LCPC method

CURVE # e PILE TYPE (see COMMENTS ON INSERTION PROCEDURE
(ksf) Table 2)
1 <73.1 2.3,.4.6,7.8.9.10.
11,12,13.14, 15
2 >73.1 6,7,9,10.11, 12, - for fine sands. Since steel piles can lead to very small
13, 14, 15 values of q. in such soils, use curve 1 unless higher values
can be based on load test results. For concrete piles, use
curve 2 for fine sands of ¢ >156.6 ksf.
>104.4 2.3 - only for fine sands and bored piles which are less than 30
m (100 ft) long. For piles longer than 30 m (100 ft) in fine
sand, q. may vary between curves 1 and 2. Where no load
test data is available, use curve 1.
=104 .4 4 - reserved for sands exhibiting some cohesion.
3 >156.6 6,7.9,10.11, 13, - for coarse gravelly sand or gravel only. For concrete
14, 15,17 piles, use curve 4 if it can be justified by a load test.
> 156.6 2.3 - for coarse gravelly sand or gravel and bored piles less
than 30 m (100 ft) long.
- for gravel where q,>83.5 ksf, use curve 4
4 >156.6 8,12 - for coarse gravelly sand and gravel only.
5 >104.4 16,17 - use of values higher than curve 5 is acceptable if based
on load test.

ImplementingProbabilistic soil classification into LCPC methodlescribeds follows:

+ TWYLPOAT A POEIM® PAI AU

If sand% + silt% <50%: caske

Otherwise: casg

+ + +

+

-

OCTEME p™3&
TTEME vm3&

-

QTEME v T 3&

QTEME v 3&
pMEME pc43&
PUEME pcC43&
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For fnaxthe values obtained from tloeirves inFigure56 usedas fhaxclayand fhaxsand

f PAT AWOEI )

Otherwise:
/E bAl ARJNOEI| @ pOAT &
For Robertso+2010 soil classification:

+ and+ areobtained fronTable25:

Table 25. £ .yand € - for LCPC method

Soil index Kb Ks
1 0.6 Casel
2 0.6 Casel
3 0.6 Casel
4 0.6 Case2
5 0.488 Case2
6 0.375 Case2
7 0.375 Case2
8 0.45 Case2
9 0.6 Casel
£ K 1p A [P

where,|] pandr pare obtainedrom Table18.
Tumay and Fakhroo Method (Conem Method)

Tumay and Fakhroo proposed this method to predict the ultimate pile capacity of piles in clayey
soils[4]. The unitend bearing capacitygy) is estimated using a procedure similar to

Schmertmanndéds met hod as foll ows:
N N N N (A.10)
T q

where,gc1 is the average ajc values 49 below the pile tipgc2 is the average of the minimugg
values D below the pile tip, anda is the average of the minimum qfvalues ® above the
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pile tip. Tumay and Fakhroo suggested an upper limit of 150 TSF (15 MPa) for the unit pile end
bearing capacityop).

The unit skin friction ) is given by the followingxpression:

Tumay and Fakhroo suggested théd.72 TSF (72 kPa). The adhesion factoy is expressed
as:

i ™ WA (A.12)
where fse=F+/L is the average local friction in TSF, aRdis the total cone penetration friction
determined for pile penetration lengtt).(

Aoki and De Alencar Method

Aoki and De Alencar Velloso proposed the following method to estimate the ultimate load
carrying capacity of the pile from CPT d¢%. The unit end bearing capacity) is obtained
from:

N
N (A.13)
N &
where,qca(tip) is the average cone tip resistance around the pile tigzisdan empirical factor
that depends on the pile type. The unit skin friction of the filis predicted by:

N 1 A.14
£ N = (A-14)
&
where qc(side is the average cone tip resistance for each soil layer along the pild-sisaén
empirical factor that depends on the pile type dyid an empirical factor that depends on the
soil type. Factor§, andFsare given irTable26. The values of the empirical factokare
presentedn Table 27
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Table 26. Empirical factors Frand Fs

Pile Type Fb Fs
Bored 3.5 7.0
Franki 25 5.0
Steel 1.75 3.5
Precast concrete | 1.75 3.5

Table 27: Empirical factor Us values for different soil types

Soil Type & (%) Soil Type O (%) Soil Type U (%)
Sand 1.4 |[Sandy silt 2.2 |Sandy clay 2.4
Silty sand 2.0 |Sandy silt with clay 2.8 [Sandy clay with silt 2.8
Silty sand with clay 2.4 |Silt 3.0 [Silt clay with sand 3.0
Clayey sand with silt | 2.8 [Clayey silt with sand 3.0 ([Silty clay 4.0
Clayey sand 3.0 [Clayey silt 3.4 (Clay 6.0

Upper limits were imposed agp andf as follows: gp¢150 TSF (15 MPa) anid¢1.2 TSF (120
kPa).

1 has beemmplemented using the following equations:

For probabilistic method:

If PAl Auo®ry ob

f pOAT Ar@ry p8 P

Otherwisey o8 POAT A POEIOPAIT Ut

0 1630



For Robertsor2010 methogdthe followingvalues ofls versus soil indeare given iriTable28.

Table 28: Valuesof Us versus soil index for RobertsorR2010

Soil index Us (%)
1 6

6

5

3.7

2.1

1.7

1.4

2.5

4

OO N[O AW

Price and Wardle Method

Price and Wardle proposed the following relationship to evaluate thendbearing capacity
(ap) of the pile from the cone tip resistarjd&]:

N E K (A.15)

where ky is a factor depends on the pile type< 0.35 for driven piles and 0.3 for jacked piles).
(For influence zone, no specific hint has been introduced, therefore normal average 3D above
and below the tip was used fidr)

The unit skin frictionf) is obtained from:

EEE (A.16)

where ks is a factor depends on the pile tyjpe=0.53 for driverpiles, 0.62 for jacked piles, and
0.49 for bored piles). Price and Wardle proposed the values for these factors based on analysis
conducted on pile load tests in stiff clay (London clay).

Upper limits were imposed agp andf as follows: gp¢150 TSF (15 MB) andf¢1.2 TSF (120
kPa).

Pilipponnat Method

Philipponnat proposed the following expression to estimate the unit end bearing capacity of the
pile (gp) from the cone tip resistancg)[7]:

0 1649



N ERN (A17)

where ky is a factor that depends on the soil typslaswn inTable29. The cone tip resistance
(gea) is averaged as follows:

. N N (A.18)

where,gca(a) iS the average cone tip resistance wiBi(B is the pile width) above the pile tip
anddcen@)is the average cone tip resistance wiibelow the pile tip. Philipponnat
recommended the removal of the extreme peaks (spikes) when tegitiance profiles is
irregular and imposed a condition in whigda) ¢ Qeb(e)

The unit skin friction of the pilef)is determined by:

1 «

/E EN (A.19)
where,qgcs is the average cone tip resistance for each soil layer along the pildsa#t factor
depends on the soil type pesentedn Table30. The factorlk depends on the pile type where
U equals to 1.25 for precast concrete driven piles. Philipponnat suggested an upper limit for the

skin friction im), for precast concrete @en pilesfim¢ 1.2 Pa (Pa is the atmospheric pressure).

Table 29. Bearing capacity factor b)

Soil Type Ko
Gravel 0.35
Sand 0.40
Silt 0.45
Clay 0.50
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Table 30. Empirical factor Fs

Soil Type Fs
Clay and calcareous clay 50
Silt, sandy clay, and clayey sand 60
Loose sand 100
Medium dense sand 150
Dense sand and gravel 200

+ and& have been implemented using the followirajues:
For probabilistic method:

If PAl AU®r+ mand& UL T

f POAT Ar@r+ T8 and& &

Otherwise:

+ ™ POAT A8 v POEImM® bAI AU

& & POAT At POEIgOt PAT AU

& is 100, 150, or 200 depending on the valu# gfwhich is described for UF method.
f$ 1m,& P TUTT

If$ & & CTT

Forother casest puLT

For Robertsor2010 methodthe values ok, and k versus soil indexare given irrable31.
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Table 31. Values ofkp and Fs for Robertson-2010

Soil index Ko Fs
1 0.5 50
2 0.5 50
3 0.485 52
4 0.475 55
5 0.425 &
6 0.4 &
7 0.375 &
8 0.43 60
9 0.45 55

Penpile Method

The penpile method was proposed by Clisby et al. for the Missig3gmartment of
Transportation8]. The unit endearing capacity of the pileyd) is determined from the
following relationship:

g N AEIDEOEAT AU

N R ETED EEDAT A (A.20)

where,qc is the average of three cone tip resistances close to the pile tip. In thisnstuds|
average 3D above and below the tip has been used for the influence zone.

The unit skin friction of the pile shaff) (s obtained from the following relationship:

. /EHWE (A.21)
p

where fis expressed in psi (IbApand fsis the sleeve friction of the cone expressed in psi.

e

For implementing the unit tip resistanosjng Probabilistic and Roberts@010 soll
classifications:

For probabilistic method:
If PAT AUdry 1@ U

If POAT Ar@ry T® ¢ U
Otherwise:y ™ cuv POAT A v PAIT AROEIT O
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For Robertsor2010 methodthe values o& versus soil index are given rable32.

Table 32. Values ofa for Robertson-2010

Soil index 1

0.25
0.25
0.25
0.25
0.167
0.125
0.125
0.167
0.25
No max limits for tip and sideesistance have been proposed by this method.

=

O O N OO AW DN

NGI Method

NGI method is for Norwegian Geotechnical Institute established by Clausenntiah is
based on 121 individual pile tests from 47 different sites with clayey soil with depths from 5 to
110 meters ana o Values from 0.2 to 10 and 85 individual piles from 30 different sites with

sandy soil with depths from 5 to 40 meters &ndrom 30% to 90% [11], [27]).

The unit end bearing capacitysands foclose engiles is obtained by:

- N
N pT[fﬂJ$ (A.22
where:
L. N
$ mal J—C e (A.13)

For open engiles, N is determined by the minimum of the plugged and unplugged values:

) & N

N A.24
5 0% (A.24)

N N ! %Cp ! AA U (A.25)

where:
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A A

_ (A.26)
A

And A the unit skin friction which the method gives the method for calculating it.

Y1 Ui/( & & & & & TP Aze (A.27)
where:
& ¢¢$ ™ mn (A.28)
& Kee TK 8 (A.29)
& P81 & | /09 pH & | #D% (A.30)
& p8t& | @AT G &I Ol | POAOGOET T (A3)
& P& 1 @O AL &TAOI T AOAOA (A.32)

A process for statistical treatment of CPTu data in dense sand has been illustrated by Lacasse et
al. where the soil profile is divided into distinctive layers andNhealues considered to be

constant or increasing with depth in each 14%62]. An example of this prockire is shown in

Figure 58.
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Figure 57. The mean ofl vyvalues with one standard deviation after filtering, resampling and merging (after
Lacasse et al[102])
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The NGI method recommends the use ofiethod in API (American Petroleum Institute) with
some corrections for estimating the unit side friction in clayey,sefigh is basically counted
as an indirect method. In NGI method, the unit tip resistance in clays is the same#od.

No specift recommendation about the influence zone and averaging the véluleasf
described in the method.

Karlsrud et al. has described the NGI approach for pile capacity in clays based on an indirect

method[11]. 3 is determinedrbm UU triaxial tests and shaft resistance measured 100 days
after driving.

N 8 (A.33)

The procedure presented in UWA method is suggested if the results of CPTu tests are not
available to calculatBl, which is the corrected cone resistance.
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The unit shaft resistance foormally consolidated\C) clays with 3 ke & Us:

yi ] 3 (A.349)
where:
1 ™c0) prmd (A.35)

The upper and lower limits fqr  are:

& 1T | p3t (A.36)
Foroverconsolidated@C) clays with 3 fep p8r, we have:
A 13 & (A.37)
where:
3 8
| T o (A.39)
And for close engbiles:
3 8
& ™ 1] A (A.39
The upper and lower limits f& are:
P8t & pPg UL (A.40)
For clays withr& v 3 fep P81, an interpolation between the above values should be

done.

In this study, for calculating , the value of Pl was estimated by:
0) i A @8—8Fp mtwhere. —

No upper limits have been proposed by this method.

ICP Method (MTD Method)

This method was developed at thgperial Collegen Londonby Jardine et a[12]. They call it
the ICP method as an abbreviation tolthperial CollegePile.
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The tests have been done in different sites as shothe Table33 andlater on, data from other
locations like Belfast and Mexico City has been added to the database.

Table 33. ICP sites

Site Scoil conditions

1. Canons Park London Clay: stiff to very stiff, high plasticity, Eocene marine clay; high YSR

2. Cowden Cowden till: stiff to very stiff, lean, glacial lodgement till; high YSR

3. Bothkennar Carse clay: soft, high plasticity, moderately organic, Holocene shallow-

marine/estuarine clay-silt, lightly cemented: moderate YSR

4. Labenne Dune sand: loose to medium dense, medium-sized, Holocene; low YSR

5. Pentre Glacio-lacustrine clay-silt and laminated clays: very soft to firm, low plasticity, low
YSR

6. Dunkirk Marine sand: dense to very dense, shelly medium-sized sand, Flandrian: low
YSR

Mote: Yield Stress Ratio (YSR) is the apparent OCR

The method presents the following procedures for calculating the bearing capacity of piles in
sand, which is defined as the load @10 settlement. For the clesaded piles with circular
sections:

- LA . o )
N Npop i ize—  T@Np AIBE <EGE Mo (A.45)

It should be noted that ICP method waginally developedor tubular pilesThe results of load
tests orl6 squarepiles and 16 Hpilesshowed that for newircular piles the tip resistance is:

K e N (A.46)

For H-piles the tip resistance is:

K N i (A.47)

And the area for the 4diles ( ) have been calculated as the procegtmvn inFigure 59
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Figure 58. Perimeter and Area for calculating tip and shaft resistance of Fpiles

B
P =2(D+B)
Ap = As + 2X,(D-2T)
Where: A; = Area of H section steel
X,=bB/8 if B2<(D-2T)<B
Xp = BZ,’[‘IG(D—QT)] if (D-2T)z B

The procedure for calculating; for ICP method is the same as LCPC methduch takes

the average dll for 1.5D below and above the tip. For cases that the variatiinisnextreme

and the depth intervals between peak and toughs is greater thailg/2, less than the average

should be chosen because the base resistance will be dependent on localized failure within the

weak layers. Also if weak layers exdsit8d belowh e pi |l eds ti p, the reduc

should be considered. However ICP method has not showed how these reductions should be
taken into account.

For operended piles if the below criteria is satisfied, it can be assumed that pile is plugged:

A ETAOAMSICS b o (A.48)
A T8y (A.49)
Fy 0

The procedure for calculating the tip resistance for agreted piles starts with categorizing the
piles into the plugged and unplugged piles. For unplugged piles:

. fr oA L A T8 iy
A ETAOAGEcs b oml § 0‘“ i (A.50)
For unplugged piles:
1 N ! (A.51)
For plugged piles:
- o A .
1 RNyp 8l Agw 1@ v l4—Chm a2 Ng ! (A.52)

where:

0 1739



(A.53)

The unitskin friction (£ ) for closeended circular piles is obtained by the following
procedure:

For compression:

E ke Yhee OAde (A-54)

For tension:

yid ™hee YA OAde (A.55)
where:
fee is the radial effective stress acting on the shaft a few days after itistali&fe is the
changes in radial effective stress developed during pile loading. In fact, based on ICP method,
the radial effective stress acting on the shaft at failure is compoged ahdYAee . | is the
operational interface angle of friction.

. fee . E
fee TGN | Aoy Fy (A.56)
o YO

YAee (¢ '— (A.57)
" N m8rqg modtmp ¢ vpg pA s (A-58)
N e ° (A.59)

N I N 8 .

5 5 T 0 N 0 A
0 pmEOA (A.60)
For lightly rusted steel pile:

(A.61)

YO ¢2 e i i

1&ecan be estimated by direct testfrom Figure59 asa function ofA
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Figure 59. Interface friction angle ag
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8
h

A

Mean Particle Size, dsg {mm)
!
o 1750

0.01

is the section area of the square and rectangular piles, anepitasHs defined in

For operended tubular piles these equatishsuld be modified by defining the value of R is as:

Fornon-circular piles (square, rectangular, andgliaped piles) the R is modified as:
While for the norcircular piles the same rules in sands are applicable which means:

The unit tip resistance of tubular piles in clays is:

where !

Figure 59

And for tension:

For undrained loading:
Fordrained loading:



For close endquare and rectangular piles:

¢

For Hpile:

q R (A.68)

While the calculation of for H-piles areshown in
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Figuress.

For calculating the unit tip resistanceapferrendedtubular piles in clay, thplugged pile is:

A N (A.69)
I T
which gives:
N me Ny 03 AOAIENAKET ¢ (A.70)
N g Ny AIADAETIAMAET ¢ (A.71)
For unplugged piles:
N Ny A AOAIENT AMET ¢ (A.72)
N p® M ATADABTIAMAET ¢ (AT3)

The unit skin friction for theloseendedpiles in clay is determined by the following procedure:

£ Y, f20Ak (A.74)

where,” + isthe loading factor, which is constant and is equal to 0.8 regardless of the loading
direction and drainage conditiof. is the radial to vertical effective stress ration.

A + A (A.75)

+ & TBip@32T@XN 938 | AB,hp (A.76)

) e (A.77)
In which the clay sensitivit§ should be estimated based on the type of the clay.
Or:
+ ¢ m@c¥) 938 | AB,Ry (A7
Using the second one typically leads to lower values fdiaround 4% less). YSR (also known
as apparent OCR) is the clayds | ocal yield
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) &eis a value between the pepk and ultimatg interface angles of frictigrwhich
can be measured in interface ring sheats.Figure60 canbe used for estimating  and

) by using the value of PI.
Figure 60. Ring shear interface results for (a) | -ypand (b) « 1 - {imglays
5 50
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The unit skin friction for OE piles in clay is calculated with the same modified R value as shown
for the sands.

Implementing Probabilistic soil classification into this method is as follows:

N & N
If PAT AU&
£ £
If pOAT Amgp
£ A
Otherwise:

£ bAl ARNCEI & DbpOAT K
For implementing Robertse010 soil classification:
NN 1p N [p
A AE 1P AE TP

Where]| pand| pareobtained fromTablel8.
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It should be noticed that for calculatipgefor &£ |, Table34 canbe used.

Table 34. Values of agversus D

$ 1
$<0.2 15
0.2<Dr<0.4 puv OEI @bt OAIl AP
OEl G@HAT AP
0.4 <Dr <0.6 puv OEIl @hrOAIl AP
OEIl GXAT Ab
0.6 <Dr <0.8 ¢ OEI bt OAIl Ab
OEI|l GXAT Ab
0.8<Dr om OEIl WhrOAIl Ab
OEIl GHAT AP

Thechartspresented ifrigure 62showthat the value ofeecan be estimated based on Bre<
0.2 (very loose), 0.2 Dr < 0.4 (loose), 0.4 Dr < 0.6 (medium), 0.& Dr < 0.8 (dense), and 0.8
< Dr (very dense) and the sand% and silt%.

For implementing the above charts, the valu$ ofvas defined similar to UF method

P i W& N

$
G8p pupREEA B
where,N andA units are TSFN has been calculated for 1D above and below the
location and{ has been calculated basedron —>—4 # &ndr pE L T
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Figure 61. Interface friction angle for silts, sands, and gravel
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For calculatingE ,3 and9 3 @CR) can be estimatex flows:

Based on Lehane at. [13]:
N 8
932mdr1 1 C@

For YSR we observed that Lehane gives very high values so this equation was used:

N Aee
932T@U<A— p

Clay sensitivity 3 was obtained based on Robertson and Campdt8iBk

Tt
3 2 pb
Value of PI can be estimated similar to NGI:
e Yo) xpoo
where
N £
3
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So for clay soils, we estimate PI, and take the average of the below values for calgatating
] Cc@§ m™xx0)
) C@® w mmeo)

It should be noticed that no upper limits have been proposed by this method.
UWA and CPT-2000 Methods

Lehane et alatthe University of Western Australia (UWAJeveloped a new method after
investigating ICP, NGI, and Fugmle-CPT methods for closended and opeanded piles in
siliceoussand[18]. Later on, this method was developed for piles in clay soilsgnane et al.
[29].

Different factors that influence the pile capacitg aonsidered in this methattludingloading
direction, soil dilation, soil displacement, friction fatigue, etc.

The unit end bearing capacity closeendedpiles in sands is:

K N (A.79)

It should be noted thét is referred to the ultimate load for 0.1d settlement in the witere d
is the diameter of the pild@he value o ;; is determined by Schmertmann method.

The unit tip resistand®r openendedpiles in sands is:

Ny ™o mo j (A-80)

el

where;

C b &&%_ (A.81)

HereFFR (final filling ratio) is the averaged IFR (incremental filling ratio) for the last 3d of the
pile penetrationwhere d is the pildiameter When FFR appr oashéhaver t o z e
will be similar to close endile and when it goes to 1, the pile is equivalent to a fully coring pile.
FFR can be estimates as:

sg2i ETo' j (A.82)
pd |
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The unit shatft friction in sands:

/e o A a
£ Zhe Y= OAk (A.83)
where:
N e B ° (A.84)
fee TWIH! I Agh
£ o < e L o a s
Z P&IAI | POAPQEI ST AT OET | (A.89)
/e
- 0 )&2:0; (A.86)
) a2 i A 8Fp (A.87)
od |
YAae and) eeare calculated as the same as ICP method with:
" o uN 8 R (A.88)
where:
N
N 0 (A.89)

Aee

) &eis calculated as the modified ICP method.

The unit shaft resistance in clays can be determined[ft&hwhich is known as CRP2000
method:

£ feOAk (A.90)

~ 8 8
fe ™ A N T Agh  &i)0 oub (A.91)

N@m/
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(A.92)

&1)0 oub

Fy

The variation oiVariation of) sewith Dsp asmodified from ICR05is presented ifrigure62.

I Ag

Figure 62. Variation of agwith Dso i modified from ICP-05
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2. For stiff clays(N

Lehane et alexamined 75 pile load ted9]. For the cases that the corrected end resistdnce
1. For soft and firm claysN 1 MPa):

was not available the following procedure was used:
This value is estimatefdom thecorrected cone resistance equation, assuming gopessure

ratio (" ) of 0.60 (lightly consolidated clays) with cone end ratio (a) of 0.80.
Based on recommendations[@0] the unitend bearing capacifgr closeended pes was

assumed to be:
And for operended pis:



And the shaft capacity in tension and compression was assumed to be equal. The equivalent pile
radiusfor square piles is:

2 A8 (A.97)
Based on these assumptions, the following equations are suggested for calculating the unit shaft
resistance (the average of these two equations is usés fpr

8

. E.
£ ol [ Agfp (A.98)

£

N = 8
g & | AQ%FD 6 Ak (A.99)

N
Aee

wherg ) &is estimated based on ICP method. It should be noticed thaRQ@BImethods is not
different from UWA method, only the equations f& of CPT-2000 are simpler.

Implementing Probabilistic and Robertsed10soil classifications into these methods are the
same as described for NGI method.

The only difference between UWA and GRT00 method is the equation for shaft resistance in
clay. No upper limits was proposed by these methods.

Fugro Method
This method is based dhe studies performed bigolk andder Velde andolk et al. on 45 sites

(24 operended and 21 closended piles) consisting sandy s@hd 26pile load tests in clayey
soils( [30], [104]).

The unitend bearing capacifpr sands is:

~

38
N @i O e (A.100)

pral
¢

where;

(A.101)
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The arithmetic average of CH is taken over the influence zone defined as 1.5d above and
bel ow the piledbds tip.

The unit friction resistance is estimated by considering a reduction near to the tip:

Compression loading, arﬁjzz T:

>~ 8
. e 8 E (A.102)
Y 3T | 0 >
Compression loading, ar%lzz T:
. fee & 4 E (A.103)
/e 3T I 0 T —
Tension loading:
. 8 . E. 8
£ & ® ve i Agfip (A.109
where:
o 5 o 8 (A.105

And for noncircular piles, the equivalent circular area is used to esti®iate

The procedure of Fugro method for the clay soils is as follows:

K N A (A.106)
yis 13 (A.107)
, U % 3 ® (A.108)
L ® " e P
wher e, L is the pilebébs |l ength and z is the

Probabilistic and Robertse2010 soilclassifications are implemented as NGI and UWA
methods. No upper limits was proposed by this method.
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Purdue-CPT Method

The method is developed Balgado et abased on the following procedure describefB8j:

The unitend bearing capacity f@ands:

N p T8t ® YN
The unit skin resistance for sands:

yis +fe OAdk

where:

* T[ST"NAee

where, h is the distanéem the depth being considered to the pile base

[ T@&tu

Theunit end bearing capacitgr clays:

N p B3
The unit skin resistance for clays:

fE 13
3 8
_ | |
L PR W — p ! A

0 1860
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Aee (A.118

r o 3 3
For 3 35 v T U (A.119
For 3 3§ PGl ™8 O (A.120)
Foro 3 3i p ¢! is obtained by interpolation.
I T T T% (A.121)

The following assumptions have been used for implementing this method:

The value off is between 0 and 1 and average of two methods for determining it, has been
used:

~

.. N
C ¢ A K
P i W& (N
@p pupgd °

where,N andA units are TSFN has been callated for 1cabove and below the location and

The value of3 was determined from:

pral
¢

where, Nk = 20 has been used, similar to De RaiterBeringen metho@].
3 and3 ; are assumed to be equal to 3.25 and 1.2% calculated in ICP method.

Also another method for calculatings used and the average of these two alpha values is used
in calculating/E .

L T8 p T d 103— (A.122)
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Probabilistic and Robertse2010 soil classifications are implemented as NGI, UWA, and Fugro
methods. Naipper limits was proposed by this method.

Probabilistic Method

Abu-Farsakh and Titused the data from 35 square PPC piles (26 driven in clay, 9 driven in
layered soil) for estimating the ultimate loalotained by the Butleidoy method17]. It has been
shown that using thBavissonmethod[18] for estimating the bearing capacity of piles from
pile-load test will give very close results7].

1 p8rc 1 (A.123)

They used the Zharand Tumaymethod[21] for solil classification, whichvasillustratedin
earliersection:

The unit end bearing cagity is:

N +N puvOA (A.129)

where,N is determined similar to Schmertmann method for the influence zone of 4D below
and 8D above the pilebs tip. Also, a weight
readings near to the as shown irFigure63.

It should be noted that using tReas the corrected value Nf is also possible, assuming that:
R o (A.129)
We have:
+ @0 AT Ara0o @ET o di AU (A-126)
where the values 00 @ AT, & @ E,la@0 GA 1 Awithin the influence zone is determined by
Zhang and Tumay CPT soil classification metf2il.

For the unit skin friction:

(A.127)

where:

0 18840
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+ o+ 0EIAG AW 0 AT A (A.129

N P (A.129
™ T P
+ p (A.139
™ p T A

Figure 63. Calculation of ' -yusing the weight function
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ImplementingRobertsor2010 soil classification in this method is as follows:
The value of+ is determined from the below table:

Table 35. Values ofKp versus soil index for Robertsornl0

Soil index Kb
1 0.5
0.5
0.467
0.45
0.35
0.3
0.3
0.367
0.45

OO N|O| g AW DN

0 18940



And:
A+ 1P+ re A
where,| pandr pare obtainedrom Tablel18.

UF Method

Bloomquist et al. and Hu et al. at the University of Flotidad 21 cases of pile load test in
Florida with sandy soil and 28 from Louisiana with clayey soil to developed a néhwane
which is considered as a modification of the Philipponnat metf@4],([35], [7]).

According to UF methodhte unit end bearing capacitygs/en as
N ER pu#3e (A.140
wherg E is a factor that depends on the soil type as stinwWiable36.

Table 36. Bearing capacity factor

Soil Type E
Well-cemented sand 0.1
Lightly cemented sand | 0.15
Gravel 0.35
Sand 0.40
Silt 0.45
Clay 1

The soil classification chart for electronic friction cateeloped by Robertson et hhs used
for determining the soil categony UF method21]. The chart igpresentedn Figure64.

The soil cementation is determined based on SPT numbers u/h_ere p I

The value oN s obtained by:

q N N (A.141)
C
whereN isaverageoN measure from pileds tip to the dep:
N isaverageoN measure from pileds tHNp N otheBBD above i
N N (A.142
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Figure 64. Soil classfication method used bythe UF method
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The unit skin friction of the pilefEis determined by:

1

Zone

]
2}
FH
L
S
8
n
»
3]
10
1
12

£ —N pg43&

&

Qg,N

N asWNR=wwh
w

§$o1] Bahovicur Typs

seneitive fine groinad
orgonie moteriocl
elay
eilty clay te eloy
cloysy silt to silty cloy
sondy silt to cloyay silt
silty sond to sandy silt
eond to e#ilty sond
sond
grovelly send to sond
very stiff fina groined (&)
sond to clayey send ()

(s) pverconaolidotead or cementad

(A.143)

where,| is the same as the Philipponnat method and the valesaoéshown inTable37.

Table 37. Empirical factor €

Soil Type &
Clay and calcareous clay 50
silt, sandy clay, and clayey sand | 60
Loose sand 100
Medium dense sand 150
Dense sandnd gravel 200
Lightly cemented sand 250
Well-cemented sand 300

Figurees from Baldi et al. referencefas been used for determining teativedensity of
sands Dy, for evaluatinghe sand staté oose: D<40%, Medium: 40%<B<70%, and Dense:

70%<D) [105].

Figure 65. Chart for determining the sand statein UF method [105].
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Cone resistance q, (MPa)

0 30 40 50 60
0 T i T

1 9
%=grle e,
100 =
Valid for normally
consolidated sand,
2001 K, =0.45 |
300+ |
400 =
500

203040 50 60 70 80 90 D,=100%

| \ |

Vertical effective stress o', (kPa)

C,=157 C,=0.55 cz_z.41 R=0.96
For probabilistic soil classification:

If PAT AUdr+ p8t

If pPOAT Argr+ T8

+ m POAT M uv POEIpOPAI AU

For Robertssoi2010soil classification Table38 canbe used to estimaig.

Table 38. Values ofks versus soil index for Robertsorl0

Soil index Ko
1 1
1
0.82
0.45
0.425
0.4
0.375
0.6
0.65

OO N OO AW DN

The values of and& were implemented the sameia$hilipponnat method.
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Togliani Method

This method is developed by Togliani for cylindrical piles driven and bored in different soils
[36]. Thepile load testwere performd 30 days after the initial pile driving.

The unit end bearing capacity is given as:

N E R (A.149
whereNi s the average 8D/ 4D above/below the pile
(A.145

E 1 18 pz\
where L is length and d is diameter of the pile.
where 1 is 0.1 and 0.2 for bored and driven piles, respectively.
For pile unit side resistance:
£ ER 8 (A.146)

where the units are assumed to be in kPa.

& og ) 2 ) A20 (A.147)
E pdm 1P &2 p (A.148)

where,
2 Ey o (A.149

No upper limits was proposed by this method.
Zhou et al. Method

This method which is developed Biou et alpredicts the limit load capacity insteadtbé
ultimate loadcapacity[37]. Using the Schmertmann relationship ave:

1 — (A.150)

The Imit load is the point where the shaft resistance optleeis fully mobilized, while the end
resistance is only partially mobilized. If the point is not obvious using the data, they recommend
using the loadt a relative settlement of G045, whichis the ratio of settlement to ultimate
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settlement (punching failure). They argued that many authors take failure load of the testing pile
as criterion for compression and when failure load could not be reachediev veen
interpretatiormethod is used. They mentioned that based on their experience, Van der veen
interpretatiorinvolves unavoidable artificial error.

The unit end bearing capacity of the pile
R (A.151)
where,

N :The average CPT tip resistance 4D above and
Oca(a) ¢ Qeb(B)

1: A function of soil type and¥
Soiltype :IN  ¢- PAndEWN m8ip1

Soil type II: Other soils other than soil type |

Soil type I

T (A.152)
Soil type II:

L psf @ (A.153
The unit skin frictiond@®f the pileis:

Y- (A.154)

/A The average oftalong the soil layer
[ : The function of soil type and&
Soil type I

.\ TR oF 8 (A.155)
Solil type 1I:

C @ o ® (A.156)

where units are in MPa. No upper limits was proposed by this method.
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German Method

Kempfert and Becker references obtained empirical clause for tip and side resistance of the piles
based on the CPT data, which are integratednatmnal German recommendations for piles

A EARfahled (DIN 4014)[106]. Their results were based on about 1000 pile load tests on

different piles (121 driven PPC piles, 98 driven steel piles, 70 drivesircpkice Simplex piles,

300 driven casin-place Franki piles, 124 screwed Atlas piles, 52 screwed Fundex piles, and 38
micro-piles). Based on their analysis, lower and upper boundsag®sand faftresistancgin
noncohesive and cohesive soils webéainedas shownn Figure66 andFigure67, respectively

The German method charts were converted to below equations:

In sands:
N I ET® ¢ ov8pN x ép muvd 3 & (A.157)
yiS I EmgrnhimsiniN 8 §pd ¢ 4 3 &
In clays:N value was obtained from the chart available in Eurocode 7 method as:
A [ Empe m™om 43&

Probabilistic and Robertse2010 soil classificadns are implemented as De Ruiter and Beringen
method[2].
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Figure 66. Upper and lower empirical values for (a) base resistance (IShaft resistance in noncohesive soils

[106]
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Figure 67. Upper and lower empirical values for (a) base resistance (b) shafesistance in cohesive soi[d06]
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Eurocode 7 Method

Eurocode 7 standaptesentslifferent possible design approacliespile desigrf107]:

1) Staticload tests on similar piles

2) Dynamic load tests verified by static load results
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3) Empirical or analytical calculation methods validated by static lostd te

Eurocode 7 determines no specific procedure for pile design using CPHaa®ver in the

annex of thdcurocode 72 two examples of methods based on the direct implementation of the
results of CPTare presented, which are based on methods of Gemdabach codes,
respectively{108]. The first example, based on the German Standard (DIN 4014) presents Tables
D.3 and D.4 in Annex D.6 dturocode 72, is restricted to coarsgrained soils. The second

example described in Annex D.7 is more complex and takes into consideration a number of
different factors. This example was presented in Annex BEunodcoder-3; however some

changes in the values pf have been added as shown in tables.

The unit endbearing capacity of the piled) is obtained from:
N 1 rONy pu-0A (A.159)

where N is thedetermined similar to Schmertmanrethod,| is the pile class factor in

Table39, 1 is the factor taking the shape of the pile point as showfigure68 ands is the
factor account for the shape of the pile base showigure69.

For the square piles in this study, the valueg of , andOare equal to 1.0, which makes the
unit tip resistance equal to the Schmertmann method.

The unit skin friction of the pilef)is given by:
£ 1 N (A.160)
where,} is areduction factor based drable40 andTable41.

Table 39. Maximum values for | and - for sands and gravely sands

Pile class or type ap as )

Soil displacement type piles, diameter > 150 mm

— driven prefabricated piles,

— cast in place piles made by driving a steel tube with closed end. 1,0 0,010

The steel pipe is reclaimed during concreting.

Soil replacement type piles, diameter > 150 mm 1,0 0,014

— flight auger piles, .

— bored piles (with drilling mud). 0,8 0,006 %)

0,6 0,005

1) Values valid for fine to coarse sands. For very coarse sands a reduction factor of 0,75 is
necessary; for gravel this reduction factor is 0,5. _ .

2) This value is used in the case of applying the results of CPT s whlph were c_:arned out bgfore
pile installation. When CPT s are used that have been carried out in the vicinity of the flight
auger piles, a; may be raised to 0,01.
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Table 40. Maximum - for clays, silt, and peatfor Eurocode 71 [108]

Soil type relative depth z/d.q

clay/silt (g < 1 MN/m’) 5 < At <20 g,ggg
clay/silt (g, = 1 MN/m’) 20220 0,05
clay/silt (g > 1 MN/m®) not applicable :
peat not applicable 0

[ equivalent pile shaft diameter

Values ofU for clays and silts are updated in Eurocoe®as:

Table 41. Maximum - for clays, silt, and peatfor Eurocode 72 [108]

Soil type Ges a,
MPa

clay >3 = 0,030

clay <3 < 0,020

silt < 0,025

peal 0

Implementing Probabilistic soil classification into this metids follows:

If PAl AU
A1 KN
If pOAT Arng
A1 N
Otherwise:
£ bAl AU POEILO POAT A N

For implementing Robertse010 soil classification:
£ 1 N

where | values are obtaineidom Table42.
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Table 42. Values for calculating unit side resistance for EC 72 method

Soil index 1
0.02
0.02
1
T8¢ L
T8t P
T8t p
0.0075
0.01

1

[EEN

QN[O WIN

ERTC3 Method

European Regional Technical Commi ttee 3 AERTC
unit base resistance as the Eurocode 7 method, but the determination of the shaft resistance is
modified[109]. It can be calculated with the same processUbwdlues are different, as shown

in Table43.

Table 43. Valuesof - for ERTC3 method[109]

2 Gravel 0.003
‘% Sandy gravel 0.0045
“§ Fine sand 0.006
= Sandy silt 0.008
S silt 0.01
ge> 2500kPa  0.015
;:' 1500 kPa <g.< 2500kPa 0025
5 1000kPa =g.< 1500kPa  0.035
E 500kPa <g.< 1000kPa 0.045

ge< 500kPa 0.055

Implementingthe pobabilistic soil classification into this method is as follows:

If PAIl AU

f pOAT Amgy



Otherwise:
£ bAl AU POEILO POAT A N
For implementing Rob&son2010 soil classification:
£ 1 N

where | values are obtainddom Table44, similar toEurocode 72 method

Table 44. Valuesof for calculating unit side resistance for EC 72 method[109]

{ 2Af |

M T8t L L
H 1

0 1

n pigz mdip |
Y 1

c 1

T nonnp
y 1

oy 1
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Summary

AppenBdi X

03t &DtOeT DPr oj ecitms 8HiMmuvdeyst i gat ed

Diam Tip Cut-off Pile Embedm Weight
. . . . . Ground . ent - Date of Date of
No.| ProjectID Project Name Parish Pile ID[ . elevation elevation (ft elevation length lenath of Pile Hammer type drivin loadin
(nch)| (o) vation (ft (ft) (t) (f?) (Tons) ving ng
1| 003-07-0019 | BNSSOwrpass- | JeffersonDavs | ) | 55 | 339 20.3 30 63.9 54.2 15.4 ICE €0S Single | g/515000 | 8/21/2000
Jennings Parish Acting Diesel
2 | 003-10-0011 | Southern Pacific Acadia 1 | 24 -28 21.5 57 85 49.5 20.5 Vulcan 512 0/8/1998 | 10/8/1998
Railroad Owerpass
3 | oo3-10-0011 | Southem Pacific Acadia 3 | 24 -37 24 48 85 61 20.5 Vulcan 512 8/31/1998 | 10/1/1998
Railroad Overpass
Southern pacfic Delmag 46-02
4 | 005-01-0056 . p St. Mary Parish 1 24 -79.5 5.5 10.5 90 85 21.7 Single Acting Diesel -| 4/12/1995 | 5/12/1995
railroad overpass
OED
Southern pacfic ICE 425
5 | 005-01-0056 . P St. Mary Parish 2 14 -64 -0.3 10 74 63.7 7.6 Single Acting Diesel -| 4/6/1995 | 5/1/1995
railroad overpass
OED
Southern pacfic Delmag 30-32
6 | 005-01-0056 . P St. Mary Parish 3 24 -80 7 12 92 87 22.2 Single Acting Diesel -| 4/18/1995 | 5/15/1995
railroad overpass
OED
Vulcan 020
7 | 047-02-0022 | Bogue Chitto Bridge Washigton 2 30 60.25 132.75 132.75 72.5 72.5 23.6 Single acting - -
ECH
8 | 061-05-0044 Route LA 10 Bast Feliciana |, | o) | 1973 177.31 182.09 64.78 60 165 ICE 120S Single - -
Parish Acting Diesel
Bayog Lafourche - Delmag 30-23
9 | 064-06-0036 Bridge and Lafourche Parish 1 24 -42 -3 16.91 58.91 39 14.2 . . . 8/30/2000 | 9/13/2000
Single Acting Diesel
Approaches
065-90-0024 Houma I.C.W.W. . Delmag 19-32
10 855-04-0046 Bridges Terrebonne Parish 1 14 80 0 0 80 80 8.2 Single Acting Diesel 7/6/1993 | 7/20/1993
065-90-0024 Houma I.C.W.W. . Delmag 19-32
11 855-04-0046 Bridges Terrebonne Parish 2 14 70 0 3.48 73.48 70 7.5 Single Acting Diesel 6/28/1993 | 7/12/1993
065-90-0024 Houma [.C.W.W. . Delmag 19-32
12 . Terreb Parish 3 14 -80 0 14.5 94.5 80 9.6 . . Rk 10/20/1993| 11/4/1993
855-04-0046 Bridges errebonne Fars Single Acting Diesel
065-90-0024 Houma I.C.W.W. . Delmag 19-32
13 855-04-0046 Bridges Terrebonne Parish 4 14 80.5 0.47 11.5 92 80.97 9.4 Single Acting Diesel 2/25/1994 | 3/11/1994
065-90-0024 Houma I.C.W.W. . Delmag 19-32
14 855-04-0046 Bridges Terrebonne Parish 5 16 70 1.5 2 72 71.5 9.6 Single Acting Diesel 7/1/1993 | 7/15/1993
065-90-0024 Houma I.C.W.W. . Delmag 30-23
1 T P h 1 -98.7 11. 11 7 14.7 14/1! 29/1
5 855-04-0046 Bridges errebonne Paris 6 6 98 0 3 0 98 Single Acting Diesel 9/14/1993 | 9/29/1993
ICWW Bri
16 | 239-01-0080 C ridge St. Mary Parish 3 14 -52 4.125 -1.87 50.13 50.13 5.1 Vulcan 010 (Air) 6/14/2001 | 7/5/2001

Approaches (Louisa)
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Diam Tip Cut-off Pile Embedm Weight
. . . . . Ground ) ent : Date of Date of
No.[ ProjectID Project Name Parish Pile ID| . elevation elevation (ft elevation length lenath of Pile Hammer type drivin loadin
(inch)| () vation (ft (t) (ft) (f?) (Tons) ving ng
ICWW Brid
17 | 239-01-0080 nege St.Mary Parish | 4 | 30 835 1.325 8.36 01.86 | 84.825 | 43.1 Vulcan 025 (Aif) | 6/15/2001 | 7/2/2001
Approaches (Louisa)
) . . Delmag 46-32
Tichfaw River Bridge L . . h )
18 | 260-05-0020 | 'S RNVEIBNAGE | ingston Parish | 1 | 30 60 6.3 13 73 66.3 23.8  |Single Acting Diesel -| 2/25/1998 | 3/23/1998
and Approaches
OED
Delmag 46-32
19 | 260-05-0020 | Tickfaw River Bridge | Livingston Parish 3 30 -70 2 11 81 72 26.4 [Single Acting Diesel -| 3/26/1998 | 4/17/1998
OED
. ) Delmag 46-13
262-06-0009 & | Bridge #1 Tickf St. Hel d _ 925
20 ridge =2 Tickiaw eena an 1| 24 8.8 93.7 9.8 o1 84.9 21.9  |Single Acting Diesel -|10/16/1990 | 11/5/1990
262-07-0012 River Tangipahoa OED
. ) Delmag 46-13
01 [26206:0009 & Bridge #11 Tickfaw | St Helenaand |, | 82 9.8 9.8 105 105 253 |Single Acting Diesel -| 10/16/1990|11/12/1990
262-07-0012 River Tangipahoa OED
29 | 283-03-0052 West bank Jefferson 1 | 18 -120 0 120 120 203 - - -
(New Orleans) expressway
424-04-0026 US 90 - Lewis Street _ _
23 (New lberia) Interchange New Iberia 2 14 -49.5 5.5 10.5 60 55 6.1 Vulcan 010 (Air) 10/16/1997|11/14/1997
(Owerpass)
24 | 424080007 | YS S0Interchange | parish 1| 14 30 10.4 22 52 40.4 53 ICE 60S Single | o1 2000 | /1872000
at John Darnell Road Acting Diesel
25 | 424080007 | US S0Interchange | parish 2 | 14| =302 7.3 20.63 50.83 | 37.5 5.2 ICE 60S Single | o) 2000 | 571972000
at John Darnell Road Acting Diesel
26 | 424-05-007g | BAYOUBoeuBridge | o o paiish | 1 | 14 70 7 10 80 77 8.2 Delmag 19-32 | 4151/1997 | 5/5/1992
Main Span Double Acting Diesel
27| 424-05-007g | BAYOUBoeuBridge | o o paiish | 2 | 14 70 5 10 80 75 8.2 Delmag 19-32 | ,151/1997 | 5/5/1992
Main Span Double Acting Diesel
28 | 424-05-007g | BAYOUBoeuBridge | o o paiish | 5 | 14 -80 05 5 85 80.5 8.7 Deimag19-32 1151 4/1995| 1212011992
Main Span Single Acting Diesel
29 | 424-05-0081 | BAYOU BoeurBridge (1 o 1o paish | 1 | 14 -90 0 6 9% 9 9.8 Delmag 19-32 | 1150/1994 | 51911994
West Approch) Single Acting Diesel
Bayou Boeuf Bridge ( Delmag 46-32
30| 424-05.0081 |~ 9 st.Maryparish | 2 | 30 | -1125 0 3 1155 | 1125 | 37.6 |Single Acting Diesel -| 6/20/1994 | 7/12/1994
West Approch) OED
31| 424050081 |BAYOUBoeutBridge (| o\ paish | 3 | 14 -68 35 6 74 64.5 7.6 _Delmag 19-32 1 5611994 | 5/12/1994
West Approch) Single Acting Diesel
32 | 424050081 |BAYOUBoeuiBridge (| o\ paish | 4 | 16 69 0.85 11 80 69.85 10.7 _Delmag 19-32 | 5151994 | 5/27/1994
West Approch) Single Acting Diesel
33 | 424050087 |MOr9aN City - Gibson | oy parish | 1 | 16 -68.5 1 165 85 69.5 11.3 ICE640 6/9/1992 | 6/25/1992
Highway Double Acting Diesel
Morgan City - Gibson Delmag 46-23
34 | 424-05-0087 g Highzvay St.Mary Parish | 2 | 30 -88.5 12 3 915 89.7 42.9 |Single Acting Diesel -| 1/16/1992 | 1/28/1992
OED
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Diam Tip Cut-off Pile Embedm Weight
. . . . . Ground ; ent : Date of Date of
No.[ ProjectID Project Name Parish Pile ID| . elevation elevation (ft elevation length lenath of Pile Hammer type drivin loadin
(inch)| () vation (ft (t) (ft) (f?) (Tons) ving ng
Morgan City - Gibson Delmag 46-23
35| 424-05-0087 9 Hi hzva St. Mary Parish 3 30 -100 4.05 7 107 104.05 50.2 Single Acting Diesel -| 2/10/1992 | 2/26/1992
ghway OED
Morgan City - Gibson Delmag 46-23
36 | 424-05-0087 9 Hi hzva St. Mary Parish 4 30 -100 -0.7 6.38 106.38 99.3 49.9 |Single Acting Diesel -| 2/19/1992 | 3/5/1992
gy OED
Morgan City - Gibson Delmag 46-23
37 | 424-05-0087 9 Hi hzva St. Mary Parish 5 30 -107 6 7 114 113 53.4 Single Acting Diesel -| 3/11/1992 | 3/25/1992
gnway OED
38 | 424-05-0087 | MOrgaN CIy - Gbson | gy iy parish | 7 | 16 75 2 10 85 77 11.3 CE640 6/9/1992 | 6/30/1992
Highway Double Acting Diesel
CHE(I?ASI-(I)O'\CLA Delmag 4623
39 | 424-07-0008 TERREBONNE 1 30 -130 2.7 7 137 132.7 44.6 Single Acting Diesel -|10/12/1990(11/13/1990
(relocated US 90) OED
Route LA 3052
CHE(ISASI-(I)O'\CLA Delmag 46-23
40 [ 424-07-0008 TERREBONNE 3 30 -125 2.4 12 137 127.4 44.6 Single Acting Diesel -|12/21/1990| 1/12/1991
(relocated US 90) OED
Route LA 3052
Delmag 46-23
41| 424-07-0009 GIBSSIZECV?:(LAND TERREBONNE 3 30 -116.7 5 26.3 143 121.7 46.5 Single Acting Diesel -| 5/15/1991 | 5/31/1991
OED
Delmag 46-23
42 | 424-07-0009 GIBS('_)”ZEC‘V(;%LAND TERREBONNE 4 30 -115 5 10 125 120 40.7 Single Acting Diesel -|12/14/1990| 1/18/1991
OED
Delmag 46-23
43 | 424-07-0009 GIBSggE@iE(LAND TERREBONNE 4A 30 -119 5 6 125 124 40.7 |Single Acting Diesel -| 1/23/1991 | 2/7/1991
OED
44 | 424-06-0005 | Bayou Boeuf Bridge |Assumption Parish 1 14 -70 -2 5 75 68 7.7 lCAIf:t?:s DDiZL;ZIIe 5/18/1993 [1998/16/199
45| 424-06-0005 | Bayou Boeuf Bridge |Assumption Parish| 2 14 -76 -4 4 80 72 8.2 ICE §40 Qouble 5/18/1993 | 6/1/1993
Acting Diesel
46 | 424-06-0005 | Bayou Boeuf Bridge |Assumption Parish| 3 14 -84.5 -7 0.5 85 775 8.7 liit?:s DDiZL;ZIIe 10/1/1993 |10/19/1993
47 | 424-06-0005 | Bayou Boeuf Bridge |Assumption Parish| 4 14 -85 -6 0 85 79 8.7 chit?:g DDiZL;ZIIe 9/30/1993 |10/26/1993
48 | 424-06-0005 | Bayou Boeuf Bridge |Assumption Parish| 5 14 -85 -6 0 85 79 8.7 chit?:s DDiZL;ZIIe 9/30/1993 |10/28/1993
49 | 424-07-0021 Bayou L'ourse Terrebonne 1 30 -114.5 2 9.5 124 116.5 40.4 D46-02 - -
Mississippi River ICE 42S
50 | 434-01-0002 | Bridge at Gramercy - 3 14 -46.45 17.55 40.55 87 64 28.3 Single Acting Diesel -| 12/1/1992 | 1/5/1993
(West Approaches) OED
1-10 Willi
51| 450-15-0085 riams Jefferson 3A | 14 -64 115 23 87 75.5 8.9 - - -
Boulevard Interchange
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. . . Embedm .
Diam Tip Cut-off Pile Weight
No.| ProjectiD Project Hame Parish Pie D] . | elewation EI:\;E:{H} elewation | length |:nr;u1 of Pile Hammer type zfit::f Ii:r‘l’f
finch}|  (ft) () 7t w | o) d .
Cais eway Boulevard 1 APE D30-42 A i
52 | 450-150100 | ~=° (Prese ) Jeffrson 14 -45 -3 0 45 42 46 (E£0D) 210/2009 | 2/26:2009
Cas eway Boulevard APE 03042 s -
53 | 450-15-0100 Jeffars 2 14 -45 3 0 45 42 46 V42009 | 3152009
interchangs (Fhase ) on < {ECD)
Cais eway Boulevard APE D042 i o
54| 450-15:0100 | =7 (Prase ) Jefferson a 14 | -m0a7 3 087 20 7787 22 (EOD) 11/24/2009| 12/8/2009
Causeway Bouleward APE 03042 s .
55 | 450-15-0103 Jeffers 1 14 43 3 -1 42 40 43 12/22/2009| 152010
interchange (Phase Iy en {(EOD)
Causeway Bouleward - APE D342
56 | 460150102 | S m o Phee Iy Jeffrson 2 14 | maz 3 0 g4.2 81.2 86 [EOD) - -
Causeway Bouleward - APE 03042
57 | 450180103 | T e 1y Jefferson s 14 | 854 3.5 0 85.4 81.8 BT o0y
Causewsy Bouleward - APE D342
58 | 450-150103 Jeffers 7 14 | -ee23 3 123 a7 8523 a8 - -
interchange (Fhase Il on {ECD)
Luling Bridge (Marth N e
59 | 450-28-0002 St. Charles s | = -110 2 10 120 112 381 | Vulcan010(MOD) | 241931 | 32111991
Approschl-USE1 ulcan 010 {MOD)
Vulcan0g . FE=REEN
455050028 | Sugarhowse Road - 1 14 5 75 7= 70 70 7.1 5251900
vgarhowse hoa Single Acting Diese 711241990
Vulcan08 et &/21/1990
81 | 455050028 | Sugsrhowse Road - 2 | 14 5 78 20 75 72 77 | Single Adting Diese | 72190 | 71011930
Vulcan08 . &/21/1990
62 | 455050036 | Sugarhouse Road - 3 | 14 14 75 73 85 a4 85 | Singe Acting piese | 2% 1% | 20
Bayou Milhomme . Delarmng D30-32 — .
B3 713480083 | poi e norceches St. Martin 1 | 24 -5 20 17 72 5 17.4 vl 7/24/2000 | &/2/2000
Bayou Milhomme . Delamg D30-32 e .
B4 [ 713480083 | pii e nrceches St. Martin 2 | 24 25 20 11 o8 85 3.2 oD 7/24/2000 | &/2/2000
742080073 | Morth Eightesnth o Delarng D12-22 e o
8 | ez z70010) ot CuschitParish | 2 | 14 | 2108 79.58 o1.08 70 ER.5 71 i 5/22/2000 | &/8/2000
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Embedm

Diam| Tip Cut-off Pile Weight
. ) . . i ) ent - Date of Date of
Mo.| Project ID Project Name Parish Pile ID| elevation| Ground |elevation | length leneth of Pile | Hammer type drivin loadin
linch| [ft) |elevation (f)  (ft) (t) : ff] (Tons) & .
H 308 & Hw
66 |829-10-0013| ¥ con "Wl Terrebonne | 1 | 24 | -a0 6 6 46 46 1.1 - - -
Intercoasta
855-14-0003 N ri
67 03| waterway Bridge 1 | 18| -o5 0 0 95 g5 16.0 - - -
(Houma) |Project Avenue
Extension)
&8 SETUP Bayou Boeuf US 90) Margan City 3 30 -130 0 12 142 130 45.2 ICE -62w2
SETUP
69 Tlil:él_gg_l Bayou Lacassine | Jefferson Daviz 1 30 -85 0 10 75 B5 244 ICE |-82v2
0030)
SETUP
70 H.002071 Bayou Lacassine | Jefferson Daviz | 3 30 -65 0 10 75 65 244 -
(1956-03-
D030)
71 SETUP Bayou Zourie Vernon - 24 145.55 196.559 201.59 55 50 13.53 Vulcan 010
T2 SETUP LA-01 2 16 -120 4] 10 130 120 17.3 Vulcan 010
73 SETUP LA-01 3 30 -180 0 10 190 180 E1.8 Vulcan 020
74 SETUP LA-01 4a 24 -150 0 10 150 150 386 Vulcan 020
75 SETUP LA-01 ab 24 -200 0 10 210 200 50.6 Vulcan 020
76 SETUP LA-01 Sa 24 -139 0 B 145 139 35.0 Vulcan 020
T7 SETUP LA-01 5b 24 -163 4] 7 170 163 41.0 Vulcan 020
West Bat ICE 605 singl
72 [008-01-0042| Lz 415 — L= 283 =stBaton 1 | 16 | 5266 2 2850 | 8125 | 5066 | 108 oY= SINEIE |9 pras2000 |10/19/2000
Rouge acting Diesel
Interstate Twin Vulcan 30
Orleans and 5t. . . 3
79 (450-17-0025| Span over Lake 1 36 | -119.3 06 141 119.9 66.0 |single action air| 8/21/2000 | 9/11/2000
) Tammany
Pantchartrain hammer
Interstate Twin Vulcan 30
Orleans and 5t. . . 3
80 (450-17-0025| Span over Lake Tamman 3 36 | -130.17 04 141 13057 656.0 |single action air| 9/29/2000 | 0/31/2006
Pantchartrain v hammer
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Soil Description

Figure 70. 1) 003-07-0019 TP#1
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Figure 71. 2) 00310-0011 TP#1

Soil Description me, LL, PL Su {psl) Cone Tip Resistance o (150 Probability of Sail Type(%)
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Figure 72. 3) 00310-0011 TP#3
Soil Description mz, LL, PL Su {psf) Cone Tip Resistance o.(tsf) Probability of Soil Type{%)
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Figure 73. 4) 005-01-0056 TP#1

Spil Description ms, LL, PL Su {psf) Cone Tip Resistanca g {tsf) Probability of Sail Type{%)
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Figure 74. 5) 005-01-0056 TP#2
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