AN EXPERIMENTAL AND THEORETICAL STUDY OF PILE
FOUNDATIONS EMBEDDED IN SAND SOIL

AMEER ASHOURJEBUR

A thesis submitted in partial fulfilment of the

requirements olfiverpool JohnMoores University

for the degree of Doctor of Philosophy

April 2018



Statement ofAuthorship

The research documented in this thesis was conducted at Liverpool John Moores
University,Department of Civil Enginegrg. | herebydeclare thatexcept where specific
reference is made to the work of othengs is mywork and has not been submitted for a

degree at another university.

Ameer Ashour Jebur
Liverpool John Moores University, UK

April 2018



Abstract

This study aimed to examine the load carrying capacitgnodel instrumentedpiles
embeded in sand sqjlandto developand verifyreliable, higlty efficient predictive
modesk to fully correlatethe nonlinear relationshipf pile loadsettlementbehaviour
using a new selftuning artificial intelligence (A) approach.In addition, a new
methodologyhas been developgd which the most effective pile bearing capacity design
parameters can bgreciselydetermined.To achieve tIs, a series of comprehensive
experimental pile load tests werarried oubn precast concrete piles, steleisedended
piles and steabpenendedpiles, comprised of three slenderness ratios of 12, 17 gnd 25
usinganinnovativecalibratedtesting rig,designed and manufactured at Liverpool John
Moores University The model piles werestedn alargepile testing chambeatarange

of differentdensities of sand; l00$&8%) medium(51%)and dens€83%). It is worth
noting that novel structuralfibres were utilised and optimised for different volume

fractions to enhance tleechanical performance obncrete pils.

Theobtainedresults revealed th#te higher the values of the of the pile effective length
Lc (embedded length of pile3and density, and the spile angle of shearing resistance,
the higher the axial load magnitudes to reach the yield [irhis can be attributed the
increase in the end bearing point andbilisedshaft resistancdn addiion, the plastic
mechanisnoccurring in the surrounding soilasidentified astheleading cause for the

presence ofhonlinearityin the pileload tess.

Furthermorea newenhancedelf-tuningsupervised.evenbergMarquardt (LM) training
algorithm, based oaMATLAB environment,wasintroduced and applied in this process

Theproposedlgorithmwastrained after conducting comprehensivetatistical analysijs



the key objectivebeingto identify and yield reliable information from the most effective
input parametershighlightt he r el at i Betavaluep oratnan cteh el st &

si gni fSigvatuesc eo fii each model i nput wv.ari abl e

To assess the accuraanyd the efficiencpf theemployedalgorithm, different measuring
performance indicator@VIPI), suggested in the open literatumeere utilised. Common
statistical performance indexe%.,root mean square error (RMSH),e a r snonmeit s
correlationcoefficient(p), coefficient of determination (RAind mean square error (MSE)
for each model were determineBased on the graphicand numericacomparisons
between the experimental and predicted 1seiflementvalues the results revealed that
the optmum mode$ of the LM training algorithmfully charactesed loadsettlement
responseavith remarkableagreement. Additionallythe proposed algorithm successfully
outperformed the&onventional approachedemonstrating théeasibility of the current

study.

New design charts have been developedaloulatethe individual contribution of the
mostsignificantpile bearing capacity design parametérs baeth pressure coefficient

(K) and thebearing capacity factor ( )o. Theimprovedapproach takes into account the
change in sand relative density, pitaterialtype, and the pile slenderness ratios. It is
therefore a significant improvement over most conventional design methods
recommended in the existing desigmcedureswhich do no consider the influence of

themost significanparametershat goverrthe pile bearing capacity design process.



Acknowledgements

I would like to express my sincere gratitude and appreciation forimgipal supervisor,
Dr. William Atherton,and my supervision teafrofessor Rafid AL Khaddar and Dr.
Edward Loffill for their supervision,professionalsupport endless encouragement,
invaluable guidancegndfor facilitating myprogresshroughout thgperiodof my study

at Liverpool John Moores Universijtiiverpool, UK

| would like to extend mythanksto the technicalstaff of the Civil Engineering
Department, in particular Meblm Feeganwho provided expertisendgreat assistance

for theexperimental programme of wo

The authors would like to thank tBternalExaminer Prof. W. H. Craig, and tiheternal
Examiners Prof. D. ADumeily and Dr M Sadiquefor their thoughtful reviewandthe

constructivefeedbackwhich helgdto improve the quality of théhesis.

My acknowledgmentand greatapperceptiongoes to thelragi Ministry of Higher
Education and Scientifilkesearch,the Iragi Cultural Attaché in London and the

University of Wasit for the grant provided to carry out this research.

| wish toexpress my extremgraitude to my family, in particular my beloved mother
and father for their continuous camotivationand supportfinally, | owe my thanks to
my wife Mrs. Zeinab AAttar, my lovely boys Mohammed and Hassaswvithout their
undersanding, patience and contirdiencouragemeritwould have beedifficult for me
to successfullyffinish myPhD thesis

Ameer Ashour Jebur

Liverpool John Moores University, UK

April 2018



Dedication

This thesis is dedicated to my father and mother.

To mybrothers and sisters for their support.

To my wife, for her continuous helpndless support, and sacrifice over these years.

To my lovely sons Mohammed and Hassan who make the world a much happier

place.

Sincerely,
Ameer Ashour Jebur
Liverpool John Moores University, UK

April 2018



Awards and Recognitions

No. Award Name Events and Awarding Body Year
1 Best Paper ICCBE 2016: 18 International Conferenc May 2016
on Civil and Building Engineering, Londol
UK.
2 Best Poster Edge Hill University: Cutting Edge April 2017
Postgraduate Conference Poster Prize Win
3 Best Paper The 3rd BUID Annual Doctoral Researc May 2017
(39 runner up) Conference 2017. British University in Dub:
Dubai.
4 Certificate of Awarded by theAmbassador of the Republ March 2017
Excellence of Iraq in the UK, and the Iraqi Student Socit
in the UK.
5 Recognition Awarded by thé&xecutive Dean of the Facult May 2017
Award and  of Engineering and technology, LIMU, durii
appreciation the Facultyresearch week.
certificate
6 Associate UK Professional Standards Framework January 201€
Fellow of the teaching and learning support in highe
Higher education. Higher Education Academy Boa
Education UK.
Academy
7 Medal of Awarded by thelragi Minister of Higher January 2018
Excellence Education and Scientific Research

University College LondonUK.

Vi



List of Contents

Statement of AUTNOISNIP.........ooiiiiiii e I..
Y 013 1 = Lo AT PP PPPPPP i,
ACKNOWIEAGEMENLS. ... e v
D Z=To [Tor= 1 (o] o PRSP PPPPPRPI v
Awards and ReCOgNItiONS..........coooiiiiiiiiiieeee e ceeseisvrennneeeeeeeeeeees M
[ 0 ) @0 (=T o £ P Vil
LISt Of FIQUIES ...ueeiiii e smmmnenneees XVi
S 0 =1 LSS XXV
List Of ADDIEVIAtIONS. ..o XXVii
N0 [T T F= L = XXIX
CHAPTER 1 oo ermme et e et e et e e e e e e e eas 1
General INtrOAUCTION..........uuieiieee s e e e e e e e e eerer s s e e e e e e e e e e e e e eeeeeeeeannnes 1
R 01 To [ T 1 [ o OO SPPPRRT 1
1.2 Research Aim and ObJECHIVES...........ccoiiiiiiiiiiieer e 3
1.3 TheSIS OULINE....ccoeeieieiei e e eenas 5
Background Study IA Review of Pile Foundations...............ccccoeeevvveeeeieceevennenn

Vil



P2 R [ 011 ¢ Yo [ o3 ([0 o FUUN U PR 7

2.2 Pile Foundations Design APProaches.............eeeeeeeeiieeeuviniiriieiiieeeeaeeeeeas 7
2.2.1 Total Stress Design Approach..........ccccvvivviiiiiieee e e 9
2.2.2 Effective Design APProachy............eeeeiiiiiiiiiieesiiiiiieeeeeeee e 11

2.3 Pile Bearing Capacity Testing Methads..........ccccoeeiiiiiiicce 12
2.3.1 Constant Incremental Rate of Penetration (CIRP)..................cc.eee. 12
2.3.2 Maintained Load TesSt (MLT)....cuuviiiiiiiiiiiiiiiiee e 13
2.3.3 Dynamic Load Test (DLT)....cccovviiiiiiiiiiii i eaeee s 13

2.4  General Factors Influencing Pile Design..........ccooovviiiiiiiccc e 14
2.4.1 Bearing Capacity FACLOr.............uuuiiiiiii e veeer e 14
2.4.2 Earth Pressure CoeffiCient..........cc.ueeiiiiiiiimmniieeee e 17
2.4.3 Soil-Pile Angle of Interface Friction..............oooooiiiimemnciciee 19

2.5 Outline of Pile Settlement Prediction Methods..............cccovviiieaceinninee. 20
2.5.1  INTrOAUCTION . ....ciiiiiiiiieiee e 20
2.5.2 Poulos and Davis (1980) Method.............ccoovviiiiiiceeii e 21
2.5.3  VeSIC (1977) APPrOACH.......uuuiiiiiiiiiiiiii et 22
2.5.4  Das (1995) MENOU. .......c.oveeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeees e eeess e eseeeneees 23

2.6  Uplift Capacity of a Single Pile: Outline of the Existing Predictive Mod&l3

p20 S T0 I 1 01 1 (0 Yo [ 1 (] o WU UR TR OO TR T PP PRI 23

2.6.2  Meyerhof (1973).....cooeiiii e 24



2.6.3 Truncated CoNe MOAEL......c.oooniie e 24

2.6.4  DAS (1983)....eeieieeeeeereeeeeeeeeeeeeee et eeeee st 25
Background Study II: A Review of Artificial Neural Networks (ANNS)............ 26
2.7 INEOTUCTION. ....ceiiiiiiiieee e e eeeeee 26
2.8 Functiorality of ANN Model...........oouiiiiiiiiiiiiiiiee e 27

2.8.1  Transfer FUNCLONS. ........cooiiiiiiiiie e 29
2.9 ANN ArChItECIUIE....cciii it 31

2.9.1 Single Layer Feeforward Networks..........cccceovveeieeeiiiiceeiiiiiiceeeeeee, 31

2.9.2 Multilayer Feedforward NetwWork...........cccceeiiviiiiiiicce e 32

2.9.3  ReCUITeNt NEWOIK........ccoiiiiiiiiiieeeiicemn et 34
2.10 The Error Backpropagation................ceeeeeeiiisceceiiiiie e e eeaeeee s 35

2.10.1 The Algorithm of Error in Backpropagation..................eeeeeeeeieeeennnn. 36
2.11  The LevenbergMarquardt (LM)Training Algorithm ... 40

2. 111 INTrOAUCTION ....ciiiiiiiiieeee e 40

2.11.2 Determination of the LM Architecture............ccccouvvmiiiiieecciiiiriiienee, 46

2.11.3 Model Performance Evaluation..................ceeiiiieemiiiiiiiiiiiiiiiiieeeeeee 46
2.12  Related StUdIES........cviviiiiiiiiiiiiiiieeeeeeeee e A8
2 e T YU | 01 0 1 = Y U 52

L 5 17l 1 2 53
Experimental Meth@olOogy............uuuuuuiiiiiiii e ereer e e e e e e 53

iX



1C 700 R [ 011 o Yo [ o3 [0 o FUUN RO OURRRRRR 53

3.2 Development of the Pile Testing Chamber...............ccccviieeeiiiiiiiinnee. 54
3.3 SN PrOPEIIES.....cccc e eeee e e a e e e e 59
3.4 Direct Shear Tests of the Sand.............ccccvviiiimeenii e 64
3.4.1 Results of Sand Direct Shear BoX TeSL........ccccuvvvimiimiieemiiiiiiiiieeee. 64
3.5 Model Piles Specifications and Loading Procedute................c.coeeeeenn 75
3.6 Characterisation 0f CONCIrete MiX.........ccviviiiiiiiiiiiieeceeeeeeee e 83
3.7 Structural FIDreS........oviiiiiei e 86
3.7.1 Macro Synthetic Structural Fibres (SF) Type L......cccccovvviiiiriieennes 87
3.7.2  Micro Synthetic Structural Fibres (XT) TYP€.2.........veeeieeiieeseeennns 38
3.8 SUIMMIAIY. et eer et e et e e e e s e e e et e e e e e e e ean e e s ennmeenn s 93
L0 5 17 o 1 95

Results and Discussion: Lo&kttliement Curves for Precast Concrete, Steel Closed

ended and Steel Op@mded Piles Subjected to Compression Loads............... a5

S I [0 (010 [U (o3 1[0 o T UT TP PP RUPRURRRI 95

4.2 Development of the Trained LM Model for Model Piles Subjected to

COMPreSSION LOAAS. .......ooiiiiiiiiiiiteees s aeeea bbbt e e e e e e e e e eeanes 96
4.2.1 Model Input and OQULPUL.........cooviiiiiiiii e eeeee e 102
4.2.2 Statistical Significance of Independent Variables (LIVS)................. 103
4.2.3  OULHEIS ...ttt 104



42.4 Data Size

4.3 Performance Analysis of the LM Algorithm for Concrete Model Piles
Embedded in Loose, Medium and Dense Sandy.Soil............ccccceeviiceeevnnnnnns 109

4.3.1 Concrete Piles under Compression Loads........ccccccoeeveviiiaacneneenn. 110

4.3.2 Measured Versus Predicted Pile Load Tests for Concrete Piles Subjected to
Compression Load

4.3.3 Comparison btween the LM Optimum Model with the Various Traditional
Methods for Concrete Piles

4.4 Factors Affecting Pile Capacity for Concrete Piles Subjected to Compression

4.5 Performance Analysis of the LM Algorithm for Steel Clossdied Model Piles
Embedded in Loose, Medium and Dense Sandy.Soll............cc.eevvvieeecennnnnnee. 124

4.5.1 Steel Closeebnded Piles Subjected to Compression Loading....... 125

45.2 Measured Versus Predicted Pile Load Tests for Steel Glsgded Piles
Subjected to Compression Loads..............uuueeiiiicccreeieieiiiiiieee e e eeeeaanans 127

4.5.3 Comparison btween the LM Optimum Model with the Various Traditional
Methods for Steel Closeended PilesS...........ccooooiiiiiiiiiiee e 133

4.6 Factors Affecting Pile Capdy for a Steel Closeénded Pile Subjected to
COMPreSSION LOAM. ......coiiiiiiiiiiiiii e eeeas 135

4.7 Performance Analysis of the LM Algorithm for Steel Opawnled Model Piles
Embedded in Loose, Medium and Dense Sandy.Soll...........cccceevvvieeecinvnnnnne. 137

4.7.1 Feasibility of the LM Trained Model for Steel Opended Piles under
COMPreSSION LOAM........coiiiiiiiiiiiiii i 138

4.7.2 Measured Versus Predicted Pile Load Test for Steel ®pdad Piled41

Xi



4.7.3 Comparison between the Trained LM Model with Traditional Design
Methods for Steel Opeanded Piles..........cccooiiieiiiiiiiieeeeie e, 147

4.8 Ultimate Bearing Capacity of a Steel Opemded Pile under Compression

0= 0 PP PP PPPPPPP 150
4.9 SUMMAIY....iiiitiieeee ettt eeeee et e ettt e e e aeeee e e e e e et e e e e e eeana e e aaaneeeas 152
CHAPTER 5 oo eeeee et e ettt earnnnne 154

Results and Discussion: Lo&kttlement Behaviour for Precast Concrete, Steel
Closedended and Steel Op@mded Piles Subjected tplift Loads................... 154

YR N 101 1 (Yo [ U1 1 o] o FEUR RO TR OO 154

5.2 The LM Training Algorithm for Modelling Loagettlement Response of Piles

Subjected to Uplift LOAdS...........evuuiiiiiiiii i eeeer e 155
5.2.1 Model Input and OULPUL............oviiiiuiiiiiimre e eeeenaaaaes 155
5.2.2 Statistical Armalyses and Dataset PPeoCeSSINg.........cceveeeeeeeeiiiiiieen. 156
5.2.3 Data Size CONAItION.........oviiiiiiiiiiiiii et ieeere e 157
524 OUIHEIS ....uiiiiiiiiiiieiiieeee e 157

5.3 Feasibility of the LM Algorithm for Modelling Loadisplacement Behaviour
of Concrete Model Piles Penetrated.oose, Medium and Dense Sandy Soil Subjected
to a Wide Range Uplift Loading..........cooiiiiiiiiiiimeen e 161

5.3.1 Concrete Piles under Uplift Load............cccovviiiiiieeeniiiiiiie e, 162

5.3.2 Measured Versus Predicted Pile Load Tests for Concrete Piles Subjected to
(0 o] 11 0 o = To BRSPS 164

5.3.3 Assessment of the LM Model Performance for Concrete Piles under Uplift

Load with the Existing Predictive Approaches...........ccccuvviviiiccciiiiiniiininnns 170

xii



5.4 Factors Affecting Pile Capacity for a Concrete Pile Subjected to Uplift
LOBOE € it 172

5.5 Feasibility of the LM Algorithm to Simulate Loadisplacement Response of
Steel Closeended Piles Penetrated in Loose, Medium and Dense Sandy Soil subjected

to a Wide Range of Uplift LOading.........ccccuuuurmiiiiiiieeeiiiiiiiiiieeee e 174
5.5.1 Performance Evaluation of the Proposed LM Algorithm............... 174

5.5.2 Evaluation of the Experimental and the Predicted Leettlement
Response for Steel Closedded Piles Subjected to uplift Load.................. 176

5.5.3 Comparison between the LM Model for Steel Cleseded Piles with the
Various Traditional Methods.............uiiiiiiiii e 182

5.6 Factors Affecting Pile Capacity for Steel Clossatled Piles Subjected to Uplift
0 = o PSPPI 183

5.7 Performance Analyses of LM Model for Modelling of Uplift Leddformation
of Steel Operended Model Piles Penetrated in Loose, Medium and Dense Sandy
SOIE € o ———————————————————————- 185

5.7.1 Performance Evaluation of the Proposed LM Algorithm............... 185

5.7.2 Measured Versus Predicted Pile Load Tests for Steel -@pead Piles
Subjected to Uplift LOAdS...........uvvviiiiiiiii e eeeer e 187

5.7.3 Ultimate Uplift Capacity for Steel Opeended Piles Subjected to Uplift
[0 = Lo L < 191

5.8 Influence of Pile Effective Length and Sand Relative Density on the Ultimate

(6] 11 10T o F- Lo | /PP PPPPPPRRP PP 193
5.9 SUMMAIY. . iuiiiiiii et eeree e e e et e e e et e e e et e e e et e e eenn e e e ennmeeens 194
CHAPTER 6 ..ottt ettt e e e 196

Xiii



Analysis of the Loadransfer for Precast Concrete, Steel Cleseded and Steel Open

ended Piles Embedded in Sandy SOil...........ccccooiiiiiieeei e, 196
6.1 INErOTUCTION. .....eiiiiieiiiitiii e rmcer et 196
6.2 Bearing Capacity FactotHa) for Concrete Piles..........cccccoeeiiiiiiiiiceennnns 197
6.3 Earth Pressure Coefficient (K) for Concrete Piles..........cccccvvvvvviieen... 201
6.4 Bearing Capacity FactotHa) for Steel Closed@nded Piles...................... 203
6.5 Earth Pressure Coefficient (K) for Steel Closettled Piles..................... 207
6.6 Bearing Capacity FactotHa) for Steel Operended Piles....................... 209
6.7 Earth Pressure Coefficient (K) for Steel Opmrded Piles....................... 213
6.8  SUIMMAIY....uiiiiiiiieiiii et ereer e e e et e et e e e et e e e an e annneees 215
L5 17N o 1 217
Conclusions and Recommendations for Future Warks.............cccccovvceeninnee 217
7.1 CONCIUSIONS. ...ciiiiiiiieeeee e bbb eeeas 217
7.2 Recommendations for Future Work............ccccoiiiiiieeeiiiii e 221
RETEIENCES. ... ettt et e e e e e e e s eee e e e e e e e e e as 222
Y o] 01T o [ o = USSP 233

Appendix 1:%MATLAB code, including the optimum number of hidden layers, the
data dividing process for each ssét, used to run the LM algorithm for all ANN
developed MOAEISHD........ccoeuuiii i e e e eaaes 233

Appendix 1l: %MATLAB Neural Network Function, including the optimum
connection weights, and details about the transfer function for the concrete pile model
tested in three relative densities and subjected to compression laads%......235

XV



Appendix lll: %Regression Calibration Curve Code, whids been developed and
used to individually determine and draw the testing dataset for each case of pile loading

tests with 95% confidence interval (Cl) level of fit%.............cccceeiiiiiicccniinnnnnns 238

Appendix IV: %MATLAB Neural Network Function, including the optimum
connection weights, and details about the transfer function for the steel-elued
pile model tested in three relative densities and suldjéateompression loads2#0

Appendix V: %MATLAB Neural Network Function, including the optimum
connection weights, and detadbout the transfer function for the steel ojeeled
piles tested in three relative densities and model subjected to compressiondddds%

Appendix VI: %MATLAB Neural Network Function, including the optimum
connection weights, and details about the transfer function for the concrete pile model

tested in three relative densities and subjected to uplift loads%................... 245

Appendix VII: %MATLAB Neural Network Function, including the optimum
connection weights, and details about the transfer function for the steel-eloted
pile model tested in three relative densities and subjected to uplift loads%..248

Appendix VIII: %MATLAB Neural Network Funton, including the optimum
connection weights, and details about the transfer function for the steetioged pile

tested in three relative densities and model subjected to uplift loads%........ 251
Appendix IX: List of Journal Publications...............cccccoviimnniiiiie 255
Appendix X: List of Conference Publications.............cccccceeiiiiieeeri e 256
Appendix XI: Awards and RECOGNITIONS...........c.uvrrrieeriermriireee e e s e 257

XV



List of Figures

Figure 2-1: Schematic diagram showing pile bearing capacity contributions, (a) friction

pile, (b) end bearing pile, (c) combination of both skin friction and end bearing.9

Figure2-2: Schematic diagram of the bearing capacity factor (Tomlinson and Woodward,
2014), permission to reuse this figure has been granted by Taylor and Francis15

Figure 2-3: Schematic diagram of variation of pile bearing capacityand angle of
friction, " with pile slenderness ratio (Coyle and Castello, 1981), permission to reuse this
figure has been gnéed by ASCE library...........cccooeeiiiiiiiieeee e 17

Figure 2-4: Typical structure of ANN model inputs and output variables (Jebur et al.,

2018), permission to reuse this figure has been grant&gtiyger Nature............... 28
Figure 2-5: Forms of commonly used ANN transfer functions..............cccccoeuieeee 30
Figure 2-6: Structure of singldayer feedforward network..................oovvvvviiiieee.... 32

Figure 2-7: Structure of multlayer feedforward network (Jebur et al., 2018), permission

to reuse this figure has been granted by Taylor and Francis.................cccceeunnn. 34

Figure 2-8: Steps to illustrate the baglkopagation algorithm error....................... 39

Figure 2-9: Block diagram of the LM training algorithm:wis the current weight, ma
is the next weightEx+1is the current total error,kEs the last total error (Jebur et al.,

2018), permission to reuse this figure has been granted by Taylor and Francis45
Figure 3-1: Pile testing chamber with internal cover of PTFE sheet................... 57
Figure 3-2: Schematic view of the test configuration for the pile testing chambes8
Figure 3-3: Scanning electronic microscopy (SEM) test result for the sand sped@gen.

Figure 3-4: Particle size distribution of the sand specimen.................cooe v, 62

XVi


file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852795
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852795
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852796
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852796
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852797
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852797
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852797
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852798
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852798
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852799
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852800
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852801
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852801
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852802
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852803
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852803
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852803
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852804
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852805
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852806
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852807

Figure 3-5: Preparation of sand bed by means of pluviatian.......................cee. 63

Figure 3-6: Sand density VErifiCatioN............coouriiiiiiiiiicce e 63
Figure 3-7: Preparation of the sand specimen for shearing tests........................ 66
Figure 3-8: Apparatus for the direct shear test...........cccuuvviiiiiieemiiiiiiiiiieeeeeeeee 67
Figure 3-9: Shear stresses versus shear displacements for loose.sand............. a7

Figure 3-10: Shear stresses versus shear displacements for medium.sand....... 68

Figure 3-11: Shear stresses versus shear displacements for dense sand.......... 68

Figure 3-12: Shear stresses versus normal effective stresses fosaaddnterfaces at

AIffEreNnt reIALIVE JENSITIES. ... et e e e e e eeees 69

Figure 3-13: Shear stresses versus shear displacements for celoostesand........ 71

Figure 3-14: Shear stresses versus shear displacements for ceomzéigm sand...71

Figure 3-15: Shear stresses versus shear displacements for cederete sand.......72

Figure 3-16: Shear stresses versus shear displacements fofaiselsand............. 72
Figure 3-17: Shear stresses versus shear displacements fenstdeim sand.........73
Figure 3-18: Shear stresses versus shear displacements fedstesd sand............ 73

Figure 3-19: Shear stresses versus normal effective stresses fecsaarkte interfaces

at different sand relative deNSItIES. .....ov. e e eemae e 74

Figure 3-20: Shear stresses versus mat effective stresses for sastel interfaces at

different SANd relativVe QENSITIES... .. .. e reee e e e eeans 75

Figure 3-21: lllustrates the loadell clibration process.........ccccooveiviiiiiiiicccienieeenens 81

Figure 3-22: Details of pile settlement instrumentation and recording system....82

Xvii


file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852808
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852809
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852810
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852811
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852812
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852813
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852814
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852815
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852815
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852816
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852817
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852818
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852819
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852820
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852821
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852822
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852822
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852823
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852823
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852824
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852825

Figure 3-23: Details of the aluminium pile cap used in the loading system......... 83

Figure 3-24: Concrete compressive strength apparatus...........cccceeeeeiiiccceeeeeeeenn. 85

Figure 3-25: Concrete pile CastiNg......cccooeeeeeiiiiiiiiieeeee e 86

Figure 3-26: Optimisation process of mac&yntheticstructural fibres (SF) type 1 and
Micro synthetic structural fibre (XT) type Zu......ccooviiiiiieiiieeee e 89

Figure 3-27: Casting process of RC beams using structural fibres (SF & XT)....91
Figure 3-28: Beam testing setup using a Tinius Olsen testing machine............. 92

Figure 3-29: Shows the loadleflection results for the concrete beams reinforced with

structural fibres at different volume fractions...............oooiiiiiiienn e 93
Figure 4-1: Topology of the trained LM model.............cccooiiiiiiiicce e 102
Figure 4-2: Sketch of the optimised ANN tOpOlOgY.........uvvvieiiiieiieecceeiceeeenn. 103

Figure 4-3: Performance plot of the LM algorithm for concrete developed model during

the traINING PrOCESS......ciiiiiieeieietee e e e eeent e e e e e e e e e e e e e eeeeanenn s 111

Figure 4-4: Gradient and maximum validation checks for the LM trained netwdk2

Figure 4-5: Plot of error histogram (EH) for the LM algorithm........................... 113

Figure 4-6: Comparison between measured versus predicted piledispthcement tests

for concrete piles embeddlén l00Se sand..............coovviiiiiiiiceer 115

Figure 4-7: Comparison between measured versus predicted piledispthcement tests
for concrete piles embedded in medium sand................ooooiii e, 116

Figure 4-8. Comparison between measured versus predicted piledispthcement tests
for concrete piles embedded in dense sand..........cccoovviiiiieeciiiiiin e 117

Figure 4-9: Regression graphs of the experimanresults versus predicted pile

settlement for concrete pile subjected to compression.load.................cceceeeee 118


file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852826
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852827
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852828
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852829
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852829
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852830
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852831
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852832
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852832
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852833
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852834
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852835
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852835
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852836
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852837
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852838
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852838
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852839
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852839
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852840
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852840
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852841
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852841

Figure 4-10: Calibration plot of the resulting model for the testingadat at a 95%
confidence iNterval (Cl)e... oo 119

Figure 4-11: Profiles of measured versus predicted pile settlement for the proposed LM

training algorithm compared with other methods for concrete piles.................. 121

Figure 4-12: Applied load versus measured and predicted settlements for concrete piles

using the optimal trained model of the proposed LM algorithm with other meti@ads.

Figure 4-13: Plot shows ultimate pile capacity profile versus pile slenderness ratio for

(ol0] g0 (= (=N o] [T PP PP PP PP PPPPPRP 124

Figure 4-14: Performance plot of the LM algorithm for steel closedied developed
model during the traiNiNg PrOCESS.......cuuiiiiii et 125

Figure 4-15: Gradient and maximum validation checks for the LM trained netvl@t.
Figure 4-16: Plot of error histogram (EH) for the LM algorithm......................... 127

Figure 4-17: Comparison between measured versus predicted piledispthcement

tests for steel closeended piles embedded in loose sand............ccccoovvvvieeeennn. 129

Figure 4-18: Comparison between rasured versus predicted pile ledidplacement

tests for steel closeended piles embedded in medium sand.................coevveeeen.. 130

Figure 4-19: Comparison between measured versus predigiledloaddisplacement

tests for steel closeehded piles embedded in dense sand...............cccccev v, 131

Figure 4-20: Regression graphs of the experimental results versus predicted pile

settlement for steel closeshded pile subjected to compression load................. 132

Figure 4-21: Calibration plot of the resulting model for the testing dataset at a 95%

confidence interval (Cl)o........uiiiiiii e e e e 133

Figure 4-22: Profiles of measured versus predicted pile settlement for the proposed LM

training algorithm compared with other design methods for steel cksted pilesl34

XiX


file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852842
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852842
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852843
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852843
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852844
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852844
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852845
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852845
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852846
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852846
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852847
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852848
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852849
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852849
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852850
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852850
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852851
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852851
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852852
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852852
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852853
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852853
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852854
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852854

Figure 4-23: Applied load versus measured and predicted settlements for steel closed
ended piles using the optimal trained model of the proposed LM algorithm with other
0 T=] 1 L0 0 K3 PPPPPRPRRTRP 135

Figure 4-24: Plot shows ultimate pile capacity profile versus pile slenderness ratio for
steel close@nded PIlES.... ... 137

Figure 4-25: Performance plot of th&éM algorithm for steel opeended developed

model during the traiNiNg PrOCESS........uu it e e ceeecre e erer e e 139
Figure 4-26: Gradiant and validation checks for the LM trained network........... 140
Figure 4-27: Error histogram of traiing, testing and validation........................... 141

Figure 4-28: Comparison between measured versus predicted piledispthcement

tests for steel opeanded piles tested in loose sand...........cccooeeeeeeiieeciccieeeeeenn. 143

Figure 4-29: Comparison between measured versus predicted piledispthcement

tests for steel opeanded piles tested in medium sand.............c.ooooeeeieeeeiiieeenn. 144

Figure 4-30: Comparison between measured versus predicted piledispthcement
tests for steel opeanded piles tested in dense sand............cccoeeeeevieececciieeeeeennn. 145

Figure 4-31: Regression graphs of the experimental versus predicted pile settlement for

steel operended pile subjected to compression load.............cccoovvvvvieeeeieeee e, 146

Figure 4-32: Calibration plot of the resulting model for the testing dataset at a 95%

confidence INterval (Cl) ... . e 147

Figure 4-33: Profiles of measured versus predicted pile settlement for the proposed LM

training algorithm compared with other design methods for steelepeed piles..149

Figure 4-34: Applied load versus measured and predicted settlements for steel open
ended piles using the optimal trained model of the proposed LM algorithm with other
R T=] 1 T0T0 K3 PPPPPPPRRRTRP 150

XX


file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852855
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852855
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852855
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852856
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852856
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852857
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852857
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852858
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852859
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852860
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852860
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852861
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852861
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852862
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852862
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852863
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852863
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852864
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852864
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852865
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852865
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852866
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852866
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852866

Figure 4-35: Plot shows ultimate pile capacity profile versus pile slenderness ratio for

steel opereNded PIlES......ccooiii i 152

Figure 5-1: Plot of the LM analyses for concrete developed model during the training

[T 0o T VPSPPSR 163
Figure 5-2: Plot of the LM algorithm error historam...............cccccevvvvieeciiiiiieennn. 164

Figure 5-3: Profiles of measured versus predicted uplift pile load tests for concrete piles

embedded iN [00SE SAN...... ..o e e 166

Figure 5-4: Profiles of measured versus predicted uplift pile load tests for concrete piles

embedded iNn MEdIUM SANA........cooieee e e eeens 167

Figure 5-5: Profiles of measured versus predicted uplift pile load tests for concrete piles

embedded IN AENSE SANM..... ... e 168

Figure 5-6: Regression graphs of the experimental versadipted pile settlement for

concrete pile subjected to uplift load..............cceeeiiiiiiiccci e, 169

Figure 5-7: Calibration plot of the resulting model for the testing dataset at a 95%

confidence INtErval (Cl) ... . e 170

Figure 5-8: Distribution of the ultimate pile capacity with pile slenderness ratio for

concrete piles under uplift [0ad.-...........ccuuiiiiiiiiieee 173

Figure 5-9: Plot of the LM analyses for steel closeatled developed model during the

LU=V 0T L0 o] {0 Lo = S TR 175
Figure 5-10: Histogram of error during the training, testing and validation........ 176

Figure 5-11: Comparisons of loadisplacement response between the targeted and

simulation results for steel closetded pile penetrated in loose sand under uplift loads.

XXi


file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852867
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852867
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852868
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852868
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852869
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852870
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852870
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852871
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852871
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852872
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852872
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852873
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852873
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852874
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852874
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852875
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852875
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852876
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852876
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852877
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852878
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852878
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852878

Figure 5-12: Comparisons of loadisplacement response between the targeted and
simulation results for steel closedided pile penetrated in medium sand under uplift
0 7= o £ URRP 178

Figure 5-13: Comparisons of loadisplacement response between the targeted and

simulation results for steel closetided pile penetrated in dense sand under uplift loads.

Figure 5-14: Regression graphs of the experimental results versus predicted pile

settlement for steel closexhded pile subjected to uplift load...............ccvvvviirienne 180

Figure 5-15: Calibration plot of the resulting model for the testing dataset at a 95%

confidence iNterval (Cl)....coiioe oo 181

Figure 5-16: Variations of ultimate pile capacity with pile slenderness ratio for steel

closedended piles subjected to UPIift.............ooevimiiiiiicce e 184

Figure 5-17: Convergence graph iistrates the effectiveness of the proposed LM

algorithm for steel opeended developed model during the learning process...186

Figure 5-18: Error histogram plot of training, testing and validation for the LM algorithm.

Figure 5-19: Comparisons of loadlisplacement response between the targeted and

simulation results for steel op@mded pile penetrated in loose sand under uplift loads.

Figure 5-20: Comparisons of loadisplacement response between the targeted and
simulation results for steel op@mded pile penetrated in medium sand under uplift loads.

Figure 5-21: Comparisons of loadisplacement response between the targeted and
simulation results for steel op@mded pile penetrated in dense sand under uplift loads.

XXii


file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852879
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852879
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852879
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852880
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852880
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852880
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852881
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852881
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852882
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852882
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852883
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852883
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852884
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852884
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852885
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852885
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852886
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852886
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852886
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852887
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852887
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852887
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852888
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852888
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852888

Figure 5-22: Regression graph of the experimental results versus predicted pile

settlement for steel opeanded pile subjected to uplift load.................ccovrerrneeen.. 191

Figure 5-23: Distribution of the ultimate pile capacity with pile slenderness ratio for steel

opentended piles under uplift load..............coeiiiiiiiiccee e 194
Figure 6-1: Bearing capacity factor for a conteepile with slenderness ratio d2..198
Figure 6-2: Bearing capacity factor for a concrete pile with slenderness ratié df99
Figure 6-3: Bearing capacity factor for a concrete pile with slenderness ra2s 00

Figure 6-4: Variation of earth pressure coefficient (K) with angle of frictié@ {or
concrete piles with a slenderness ratio Of.12..........cccccoviiiiieece 201

Figure 6-5: Variation of earth pressure coefficient (K) with angle of fricti& for

concrete piles with a slendern@aio Of 17............ooviiiiiiiiiiieenees 202

Figure 6-6: Variation of earth pressure coefficient (K) with angle of fricti& for

concrete piles with a slenderness ratio of.25..........cccooviiiiiiiccciiiiiiii e, 203

Figure 6-7: Bearing capacity factor for steel closedded pile with a slenderness ratio

Figure 6-10: Effect of angle of friction @) on earth pressure coefficient (K) for steel
closedended piles with a slenderness ratio 0f.12.............cccvvvvviieemniiiiiriinienne. 208

Figure 6-11: Effect of angle of friction @) on earth pressure coefficient (K) for steel

closedended piles with a slenderness ratio 0f.17............cccvvvviiiieemniiiiiiiiiieeee. 208

XXili


file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852889
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852889
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852890
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852890
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852891
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852892
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852893
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852894
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852894
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852895
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852895
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852896
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852896
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852897
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852897
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852898
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852898
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852899
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852899
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852900
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852900
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852901
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852901

Figure 6-12: Effect of angle of fiction (&) on earth pressure coefficient (K) for steel

closedended piles with a slenderness ratio of.25.............ccccceviiiieeciiiiicciineenn, 209

Figure 6-13: Variation of pile bearing capacity factor for steel oenled piles with a

SIENAEINESS FALIO OF L2. ..o e 210

Figure 6-14: Variation of pile bearing capacity factor for steel oenled piles with a

SIENABINESS FALIO OF L7 e 211

Figure 6-15: Variation of pile bearing capacity factor faesl operended piles with a

SIENAEINESS TALIO Of 28, .. et e e e e e eaan 212

Figure 6-16: Effect of angle of friction @) on earth pressure coefficient (K) for steel

openended piles with alenderness ratio of 12............cccoevveviiiieee e 214

Figure 6-17: Effect of angle of friction @) on earth pressure coefficient (K) for steel

openiended piles with a slenderness ratio 0f.17...........cccoovvvvvvieemreieiieeeeeeiiiiinnnns 214

Figure 6-18: Effect of angle of friion (&) on earth pressure coefficient (K) for steel

opentended piles with a slenderness ratio of.25................oovvviieee e 215

XXIV


file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852902
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852902
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852903
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852903
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852904
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852904
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852905
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852905
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852906
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852906
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852907
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852907
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852908
file://///JMU.AC.UK/PFS/HS04I/Store05/HS202953/My%20Documents/Ameer/Lab%20Work/Thesis/thesis%20Proofed%20by%20university%20proof%20reader/Final%20version%20of%20PhD%20Thesis%20-%20Rev%202/Criag%20two/LJMU%20Ameer%20Jebur%20PhD%20Thesis.docx%23_Toc523852908

List of Tables

Table 2-1: Interpolated values ofrj values, according to Meyerhof (1976).......... 15

Table 2-2: Bearing capacity factor based on the American Petroleum Institf8)(

............................................................................................................................ 16
Table 2-3: Lateral earth pressure coefficient aciog to Das2019...............c........ 18
Table 2-4: Lateral earth pressure coefficient according to Kulhal®ag. ............... 18
Table 2-5: Soil-Pile coefficient of frictionaccording to Kulhawy984................... 19
Table 2-6: Soil-Pile angle of interface friction based on Jeffr212..................... 20

Table 2-7: Material properties and empirical factors that are used in the traditional

Table 3-1: Physical properties of the sand.................uuiiiiiccceiiicceee e, 61

Table 3-2: Model concrete pile specifications used in the experimental testing
(o100 | =10 111 0[PP OO PPPPPPRPTPPPPPPRRRPPPPPPRY £ <

Table 3-3: Model steel closeénded pile specifications used in the experimental testing

(o100 | =10 111 0[PPSR OO PPPPPPRTTPPPPPPRRRPPPPPPIOY 4° |

Table 3-4: Model steel opemended pile specifications used in the experimental testing

[T 0Te =11 01 o 1 =TSP 80

Table 3-5: Mix proportions and strength development of the concrete used in the

experimental ProgramMe.........ccviiuiiie e e et e e e enme e e e e e araa e 85

Table 3-6: Properties of the SF structural fibres used in the pile reinforcement. 88

Table 3-7: Properties of the XBtructural fibres that can be used as AEA........... 89

XXV



Table 4-1: Results of the statistical analysis for concrete piles.......................... 105

Table 4-2: Results of the statistical analysis for steel cleseded piles................ 105
Table 4-3: Results of the statistical analysis for steel eprded piles.................. 105
Table 4-4: lllustrates critical values of the MDS..........cccccooeeeiiiiiiiieei 106

Table 4-5: Statistical characterisation of testing, training, and validation dataset for
(ol0] g0 (=] (=N o] ] [T PP PP PP PP PP PPPPRP 107

Table 4-6: Statistical characterisation of testing, training, and validation dataset for steel

closedended PIlES. ... e 108

Table 4-7: Statistical characterisation of testing, training, and validation dataset for steel

(o] o<1 7T gL L= N o L= T PP 109
Table 5-1: Statigical analyses results for the concrete pile madel.................... 158
Table 5-2: Statistical analyses results for the steel clesedled pilenodel............. 158
Table 5-3: Statistical analyses results for the steel epeded pile model.............. 158

Table 5-4: Statistical characterisation of testing, training, and validation dataset for
(ol0] gTo (=] (3N o] ] [T PP PP PP PP PPPPPRPI 159

Table 5-5: Statistical characterisation of testing, training, and validation dataset for steel
closedended PIlES. ... 160

Table 5-6: Statistical characterisation of testing, training, and validation dataset for steel

OPERENUEM PIlES....coiiiiiieee e e 161

Table 5-7: Measured and predicted uplift capacity of the precast concrete. piles72

Table 5-8: Measured and predicted uplift capacity of the steel cleseltd piles...183

Table 5-9: Measured and predicted uplift capacity of the steel -@peted piles.....192

XXVi



Al

ANN

ASTM

AEA

BSI

Cl

CIRP

CPT

DLT

DV

EH

FRC

LM

MAE

MD

MLT

MLP

MPI

MRT

MSE

NN

List of Abbreviations

Artificial Intelligence

Artificial NeuralNetwork
American Society for Testing and Materials
Air Entraining Agent

British Standards Institution
Confidence Interval

Constant Incremental Rapé Penetration
Cone Penetration Test

Dynamic Load Test

Dependent Variable

Error Histogram

Fibre Reinforced Concrete
IndependenYariable
LevenbergMarquardt

Mean Absolute Error
Mahalanobis Distance
MaintainedLoadTest

Multi-layer Rerceptron

Measuring Performance Indicator
Multiple Regression Technique
Mean Square Error

Neural Network

XXVii



OCR

PE

PLR

PIV

PTFE

RMSE

S.D.

SEM

SSE

TO

USCS

Overmnsolidation Ratio
Processing Element

Plug Length Ratio
ParticlelmageVelocity
Polytetrafluoroethylene

Root Mean Square Error
Standard Deviation

Scanning Electronic Microscopy
SumSquareError

Tinius Olsen

Unified Soil Classification System

XXVili



Roman alphabet

0

0

0

Betavalue

@

6

CEM-II

COO0_1

C A

€

dio

dso

Nomenclature

Crosssectional area of the pile tip

Pile base area

Pile shaft area interfacing
Relative importance
Biasvalue

Coefficient of curvature
Portland cement typl

C o o Wistance
Coefficient of uniformity
Constant parameters

Pile perimeter

An empirical factor

Effective mhesion of the soil
Pile diameter

Effective grain size

Mean grain size diameter
Sand relative density
Desired output of the neuron

Predictedoutput vectors

Youngo6s ohledgile! us

XXIX



o © ¥ 6 ¥ B B O O O K

o

o,

+o

Pile axial rigidity

Void ratio of the sand in the loosest state

Void ratio of the sand in the densest state

Error of training process autputd when applying pattern
Last total error

Currenttotal error

YoungOs ohmedall us

Derivation of the activation function

Concrete compressive strength

Appliedtransfer function

Specific gravity

Gradient vector

Hidden neuron output

Actual output of hidden neuron

Influence factor for a rigid pilen a deep layer of soll
Settlemeninfluence factor for pile compressibility
Node activation level

Empirical factors

Identity matrix

Jacobian matrix

Earth pressure coefficient

Number of output neurons

Coefficient ofearth pressure at rest

Coefficient of uplift pile capacity

XXX



L Pile length

Lc Pile effectivelength (embedded length of pile)
Lc/d, Ic/d Pile slenderness ratio

Logsig Logarithmic sigmoidransfer function

my Marquardt adjustment parameter

Bearing capacity factor

eh) Number of independent variables

€ R Observedutput vectors

0 Prediction value of dependevdriable

p Pearsonb6és moment <correlati
0 Pile applied load

purelin Lineartransfer function

0 Load carried at the pile head

0 Load arried by skin resistance

0 Computational valug

0 Mean of the predicted values

0 Total pile capacity

0 Ultimate uplift capacity

N Portionof the vertical stress of the piler(d bearingesistance)
N An empirical factor

n Portionof the shear stress of the pithéft unitfriction)

R Coefficient ofdetermination

Y Influence parameter for finitdepth of layer on a rigid base
Y Pile compressibility correction factor

XXXI



Y

radbas
Y

SF

Sig value
SP

“y

o~

tansig

Greek alphabet

An empirical factor

Radial basis transfer function

Poi

Macro synthetistructural fibretype 1

ssonos

Statistical significance

Poorly graded

Pile total settlement

Targeted valug

rat.

o

Tangent sigmoidransfer function

Mean of the targeted values

Pore water pressure

Watercement ratio

Connection weight

correcti

Value of the same weight at previous step

Weight value at a certain iteratiotil

Pile weight

Micro synthetic structural fibrgype 2

Input signal

Independent output

Momentumterm

Maximum dry unit weight of sand

Minimum dry unit weight of sand

on

XXXii



Sand unit weight

Increment of the weight vector

Previous weight correction

Soil-pile interface frictionrangle
Peakinterface friction angle

Critical state interface friction angle
Back propagation error

Learning rate

Bias on hidden neuron

Combination function

Soil-pile coefficient offriction
Poissondbds ratio
Skinfriction distribution influence factor
Normaleffective stres®nthe failure plane
Vertical effective stress athe tip of the pile
Averagevertical effectivestress

Total stress

Skin friction unit along the length of tipale
Soil shear stress on the failure plane
Effective angle offriction

Angle offriction

Peak angle of friction

Critical state angle of friction

XXXl



Chaper One Introduction

CHAPTER 1

General Introduction

1.1 Introduction

Pile foundations are slender structural elements, underneath superstrestigresyely
utilised as load transferring systesmand settlement controls at construction sites
encounteringundesirable bearing capacity of sait shallow depthLoad carrying
capacity is achievedvia the contribution ofend bearing capacityshaft frictioral
resistancer a combiation of bothfrom inappropriate subsurface soil strata to stiff and
reliable bearing straté_etsios et al., 2014; Jebur et al., 2016; Jebur et al., 2018b)
Examples of superstructures incorporating such deep foundatiokysceapers, bridges,
offshore platforms and transmission towets)l chimneys wharfs and jetties.
Urbangation and limited space availability are of global concern. However, additional
loads from modern structures (piled structures) are widely expéaigtiermore, it has
been stressad theliteraturethat deep foundations are the safestthedthost economical
solution to overcome most foundation problgif@mlinson and Woodward, 201Hjles

may also resist uplift pressure from transmission towers, wirliines waves, ship
impact, dry docksitilisation, and pumping stationghich areconstructed below normal
ground levelutilising shaft skin friction resistancandor suction develogd in the

adjoiningsolil zone of influencéNazir and Nasr, 2013; Faizi et al., 2015)
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In the last few years, there has been considerablatelebgarding the current piling
analysis and design methodsmail et al., 2013; Momeni et al., 2014; Nejad and Jaksa,
2017; Jebur et al., 2018@)hiscanprobablybeattributedto thelack of accuratereliable

and comprehensivemethodologes the use of different hypothesemd preconditions
associated with the most conventional pile capacity design procetilomesover the
mechanismnvolved in pile-soil interaction in the effective soil zoneldsticplastic) and

the subsequent loegkttement conditions are still a matter of discussion and an area of
active researcim the field of geotechnical engineering. The main sources of uncessaint
are induced from material properties (soil and/or pile stiffness), soil shear strength
parameterspile type, site conditionsnitial boundary conditiog, load transfer method
(end bearing point, suction and/or skin frictian)erpretation and soilstress history.
Thereforesearching foa rigorous scientific methodologydsucialto ensureappropriate

structural integrity and serviceability penfieance in different situations.

Overmore recenyears thescientificcommunityworking onatrtificial intelligence(Al)

has experiencedsirongresurgence of interesta exploring statef-art artificial neural
network (ANN) technology Academicresearch and development aifferent neural
network (NN)algorithmsas efficient cost effective, and reliabatadriventools have
repeatedlybeenuseal over a wide rangef applications in the fielaf civil engineering
without the need for precondition or arbitrary assumpt{dfegeed et b, 2013; Morfidis

and Kostinakis, 2017Nowadaystheapplicabilityof artificial neural networks (ANNS),

fia bio-inspired computationakool whoseconfiguration ha beenacknowledgedhased

on biological human brain and itsentralnervoussystem(Ahmadi et al., 201@)is fully
recognised antheyhave been applied successfully to solve many engineering prgblems

such agnmaterials modellingqMohammadi and Ashour, 20168ydrologic and hydraulic
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modelling problems(Kabiri-Samani et al., 2011; Jaeel et al., 20d83hore structures
implementation (Kabiri-Samani et al.,, 201]1)structures modelling (Morfidis and
Kostinakis, 2017)pavement desigapplication(Mirabdolazimi and Shafabakhs2017)
and geotechnical modellingAlkroosh and Nikraz, 2014)Furthermore,the Al is
succinctly abldo correlatethe relationships between a setradependentariables and
the desiredmodel outpufs) of each djective system via theiunique characteristic

mathematicastructures.

1.2 ResearchAim and Objectives

The contributionto knowledgecan besummarised irthree main points. Firstly,the
innovative use of physical laboratory modelsinwestigate and assesise bearing
capacity ofifferent slenderness ratiosg/d) usinginstrumented piles (precastinforced
concrete, steel opeended,and steel closedénded) which penetraté in three sand
densitiesandweresubjected to uplift andompression loading systemshould baenoted
that two types of new structural fibres have begtimised using different fibre
percentages (0.5, 0.75, 1, 1.25, 1.5, 1.75) by concreate valuthesed inthe concrete
pile, the key objectives to minimise the need for steel mesh reinforcemattrease pile
mechanical performaneibjected to a wide range of ldayglincreasing the ductilityard

to enhancehe concrete efficiency in harsh environments. Secotitkyfeasibility of a
new supervised selftuning computational intelligencegpproach enhanced by a
comprehensive statistical andlyavasexamined to develop and train predictive models
to fully capture nodinear pile performancesubjected to a wide range twfads. The
derivedmethodoffersa reliable, high efficiencgndsimpleto-use methodo overcome
themainlimitations associated with the classical artificial neural methods (i.e., slow rate

of convergencgperformance analysis during the learning prodbssnecessity dtining

3
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training parameterafter each applicatiorandbecomingtrapped in the local minima).
Finally, loadsettlement curvesvere analysed to develomew design charts to
individually highlight the contribution ofpile bearing capacity design parameters
fibearingcapacityfactor .  andearth pressure coefficieK)o on total pile capacity
Moreover, for verification purposes, comparisons have been made between the developed

design chartandthe published work cited by the author.

Specificobjectiveswereto:

1. Undertakeanexperimentalnvestigation using physical scale mod&sonduct
a series of comprehensive testseiaminebearing capacity and associated
settlement of precast concrete piles, stexedendedpiles and steebpenended
piles, subjected taplift and compression logdhavingthreeslendernessatios
of 12, 17 and 25 This permitted the exploration tiie behaviour of rigid and
flexible pilesin three relativelensitiesof sand,O ; of loose, medium and dense.

2. Explore theaddition of a new type of structural fibre, promising economic and
environmental advantages, which can be used to enhance the mechanical
performance of the concrete pile.

3. Perform a comprehensive statistical analysising Multiple Regression
Technique (MRT)to identify the most influential model input parameters by
det er mBetaivalugd , Ahighlight the contribution of each parameter by
calculating thestatistical significancdiSig valuso , of iindepenént f i e d
variables (IVs)and tocheck and assesise reliability of the studiedataseby
checking the presence of outliers, and data #fimenoteworthy thathis objective

was achievedsing SPS£4 package.
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4. Examine the feasibility ofan optimisedsupervised selftuning Levenberg
Marquardt (LM)training algoritim, based om MATLAB environmentto fully
mapthe nonlinearpile-load settlememnesponséor different types of model piles
whensubjected to a wide range of compression and uplift loads.

5. Compare the resultsbtained in this studwith the commonlyusel pile bearing

capacitydesign procedures

The Iragi Regional Government has largely invested in people, including the work on this
project, to build a weleducated workforgevhich will contribute to the delivery of the

vast existing and planned infrastructure projects supported by deep foundations.
Urbangation and limited space is one of the present challenges worldwide, particularly
in developing countriesncluding Iraq.As a resultsafe and cost effectivdesign and

analysis proceduremeto beproduced for deep piled structures

1.3 ThesisOutline

The thesisis comprisel of seven chapterand eight appendiceghat cover different
important aspectsf the research The introductorychapter (chapter ongedletaik the
background ntheuse and development pile foundations. lalso defines the scope and

thethesisaim and objectives

Chapter 2: detailbackground ofwo main stagesof theliterature reviewStagel shows
areview of literatureon deep foundationand stagél presentsareview ofliteratureon
the artificial neural network (ANN)oncept and the proposede of theLM training

algorithm
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Chapter 3discusssthe research methodology, and experimental techniqueviedian

the experimentaktudy.

Chapter 4preserg anddiscusgsthe bearing capacity of thvarioustypes of pilsdriven

in three sandlensitiessubjected to compression load$e reliability and efficiency of
theemployed.M trained algorithm withreference to the experimental pitad tests has
also been examineth addition,graphicalcomparisons have been made between the LM

approacrandmost conventionalesign procedures.

Chapter 5:covers theresultsand discussion fothe describé pile typesembeddedn
sandy soil undeainuplift loading systemin addition,the superiority of the LM algorithm
has been also been demonstrated in this chiapt@ymparing its predictions results using
unseen dataset with targeted values and with the respitsted by the mosdesign

methods

Chapter 6shows performancanalysis ofthe varioustypes of model pilesMoreover,
numerical comparisons between the results of the current studlyeedults suggested
by the conventional pile bearing capacity desigrethodshave been presented and

discussed

The final dapter 7: includes the concluding summéoy the current studyStudy

limitationsand ecommendations for further reseaesk alsanadein this chapter
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CHAPTER 2

Background Study I: A Review of Pile Foundations

2.1 Introduction

As a sfarting point it is important to reviewhe methods ofpile classification factors
affecting pile designpile-testingproceduresand theinfluenceof pile installation orthe
shear strength parametess review of the existing pile bearing design approaches is
outlined. Furthermore previous numerical andexperimental studiesoncerningpile-
bearingcapacityarealso discussed he assessment of the lbeftour ofdifferent types of
piles (steebpenendedsteel closd-ended and concretejth a wide range of slenderness
ratiosis complex andis coreto researchin the field of geotechnical engineerinthe
studyof pile design continues to hottle attention oengineers with geriesof studies

andseminarsheldacross the worl@ach year

2.2 Pile Foundations Design Approaches

One of the key functions giiles is to transfer the applied load from the heavy structure
to the subsurface through end bearing capacity and developed shaft fiictiensure
structual integrity and serviceabilitand a pile settlement does not deform beyond an
acceptable levelpiles must be designed Bm appropriateway and havethe ability to
carry and transfer the applied load to the deep and stiff bearing strata vadiusirg

geotechnical failure betweesoil-pile interactions pile settlement must be within the
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design limit In order to enableghe preciseevaluationof pile bearing capacity and
allowable settlementhe current design methodwist be suitably rigorou/ltimate pile
bearing capacity can be developed in three w&ymia, 2013)Firstly, utimate pile
capacity can bdelivered from the skin fricticad resistance developed between the-soil
pile interactiongFigure 21a). Secondlypile-bearingcapacitycan be largely provided
by the end bearinFigure 21b). Thirdly, pilemobilisedcapacitycan begained fomthe
contribution ofboth gkin friction and end bearif@s illustrated in Figure 2cin various
percentagegTschuchnigg and Schweiger, 201Bearing capacity of a pileinder
compression loadonsiss of two main componentand can be determinedsingthe
following generakexpression (Equation 2.1and 2.2 (Ebrahimian and Movahed, 2016)
After literature surveytiis worth notinghat forapile subjected tcompression loadhe
influence of pile weight(0 on pile capacityis ignored sinceit has arelatively
insignificantinfluenceon pile ultimate capacityVhile, for apile tested under uplift load
the pile weight(0 can be taken into consideration wheglculating the ultimate

uplift capacity of a single verticgile as expressed in Equatior2ZMeyerhof, 1976)

. - 2.1)

» - . (2.2)

where:0 is total pile capacityry andr are respectivelythe portiors of the vertical
stress of the pileefid bearingesistance) and the shestressof the pile ghaft unit
friction). 0 is the pile crosssectional area at the tipndo is the pile shaft area
interfacing withthe soil layer 0 is the ultimate uplift capacity) is the pile

weight.
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Figure 2-1: Schematiaiagram showng pile bearing capacity contritions, (a) friction pile,

(b) end bearingile, (c) combination of both skin friction and end bearing

2.2.1 Total StressDesign Approach

According to the site investigatioif the in-situsoil geotechnicapropertiesareclassified

as a fine grained sofluch as clay and gjltclay, the pile foundations are likely toe
desigred using a total stressapproach(Tomlinson and Woodward, 2014; Das, 2015;
American Petroleum Institute, 2007) has beerstressedhat a pilepenetratedn fine

soils tend to attributeits maximum bearingapacity fran pile shaftfriction resistance

with the contacted soih the adjoining zone of influence (the extent to which the soil
mass will be influenced due to pile installation and its varies with pile installation method
and the relative density of the sqiDoulos and Davi4,980; Gaaver, 2013l is inferred

from the relevant studies that the zone of influengeirgipally within a range of 3to 8

9
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times the pile diametdKishida, 1963; Robinsky and Morrison, 1964#hese pils can
be clasified as skin frictiorpiles (Igoe et al., 2011; Peiris et.,22014). The general
governing equation® predictthe unit shaft resistancef a pile can be determined in the

skin friction term as given in in the following equations:

(2.3)

t +,20A1 (2.4)

in whichthe parameted stands fopile perimeter,t is the skin friction along the length
of the pile,, As the pileeffectivelength(embedded length of pile} is the earth pressure
coefficient , eeis the averageertical effective stress and] is the soHpile interface

friction angle

The angle of friction, which is typically mobilised at thsmil-pile interfacecan be
determinedutilising different techniques, i.elirect shear boxesting(Paik and Salgado,
2003; Jebur et al., 201&Alternatively,it has been cited byleming et al. (200%hat the

interface frictionangle] is equal to the wsitu soil critical state of friction angle.

The earth pressureoefficient(K), however,s influenced by different paramete(ise.

soil density, method of pilmstallation coefficient ofearth pressure at rest, andsoil
stress history TheK coefficientcan also be determined, according to thegpdaderness
ratio and sand relative densibased on theonventional design charts suggested by

Broms (1964)Poulos and Davis (198@ndAmerican Petroleum Institute (1993)
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2.2.2 Effective Design Approach

It has beerstatedby Tomlinson and Woodward (201#)atan effective design method
is normallyused whenthe soil type i<lassified axoase grainedoil. This type ofpile
could be classified as point bearing pilein comparison to the skin friction pile
Understandinghe principlesand thetheoryof the effective stress in soil mechaniss
essential This ideawas first studied byerzaghi (1951)ié All measurable effects of a
change oftress, such as compression, distortion and a change of sheesiatanceare
due exclusively to changes of effecstress. The effectiadress ,, ) is related to total

stress and porevaterpressureas explaiedby, ,  00.

Any sample of soitan be cosidered as a compressible skateof solid small particles
consising of two phases when soil voids diéed with water.The soil shear strength is
determined byhe arising frictional forces during slip at the soil parti¢srland, 1973)

These frictional forces are normally a function of the transmitted normal stress by the soil

skeleton rather than the soil total stress.

In theeffective stress design approach, the @itebutes its maximum capacitytheend
bearing point. The fallwing general formula is use to predict the pile end bearing

capacity in coarssoil.

n . (2.5)

in which the term, sestands fotheverticaleffectivestressatthe tip of the pile. is the
bearing capacity parametédt.should benotedthat the pile bearing capacity parameter
can be predicted using a serieslesign charts proposed Bynerican Petroleum Institute

11
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(1993) Poulos and Davis (1980 oyle and Castello (1981)and Tomlinson and

Woodward (2014)

2.3 Pile Bearing Capacity Testing Methods

There areseveralproceduresgo determinepile-bearingcapacity These methods are
identified by thetesting time the resulted strain percentagend the type of system
loading Testswith long duration and high loads are normally adofptedhe evaluabn
of pile load capacity. In addition, the method of lospacityandsmaltinducedstrainis

usal to evaluatehe pilecapacitysubjected tayclic loads and dynamicigh strainoads

2.3.1 Constant Incremental Rate of Penetration(CIRP)

Early studies on this method of pile testingrefirst conducted byVhitaker (1963)In

this method, e requiredload to advancea pile in the desired soildepth must be
monitored until either pile physical failurer the maximum required pileapacityis
reached(American Society for Testing and Materials, 2013)e test objective is to
obtainthe maximum pile bearing capacity, especiédhypiles being designetbr usein
cohesive soiland heir capacity is mainlgevelogdfrom the shaft resistaneathin the
contacted soiin the adjoining zone of influence (the extent to which the sofswdl

be influenced due to pile installation and its varies with pile installation method and the
relative density of the soilPoulos and Davis, 1980; Gaaver, 2018)s inferred from

the relevant studies that the zone of influence is principally within a range of 3 to 8 times
the pile diameter(Kishida, 1963; Robinsky and Morrison, 1964urthermore, the
constant incremental rate of penetrati@iRP) testtakes aboua maximumof 3 hours.

However, theground reactiomay overesmate themaximumpile bearing capacity due

12
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to high-appliedloadin sucha small periodof time. The CIRPtechnique has been used

by many researchers to investigate the pile bearing capaagir and Nasr (2013)
conductecinexperimental study to examitteeultimatepull-outcapacityfor model piles
embedded in sandy saBixty two pile-loadtests of model steel piles penetrated in sandy
soil atthreedensitiedoose, medium andense were conducted ircalibratedchamber.

The geel model piles &d different slenderness raticangingfrom 7.5 to 30 The results
revealed thathe pile pultout capacityincreagd with increases of batter angl€he

results also indicated that the circular steel model piles had more resistance than the

rectangular andquare modgpiles.

2.3.2 Maintained Load Test(MLT)

In this method, he load issubjectedo the pile indiscreteunits. The loadis maintained
until the settlement rate is not more than 0n2%/h. The next load incrementill be
applied once thandicatedperiodof time has elapsednd the pe settlement is less than
the specifiedlimits (0.25 mm/h. Thefull test nornally takesabout48 hours/American
Society for Testing and Materials, 2013he MLT is preferable to determine thead
displacement curvdor a pile subjectedo 200% of the anticipatedworking load.
Rajasvaran (200%tudied the pile bearing capacitgingMLT together witrpile driving
analygsmethodslIt has also been reported thia¢ maintained load testnsoreaccurate

in determimng and interprang the pile loadsettlemenbehaviour

2.3.3 Dynamic Load Test(DLT)
Determinng the pile bearing capacitysingthe dynamic load tesDLT) dates back to

the 19th centuryTestingof piles by dynamic load testing iwidely adopted because of

13
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its efficiencyandcost effectivaess A specific combustion chamber must be provided to
apply a rapid load at pile heaghich producesa sh@k pulse with a short period. This
type of test idikely to be conducted on high strength precast conchéten piles. The
pile head has to be protected from damage during the appliethdodd avoid
concentrations of the stress at a pile head, grout cemeedts to bapplied to the pile
surface athe point of the applied loadt is worth mentioning that the pHi&me setup

effect canbe ignored when usinthedynamic load test procedufidandley et al., 2006)

2.4 General FactorsiInfluencing Pile Design
Generally, there aneariousfactorsthatplaya substantial role ipile desigrand analysis
for instancesoil bearing capacitypad types (dynamic, statiaghethod of pile installation

and pile materialBelow arethe main factor¢hatinfluencethe piledesign process

2.4.1 Bearing Capacity Factor
One of the mossignificantfactors that dfects and needs to be considered in the pile
foundations design process the bearing capacity factor. ().. could be estimated
using a series of conventional design chgmt®posed inthe geotechnicalliterature
Meyerhof (1976)takes into consideration theangle of friction to evaluate the
parameteras shown in Table 2./ alues of the estimated along with thesoll
friction angle z can also beleterminedased ora studyproposedoy Tomlinson and
Woodward (2014)asdepictedin Figure 22. It canbe notedthat the bearing capacity
factor increased witlthe increasingof the angle offriction (&), with a range of pile

slenderness ratio of 5, 20 and, and reach its maximum value@bf about 41.
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Table 2-1: Interpolated values of values, according thleyerhof (1976)

Soil friction angle (D) "E, Soil friction angle (9) "Ea
20 12.4 33 96.0
21 13.8 34 115.0
22 15.5 35 143.0
23 17.9 36 168.0
24 214 37 194.0
25 26.0 38 231.0
26 29.5 39 276.0
27 34.0 40 346.0
28 39.7 41 420.0
29 46.5 42 525.0
30 56.7 43 650.0
31 68.2 44 780.0
32 81.0 45 930.0

200
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Figure 2-2: Schematiaiagram of the bearing capacity facf@omlinson and Woodwar

2014) permission toeuse this figure has been granted by Taylor and Francis.
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Table2.2 also reportedhe predicted values of the factorfor pilespenetrated in sand

soil with three relative densitiesuggested bthe American Petroleum Institu{@987)

Table 2-2: Bearing capacity factor based thre American Petroleum Institutd 984).

SandRelative Density ) Bearing Capacity Factor, E,
Dense 40
Medium 12-40
Loose 9-12

Anotherdesignchart (Coyle and Castello, 1981\vas suggeste find the. factoras

a function ofsoil friction angle and pilslendernesgatio asshownFigure 23. The plot
comparsthe trend of the valueswith thevariationof Lc/d for different values of angle
of friction (&). It can be observed that tiparameter , for different values of @is
slightly increase with increasing values dfc/d and reaches maxmum value at Lc/d
equals to 20For all values of @the increase ihc/d, after a value of 20eads to a
reduction in.  towardsa minimum value at.c/d of about 65The results also revealed
that asimilar trend also occur$or higher values of @Therefore, this leads to the
conclusion that the ratio of Lc/d has less significant influence ompdhemeter in

comparison with the sand relatidensity
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Figure 2-3: Schematic diagram of variation of pile bearing capacityandangle of frictionn
with pile slenderness rati€oyle and Castello, 198I)ermission to reuse this figure has be
granted by ASCHibrary.

2.4.2 Earth Pressure Coefficient

The coefficient of theearth pressuré) is highly effected by the solil stress state before
and after pile installatio (Jeffrey, 2012) It has been demonstrattht the soil around
the pile isnormally compactedespeciallywhen the method of pile installationby the
displacemeninethod The columnof the soil displacement is equalttee pile volume in
thecase of cleedended pils (large displacemenmtile) and equathenetthickness opile

diameter inthe case of the opeanded pils (small displacemerile) (Tomlinson and
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Woodward, 2014)The increase in the soil stress state leads in@gase in the angle of
friction as a consequencéincreasing the earghressurdactor. Table 23 proposed by

Das (2015ran beusedto predict the&K coefficient for different pile installation methods.

Table 2-3: Lateral earth presure coefficient according to Dg015.

Method of pile installation Lateral earth pressure coefficientK
High displacement driven pile p OBIo pzp OBI
Low displacement driven pile p Omiopazp ORI
Bored pile p OBl

Kulhawy (1984)also studied the effect of pile installation on the lateral earth pressure

coefficient The results of the studyregivenin the following equations

+ p ORI (2.6)
+ p OBRIzZOGBY” (2.7)

where + is the coefficient of earth pressure at reQCR stands foi

overconsolidation ratip” is theeffectiveangle of friction

Moreover, the lateral earth pressure factor can also be assessed based on the method of

pile installation and often stated as a functior ofs detailed in the following table.

Table 2-4: Lateral earttpressure coefficient according to Kulhay4/984.

Pile Classification K/K
Non displacement pile 0.751.0
Large displacement pile 1-2
Small displacement pile 0.751.25
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2.4.3 Soil-Pile Angle of Interface Friction

The angle of the interface friction between thesoil and the model pile is alsan
importantfactorin the desigrand analysi®f pile foundationgGaaver, 2013) The ple-
soil interface dependsurely on the pile materials and theitial sand relative desity
(Ramasamy et al., 2004; Jebur et al., 20T6¢ magnitude ahe interface frictiorangle
can be determined from the direct shear tasthawy (1984)carried out an experimental
studyon a model pile penetrated in saritthas beerdemonstrated that the effect of the
soil-pile interface is a function of the pile mateyria$ shown in the table3.where' is

equal tod ¢j&

Table 2-5: Soil-Pile coefficient of frictionaccording to Kulhawy1984.

Pile materials Surface roughness Soil-pile coefficient of friction (Hy
Steel Rough 0.81.0

Steel Smooth 0.7-0.9

Concrete Rough 1.0

Concrete Smooth 0.81.0

Timber All 0.50.8

Another experimental studgdeffrey, 2012)was carried outo find the relationship
betweenthe soil-pile interface frictionangleand sand relative density. The resuite

presented imable2.6.
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Table 2-6: Soil-Pile angle of interface friction based on Jeffr2@12.

Materials Loose sand Medium sand Dense sand

roughness 40U p U cr U petU cr uU peuU cr

Rough 29.7 25.7 40.5 28.6 48.4 34.5
concrete
Smooth 27.1 23.7 30.8 24.1 37.2 24.5
concrete

2.5 Outline of Pile Settlement PredictionMethods

2.5.1 Introduction

In this sectionareviewhasbeenmadecoveringmostconventionapile settlement design
proceduregproposed byPoulos and Davis (1980Yesic (1977)andDas (1995)It is
worth mentioning that although the suggesipgroachetave beersubjected to sting
criticism because dtheir empirical natureand poor prdictive efficiency whentested
with experimental studies, throposedmethodsbelow haveremained populadue to
their simplicity andease of applicatiofigoe et al., 2011)Elastic methodsre based on
the hypothesis thdhe pile is acted upon by a system of constant shear stress asound i
shaft,due a point load on a linearly elastic, senfinite soil profile but this the shear
stress isvary (increases) with increasing pidfective length which could mainly be
attibuteddue to an increase in the overburden pressure. Whitieade endearingis
aced upon by uniform pressures. These approaches are appltcabiecumstances

where thelinear deformation of soil behaviour is conselacceptable.
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2.5.2 Poulos and Davis (1980Method
Poulos and Davisl@80)proposed a framework ameportedhatthe followingempirical
equations can betilised to predict piletotal settlement "Y for single model piles

subjected to axial load (Equatio2s8 and2.9):

.. 00 (2.8)
Y O&
"0 OY'Y'Y (2.9)

where: 0FAPA T ‘@ are respectively,pile applied load,pile diameter, andY oun g 6 s
modulusof the soil, | is the nfluence factor for a rigid piler a deep layer of sothat
involvesthe layerinfluenceof soil depth, pile compressibility aftio i s & om® t&si o
the pile compressibility correction factOr is the influenceparametefor finite-depth
andY isthe Poissams r at i o c oOrhesefactdrscooldbe Hetemminedrfrom
design chartsuggestetdy Poulos and Davis (1980 thismethod for a rigid pile driven

in a semiinfinite soil with 0.5P o i s & o m ®ts theonly influence parameter needing
consideratiorfPoulos and Davis, 1980)he'O for each sand relative density used in this
study are summarised in Table72 and within the range of the typidal values

recommended bi¢ézdi and Réthati (1974)

Table 2-7: Material properties and empirical factors that are used in the traditional methods.

Sand relative density Sand You! Piledenderness L Ly

(r»%) modulus ([ ratio (L c/d)
Loose 10-30 MPa Lc/d =12 0.17 3.21
Medium 30-50 MPa Lc/d =17 0.13 3.44
Dense 50-80 MPa Lc/d =25 0.10 3.75
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2.5.3Vesic (1977)Approach

Vesic (1977)recommendedhat pile total settlement can be determined from the
summation of three componen;"YPA T "X by means ofthe fllowing simplified

formula(Equation=2.10, 2.11, and2.12):

oy o ,0 , (2.10)
o ©O
w U (2.11)
Y Y —
Aj
0
v 8 " (2.12)

where:0 is theload applied at the pile head, is the load supported by the skin
resistancel is the pile length, is the skin frictim distribution influence factory is the
portion of the vertical stress of the pilen@l bearingesistancefMeyerhof, 1976) and

'Y is anempirical factor. Thecoefficient 0 can be determinedsingthe following

expressions (Equatidh13):

6 T80 O Tlip(p".—& Y (2.13)

The factor can be assumed to equal ,0alhd the parametéy is equal to 0.09, as

recommended for cohesionless ¢Bibulos and Davis, 1980)
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2.5.4 Das (1995Method
The methodlogy proposed byas (1995)s similarto thatofferedby Vesic (1977)with
some modifications in calculatingy and"Y. These modifications can berecisely

summarisedhroughthe followingformulas

“~ U A . (2.14)
Y = ,Op ¥ O
v 0 A . (2.15)
5,A0 P
K (2.16)
O ¢ M™vu —

wherethe empirical coefficienfO) is equal to 0.88, andl is thepile perimete, and the
coefficient’O can be determined usingquation (2.6) given by Poulos and Davis

(1980)

2.6 Uplift Capacity of a Single Pile: Outline of the Existing Predictive Models

2.6.1 Introduction

Piled structures are normally designed to rdargieuplift and/orlateral loads due to the
effect of wave or windmpact (Tomlinson and Woodward, 2014Lonsequentlya
tensionforcewill be induced in some of the pileé\ few traditional theoriesleveloped
by means o&limit equilibrium approach, have been suggesteDdy (1983)Truncated
cone methodandMeyerhof (1973) It is worth noing that the aforementioned theories
are not recommended to be applied in practice due tiffeeencesassociated with their

assumptions regarding the context and the shape of the failure sudacetlaned by
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Shanker et al. (2007 the following sectiongor completenessome of the frequently

applied predictive modeksre brieflydocumented

2.6.2 Meyerhof (1973)

An empiricalexpression toeliably predict thenetuplift pile capacity has beesuggested

by Meyerhof (1973)y assuming that the failed soil mass has an approximately similar
shape as suggested for a shallow anchor. Therefore,

E + AOAT (2.17)

C

+ denotes the coeffici¢of uplift pile capacityand may change witthawide rangeand
depends mainlyn soil properties, method of pile installation and pile typ&s the pile
length, d s the pile diameter, is the soil unit weight, arid is the so#pile interface

friction angle

2.6.3 Truncated cone model

Geotechnical engineers often predict the net pile uplift capacity by assuming a surface of
slip as a truncated inverted cone with the safesveloping rising an angleof = from

the vertical. Dead weighwithin the frustum is considered as the pile ultimate capacity,

as revealed in the following equation:

. “ L.z (2.18)

L is the pile length, and is the soil angle of shearing resistance.
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2.6.4 Das (1983)

Das (1983kuggeted an empirical method to predict thiée netuplift ultimatecapacity
developedwithin the pilesoil interface It has been reported that the mobilised skin
friction resistanceincreases linearly with increasing overburden pressyreo the
effective pile penetration length. The pile slenderness ratio is a function oartkde s

relative densityasclearlyindicated in the following equations:

, A - :
Y TnpO @ od Y QEOD xmb (2.19)
, A , :
= PpB® MeED® xmb (2.2)
A
The pile uplift capacity in sand can be summarised as:

0 ™0, + 0 ML (if Lc/ d Lcd) (2.21)
0 ™Or, A+ 0 0OeET0r, Aowe) , A (2.22)
The termd stands for the ultimate uplift capacity of pile.
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Background Study II: A Review of Artificial Neural Networks (ANNS)

2.7 Introduction

Artificial neural networks (ANNs) are computational models, which attéonpimic the
biological structures of the human brain and its nervous sy3teay. have the ability to
efficiently implement difficult tasks, such as function approximation, classifin, and
pattern recognition (Tarawneh, 2017) ANN modek comprise of interconnected
processing elements (PE3he PEs receives input signdlsalues) of ith independent
variabledo ,o , € @ .)(see Figure.4) from either external sources or adjacent PEs
then transfers them to signals in the next layer by means of an activation function. The
input layer can be represented by a vectdivef In an attepmto solve problems, the
proposednodel should be traed. The methods of training can be generally categorised
in two types supervised and nosupervisedSupervised @ining is based on compam
between the setted inputs and model output. This meathaf learning is normally
formulated as the error function, such as the mean square error between the measured and
the predicted values sunedover allavailable data. While, the nesupervised is solely
based on the coglations among input datBuring the learning process, the outputs of

the (F1)" layer are multiplied byan optimsed vector secalledconnection weight(( ),

then thelatestwill be added together with a threshold bias and then summarised before
being used as inputs into the next REhie next' layer. The PEs in the output and hidden
layers can be defined by means of an activation function, which is introduced to the input
and produces the value of tHe processing element in the output layer. It should be

reported that a biasaue does not include an activation function and only has a specific
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value determined during the process of training along with the value of the synaptic

connection weightéMorfidis and Kostinakis, 2017)

On thetrainingprocessthevalues ofconnection weightand biases are updated in such

a fashion that the total error between the targeted and the predicted values is minimised
(Erdem, 2015)One fact of significant importance is that, the optimum configuration of
these layers is identified utzZing a number o$teps. More specifically, thephases can

be summarized as: (i) the number of model input parameters g(igpimum number

of hidden layers, (iii) the number of model outputs, (iv) the number of processing
elements (PEs), (v) the measuring performance indicators, (vi) type of activation function
(linear and/or nonlinear). One of the most important featureghwplays a key role in

the performance of the ANNE the type of training algorithifXu et al., 2017)Indeed,

after the configuration of the model, there atker important aspextwhichmust be
clearly defined such as a function of norrsation and the method for dataset division in

an attempt to avoid overfitting and to ensure good gesatiain ability of the trained
network (Hagan et al., 196) . It is noteworthy that arANN conceptwas initially

introduced byRumelhart et al. (1986)

2.8 Functionality of ANN Model

The structure of the ANN has been described by mesgarcherglaeel et al., 2016;
Jebur et al., 2018bANNSs compriseof a number of artifi@l neurons variouslidentified
a sprofessing elemermi$PEs) uniisd  madesiin the multi-layerperceptror(MLP)
approach which are the mosfrequently utilised ANNs in the field of geotechnical

engineering, processing elementstgpecally assembleth layers,consistingof an input
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layer, an output layer and one or more intermediate l&yensnashidden layergSitton

et al., 2017)asexposedn Figure2.4.

TV,

IVy

DV
IV,

IVy

Vs

Figure 2-4: Typical structure of ANN model inputs and output varialjlebur e

al., 2018) permission to reuse this figure has been granteploynger Nature

The scalar weights determine the connectistrengthbetween interconnecteabdes
(Loria et al., 2015) From other elements, an individual processimit receives its
connectionsveighted inputs, which are summed and a balse or thresholdunit is

eitheradded or subtracted. Théabvalueis normally assigned tescale the input to a

useful range to improve the convergenaggrties by minimising the percentage of error
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between the targeted and the predicted valagshe neural networkThe combined
values of the independentanables (IVs) processed from thesfitayer arehen passed
through a transfer function to produce the output of the processing el@imemE maps
a set of independent variables (IVs) to a finite output rande. describegroaess is

summarsed inEquations 23 and 2.2, respectively

(2.23)

(2.24)

where:¢ represents the numbef imdependent variable€denotes the nodactivation

level, the factorsy and® are the weights and biasealuesfrom the irputs and

output (hidden) laye) and® aretheweighs andthe biagsvaluesfor layertwo.

2.8.1 Transfer Functions

Transferfunctionscan takea rangeof forms. Thelogarithmic sigmoid (logsig)bipolar
sigmoid,hyperbolic tangent sigmoid (tansigihear transfer function (purelinand radial
basis (radbas) transfer funct®are the most commadnutilised transferfunctions in
artificial neural networksThe key objective is to transfer the gkied sum of all signals
hitting onthe processing element so as to determine its firing inte(igigydi and Beiki,
2010) The log-sigmoid transfer functioms usually utilised when the desired output
valuesarewithin the limit of0 and+1, whereas thensigmoidis oftenutilisedwhen the
desired range of output valuesoistweeri 1 and 1(Shahin, 2014)The logistic sigmoid
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and hyperbolic tangent transfer functions are shown in FRyarandrepresented bthe

following Equations:

0’0 f) (2.25)
p Q
—— Q2 Q (2.26)
Q0 —m—
Q Q
" (2.27)
w 0 Q0 W

where:"Q0 is the applied transfer function, factor8 and® are thesynaptic

connectiorweights and biasesluesfrom the inputs and output (hidden) layer

___________ Ml Ml BT, .2 3 A
........................
J - M - I = 1
0 0 }/lﬂ
""""""" —l oL R A
a. LogSigmoid b. TanrSigmoid c. Linear

Figure 2-5: Forms of commonly used ANN transfer functions
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2.9 ANN Architecture

Artificial neural networks are introduced as parallel computing dedoesprising of
interconnected units or neurons, where a unit presents a connection point at which data is
processedqFeng et al 2013; Ahmadi et al., 20L6ANN is an interconnected parallel
structurecomprisel of (i) an input layer (ii) hidden layer number(s) (iii) an output layer.
Thenumberof neurors in the input and output layers successfully characterise the number
of dependent variables to be prediciBtiahin, 2016)Full description of the ANN model

architecturas moreprecisely described in the followirsgibsections.

2.9.1 Single LayerFeedforward Network s

In this type of the ANN structure, a neural netwakcompasesof one layerof
computationaprocessing elemen{PEs)(Kriesel, 2011)In attempt to provid¢his PEs
with their input signalsa set of nodegstablishes an input layer thatssas middleman
betweenthe single layer of neurons and thmput layersourcesin the surrounding
environment. It is crucial to emphasise thatceonputationsare implemented in input
nodes(Master, 1993) Two sats of neurons only are available in this netwods
illustratedin Figure 26: input neurons that transmit the input signals to the output layer
and output neurons thedmpute their outputs using the same transfer fun¢taret al.,
2016) The applicationof this type of ANN structure caanly be strictlyof the feed
forward type because both the input and the transfestifun flow in onedirection

starting from input nodes toward the network ou(plén et al., 2017)
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Figure 2-6: Structure of singldayer feedforward network

2.9.2 Multilayer Feedforward Network

Multilayer feedforward networks are used amattemptto overcome thémitations and
thecomputational boundaries experienced in sitayer networkgKriesel, 2011) Such
networks have an architecture that is simply an updated extension of the previous ANN
structure, where one or more layersiateoduced between input and output layers. These
layersare hidden, thus, named hidden la/& hidden layer consisof a varednumber

of disconnected hidden nodes or neurasshown in Figure 2. where each node of a
speific layer feeds neurons in the immediate following layer with their input signals

(Jaeel et al., 2016)
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The activation function in the applied hidden layer units is normally Hiopar. The
nonlinearityinvolved between the independents and dependent varaldes for high

level interactions between signals of input paramdtegag et al., 2013Moreover, the

absence of nonlinearity in the ANN network reduces the ioptgut relationship to that

of a single layer. However, two typesdifferent combinations of@ansfer function can

be found in literature: (i) the same type of nonlinear functioatilsed in the hidden
layers,(ii) a linear transfer function is implemented in the output lafjelse o and Kk a'l

2015)

Furthermore, the feedforward ANN is normally fully connedthaehcai et al., 2015).e.
each neuronn a layer is fully connected to each node in the subsequent layer in the
implemented network hierarchy as can be observed in Figareile, if either oe or

two of these connections is missed, the network is partially conn@dtdanabi, 2006)

In attempt to draw the connectivity tperns for a multilayer feedforward network, a
combination of connections matrices is ug¢8tahin and Jaksa, 2005; Kriesel, 2011;
Abdellatif, 2013) In this case, each level of connections between two immediately
adjacent layers can be descriliigda matrix of weights. For a fully connected multilayer

feedforward ANN, the set of matrices can be described as follows:

r l:) l:) 2

U v U v % 0 Ul

0 0 0 0 0 0 Il:) 5 -
0 0 0 0 Iy , "

W v U
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Figure 2-7: Structure of multiayer feedforwardnetwork(Jebur et al., 2018permission to

reuse this figure has been granted by Taylor and Francis

2.9.3 Recurrent Network

A recurrent network is normallyntroducedin the case of a singlayer feedforward

ANN, if the output signalteedbaclas input that substitute part or all of the inpuhaig
(Shahin, 2014)This could also be generalised to cover multilayer-feedard networks.

In other words, a recurrent ANN consists of neurons feeding back their output to serve as
new inputs to randomly selected neurenghemselve (Ravuri and Stolcke, 20167
sel-feedbak can occur if the output layer of a certain node iddack to the same node.

Feedback loops are enhanced with delay elements, this is due to the nonlinear
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environment of the nodes, resulting in a+ioear dynamic behaviour. Model inputs and
outputsignalsin a recurrent ANNare presented as x(n) and y(n) respectively in order to

reflect the fact of being functions of discrete time variabl@sriesel, 2011)

2.10The Error Back-propagation

A variety of ANNs topologies hdseen developed to solve probleim many applications.
One of the most popular and robust ANN configuraiisnthe error back propagation
algorithm(Alizadeh et al., 2012; Tarawneh, 2013; Yadav et al., 2014; Mohammed et al.,
2017) The erroffeedforwardback propagatiotechniquehas been proveto beahighly
efficient tool in modelling noslinear relationship (Feng et al., 2013; Jaeel et al., 2016)
The algorithrrupdates the ANN weights in such a way thattiier of thenetwork output

is decreaseds set in theriginal goal. An ANN is constructed in such way that each
processing element in a specific lay&fully connected to the next layeklternatively
stakd every single nodé the input layer will send its output to every neuron in the
middle layer, consequently, every neuron in the input layer will then send its output to

every neuron in the model output layBiguyenTruong and Le, 2015)

The multilayer backpropagation ANN learning process comprises of pocessing
elementgpassng through the different network layers: a forward pass ankvisard pass,
by computing the gradient for eacbnnectiorweight and bias utilising the chain ruées
seen in Figure 8. Duringthe forward step, the synaptic network weights are all assumed
to be fixed, whereas, at the backward pass,simaptic network weights awdjusted
according toan updatederror. This iteration procedurés repeateduring the training

processwhich propagads the term of error needed feeight adjustment until thieained
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network can provide a set odnnectiorweights which has the inplautput mapping that

contairs the minimum error valueAmong the enhancements to the error back
propagationalgorithm that have been produced, anethodinvolves theuse of the

learning rateThe kearning rate parameter can be categorised as the factor thitiaites

the step size that the ANN takes in negative through the weight Spaatempts to

mi ni mize the training error magni tthade. T
needto be considered in any ANN training proc@ssesel, 2011) The objectiveof the

Uvalueis to increase the step simden the weight space direction is the same as the

previous steplirection andvice versa.

2.10.1 TheAlgorithm of Errorin Backpropagation
1. Initialise the networlconnections weight between the measured and the predicted
values
2. Repeat the following steps until some criteria;
3. Sum up weighted inputs and appie transfer function to computie output of

hidden layer;

228
Q0 @b —

"Q= hidden neuron output

w= input signal

0 = connection weight between input neuf@and hidden neuroi
"(x the activation function

—= bias on hidden neuron
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4. Sum weighted output of hidden layer and appbactivation function to compute

the output layer

(2.29)
w Q Qu —
w = independent output
0 = connection weight between hidden nepandk
5. Back propagation combinations
0 oed m — 20)
"k thederivation of the activation function
'Q = the desired output of the neuron
6. Calculate of the weight correction term
wbL € 3 0 |wL &€ p (2.31)

w0 & = adjustment on connection weight between nodes j and k
—= |earning rate

| =momentum term

"Q=actual output of hidden neuron

1 = back propagation error

w0 €& p =previous weight correction

7. Sum delta input for each hidden unit and calculate error term
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1 Qo0 d @O
8. Calculate weight correctiai@rm

WO & J o |wd & p

9. Update weights

0 £€Q0 0 £€aQwL

0 €¢Q0 0 ¢aQwo
10.Compute the sum square error

YYO g Q

k= number of output neurons

11.End

2.2)

2.3)

(2.34)

(2.35)
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Inputs Forward Back
Pass Pass
Xi wij = Wwij(n -1) + ﬁw-.j (n)

T

Wi Awij (n) = ndjxi +a A wij (n-1)

1

L 5= ( Xixiwij) 2 k Skwik)

]

wik (n) = wik (n -1) + Awjk(n)

\ |

A wik (n) =ndihj +aA wik (n-1)

|

o= (dk=yi)f ( Zjhjwik)

Outputs

Figure 2-8: Steps to illustrate theackpropagation algorithm error
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2.11The LevenbergMarquardt (LM) Training Algorithm

2.11.1 Introduction

The LM training algorithm is one form of the artificiatelligence(Al) concept.The
optimisation andraining processsimply meansidentification of the optimum ANN
model parameteysvhich are the connection weights, bias, maxn number of hidden
neurons and number of hidden laydt is worthstatingthat the main target behind the
implementedLM algorithirs is to minimise the error value between the target and
predicted valueia adjusting theonnectiorweights thaareidentified tocontributemost

to the error(Jebur et al.,, 2018ajor multilayer feedforward, the error functions
normally anontlinear function. Consequently g notpossible tamplementananalytical
solutionfor minimisingthe errompercentage to its lowesalue. Instead, it igital to find
analgorithm that involves a search through the weight spaces comprising of a succession

of steps of the form:

0 0 0 (2.36)

where:0 denotes weight value at a certain iteratidn0 is the value of the same

weight at previous step Kk, 0is theincrement of the weight vector.

Different types of algorithms founlly many scholars ithe relevantliterature involve
different techniques to identify the weight vector incremghtesel, 2011) The LM
technique has beenintroduced to overcome the main drawbacks and limitations

associated with the conventional approachesvaddly cited as an efficient and robust
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training algorithm across all engineering aspébtsrfidis and Kostinakis, 2017)The
LM approachis well documented as achieving a much higherformance by making
training 10 to 100 times faster, more reliable, stabled converging more often

(Wilamowski and Yu, 2010; Abdellatif, 2013)

The LM schemeis efficient algorithm but more computationally intensive version of
backpropagation. This system waseated as an improvement of tBaussNewton
method with the target of eliminating the numerical instability associated with the matrix
inversion in the latterln thismethod,another approximation to éhHessian matriwill

be introducedH denoted as:

‘0 00 ‘'O (2.37)

where:* is thecombination functionOis the identity matrix.

Lis the Jacobian matrix armbuld be calculated through back propagation technique
that is less complex than computing the Hessian malhe. aforementioned matrix
contains the first derivatives of the ANN error value with respect to vesgiat can be

defined as:
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‘Qp iserror of training process attputd when applying patterr) and is found as

Qrn Qp €5 (2.39

where:Q AT é\; are respectivelythe predicted and observed output vectyis,

the pattern index from 1 i , & is the pattern index, from 1 i hand( is the weight

number.

In addition,the relationship betweeahe Jacobianvand the gradient vectofof error, Q
is defined as

Q 00 (2.40)

Qf .
”Qﬁ l,l

:153 ]
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:18 1
1E2R 7 (2.41)
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In the current studythe LM algorithmwas trained with five input parameters and one

output, however, the updatae of the LM algorithm can be illustrated as follow

0 O 00 'O 0VQQ (2.42)

As a combination of the Gaudkewtonalgorithm and the steepest descent algor;time

LM training algorithm switches between the two algorithms during the training phase
(Abdellatif, 2013). Yu and Wilamowski (2011)statedthat when the combination
coefficient of t lEeguatior2.4isjusta @asiblewtosalgbitonrn s ma l
Whent h e ¢ theslatestalesgibed Equation approximates steepest descent
method The training or learning process of the LM algorithm is illustrated in FigQre 2.

In this study, the developed model was trained with the help of a MATLAB toolbox
version (R2017a)see Appendix |) The mathematical illustration process between

independeninput variables and output is clearly definedequation 2.3.

(2.43)

where:0 is the prediction value of dependent varialdleto & is the input valugof ith
independentvariables, bt and b are netwdk connection weights and biasealues

(see Appendses llto VIII ).

An ANN is defined as generalsed networkwhen itgeneratesa resendable outputoim
a set on inputftesting datasethat have nobeenutilisedfor training datasef Mar e g et

al., 2016; Alrashydah and AHBQudais, 2018)In the case ofa poor ornon-generalised
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mode| an ANN could suffer from either ovétting or under fitting(Shahin and Jaksa,
2005; Kriesel, 2011)Indeed, wer fitting produces excessive variance, while, under
fitting yields excessive bias in the model outfdtternik et al., 1989)Theearlystopping
criteria approackvasrecognisedamongt various praedures, to be the mostcaptable
method to optinge the generadation performance of theM (Yadav et al., 2014)n the
data division procesthe datases dividedinto twomainclusterstraining andvalidation,
performance of the training set is verified using the testatgsetThus the method of
early stgping requires one more subset between the trainingaoss$validation ses
(notanintroduced or unseen data subset during the training praeessdasthetesting
sulset. The typical ANN approach observes the training error only during the training
process, buthe early stopping criteriabserveshe validation and the training errors
(Kriesel, 2011) Within the early stpping criteria, the process of trémg is terminated
once the mean square error (M3Efween the measured and the predicted vdlass

reached its minimum value.
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Figure 2-9: Block diagram of the LM training algorithm:ws the current weight, s is the
next weight, k.1 is the current total error «is the last total errgdebur et al., 2018),

permission to reuse this figure has been granted by Taylor and Francis.

where:0 denotes the existing weightt, is the subsequent weigh® @e Q are

the current anthst total error respectively.
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2.11.2 Determination of the LM Architecture

Determinationof the ANN optimumarchitecture is onef thedifficult tasks innetwork
development. Indeed, it requires the selection of the optimumber of layes, selection

of the most effective model input parametensmber of hidden laygs), and the number

of nodes in eackpecificlayer. To date, there is no unified theory to deiae an optimal

ANN optimum topology(Premalatha and Valan, 201@asically, in any proposed
network, there are two layers represegtthe input and output variableé8ne hidden

layer is sufficient and can map any continuous function between the model variables

(Alrashydah and Ab®udais, 2018; Jebur et al., 2018a)

It should be cited that introducimgore than one hidden layer leads to substantially slow
the process of trainingnd enharesthe chance of gjting trapped in local minim@Al -
Janabi, 2006)Trial-and-error isthe promoed method(Stojanovic et al., 2016Which is
commonly utilised to optimise the number and connectivity of the hiddersldyéias
been suggested I@audill (1988) that the maximum number of nodes in a single hidden
layer could be taken as 2N+1here N is the number of independent variables. Another
approachsuggested bPremalatha and Valan (2016gveas that the optimum number

of the nodes used in the hidden layer is a funatibmean square error (MSE) and
correlation coefficient (R). Finalisation tfe number ofneurons can barrived atwhen

the MSE is minimum value andfRimericalvalue at its uppepossibldimit.

2.11.3 Model Performance Evaluation
The ANN performance should besessednce therainingproces$as been successfully

accomplished. The objective of tperformance evaluatiophase is to ensure that the

46



Chapter Two Literature Review

model has the capability to-genealise within thegperformance analyslsnits set by the
training data in a sufficient fashion as would be expected. The acceptable approach that
is generally adopted in threlevantliterature is to test the measuring performance of the
trained network o atestingdata subsdt Ma r e g e tlf sich performangelchtgria

are sufficient, the generalised model can be deemed to be robuste are many
measuring performance indicators documeitgdhany scholars, teuchobstacles, the
correlation coefficierst(R andp), root mean square error (RMSE) and the mean absolute
error (MAE) are generally the maistatistical performance indicators thate often

utilised toevaluatehe ANN model efficiency.

Thedeterminatiorcoefficientvalue is a measure thatuslisedto find the correlation and
the goodnessf-fit between the measured and the predicted @lashim et al., 2017a)
The followingindex is suggested byraber et al. (2011fpr R measuring performance

between 0.0 and 1.0
sYs T@OOO0ORAT QOARABAOD AADADEAOEAAT , (2.49)
™ sYs ™YAT OCAR@DDBODx BADADOEAOEAAIL A (2.45)

sYs ™0 QA0 OOAR ZBDOOD AADADOBAOEAAT A (2.4)

1 Thecorrelationcoefficient(R) to determine the relative correlation between two

sets of variablegzan be found using Equation Z:4
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B Y YO O

B Y 'Y B 0 0 (2.47)

1 RMSE is the most adaptaltdaterionto measure the error between gredicted
andmeasuredalues andhas the advantage tredarge error valueeceivegreater
attention than small error8vhile, MSE eliminates the emphasis given to large
errors.It should notghat both MBE and RMSE are desirable when the assessed
output data are continuous or smooth, RMSE afsé Ban be calculated abown

in Equatiors 2.48 and 249:

(2.48)

YO YO sY Us

(2.49)
b "YO

C:|o

where() symbolisesthe datasethumber,"Yand0 are the targeted and computational

value,0 and”Yare the meaof the predicted and targeted vaiue

2.12 Related Studies

There has recently been an incresadin the number ohumerical andexperimental
studies concerngpile loadsettlement behaviouAmong all,(Jeffrey, 2012Qeveloped

a comprehensive experimental study to examine the-detidtment responses of
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different types of modehstrumentegbiles embedded in sand soil and subjected to a wide
range of uplift and compression loadsvo types of pile construction methods were used

in the experimental programme (replacement and displacement piles). The results
revealed thathe ultimate pile capacity of the continuous helical displacement piles were
similar to that found in the displacement piles. Moreover, the initial sand density has been
observed to be highly influenced by the pile type andipdtllation methodComparing

the results of different types of piles materidtg dontinuous helidadisplacemenpile
wasdetermined to cause a substantial modification in the sand relative density around the
shaft of the pile. Whereathe sand relative density below the pile base was fond to be
highly influenced by displacement pileconcrete and ekl) The results also
demonstrated that the developed skin friction resistance for displacemeepace ment

piles were similarBoth displacement and replacement pdeselopabout 90 % of the

ultimate capacity fronendbearing resistance.

Gaaver (2013performedexperimentaload-displacement testsn steelvertical piles
tested in and soil and subjected to uplift loads. The model piles were tested in three sand
relative densities, measuring of dense, medium, and loos@igtambeddedengthto
diameter ratios of 26, 20, and 14. The results shown that the pile uplift capaditigilgs

influenced by on the sand properties and pile effettingth(embedded length of pile)

Fattah and AlSoudani (2014performed gperimental study to explotée influence of
soil plugs on the pile bearing capacity of steel ptestedin loose sand. Different
parameterfiave beemvolvedin the testing programmepmprisingof pile installation

techniquepile Lc/d ratio, and soil plug removal with respect to plug length. The results
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revealed that pilvbearing capacity was influenced by the percentage of plug soil and pile
geometry.Two years laterFattah et al. (201&arried outanother experimental study to
examinethe bearing capacity of steel pilmbeddedhto three different densities of sand

soil; dense, medium, and loosPBifferent types of model piles with wide range of
slendernesgatios were testetb achieve the intended ainThe resultsevealedhat the
ultimate pile capacity increases in parallel with an increase in soil density and plug length
ratio (PLR). In light of these test results) empirical formulacreatedby the authors

which could be usdto predict the pile capacity operendedsteel piles.

Recently, ANNs have been confirmed to be a good modelling technique in various
domains including the different speciality areas in geotechnical engine®n@dNN has

the capability to deal with complexity and to capture thelm@ar functions, adopting

the substantial computer capacity to implement extremely iterated (@ 2009)

With this respectAlkroosh and Nikraz (201linvestigated the feasibility of artificial
neural network to simulate pile capacity of different types of model pile foundations
subjected to axial loads. Three types of ANNs have beerapekand trained, one for
modelling replacement piles and two models for displacement piles. The models were
constructed baseamhthe results ofone penetration tests (CPT). The results demonstrated
that the ANN models perform well and have the reliiid predict pile load carrying

capady with some degree of success.

In another studyMomeni et al. (2014)examined the utilisation of hybrid genetic
algorithms coupled witANNs to model pile bearing capacity. A database congistf

50 pileloading tests wastilisedto develop andearnthe proposed ANN model. Four
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factors were identified as the masitfluence model input parameters affecting pile
capacity, i.e., pile set, drop height, pile geometrical properties, and hammer weight. The
results indicated that good agreement was achieved between the measured and the
predicted pile bearing capacity valu&ecently, Nejad and Jaksa (201¢arried outa

study aimed apredictingpile load-settlement of model piles based on a cone penetration
test (CPT)Twelveinput parameters were used in thput space to develop and train the
proposed modePile ettlement wasssignedo be the model dependent variable. The
results revealed that the adopted mettmad be usetb predict pile settlement with high
accuracy,thus recommending the applicatioof an ANN model as aood tool in

predicting pilesettlemenbehaviour

Although many researchers have highlighted the use of artificial neural networks (ANNS)
in the field of geotechnical engineering, to date, there are still specific gaps in the subject
knowledge.The slow rate of convergendhe necessity of adjusting aitning constant,

and getting trapped in the local minima have been cited as major drawbacks associated
with conventional artificial neural networkslomeni et al., 2014)n addition, thenput
parameters were selected based on trial and érribie current study, a new methodology

has been presented usiagcomprehensive experimental pile load test. Additionally,
robust, seHltuning artificial intelligence (A) approach to fully cordate pile load
carrying capacity and associated settlement of rigid and flexible piles. The choice of input
parameters has been discussed using a comprehensive statistical analysis to identify the
most efficient input parameters, underline the contribudf@ach model input parameter,

and precisely evaluate the reliability of the dataset being examined.
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2.13 Summary

In this chapterthe detaik of two literature reviewphasesare presented in an effort to
provide the reader witla brief review of pile foundations and the feasibility of the
computational intelligencechemesn modelling pileload carrying capacity. Firstly,
method of pile installatiorweresummarisedit has been reported that pile foundasion
could be categorised in thfent types depending on pile installation methoglile
geometryand pile materialsSecondlypile design procedureserepresentecndit was
statedthatmany variablesreinvolved in the design framewk. These werea function

of soil type,type of pile installation and factors related to pile functionality such as end
bearing capacity anthe earth pressure coefficiemtFurthermore, irsitu pile bearing
capacity testing procedures have also been discusdekf reviewof the conventional
methods us® to predict pile settlementvere also presentedThe feasibility of
computational intelligence applicatiohasbeenhighlightedand discussed, it has been
found that thecomputational intelligencapproachesould be successfully applied to
provide a predictive model when the relationsHyetween model inputs and output(s)
are nonlinear. The topology and the factors affecting the construction and training
process of the ANN model have beemmarised, it has been revealed thanumber

of dependentand independent variablesimber ofneurons training methodand size

of the dataset are the main parameters affecting the model convergence. Moreover, based
on literature, root mean square error (RMSE), mean absolute (B4AdE) and the
coefficiens of determination R e a r sRoamdp$ have been selected as the main
statisticalindicatorsto testthe performance anthe generalisation abilitgf the trained
network The employed selfuning supervised LM has also been presented and destus
Finally, a review ofsome related studiesoncerningpile foundationshave been

documented
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CHAPTER 3

Experimental Methodology

3.1 Introduction

This chapter discusséas detail,the experimental methodologgedin this thesis In the
current study, a series of experimental filed tests were performexh different types
of model piles with pile slendernssratios (Lc/d) of 12, 17 and 25enetrated in three
sand relative densities measuring lo§$8%) medium(51%) anddense(83%) and
subjected to compression and uplift loading systélrhe pile load tests were performed
using an innovative piletesting chambexvhich was designed and manufactured
Liverpool John Moores University. Ftdlcale insitu testarehighly preferable. However,
such tests areexpensive,have a negative environmeat impact and there are
uncertainties assigned withe soil stress historyThey aretime consumingtediousand

as suchpile-load test have been cited as barriersdeterminingfield pile load carrying
capacity (Ornek et al.,, 2012; Momeni et aR014; Baziar et al., 2015)ndeed, a
laboratory scale pikesting programme offers a good solution tavercome the
limitations associated with the-gitu tesing. However, considering the behaviour at
bench scale compateto prototype behaviour ismportant when conducting any
laboratory model testg. Laboratory scale test effects could arise due to both: (i) scale
effects because of thecaliseddeformation at the sopile interaction and (ii) boundary

effects due to soil sample finite size. Thereforés worthnotingthat in the context of
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this study,effects of both factors on the nfi@mance of the model piles habeen

addressed prior to the design and manufacture of théegiig chamber

3.2 Development of thePile TestingChamber

This sectiorpresentsin depth, thanannern which the modepile-testingchamber has
been designed and manufactured. In addition, the propeftiks test be@d@ndthe sand
densities preparation methodmve also been presentetihe physical modelwas
designed and fabricated witiveralldimensions 0800mm {n y-direction) xX900mm (in
x-direction) with athird dimension depth at 3000nm as presented fhigures3.1 and
3.2, respectively.The experimental setp was comprised ofa pile testing chamber
designecand manufacturedy the author anthe technical stafdit LJMU. The chamber
wasthen usedo performplie load test for different types of model pilesubjectedo
compression andension loads.The loading system incorporated double acting
calibratedload cell type (DBBSM S-Beam)having a maximum capacifgompression
and uplift) of 10kN. Vertical displacementinstrumentationutilised 2 full bridge
displacement transducerstrain gaugeype), with the loading provided by hydraulic
pumpmodel Armstrong Lyon Hydraulic, ENERPAC L40NLTD) connected to double
acting hydraulic rammodel (ZE3408ET). A 16-bit resolutiondata acquisition system
was usedo monitor pileheadload and displacementhe pile testingchamber with its
sand bed inaporated golytetrafluoroethylen¢PTFE sheetwith a coefficient friction
of less than 0.04t the sand chambénterface The pile driving process utilisedan
adjustable pin with a series of holes along a sblafhaximum length ofL..5m, which
permittedincremental driving of the pile under hydraulic loading within the reach (stroke

capacity) of the ram (max 400mm). A ball joint arrangement (acting as a universal joint)
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was usedn the loading chain to avoid the transmission of moments under possible min
eccentric loading due to nggxact axial positioninglhe datasetsduring the installation
process were not recorded sitieepile should be embeddentil the desireémbedded
length has beerreached The pile loadsettlement response was thparfomed to
examine pile capacitgthe applied load that leads to pile settlement at 10% of the pile

diameter(BSI, BS EN 8004:1986)

Ideally, the pile-testing chambemust be large enougo thatthe chamber edges do not
interfere in anynajorway with thestresses resiiig from thepile tesing. In experimetal

pile load testing, limitatiog on the testing chamber are normally dictatiey available
spaceand equipment availabilities. Moreover, the materials of the pile testingreig
found asplaying a key role on theoncept of the boundary effecand the soil stress
distributions in the effective zondndeed, high stiffnessmaterialswould permit a
reduction in the required chamber size to overcome boundary effects limitations in
comparison with flexible materialdNasr (2013) however,reported thatf the ratio
betweerthe pile tesing chambemndthe pile diameter imore than 10the effects of the

boundarysizecouldbe ignored.

In this research studyhe sand chamber is properly scaled down to overcome the issues
inducedfrom thechambemboundary influence on the sand stress distribution during the
loading process with a ratio of 22bBtween the diameter of the sand box to model pile
diameter forall modelpiles. Robinsky and Morrison (1964¥ported that the boundary
effect is more predominamtithin a range of &8 times the pile diameter. Where&sao

et al. (1998)ktressed that, the ratio between the pile dianzetdthe chamber edge is
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about 10 to overcome the scale effect limitation. However, the pile diameter ubed in t
study is equal to40mm (for square and circular sectionahd the test tank inside
dimensiongavere(0.9m x 0.9m x 1.25m)rherefore, the minimum required dimension to
minimize the scale effectsuesmust be 840mm (ID+ 10d + d). In this study, thénside
dimension is 900mm, exceeding the scaling law stasdgudted |t is worth noting that
Polytetrafluoroethylene (PTFE) has been ysesdshow in Figure 31, in an effort to
reduce the friction between the chamber and the testdbed as it has lgs frictional
resistancg0.04) compared to the steel shgbt605)(Young and Freedman, 2000
addition, 20mm sufficiently rigiPerspex sheetasutilised as the front side of the testing
chamber and suflivided into equal segmentasindicatedin Figure 32. Thiswas to

provide aclear viewingareaof the sandnd tocontrol volume.
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Figure 3-1: Pile testing chambewith internalcove of PTFE sheet.
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Figure 3-2: Schematic view of the test cogfiration forthe pile tesing chamber.
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3.3 SandProperties

This section discusses in detail the properties and the adopted procedure utilised to
achieve the required relative sand densities. The gaadin the experimentakesting
programme is obtained from local supply. It has a relatiseigllimpurity levelwith a
quartzcontent at abou®8% Based on the Unified Soil Classification System (USCS),
the sand being used could tlassified as poorly graded (SHhe physical properties of
the sand were determined from experimetatsts, such as sieve analysspecific gravity,
sand unit weighand direct shear tes&s summarised in Tab&1l. In addition, the sand
was composed of suounded particles, as confirmed by scanning electron microscopy
(SEM) imagesshown in Figure 3. The physical properties of the sand samplese
determined through laboratory tests as per the stanalgpdoachsasstatedby theBSI

(BS EN 13777:1990)

The sangackingused in the experimental testas prepared in three relative densities,
'O of 18%, 51% and 83%. In order to overcome the scale factor issnéso capture the
in-situ pileload testthe influence of the grain size distribution on the combineespile
interaction should be maintaine@he ratio between the pile diametand the sand
medium diameter &) should be 45Nunez et al., 1988]t has been stated Remaud
(1999)that the ratios 60. Taylor (1995however, reported that theinimumratio should

be 100. In thisesearchthis condition has been met using a sand Withratio between
pile diameterand the sandmeangrain size diametefd/dso) of about134 asrevealedin

Figure 3.4, thereforethe geotechnical scaling standard condition has batsfied

59



Chapter Three Experimental Methodology

The sand placement technigoethe air sandaining process asobserved to play a
substantial role in thg@rocess of achieving reproducible sand denéigsr, 2013;
Kampitsis et al., 2015)To prepare théoose sanded, the sang@articles were poured
into the test chambetilising a tube delivery system, @soposedoy Schawmb (2009)
The end of the tubvas repeatedly held at a maximum set distance of about 40mm
between the sandelivery tubeand thesurfaceof the test bed The medium sand was
prepared using an air pluviation technigdiscussedoy Ueno (2001) The sand was
controlled by the falling rate abou 800mm above the sand surface with an accuracy of
+ 25mm. The mediumdensityof the sandbedwas preparedising 2.00mm sieve size
according taBSI (BS EN 4.0-2:2000)along with the use of a mechanical scijeak as
presented in Figure 8. and was carried out over -B hours.The sufficiently rigid
transparenPerspexheet(Figure 3.2with thickness ofil8mmwasplaced in the front of
the pile-testingchamber hawmng beenmarked in equal square grids of 3@ to control

the required sand volume during the sand pegarprocessThe sand top surface was
levelledoff using a smooth straight aluminium plate. addition, the dense sand
condition wasattained by dividing the testing chamber into four layeeshsandlayer
wasplacedwith 300mm thickessfor each layeand divided into equal segments (300 x
300)mnt (see Figure 3.2)subsequentlyeach sandlayer wascompactedo obtain the
required dasity, utilising a handheld vibrator techniquefollowing the procedure

detailed byAkdag and Ozden (2013)

The sand densitiesvere verified through the use afsmall wooen box, (Figure 36)
madewith dimensions o300 x 300 x300) mm. With theknownweight and volume of
the empty wooden box, thepecificsand densityvasdefined.The following equation

wasused in order testablish thaifferent sand test beds.
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in which theg K

weight(kN/mq), 'O is the sand relative density.

Table 3-1: Physicalproperties of the sand

Experimental Methodology

(3.1)

FA T 1A are, respectively, the maximum, minimum and sand unit

Index Property Value
Coefficient ofuniformity, 6 1.78
Specificgravity, 'O 2.62
Coefficient ofcurvature,0 1.14
Effectivegrain size, dio (mm) 0.22

Meangrain size diameter dso (mm) 0.34
Moisturecontent,Mc (%) <0.2
Specificsurfacearea, (mm/ml) 94000
Maximumdry unit weight, (kKN/m?3) 17.45

Minimum dry unit weight,] (KN/m3) 15.34

Void ratio of thesand in thdoosesstate Q (%) 0.709

Void ratio of thesand in thedensest Stat€) (%) 0.49

Peak agle of friction for loose medium anddensesandn ®) 39, 44 and46
Critical state agleof friction, n ) 42and42.5
Peak andconcretdanterfacefriction angle ®) 28.8, 32.5and
Critical state andconcretdnterfacefriction angle 318and 3
Peak andsteelinterfacefriction angle °) 17,17.7 and 19
Critical state andsteelinterfacefriction angle,] °) 185
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Figure 3-4: Particle size distribution of the sand specimen.
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Figure 3-5: Preparation of sand bed by means of pluviation

Figure 3-6: Sand density verificatian
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3.4 Direct Shear Tests of theSand

Direct shear testg wasperformedollowing thetechnical methodescribedy BSI (BS
EN 13777:1990)in order to examine theand shear strength characteristidse sand
bed usedthroughout the testing programe was uniform sand prepared in different
densities with properties as detailed in section (3.B&laboratorytesting progranme
for thedirect sheaevaluationwasconducted at Liverpool John Moores University, soil

mechanicsaboratoryusinga newdirect shear box appatet(Figures 37 and3.8).

In addition to the sandhear strength characteristitise sandconcrete and sarsteel
interface friction angles for different sanelative densities were also determinedrh
the direct shear test&pplied normal and sheatresgson the adopted sand aealuated
and can be utilised in thdetermination of thangle offriction usingthe Mohr-Coulomb

definition, as listed in the following equation:

t  , OA @ (3.2

t denotessoil shear stressn the failure plane, is thenormal effective stresson the
failure planez AT & are respectively effective angle of friction and effective

cohesiorof the soil

3.4.1 Results ofSand Direct Shear Box Test

Toreliablyclarify thesheabehaviour of the sand test bed used impiteetestingchamber,
the results of the direct shear test are presented and discussed in thisHest®nesults
were determined from the ddf@irect shear test®)f the computerisedlirect shear tests

appaatus as shown in Figus8.7 and 38. Figures3.9 to 311 showthe profile of shear
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stresgsversus horizontal shear displacemiemtthe three sand relative densities used in
the experimental testingrogramme The results revealed that the peak and cristate
shear valuedor thesame densitpf sand at higher normal stressesdrigher than those
subjected tdow stresseslt can also be observed thée increase in the sand density
results in an increasof the peak shearing resistance that could mainly be attributed to an
increase in the dilatancy influence for the shearingstasce of the sand being

investigated

With respect tdhe direct shear tefr loose sand, it should be notht the graphical
results n Figure 3.9 show a gradual increase in shear sggssfile as the shear
displacement increases ahen reaches a plateaithouta pronouncegbeak. It also can

be seen that the peak values of the shear stress for themmeaind are aboutOkPa
30kPa and23kPa, respectivelyncreasinghe sand density contributed to an increase of
peak shearing sistance. This can be cleaslgen form the direchear test for dense sand
with peak shear resistance values of about 44K3k®3 and®5kPaas revealed in Figure
3.11 The direct shear results also revealed that the critical distribution of the shear stress
displays patterrs of partially linear relationshipgor the initial loading stages (elastic
zone) Furthermore,the concretesand and steadand shearing resistarsceere also
induced along the pile effectiength To determine the correspdimg angle ofnterface
friction ( Ufor each materiadirectshear box tests were also performadsaneconcrete
and sanekteelfor different sand relative densitiddoreover theresults of thgpeakand
critical stateshear stresses weggaphically presentecersushe normal effectivetreses

as shown irFigures 3.12, 3.19 and 3.20A linear relationship can be seen between the
normal effectivestressand the sangdand peakand criticalstateshearstreses From

Figure 3.12it canalsobe observedhat the sangeakshear stregsfor dense sandre
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higher than those founith loose and medium sanfis stated,lis can be attributed to an
increase intie influence of the dilatancy feine shear resistance of the dense s@hd.
angles of internal friction and material interface friction were determined using linear

regression, assuming a line of best fit with no cohesion (zero intercept).

Figure 3-7: Preparation of the sdrspecimen for shearing tests.
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Figure 3-8: Apparatus for the direct shear test.
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Figure 3-12 Shear stresse®rsusnormaleffectivestresgsfor sandsandinterfaces

at differentrelative densities

Likewise the interfacefriction angles between the santiincreteand sand/stedior

different sandlensities havealso been experimentally measuresingthe direct shear

test thesesummarisedh Table 3.1The saneconcreteand sanesteelshear box tests have

been performed by placingoéece ofprecast concretelock andsteel blockin the bottom

of the shear boand then the testgerecarried ouin accordance witBSI (BS EN 1377

7:1990) Figures 3.13, 3.14, and 3.{&andconcretenterface$ andFigures3.16, 3.17,

and 3.18 (sandsteel interface$, depict the results of shear stress agaisiséar

displacement for a wide range of relative densitfesand (loose, medium, and dense
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The results revealdtiatthe sheastress profilein Figures 3.13and 3.16aretypical for
loose sand packinghowng a gradual increase shear streswith shear displacement
thenbecomingsteadywith shearing resistanaaeasuringof 22kPa, 17kPa, and 13kPa
for sandconcrete anaf 12.7kPa,9%Pa, and’kPafor sandsteel,respectivelywithout a
pronounced pealRegardingmedium sandthe peak values of the shear resistance are
slightly higher than tbse recorded fothe loose sandgiving shearvaluesof 26kPa,
20kPa, and 14.5kHar sandconcrete and of 13k®a,9.4kPa, ad 7.5kPafor sandsteel
Moreover, for dense samécking thepeak shear resistance is higher thanitteitified
from the loose and medium sandith notable peak valuesof 29.5kPa, 23kPa, and
16.5kPafor sandconcrete and af5kPa,10.5kPa, andBkPafor sandstee| respectively.
This couldbecause o&n increase in the contribution of dilatarioythe shear resistance
of thedense sandt is worth noting thatt e v a | foresandstedlintetfaceggiven in
Table3.1, are slightly lower than commdy statedvalues owing to the fact that the piles

used in the experimental tests were maifdgteel with a smooth surface.

In addition, the result®r sandconcreteand sanesteelfor peakand criticalstateshear
stressversusnormal effective stresareshownin Figures 3.19 and 3.20As expectedor
dry sandalinear elationship can be seen betweenmal effectivestressaand shear stress
values It can also be observed that the sand pedakcriticalstatevalues ofshear stress

increasewith increasingapplied effective stresbehavingn the manner anticipated
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Figure 3-13: Shear stresses versus shear displacemertsrioreteloose sand.
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Figure 3-15; Shear stresse®rsussheardisplacemersfor concretedensesand.
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Figure 3-16. Shear stregsversussheardisplacemerstfor steetloose sand.
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Figure 3-17: Shear stregsversussheardisplacemersfor steetmediumsand.
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Figure 3-19: Shear stresse®rsusnormaleffectivestresesfor sandconcrete

interfacesat differentsandrelative densities.
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Figure 3-20: Shear stresse®rsusnormaleffectivestresgsfor sandsteel

interfaces at differerdandrelative densities.

3.5 Model Piles Specifications andL oading Procedure

The experimental testing programe was designednd performedo examinethe uplift

and the compression bearing capacitymafdel piles embeddedn cohesionless soil.

Precast concrete pilesteelclosedended and steebperendedpiles were used with a

40mm square profildor concrete piles and circular profile for steel pilesaddition, the

pile enbedment lengtho-diameter ratios measuring 12, 17 and 2iere usedto
investigate the behavioof rigid and flexible pile§Reddy and Ayothiraman, 2019)he

concrete piles were characterisedByai s s o BPos0.2raraM d wn g6 s (Ehodul

= 30GPaln addition,the steel pileserec har act eri sed by aEPOI s:¢
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= 200GPawhich is highly comparable to the suggested material gdhresteel and

concrete as reported I3ere and Timoshenko (1997)

A spirit level with an accuracy of £ 0.5° was used to confirm the pile verticality before
each plie-load testThe effective pile lengths @) of 480nm, 680nmand 10@mm were
considered plus a freestanding length of 50mm to avoid contact of the soil with the pile
cap. This wouldalsoconfirm that the pile bearing capacity measured from thenrast
dueonly to the soil-pile interaction thusavoidng any contact between the applied load
and the soil surfacéor theloadsmechanicdy applied to the pilg the compressive and
uplift loads were applied a displacementate of 1mm/min asspecifiedby Bowles
(1992)and within theacceptableangesspecifiedby BSI (BS EN 8004:1986)usinga
hydraulic loading systemcomected to a double actingcampression/tension)
manufacturercalibrated loactell, type (DBBSM) having a maximum capaciyplift
and compressiorf 10kN.To confirm the accuracy of the adopted load cled,lbadcell
was also experimentdl calibratedby applying known loads(uplift and compression
loads) using a Tinius Olsen computerised testing maclisee Figure 21), under
repeated, static, and sustained loadifige load cellwas securedoetween the loading
headand theelectrichydraulic driving systemA double acting electritiydraulic ram
control systemmodel (ZE3408ET), assemblecdht the top of the testinffame was
utilised for pile installation ah controled driving rate Moreover, loadsvere applied
directly to an aluminium pile cap of 20mm thickness and 150mm diantleigvas used
to confirm that the applied loadvere consistentlydistributed over the pile heatt is
worth noting that specific attention was given to minisa load eccentricity, and a
sphericalball bearing systemacts as a universal joinyas included in the loading

mechanism andtilisedon the top of the loadinigeadto overcome eccentricity issues
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A data acquisition system with a resolutionléfbit has been used to record the applied
load and the pile head settlement during the experimental Testslata logger contains
an analogue to digital convertier monitor andreceive theexperimental signalsf pile
applied load and correspondisettiementand an SD memory catd storethe results of

pile load ted Then the infamation stored on the memory card was ttiansferred to a
PCfor analysisFurthermore, two fulbridge strain gauge type dlapement transducers

of veryhigh-resolutiont0.15at 150mm stroke capacity were utilised to measure the pile
settlement, aslepicted in Figure 22. A generalarrangemenbdf the vertical loading

apparatus is illustrated in Figure3.

Furthermore, a mechanical lock has beworporatedn the pileloading systentFigure
3.23) This was designed to ensure the fixity &ame@nsurepile verticality without tilting
during theinstallation procesdHorizontal levels of the pile cayere monitored until
reaching final effective lengtlof penetrationForthe pile settlement, twmagnetic starsl
were used andecuredat thesidewallsof the pile-testingchamber This was adopted to
holdthe transducers on the top of the pile cap in pairs so that the influence of bemding ¢
bepreciselyaccounted forThe piles were axially loaded with the next load applied when
the pile settlement had stabiliseddetails of the experimental testing programare

summarisedn Tables 3.2, 3.3 and.4, respectively
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Table 3-2: Model concretepile specifications used in the experimental testing program

Test ID Pile  Slenderness Diameter (mm) Sand Density Test type
Ratios (Lc/d)

CRCH1 12 40 loose Compression
C RC22 17 40 loose Compression
CRC13 25 40 loose Compression
CRC14 12 40 medium Compression
C RC15 17 40 medium Compression
C RCL6 25 40 medium Compression
C RCL7 12 40 dense Compression
C RC18 17 40 dense Compression
C RC19 25 40 dense Compression
T RC11 12 40 loose Uplift

T RC12 17 40 loose Uplift

T RC13 25 40 loose Uplift
TRC14 12 40 medium Uplift

T RC15 17 40 medium Uplift

T RC16 25 40 medium Uplift

T RC17 12 40 dense Uplift

T RC18 17 40 dense Uplift

T RC19 25 40 dense Uplift
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Table 3-3: Model steel closedended pile specifications used in the experimental testing

progranme.
Test ID Pile Slenderness Diameter (mm) Sand Density Test type
Ratios (Lc/d)
CSsCi-1 12 40 loose Compression
CSC 12 17 40 loose Compression
CSC13 25 40 loose Compression
CsSCi4 12 40 medium Compression
CSC15 17 40 medium Compression
CSC16 25 40 medium Compression
CSsC 17 12 40 dense Compression
CSsC 18 17 40 dense Compression
CSC 19 25 40 dense Compression
TSC1Z11 12 40 loose Uplift
T SC 12 17 40 loose Uplift
TSC1-3 25 40 loose Uplift
TSC14 12 40 medium Uplift
T SC1-5 17 40 medium Uplift
T SC1-6 25 40 medium Uplift
TSC1-7 12 40 dense Uplift
TSC1-8 17 40 dense Uplift
TSC1-9 25 40 dense Uplift
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Table 3-4: Model steel operrended pile specifications used in the experimental testing

progranme.
Test ID Pile Slenderness  Diameter (mm)  SandDensity Test type
Ratios (Lc/d)
CS0O1-1 12 40 loose Compression
CS01-2 17 40 loose Compression
CS01-3 25 40 loose Compression
CS0O14 12 40 medium Compression
CSO01-5 17 40 medium Compression
CSO01-6 25 40 medium Compression
CSO01-7 12 40 dense Compression
CcSs01-8 17 40 dense Compression
CS01-9 25 40 dense Compression
TSO1-1 12 40 loose Uplift
T S0O1-2 17 40 loose Uplift
TS0O1-3 25 40 loose Uplift
TSO1-4 12 40 medium Uplift
T SO1-5 17 40 medium Uplift
TSO1-6 25 40 medium Uplift
TSO1-7 12 40 dense Uplift
TS0O1-8 17 40 dense Uplift
TS01-9 25 40 dense Uplift
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Figure 3-21: lllustrates the loadell clibration process.
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Figure 3-22 Details of pile settlement instrumentation and recording system.
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Figure 3-23: Details of the aluminium pile cap used in the loading system.

3.6 Characterisation of Concrete Mix

The concrete mix design for the model concrete piledbbasformulatedto determine

the optimum watecement ratio (w/c) for the concrete model piles using the compressive
strength of concreteubes™Q . The aggregate mixture gradatiohtlee coarse andine
fractionswere within the zone of-Imm and 8mm, respectivelyThe concrete utilised

to formulate the piles has been prepared from Portland cement {{@EM-II), coarse
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aggregate, fine aggregate, supkasticiser, and wateusing the concrete mixture
proportions summarised in Tables3It should be noted that the maximum size of the
coarse aggregate specimen is recommended to be one fifth of the smallest concrete
structural elemeniKosmatka and Panarese, 1994)this context, the maximum size of

the aggregate utilised in the concrete mixture was 7mm, which is less than the critical
value (8mm) for a pile with 40mm diametdihis mix designwas chosen testablish

good workability and compaction of the concret€oncrete cube specimens with
dimensions of(150 x 150 x 15mm have been preparéd determine the concrete
strength developmen{BSI, BS EN 12392:2009) The concrete specimens were
demoulded after 24 hours and then cured in water and tesddéteegnt curing times of

7, 21, and 28 days (see Tabie)3

Theconcrete compressive strengths determined by applyireg0.2 MPa/s loadingate

using thecontrolsof compressive strengtiesting machine as shownhigure 324. The
concrete mixture was prepared using a Hobart concrete mixer according to the
requirement identified bSI (BS EN 1961:2005)for concrete cube prepaion The
concrete model piles were prepared usimgw adjustable mould with inside dimensions

of 40 x 40mmasrevealed in Figure 35. Theadjustabldengtts of 530mm, 730mm and

1050mm, respectivelyweredevisedaccording to the concrete pile effectieagth
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Figure 3-24: Concrete compressive strengipparatus.

Table 3-5: Mix proportions and strength development of the concrete used in the experimental

progranme
Material Mix proportions (kg/m3) Compressive strength (MPa)
Portland cement (CEM) 450 Q 21
Coarse aggregate 1050 Q 37
Fine aggregate 850 Q 41
Supetrplasticiser 3.4
Water 165
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Figure 3-25. Concrete pile casting.

3.7 Structural Fibres

This sectiondescribs the characterisationf the fibresusedwithin the concretemix
design ofthe model piles. The concrete pile cross sectional dimensiaese 40mm x
40mm with different pile embedment lengtimeasuring 480mm, 680mm and 1000mm.
However, wo typesof new fibreswere used, asglustratedin Figure 326, and were
investigatedusingdifferent volume fractionso select the optimum percentagecrease
the concrete performancandto reducethe need for shear reinforcemeatiditionally,
theseoffer threedimensionalreinforcementincrease pile ductilityand overcomethe
limitations of casting such asoncrete segregatioassociated with the casting of small

concrete model pile®etails of thausedfibresare summarisenh the following sections
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3.7.1 Macro Synthetic Structural Fibres (SF) Type 1

It is well documentedy many scholarghat adding structural fibsat a specific volume
fraction as reinforcement ira concretemix, significantly enhancethe mechanical
properties of the concrete materig@hskdag and Ozden, 2013; Mahmud et al., 2013)
Randomly distributed fibresan offer a solutionto low impact energyresistanceand
concretecracking problems. Indeedbfes increase the concrete energy absorption, and
improve the flexural strength of theinforced concretpile sincethe applied fibres play

a key role in delaying crack developméRaran et al., 2012)

In this study, two types ofaw SFswereutilised in different volume fractiorendadopted
to reducethe need for shear reinforcemefhese fibres alsoffer threedimensional
concrete pile reinforcement and enhance the pile resistamiféet@nt types of loading
systemdy increasing the concrete ductilayd itsoverall durability. They deliver high
performance, cost savings, as well as health afetysadvantages. The fibres have
varying lengths ranging from 48mm up to 55mm with 0.7mm diamtttes creating an
improved reinforced concrete pile over the use of conventional fibres. F.algeesents

the chemical and physical properties of the flireing used
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Table 3-6: Properties of th&F structural fibres used in the pile reinforcement.

Fibre property Value Tolerance Remarks
Fibre length, (mm) 4855 +/-2 mm EN 148892
Equivalent diametefmm) 0.7 +/-0.03 mm EN 148892
Slenderness ratio 69 +/-7 mm EN 148892
Shape Embossed

Absorption rate, %

Specific gravity, O

Electrical conductivity, (S/mm)
Colour

Tensile strength, (MPa)
Elastic modulus, (MPa)

Chloride content

elongated design
0
0.905
0
White
417 -31 MPa EN 148892
5740 -574 MPa  EN 148892
0

3.7.2 Micro Synthetic Structural Fibres (XT) Type 2

Micro synthetic XT) fibre is the second type of the structural fibres thatheenused

in this research study. Using XT fibre leads to enhanced concrete durability and surface

properties. This fibre is used as alternative tocaanentrainingagent (AEA) with a

percentage of 1% of concrete volun@jncrease the concrétesesistance to the effect

of freeze/thaw as well as to enhance the abrasion resistance of concrete in areas where

high levels of chlorides will be encounterddicro Synthetic XT) fibre properties are

illustrated in Table 3.
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Table 3-7: Properties of the XT structural fibres that can be used as AEA.

Fibre property Value

Material 100% Virgin Polypropylene
Fibre Length Blended

Density, kg/m3 910

Absorption rate, % 0

Il gnition Point, <ce 365

Electrical Conductivity, (S/mm) Low

Design Monofilament

Me |l t Point, ce 160

Acid Resistance High

Figure 3-26. Optimisation process ahacroSyntheticstructural fibres (SRype land Mcro

syntheticstructural fibre (XT)ype 2
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Furthermore, a series of flexural strength tests were conducted on beams with dimensions
of 40 x 40 x 160mmiIn total, forty-two rectangular simply supported concrete beams
were testedusing a tinee point loading configurdon to providea view of load
deformationdistribution in themid-section of the samplebeams The optimisation
process involved differermolume fractionsusing Equation 3.3anging from 0.5, 0.75,

1, 1.25, 1.5 and 1.75% with O percent as a referema&olasshown in Figure 27. The
structural fibre was added continuously using-blaych weightsMoreover, frst crack
strength, stresstrain behaviour and post cracking response were examined thtaugh

the testing programe.

5O ¢ dhE Qg WQMR QOO Q1 "Qha (3.3)
Y1 Qo QIOMI¥O8 O o Qiz NG Qi V& TBQ

The experimental tests were run accordind@®l (BS EN 123965:2009) It should be
noted that the experimental testing progmaemvas performed usingTinius Olsen(TO)
machine testing implementing the controlled disptaeet method as shown in Figure
3.28. Threebeamsandcubeswere tested a curing age of 7 and 28 day For the sake
of brevity, the reults ofthe crack propagation and the ledeflection behaviour of
structural fibre reinforced concrete beam&omparison tglain concrete are shown
Figure 3.20. Figure 3.29 denotes a comparison between theerageload-deflection

results ofstructural fibre reinforced concrefleRC)beans and plain concrete

The results revealed that increasing the fibre percentage leadsingrease in the
cracking energy capacity froB200N to up to 5000N. In addition, the initial failure point

fifirst crackd  wabautsimilar for all of theinvestigated mixproportions. However, the
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presence of fibres distributes the crack propagation #feefirst crack has appeared
influencing the recovery and the ability to resist a higher applied load compared to the
initial failure point. The use of the SFs had a remarkable influence in transforming the
concrete mechanical properties from brittle tatde behaviour. This was illustrated by

the first failure crack being produced at lower loads (around 4010N) than subsequent
cracks, reaching just over 5000N at deflection of 3.4mm in the optimisedfchstb%

as this fibre percentage represethis opimum fibre percentage that leads to ultimate

applied load wh remarkable energy absorption

Figure 3-27: Casting process of RC beanomsing structural fibres (S& XT).
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Figure 3-28: Beam testing setup using a Tinius Olsen testing machine.
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Applied load (N)

Deflection (mm)

--------- 0.5% Fibre Addition — - = 0.75% Fibre Addition
1% Fibre Addition — — 1.25% Fibre Addition
----- 1.5% Fibre Addition — - - 1.75% Fibre Addition

Control (plain concrete)

Figure 3-29: Shows the loadieflection results for the concrete beams reinforced

structural fibres adlifferent volume fractions.

3.8 Summary
Thissection of thehapter described, in detahetechniques thatereused in the testing
progranme. It is intendedto providethe reader with a concise illustration of the

experimental methodologysed in this study

The overall pile testing systecomprisedf thefollowing items adistedbelow.

1 Pile testing calibration chamber.

1 The testing frame
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1 Pile driving systenfdouble acting hydraulic ram)

1 Loading mechanismaystem

1 Data acquisitiorsystem(recordingdata loggesystemwith a 16bit resolution)
71 Characterisation of the sand used throughout the testing pnogram

1 Model piles (pile geometry, pile materiagéad pile penetration length

The dimensions of the piesting chambewere decided according to tkeil effective
stress zone from the foundation edgel it within thestandarccriteria(see section 3.2)
The testing system also involYeneasuremestocated &the pile cap (i.e. displacement
transducers) and a load cslpe (DBBSM SBeam) A 16-bit resolutiondata acquisition
unit was utilised to recorithe applied load and associafelé head settlemertloreover,
details of the model pilegsstingweregiven in Table 3.2informationregarding the sand
properties and preparation methods of sand densities were summarised and discussed in
section 3.3Through the direct shear bdesting it has beemroven that the sandand
angle of friction the peak friction angjend thesandpile interface frictionangle depersl
primarily on the sand densitiRegarding theise of two types of structural fibresdetails

in section 3.7The utilisation of structural fibredhas been proveto beadvantageous in
the concrete model pikeas it signifiantly improves the shear strength behaviour and
indeed promoteseconomy since fibre reinforced concrete could be designed with
minimum shear enforcemerithe results of the loadeflection flexural tests confirmed
thatfibre inclusion in concretat 1.25%by concrete volumeould be recommendeds

the optimumfibre percentagehat substantially increased the flexural strength of the

concrete bearwhen compared to nereinforcedbeams
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CHAPTER 4

Resultsand Discussion:Load-Settlement Curvesfor Precast Concrete,
Steel Closedended and Steel Openended Piles Subjected to

CompressionL oads

4.1 Introduction

This chaptepresents and disclessthe experimentaesults of the pildoad tess$ along

with thepredicted results using thé/ training algorithm.In addition, comparisons have
been made between the employed training algorithmtivtmesults oéxperimental pile
loadtest, and with those specified by a number of conventional methods. A
comprehensivetatistical analyis studyfor the dataset gathered from the experimental
testing programmeis also presentednd discussed he result®f load distribution curves
areclearly summariseth threephasesseries (i) preseatland discussed the resuttb

the precast concrete piles along witie modellingand statisticabpproach, series (ji)

and series (iiilshow thegraphicalresults of the of the steelosedendedpilesand steel
openendedpiles compareavith thecomputationamethods Additionally, details of the
LevenbergMarquardt (LM) model developmentalong with the assessmteof the
rel ati ve Betannlosot Arcet ati st Sig\wlusdsudyamealsbi ¢ an
presented andiscussedTo evaluate and verify the efficiency of the oduced approach,

comparisos havebeen made between tresults of themployed training algorithm with
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experimental pile loatestvalues and with those specifiday a number of conventional

methodsas detail in the following headings

4.2 Development of the Trained LM Model for Model Piles Subjected to
CompressionL oads
One of the primary aims of this study is to devedoy traina reliablepredictive model
using the LM algorithmto fully capturethe pile loadsettlementresponsewith high
efficiency. As mentionedpreviously the proposedraining algorithm is a data driven
computingtool, which, could be usedwhen the relationship between model input and
output parameterss complex (NguyenTruong and Le, 2015)in addition, the LM
algorithm has the ability to capture the nonlinear functions, and apply the substantial
computer capacity to implement extremely iterated W¥ddav et al., 2014)nterest in
the use of the computational intelliger@s beesteadilyincreasingn the last few years
(Zhou et al., 2017)it should be stressed that one of the obvious advantages of the LM
methodis that no trainingnternalparameterarerequired to be modified during and after
the trainingprocess This avoidsmany difficulties and barriers red in the use othe
classical algorithmsuch asthe slow rate of convergencadjustinglearning epochs,
learning rate and local mininfaDe o a nd Kkladddition, the2l M algojithm has
been certified to be a faster training algorithm in comparisoaother conventional
machine learning algorithenThereforejt has beeronsidered aa superior datalriven
algorithm to provide accurate solutsior complex nodinear problers suchas the one

considered in the current study.
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In the currenstudy supervised LM algorithm trained via Multilayer Feéatward Back
propagationhas been developed and appliedisTéort of ANNscomprisa of fully
interconnected parallel neurons processing elements (PEs)hich are connected in
three layers, following therder: the input layer, the hidden layer(s) and finally the output
layer(s), as described iRigure 41. One fact of significant importance is that, the
optimum configuration of these layers is identified gtij a number okteps. More
specifically, tlese phases can be summarized as: (i) the number of model input
parameters, (ii) the optimum number of hidden layers, (iii) the number of model outputs,
(iv) the number of processing elements (PEs), (v) the measuring performance indicators,
(vi) type of he activation function (linear and/or nonlinear). One of the most important
features, which plays a key role in the performance optbposed training algorithiis

the type of training algorithn@Xu et al., 2017) Indeed, after the configuration of the
model, there are other important aspeabtatmust be clearly defined such as a function

of normalgation, and the method for dataset division in an attempt to aweedfitting

and to ensure good generalization ability of the trained net{i##tagan et al., 1996)

The aforementioned parameters are presented and disesseddws:

(i) The number of model input parameters: Identificatibthe most effective input
parameters has been stated by many scholars to @apstéantialrole in the
efficiency of the developed netwofMohammadi et al., 2016)n the present
research, a comprehensive statistical analysis has been carried out in order to
categorisgéhe most significant input paraters that influence the model output
as well as the contribution level of ead¢¥i, based on certain conditions

recommended biallant (2011)It is worth noting that the statistical analysis was
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performed using SPS&} software. More detiai about the model input
parameters and the statistical significance of each model parameter are given in
sections 4.2.1 and 4.2.2.

(i) The optimum number of Hden layersThe selection of the optimal number of
the nodes or neurons is vital to a successéihitng process as the trained LM
algorithm is sensitive to this number. If the number of neurons in the hidden layer
is less than the required limit, the network is too parsimoniotige utilisationof
its parametersconsequently the algorithm perforneancoulddeteriorate below
that of the applicable numbeihereas, if the number of the neurons is excessive,
there is danger of ovéitting with no substantial improvement during the training
process (Abdellatif, 2013) Following the data prprocessing, the optimal
structure of the LM model has been selected at a topology of 5:10:1 (input
parameters: number of hidden neurons in one hidden l|aygput layer).
Therefore, in this study, the developed network waedcdhwith a single hidden
layer, as illustrated in Figure A. The choice was according to the fact that the
reliability of such an ANN model has been well documented in several relevant
studiesf Mareg et al . 2018)016; Jebur et al .,

(iif) The number of outputs: In this study, one output was seléctdige trained
network

(iv)The number of processing elemenBRES§): A neuron receives input signals
(o ho oo I8 8% ) from adjacent or an external source a neuron andftians
them to an outpuwignal via a transfer functiodO neurons were used to correlate
the nonlinear functions between the input and output layer. This optimum number
of neurons was selected by minimizing the error percentage on a testing dataset
using a trialand-error method(Stojanovic et al., 2016)
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(v) Measuring performance indicators: The accuracy indicators of the trained LM
algorithm were firstly assesseatlring the learning or training process. The
optimum model performance was statistically evaluatedsatijithe following
metric skill indicators with a minimum error between the target and predicted
values. The Mean square error (MSE), correlation aneffts (R and p), and root
mean square error (RMSE) functions are determine@&gquations4.1, 4.2 and
4.3. The aforementioned statistical indicators were used in this study, as they are
the main standards that are frequently sddi to measure the neivk
performance(Nejad and Jaksa, 2017; Erdal, 2013he RMSE is the most
common measure of error. It has the particular merit that small errors receive less
attention than drge errors(Jebur et al., 2018a)The optimum value of the
correlation coefficient (R) is unity, whicindicates that a perfect consistency is

achieved betweetihe measured and the predictedues(Alkroosh et al., 2015)

0 (4.1)
0"YO +— Y Y
0]
- T 2 2 T T
Y 11
L] B v "Y B f) f) IJ (4_2)
u v
0 (4.3)
YO "YO = sY 0s

in which N denotes the number of the datasat;and 0 are the targeted and
computational values] and”Yare the mean of the predicted and targeted values; R is the

correlation coefficient.
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(vi) Type of activation functiorActivation or tansfer functions to simulate nonlinear
relationships are necessary for transferring weighted sums from each processing
element to processing elements in the next layer. In this study, tesigerdid
thefitansig transfer function is applied in the hiddeger and a linedaipurelind
function is employed irhie output layerthis is in agreement wittnearlier study
(Deo et al., 2017)

(vii) The training algorithm: The supervisgdelftuning LM training algorithm was
appliedto train the developed networkhis training algorithm is one of the fastest
backpropagation algorithms and highly recommended as the first choice of
supervised algorithnOne of thedistinctivefeatures of this approach is the high
rate of convergence of the constructed md@8ellazzo et al., 2017; Jebur et al.,
2018b) In addition, this method is normally applied to get a quick learning time
and high generalisation ability has been recomme8tajanovic et al., 2016)

To this end, the LM training algorithmas used in the present stutforeover,

the employed algorithns that it isselftuning (does not comprise user dependent
parameterst each applicatignas well as being certified to be 10 to 100 times

faster anda more stable training algorithm in comparison to other conventional
machine learning algorithn{8Vilamowski and Yu, 2010)

(viii) The function of normadation: data normalisation, through which the IVs and the
target attain values within the range (0,1), is advisable in system modelling to
smooth the data, and to get a suitable rate of conver{@onog and OrdiereMeré,

2016) As part of this process, for each parameter with minimum and maximum
valuesofw andw , t he defini tsednv alfuladnede inor

evaluated using Equation4.
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©_ W (4.4)

(ix) Data division: the total number of training datasets has a substantial influence on
the robustness of the trained netw@8tojanovic et al., 2016)The size of the
training cluster is recommended as ranging between &880% of the total
dataseby manyscholars(Jaeel et al., 2016; Moayedi and Rezaei, 2017; Kumar
and Basudhar, 2018 the context of this researdhetotal dataset values were
randomly divided into three main clustecomprising of trainin@0%, testing at
15%and validation at 15%The training subset goal is to determine the network
strength byupdating the connections weights and biaséisesduring the learning
process The testing subset was located to check the reproducibility and the
generalsation ability of the proposedgdrithm. It should be noted that the testing
dataset was not involved during the training and it is usually used to evaluate the
reliability of the algorithmbeing trainedMillie et al., 2012; Sa et al., 2014)
Finally, the croswalidation subset was piloted to assess the model performance,
and to terminate the process of learning to avoid biterg at a minimum value

of the mean square error (MSHarawneh, 207).
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Hidden Output

a0 | Ol

10 1

Input

Figure 4-1: Topology of the trained LM model.

4.2.1 Model Input and Output

Identifying the most influentialfactors affecting pile bearing capacity and settlement is
importantin order to accuratelgevelop a reliable modéYadav et al., 2014)ntroducing

a large number of input parametexs any ANN model contributein increasing the
required data size to efficiently estim#tieappropriateconnection weights and decreas
the connection speefMaier and Dandy, 2000Most of the traditional approaches
comprise (i) pile material; (ii) pile geonmgt (iii) applied load and (ivproperties of the
soil. In this research, an innovative statistical significance analysiisg mdtiple
regression technique (MRTWasdeveloped teselect the most effective parameters and
to underlinethe contribution of eaclv to the dependent output. This technigue has been
utilisedbecause it has mamyerits(Hashim et al., 2017alor instance, it has tlability

to explore the relationship between dtvido a set oindependentariables (IVs)Hashim

et al., 2017c)However, based on the aforemened method, five factors, fatl model
piles were consideredo play a substantial role ipile settlementwith a statistical
significance (Sig.value of < 0.05, matchintpe statistical criterigField, 2008; Pallant,
2011) These parameters are (i) applied loBY (ii) pile slendernessatios (Lc/d), (iii)

pile axial rigidity (EA), (iv) pile embedded length ) and (v) the sangile interface
fricti onEAavasintiueled (ntthe model input parameters sincaffécts the
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resultsof the model outpuds demonstrated in the statistiealalysis In addition, the

parameter EA has be@tfentifiedto play a key role on pile settlement (see section 2.6).

Input layer —» Hidden layer —_— Output layer

4o
A -
", R

Pile settlement

Q
0
o
©

Pile-soil =
interface friction b
i,
\ﬂ «+— Error propagation

Figure 4-2: Sketch of the optimisedNN topology.

4.2.2 Statistical Significance of IndependentVariables (IV s)

The level of contributioror strengthof eachof the independent varialdg(1V s) to the

model outputhas been ascertained by calculating the relative importance parameter, or
Betavalue. Statistically, the closé 1.0the absolute Beta value is, the more significant
the impact of that IV on the modeting developefPallant, 2011; Hashim et al., 2017b)
Tables 41, 42 and 43 display that the applied load and the saild interface friction

anglehave been identifieds makinghigh contribuions to themodeloutput.While, the
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results demonstrated thatepslendernessatios, pile length, andaxial rigidity made a

lesser contribution to thenodeloutput.

4.2.3 Outliers

An outlier can be defined as a case with such an extreme falwne variable (a
univariate outlier) or strange combinations of scores on two or more variables
(multivariate outlier) thattistatistically distortshe mode(Tabachnick and Fidell, 2013;
Hashim et al., 2017b)l'he model generalisation ability can be highly influenced by the
presencef such extreme poin{slashim et al., 2017cYherefore, all IVs andependent
variables DVs) must be statistically screened before the process of training. Batesl on
statistical criteria suggested bgbachnick and Fidell (201,3he presence of outliers can

be identified using the Mahalanobis distance (Miglue In this study, the maximum
MDs mustbe less than the critical val@2@.52as given in Table 4.@he maximum limit

for five IVs (Pallant, 2011) For the experimental dataset, the highest MBisthe
concrete piles datasets found to b22.83 which is higher thatthe valuess givenn

Table 4.1 To check whether this exsrany influence on the results of the Lk&ining
algorithm as a wholeTabachnick and Fidell (2013ecommended to calculate the
Cookods Di st alnam cabe@inOCOD)1 greater than 1ihereis a
potential problem. The statistical analysis results demonstratedthib@ o o k 6 s
Distance (COO_1) for the described point was found at 0.00344, which confirmed
that the output resultwould not be influenced. For the stedbsedendeddataset,

the maxMD was determined at 21.48, whiletBeo o k 6 s Di st ance ( COC
this point was found a0.00911 which is less than theritical value However, the

presence othis point in the experimental data set will not influence the efficie
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of the proposed model. Furthermofer steelopenrendedpiles, the maximumMvD

was 17.63which confirmed the absence of outliers in tiservations beingtudied.

Table 4-1: Results of the statistical analysis for concretespile

IVs Beta. value MDs COO0_1
Applied load(D) 0.787 22.83 0.00344
Sandpile angle of interface frictiof G ) 0.613
Axial rigidity (EA) 0.02
Slenderness ratig.c/d) 0.139
Pile length(L) 0.101

Table 4-2: Results of the statistical analysis for stelekedendedpiles.

IVs Beta. value MDs C0O0 1
Applied load(D) 0.840 21.48 0.00911
Slenderness ratig.c/d) 0.238
Axial rigidity (EA) 0.015
Pile length(L) 0.026
Sandpile angle of interface frictiof G ) 0.718

Table 4-3: Results of the statistical analysis for stegérendedpiles.

IVs Beta. value MDs
Applied load(D) 0.804 17.63
Sandpile angle of interface frictioq U ) 0.711
Axial rigidity (EA) 0.015
Slenderness rati@.c/d) 0.119
Pile length () 0.088
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Table 4-4: lllustrates critical values of the MDs

Number of model Critical value of Number of model Critical value of

input parameters  MDs iInput parameters  MDs

2 13.82 5 20.52
3 16.27 6 22.46
4 18.47 7 24.32

4.2.4 Data Size

The dataset size must be calculated in otaleievelop the best relationship Wween the

IVs and the model outpuénd to obtain an efficient model performariPallant, 2011;
Hashim et al., 2017cJ-or the five input parameters, according to the following formula
(4.5), the minimum datset size required to train the LM algorithm is(¥@bachnick and

Fidell, 2013) In this study, the total number of recordamints form the experimental
pile-load tess used to run the LM training algorithm are 254, 277 and 274 for concrete,
steelclosedendedand steebpenendedpiles respectivelyA summary of the statistical
parameters for the training, testing and validation dataset, used to develop and train the
LM for concrete, steel closed angenendedpiles subjected to compression loadse

given in Tables 4.3, 4.4, and 4rBspectively.

0 v Pz oni (4.5)

whereN andIVsdenote the required size of the sample and number of independent factors

to peform the LM training algorithm.

106



Chapter Four Results and Discussion

Table 4-5: Statistical characterisatiari testing, training, and validation dataset for concrete piles.

Input Variables Output
Load Slenderness Pile Pile axial Sandpile  Settlem
Data Set Statistical  («N)  ratio, Lc/d  length, rigidity, EA friction ent,
Parameters (m) (MN) angl e (mm)
Max. 6.782 25 1 47.2 36 14.416
Min. 0.001 12 0.48 47.2 28.8 0.002
Training  \eqn 213 1728 072 47.2 2626  6.14
Set SD* 1.85 1.34 0.21 0.00 1.11 4.52
Range 6.781 2.08 0.52 0.00 7.2 14.415
Testing Max. 6.67 25 1 47.2 36 14.218
Set Min. 0.001 12 0.48 47.2 28.8 0.003
Mean 1.83 16.735 0.70 47.2 25.40 6.25
S.D.* 1.93 1.365 0.22 0.00 1.128 4.52
Range 5.67 13 0.52 0.00 7.2 14.215
Validati Max. 6.73 25 1 47.2 36 14.30
on Set Min. 0.131 12 0.48 47.2 28.8 0.065
Mean 2.39 18.06 0.68 47.2 26.32 7.13
S.D.* 1.94 1.348 0.22 0.00 1.12 4.19
Range 6.6 13 0.52 0.00 7.2 13.235

*Standard deviation
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Table 4-6: Statistical characterisation of testing, training, and validation dataset foclsted

endedpiles.

Input Variables Output
Load Slenderness Pile Pile axial ~ Sandpile Settlem

Data Set Statistical  («N)  ratio Lc/d  length, rigidity, EA  friction ent,
Parameters (m) (MN) angl € (mm)
Max. 4.426 25 1 251.18 19 14.461
Training Min. 0.001 12 0.48 251.18 17 0.0015
Set Mean 1.454 17.01 0.711 251.18 17.91 6.097
S.D.x 1.363 1.345 0.211 0.00 1.05 4.591

Range 4.425 2.08 0.52 0.00 2 14.49
Testing Max. 4.350 25 1 251.18 19 14.215
Set Min. 0.193 12 0.48 251.18 17 0.022
Mean 0.683 18.323 0.767 251.18 17.783 5.860

S.D.* 1.260 1.369 0.226 0.00 1.044 4.586
Range 4.349 13 0.52 0.00 2 14.192
Validati Max. 3.660 25 1 251.18 19 13.861
on Set Min. 0.084 12 0.48 251.18 17 0.002
Mean 1.275 17.35 0.724 251.18 17.827 5.727
S.D.* 1.098 1.347 0.213 0.00 1.049 4.521
Range 3.576 13 0.52 0.00 1.117 13.814

*Standard deviation
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Table 4-7: Statistical characterisation of testing, training, and validation dataset fooptel

endedpiles.

Input Variables Output
Load Slendernes: Pile Pile axial ~ Sandpile Settlem

Data Set Statistical ratio, Lc/d  length, rigidity, EA friction ent,
Parameters (kN (m) (MN) angl e (mm)
Max. 4.260 25 1 251.18 19 14.450

Min. 0.002 12 0.48 251.18 17 0.002

Training  \ean 1.251 17.17 0.717 251.18 17.91  5.952
Set S.D.* 1.202 1.342 0.210 0.00 1.04 4.435
Range 4.458 13 0.52 0.00 2 14.448
Testing Max. 4.256 25 1 251.18 19 14.353
Set Min. 0.002 12 0.48 251.18 17 0.0165
Mean 1.233 17.24 0.724 251.18 17.836 6.207

S.D.* 1.342 0.138 0.226 0.00 1.047 4.665
Range 4.254 13 0.52 0.00 2 14.336
Validati Max. 4.261 25 1 251.18 19 14.180
on Set Min. 0.211 12 0.48 251.18 17 0.449
Mean 1.240 17.365 0.725 251.18 17.827 7.011
S.D.* 1.118 1.352 0.216 0.00 1.049 4.609
Range 4.050 13 0.52 0.00 1.117 13.731

*Standard deviation

4.3 Performance Analysis of the LM Algorithm for Concrete Model Piles

Embeddedin Loose M edium and DenseSandy Soil.

This part of the studyletailsthe results of the experimental versus predigiéslload

displacementind the criteria used to evaluate the performance of the propuszl

The measuring accuracy of the trained LM algorithm was firstly assessed during the

learning procesd.o desigrand evaluatan optimal network topology, different statistical

performance indicatonsere appliedfor instance mean square error (MSE), coeffigent
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of determination (Rand p and root mean square error (RMSH)ey areconsidered as
the main standards thatewidely utilised to measuréhe networkperformanc€ Ahmadi
et d., 2016; Zhang et al., 2016; Nejad and Jaksa, 2017; Erdal, .28b8)ver, the
performance of the LM algorithm for each predictive model (concrets, ptieelclosed
endedpiles and steebpenendedpiles) has beerevaluatedas clearly explaired in the

following sections:

4.3.1 ConcretePilesunder Compression Loads

Understanding the analytical mechanism during the training process is vital for successful
modelling. For this aim, the stages of testing, learning, and validation in model should be
clearly described.Figure 43 shows the procedure of training LM through the
aforementioned three stages. The results illustrated that the training process terminated
when the validation errors number exceeded the allowed numbers, which were 6
sequentiaerrors. As the learning procesompleted, there was a point considered by the
network as the Aopti mal pointo. At this
errors are declining, the validation value increases from that point on. Hence, such points

could be considered bestlidation performance; there the value of the MSE is 0.0025.
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Best Validation Performance is 0.0025192 at epoch 215
10() T T T T :

Train -]
Validation | 1
Test '

N
o
N

Mean Squared Error (mse)
S

10'3 C 1 1 1 1 =
0 50 100 150 200
221 Epochs

Figure 4-3: Performance plot of the LM algorithm for concrete developed model durin

training process.

Furthermorethe corresponding change of gradient tre@Marquardt adjustment factor

(my), play a significant role in reduction the mean square error percentage. As revealed
in Figure4 4, the gradient errodecreases and reach®804 Notably,the m, factoris
decrased to negligible valuelX10e%) after a few epocls and the validation check
increases t6 at an epoch of 221. Moreoveéigure 45, presergthe error histogram (EH)

plot to obtain additional efficiency validation of network performance. The EH can also
give an indication obutliersiidata features that appears to be inconsistent with other
subsets observationgYadav et al., 2014)Additionally, theconclusiongirawn fromthe

LM algorithm can begreatlyaffected bythe presence obutliers(Tabachnick and Fidell,
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2013; Hashim et al., 2017a)hus, the training process stopped once the validation
error starsto increaseMoreover it can be shown that the majority of data coincides with

zero error linan the two central bins@.003 and 0.01)

Gradient = 0.004691, at epoch 221

gradient

10_4E L 1 1 1

Mu = 1e-06, at epoch 221

10_6 L 1 I 1 1

Validation Checks = 6, at epoch 221

val fail

0 50 100 150 200
221 Epochs

Figure 4-4: Gradient and maximum validation checks for the LM trained network.
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Figure 4-5: Plot of eror histogram{(EH) for the LM algorithm

4.3.2 MeasuredVersusPredicted Pile Load Tests for Concrete Piles Subjected to
Compression Load

The results of the @erimental loaesettlementests and the predicteditcomeusingan

evolutionaryLM algorithmfor the concrete model piles subjected to compression loads

are discusseth this section A series of experimental pile load tests were performed on

model concrete piles. The testing praxgme consisted of three piles with slenderness

ratios (Lc/d) of 12, 17 and 25 witBquare sectionsf 40mm to examine the behaviour of

rigid and flexible piles. In total, 254 pointsererecordedrom the experimental pikpad

test dcita using a P3 straindicator. Figures 4, 4.7, and 48 exhibit the extent othe

match between the experimental and preditwad-carrying capacityof concrete piles
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subjected t@xial loadat different steps of mechanical loadifigpe pile loadsettlement

results are idaistic for pile foundations subject to axial mechanical loads, i.e., reducing
from pile head to pile toe due to the increase in the developed shaft resistance and the
point bearing. It is noteworthy that the plastic mechanisms involved in the\edfeat
surrounding the pile arthe leading cause for the ntinearity of the loaesettlement
curves. The results revedldhat the increase in the pitapacity could be clearly
pronounced withan increase in the pile embedment length and sand stiffness.isrhi
probably associated with an increase in the point bearing and the overburden pressures
that lead to an increase in the mobilised skin friction resistance developed between soil
pile interactions irthe adjoining zone of influencés can be observedhe pile load
carrying capacity behaviour exhiga noticeable elastiesponsen the initial stages of
loading until approximately 300N, 500N, and about 1000N in loose, medium, and dense
sand. In addition, seiielding effect is clearly marked with ireasing applied load, i.e.,

for a pile tested in loose sand, the effect of soil yielding can be underlined within the
applied load ranges from 300 to 425N, 550 to 700N, and 725 to 950hbftel piles in

loose sand with ¢/d of 12, 17, and 25. The assoetfpile settlement decreases until
reaching a maximum capacity at about 10% of the pile diameter following the pile load

test failure criteria reported BSI (BS EN 8004:1986)

Moreover Figures4.6 and4.7 report the results of the load carrying capacity of model
piles embeddeth medium and dense sand. Similarly, an obvious elastic response can be
seen in the initial stages of applied load until the pile settlement level is about 2.5% of the
pile diameter. Beyond this settlement level, the foundation responses becotliecaon

due to the occurrence of the plastic mechanism in the surrounding sand effective zone.

With increasing values of applied load, the rate of pile settlement substantially increases
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before excessive settlement at approximately constant at loads of 1050aad6der

2000N for piles embedded in medium sand atdut3200, 4400, and 6250N for piles
with slendernesratios of 12, 17, and 25 driven in dense sand. According to the graphical
comparisons, for loose sand, the predicted results are slightly untetestfor the pile
loadsettlement curves ithecase of preyield working settlement. It is apparent from the
results that there is excellent fit between the proposed computational intelligence
approach and targeted values in pgetd pile load testsasponses (often the most
important component for practicing engineers) This is supported with a correlation
coefficient of 0.99 for all data, therefore it is plausible to conclude that the training

algorithm is areliablemethodto predictioad-settlementurves.
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Figure 4-6: Comparison between measured versus predicted pilelispthcement test:

for concrete piles embedded in loasend.
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concrete piles embedded in medium sand.
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0 1000 2000 3000 4000 5000 6000 7000 8000

0 —_— 0 -
’g 1] : [ 0.025 é
= 2 1 - 0.05 %
S 3 - 0.075 =
£ 4 01 A
2 5 - 0125 @
2 6] L 015 &
S 7] - 0175 &
g 8 - 0.2 g
% 9 1 r 0225 9

10 - 0.25

11 L 0.275

12 L 0.3

13 - L 0.325

14 ] L 0.35

15 L 0.375

16 - [ 0.4

—=— Concrete Pile, (Ic/d=12) = = -LM Model, (Ic/d=12) Concrete Pile, (Ic/d=17)

— - LM Model, (Ic/d=17)  —e@=— Concrete Pile, (Ic/d=25) - - = - LM Model, (Ic/d=25)

Figure 4-8: Comparison between measured versus predictetbpitiedisplacement tests fc

concrete piles embedded in dessad.

The regression calibration plot for the training, testing and validation of all datasets to
compare the measured and predicted pile settlement values, are illustrated in Bigure 4.
The points in all subdivisions (training, testing and validation) are located close to the
best line of equality Qutput= A x Target+ C), where fAAO0 and nCO
parameterswith high coefficients of determination of 0.99139, 0.98565, 0.98819 and

0.9908, for training, validation, testing and all data,
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Figure 4-9: Regression grapiof the experimentalesultsversuspredicted pile settlement fc

concrete pile subjected to compression load

Moreover, the performance of the LM algorithm is further examined graphically using

the testing dataset as shown inufg410. It should be pointed out the testing dataset

was notinvolved during the training procegMillie et al., 2012) It is normally used to

evaluate the generalisation ability of the trained netwiBukn et al., 2014)Thus the

testing dataset has beetilisedto plot a regression calibration curve between measured

versus predicted results, with a 95% confidence intd@) level of fit. According to
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the results, significant agreement can be observed between the mieassus predicted
values with low scatter around equality line, withRIMSE and correlationoefficients
(R and p)of 0.0478 0.988 and 6.28 *1§*, which confirms that the LM trained network
has the ability to successfully reproduce the results oéxperimental pile settlement

with high consistency.

RMSE = 0.047806, R = 0.98819, p = 6.2824e-31

1.2
O  Observed data
Fitted value = Target value 7
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Fitted value
Figure 4-10: Calibration plot otheresulting model for the testing dataset at a 95% confit
interval (Cl).
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4.3.3 Comparison betweenthe LM Optimum M odel with the Various Traditional
Methods for ConcretePiles
The full behaviour of pile load settlemem¢eds to bevell predicted the geotechnical
engineeringcanthen, based on the applied loaé, used talecide the ultimate capacity
and complywith thestructure serviceabilitgnd integrity requirementtndeed accurate
simulation of the full pilesettlement curveecessitatethoroughunderstanding of the
soil-pile interaction (i.e., soil stress historygoncentrationof stressesand problem
boundary conditions which is complex and difficult to quantiffComodromos et al.,
2009) However, for simplification purposes and by necessityeis# hypotheseand
arbitrary assumptionassociated witta significant set of parameters that goverpile
capacity and associatedttlement, have been assumed. This has resulted in the fact that
the majority of current approaches fail to achieve the required levels of accuracy with

respect to piléearing capacity and the associaettlemen{Momeni et al., 2014)

In this section, the reliabilitand thevalidity of the proposed method has been further
checkedafterplottingthe experimental results of the pitead carrying capacity with the
predicted results obtained from mastditionalmethods proposed bioulos and Davis
(1980) Vesic (1977)andDas (1995)seesection 2.6 for more deta)lsSThe comparative
study resultsn Figures 4.11 and4.12 clearlyindicate that the predicted settlement using
LM trainingalgorithm is inremarkableagreementvith theline of best fit The predicted
values proposed byesicand Poulos an®avis method are at the bottom of the list of
performance with the later haviniget poorest quality of predicticaccuracy, therefore,
theyneed to be updated, if employed, in future applicatMoreover, the comparison

study also documented that the convergence rate for the applied algorithm is noticeably
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higher than the conventionadethodswhich confirms the feasibility of the LM training

algorithm.
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Figure 4-11: Profiles ofmeasuredersus predicted pile settlement for the proposed LM tre

algorithmcompared with othemethoddor concrete piles
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Figure 4-12: Applied load versus measured and predicted settlements for concrete pile
the optimal trained modelf the proposed LM algorithm with other methods.

4.4 Factors Affecting Pile Capacity for Concrete Piles Subjected to Compression
Load
The results of the loadarrying capacity discussed in section 2@ ovide a insightinto
pile capacityand allows thedetermirationof the ultimatepile bearing capacityile point
bearing resistance and the developed skin fricksistancéave been cited to play ayke
role onthe totalpile bearing capacitgTomlinson and Woodward, 2014 this section
the ultimate axial capacities for model concrete piles subjected to compression lead wer

identified The ultimate pile load capacityas determined fronthe load-displacement

122



Chapter Four Results and Discussion

curves as the point whehe pile continues to displac&ith no or very small additional
applied load (post yield responser the slope of the load displacement curves reached
zero orsustaied a minimum value(Jeffrey, 2012)In Figure 4.8 it can clearlybe seen
that the ultimate bearing capacity increases aitincrea® in the sand relative density
and the pile embedmelgngths.It is worth noting that theconcretepile square profile
used in this study wa9drhm (greater than the required pile diameatendition reported
by Vesic (1977) For apile slendernesgatio of 12 theultimateaxial capacity for a pile
testedin densesand is about 2 times for a pgenbeddedn mediumsand and almost 6
times that found in loose sd While for piles with slendernessatio of 17, he ultimate
capacityfor a pile tested imlensesandis aboutthree timeghat found in mediunsand
and 6times in dense sand. Furthermore fibes with Lc/d = 25 the pile ultimate capacity
is aboutl.75 in medium sand and 6 times in case of dense sanctafhixe attributetb
an increase in the pile stresses distribution around thevbiieh, indeed, hea substantial
effect on the pile shaft resistance in the radial effective zone and thesgimgjlvesistance

The aforementioned results are consistéth studies such a@&hanker et al. (2007)
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piles

4.5 PerformanceAnalysis of theLM Algorithm for Steel ClosedendedM odel Piles
Embeddedin Loose Medium and DenseSandy Soil
This part of the studis devotedto the performanceof the LM training parameters to
correlate pildoad-settlemenbasedn steelclosedendedpiles driven in sandy saiinder
compression loadés previously mentionedhetopologyof the modetonsisedof three
processing layer@nput layer, hidden layer and output laydrhose processing elements
or layersareameans of learning ardescribingheoptimum networlpatterns controlling
the datasebn which the modelwas constructedDifferent perfomance indicators are

available in the open literature. DTwercomethe highlighted barriersthe efficiency of
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the optimal model was statistically assessed usingpt#rérmance parameteiass

summarisedn section 4.3.

4.5.1 Steel ClosedendedPiles Subjected to Compression Loading

The performance of the traineé®1 network forsteelclosedendedpiles under training is
displayed in Figure 44, the results revealing that the plot of validation depicts a
substantial fall in minimunmeansquare error (MSE) with increasing iteration. The
optimum network performance was identified witrekatively negligible MSE of 0.0@

at an epoch of 215. It can also be indicated that the traanitagnaticallystoppedafter 6
constitutive errarto avoid ovefitting, once the crossalidation error started to increase,

this can also be defined aslgatopping criteria to avoid ovditting phenomena

Best Validation Performance is 0.0029941 at epoch 215
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Figure 4-14: Performance plot of the LM algorithm for steel closgled developed mods

during the training process.
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The variation in error gradient, the Marquardt adjustment parametgr aml the
validation check$or the model of steallosedendedpilesare show in Figure 451 It can

be demonstrated that the giextt errorreached a minimum value &00039at an
iteration of 221 while the m factor and the validation check numbers ar@0 and 6,
respectively.Moreover, the errohistogram(EH) values were plotted out against the
instancesn Figure 4.8. The residual plot shows normal distribution of error. It is worth
pointing out that a normal distribution leads to Gaussian curve, with highest point in the

middle.The analysis of the EH shows that more than 90% of the errors between the bins

(-0.0148and 0.M15).
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Figure 4-15: Gradient and maximum validation checks for the LM trained network.
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Figure 4-16: Plot of eror histogran(EH) for the LM algorithm

4.5.2 Measured Versus Predicted Pile Load Test for Steel Closedended Piles
Subjected to CompressionL oads

In this section, the experimental and the predicted load carrying capacity results are

compared along with the regression resultprasentedA series of experimental pile

load tests were carried out on stedbsedendedpile models. The experimental testing

programme used three piles with slenderness ratios (Lc/d) of 12, 17 and 25 where Lc is

the effective pildengthwith a diameter (d) of 40mm, to examine the behaviour of rigid

and flexible piles. 277 points in totalene recorded from the experimental pile load test

data, which used a P3 strain indicatath 16-bit data resolutioras illustrated in the

experimental setup (section 3.2). The pile head settlement was closely monitored using
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two full bridge strain gaugeype transducersvith a 50mnstroke capacity Figures4.17,

418 and 419 report the extent of the fit between the experimental and predicted
normalised loagtarrying capacity of steel piles, subject to axial loads at different stages
of mechanical loadigp The results show that the elastic response can be seen in the early
stages of running the pile load test until about 200, 450, and ®@@MNes tested in loose,
medium and, dense samdspectively The resultsalsodemonstrated that a soil yielding
effect for axial applied loads greater thha aforementioned valuags identified in the
upper part of the foundation, where local nonlinearity is marked. It can be observed that
the mobilised pile bearing capacity (end bearing and mobilised skirofricsistance)
increases as sandffstess and pile effective lengihcrease. Plastic mechanisms in the
soil surrounding the pile are the leading cause for thdinearity of the loaesettlement
response; as the applied load increases, the pile resgboges nonlinearity until
reaching a maximum capacity at about 10% of pile dian{B®l, BS EN 8004:1986)
Based on the graphical comparisons, there was an excellent fit between the proposed LM
training algorithm and targeted value, with a correlation coefficient of 0.988 for all data,
which demastrates that the applied algorithm iseiablemethod to use to predict pile

load-settlement curves for thangebeinginvestigated.
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Figure 4-17: Comparison between measured versus predicted piledispthcement tests fi
steel closegbncedpiles embedded in loose sand.
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Figure 4-19: Comparison between measured versus predicted piladispthcement testsr
steel closegéndedpilesembeddedn dense sand.

The robustness of the LM algorithm has been further exangnagdhicallyby comparing
the experimental and simulated pile settlement as shown in the following scattésplot.
can be seen in Figure 8,2he introducedraining algorithm at topology of 5:10:1 for
input layer, number of neurons and output lagatisfies the robustness test. All the
measured and predicted points are matchedwitlthe targetvaluesand close to the
bestfit line with correlation co#icients of 0.99088, 0.98436, 0.9854 and 0.98861 for
training, vdidation, testing and all datéhus substantiating the application of the LM

algorithm as an effective predictive tool.

131



Chapter Four Results and Discussion

Moreover thereliability of theadopted algorithm has also beenlexgd graphically, as
highlighted in Figire 4.2. Thet e st i n gunsdealatasstenas béen used to test the
generalisation ability of the employed algorittinrMa r e § e tlt isanorth notiy0 1 6 )
that theregression calibration cundepictingactualversus predicted valuegas plotted

using a newly developed MATLABode, (see Apendixlll), with a 95% confidence
interval level. It can be concluded thatibstantial agreement can be seen between the
measued versus predicted set, with correlaticrefficiens R = 0.984 andPe ar son o6 s

momentcorrelationcoefficient= 8.7%103%? and @ RMSE of 0.0, respectively
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Figure 4-20: Regression gragof the experimentakesultsversuspredicted pile settlement fi

steel closeetnded pile subjected to compression load
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RMSE = 0.059281, R = 0.9854, p = 2.2233e-32
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Figure 4-21: Calibration plotof theresulting model for the testing dataset at a 95% confi(

interval (ClI).

4.5.3 Comparison between thd.M Optimum Model with the Various Traditional
Methods for Steel ClosedendedPiles

Pile bearing capacity and associated settlement can be accurately determined by

conducting irsitu pileload tests. Being time consuming amith the cost considerations

involved in the construction procesgile bearing capacity and settlement can be

detamined usingnany empirical approaches as detdih section 2.6With the aim of

further exploring the validity of the proposaplproachFigures 4.2 and 4.3 characterise

graphical comparisons betwe#me predicted and measured values of pile settlement

using an actual pile load carrying capacity and those estimated by most traditional
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methods.The comparativeresults indicated that pile settlement predicted using the LM
training algorithm are in good agreent as perthe fitted line, suggesting that the
application ofthe LM optimal modelis a highprecisiontool with obvious advantages.
Additionally, the results demonstrated ttiepredicted valuessing Vesic model grossly
overestimated the experimentale load test. On the other hand, the predicted values
using Poulos and Davis underestimate the results of the pile load test, while it can be seen
that the model proposed by Dtaled to gain continuous success to capture the full

response of pile loadettlementtherefore, most accurate

6+ —
14 - /

. : ®)
12 / 50 o

10 -

Predicted settlement, (mm)

0 2 4 6 8 10 12 14 16
Measured settlement, (mm)
O LM training algorithm = « = Poulos and Davis (1980)

— - Vesic (1977) ====Das (1995)

Figure 4-22: Profiles ofmeasuredersus predicted pile settlement for the proposed LM tre

algorithmcompared with other designethoddor steel closegénded piles
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Pile Applied Load, (N)
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Figure 4-23. Applied load versus measured and predicted settlements for steeletotad

piles using the optimal trained modélthe proposed LM algorithm with otharethods.

4.6 Factors Affecting Pile Capacity for a Steel Closedended Pile Subjected to
CompressionL oad

In this part of the studythe increase in thailtimate pile load capacitwith different

relative densities of sand clearlyillustrated(post yield responsepile capacitycan be

defined as theile capacitypbeingreachedvhen theslope of the load displacement curves

reache zero or sustagma minimum valug(Institution d Civil Engineers, 2007)The

ultimate axial capacities f@teelclosedendedpiles subjected to compression load were
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determinedfrom pile loaddisplacement cung as presented ifrigure 4.24. With
reference to th@raphical comparisonst can be @arly seen that the ultimajgle
capacity increases witthe increag in the sandrelative densityand thelength of
embedmentThe results reveatl that thepile ultimate capacity witta slendernesgatio
Lc/d=12 in loose sandvas325N. While themaximum pile capacity is almost doubled

for medium sand. In sharp contrast to that forggienetrated in dense saride pile

bearing capacity has been found to be several times higher than the results of pile bearing

capacity for loose and medium sand.

Moreover, for a pile witHengthto-diameter ratio of 17the pile ultimate capacityin

dense sand is about 6 times higher than the result for loose sand and about 3 times higher
than the pile capacity in medium saiitie pile ultimate capacity withc/d=25 for dense

sand is just under dnd 8 times higher than the results of the medium and loose sand
respectivelyThis canprobably be assigndd an increase in th&andstress distribution

due to the increase in the radial effective stress from itheal valuesaround the pile

which, indeed, hsa substantial effect on the pile shaft resistanfe and also the end

bearingresistancern
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Figure 4-24: Plot shows ultimate pileapacityprofile versus pilelenderness ratio fateel
closedendedpiles

4.7 Performance Analysis of the LM Algorithm for Steel OperendedModel Piles
Embeddedin Loose, Medium and Dense Sandy Soil

This sectionof the thesis presenaind discusss the performance of the trained LM
algorithm using the standamaeasuringerformance indicators; @an square error (MSE),
correlationscoefficients (R and p) and root mean square error (RMBE)hermore, a
comparison between the measured, the computdtialues and the results of those
given by the most traditional methods to simulate pile festtlement has also been
conducted.The results oftargetedversus predictedehaviour ofpile load carrying
capacity for steebperrendedpiles along with the &ctors affecting pile bearing capacity

were alsqresented and discussed.
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4.7.1 Feasibility of the LM Trained Model for Steel Openended Piles under
Compression Load

As demonstrated previouslyhe evolving LM algorithm as a regularisation back
propagation schenweas considered to traand develophe networldue toits superioriy
over the conventional methadsThe networkconvergenceplot during the learning
process has beamownin Figure 4.3. It should be noted that tmetwork topologythat
provided the lowest MSE in the independent cradilation subset was identified as an
optimal network(NguyenTruong and Le, 2015)The plot of convergenceeveals that
the best performance occurs at 389 epochstlazidhe training wagerminatedat the

best network performanceith arelativelyinsignificantMSE of 0.0019.

Moreover, the distribution of the error gradient, the Margu adjustment factor (mu)
and the validation check number are revealed in Fig@2& K#.can be demonstrated that
the gradient error was 0.0001, while, the mu factor and the validation checkxiéfe 1
and 6 at an epoch of 39®spectivelyA more informative picture ahenetwork profile

can be seen in the error histogram (E&b,inFigure 4.27. It is worth notingthat the
performance of the proposed algorittoan be extremelgffected bythe presence of
outliers.Thus, the training process stopped once the validation error starts to increase.
In addition, it can be shown that the majority of datancioies with the zero error line,

which wasspecificallytargeed
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Best Validation Performance is 0.0019152 at epoch 389
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Figure 4-25: Performance plot of the LM algorithm for steel ogmmded developed mode

during the training process
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Figure 4-26. Gradiant and validation checfar the LM trained network
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Figure 4-27: Error histogramof training, testing and validation

4.7.2 MeasuredVersusPredicted Pile L oad Test for Steel Open-endedPiles
Steelopenendedpiles are extensively used in preferenceltsedendedpiles in hard
soils in an effort tdfacilitatetheinstallationthe penetration process achieve the desired
length (Fattah and AlSoudani, 2016)Although many studies have been conducted
concerning the pile bearing capacity of pipe pildssign approachegetermiring the
shaft resistancedeveloped along the length of the embedment pile rely heavily upon
empirical correlationgGavin and Gallagher2005) In addition, the utiliation of
empirical design approaches fally simulate the pile-load settlement have been
documented asaccurate deto many assumptions introduced in the interpretation of the

pile bearing capacity.
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In this part of he study, the seriesf experimental pildoad carrying capacitiests for

model steebpenendedpiles embeddedn sandy soil are clearly presented and discussed
as can be seen in Figuré28, 429 and 4.8, respectively.The results of the pitoad

tests indicate that the pile bearing capacity increasedhéthcrease in the sand relative
density and the pitpenetratedength This can be attributed due to an increase in the skin
friction resistance and the point bear developed within the contacted soil in the
effective zone. Figure 28reports the distributions of the measured versus predicted load
carrying capacity at different stages of compression loading. The monitored axial applied
load and the correspondisgttiement is idealistic for canonical a pile foundation under
compression loads, for instance, decreasing from the head of the pile to pile toe as a
consequence of the mobilized shaft resistance, which is developed betwesail pile
interaction in the efctive soil zone. The results revealed that an obvious elastic branch
is pronounced in the initial stages of the applied until a clear soil plastic response at axial
applied loads of 2Q@®75 and 350 N for piles with ¢/d of 12, 17, and%, respectively.

It is noteworthy that the soil yielding influence for loads larger than 200 to 230 N, 275 to
315 N, and 350 to 410 N can be clearly noticed in the foundation upper part, where

nonlinearityis marked.

The results also demonstrated that as the mechampiéa loads increase, the pile
foundation behaviour becomes more nonlinear due tioe presence of the plastic
mechanisms within the soil effective zoide ultimate capatiesof 240 325, and 415

N were found according to the failure criteria at 10%pité diameter charactesdad by

BSI (BS EN 8004:1986)Figures 29 and 4.8 illustrate the results of loaskttlement
distribution of model pile driven in medium and dense sand. Similarly, clear elastic

responses can be seen in the initial stages of applied load until the mlasetils around
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3% of pile dameter. Besides, as the load increases, the foundation responses become
more nonlinear, due to the existence of the plastic mechanism. As mentioned previously,
ultimate pile capacities aibout600, 750, and 1000 for piles tested irmediumsand

and 1900, 280, and 400N for piles embedded in dense savete demonstrate®ased

on the graphical comparisons between the measured and the predicted values, the results
established that there was an excellent corpglatietween the experimental and
computational pile loatkest results, with a correlation coefficient of 0.986 for all dasaset
which verified that the LM trained algorithm employed, could efficiently predict the pile

loadsettlemenbehavioumwith substatial accuracy.
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Figure 4-28. Comparison between measured versus predicted piladispthcement test

for steel operencedpiles tested in loose sand.
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Figure 4-29: Comparison between measured versus predicted piledispthcement test

for steel operended piles tested in medium sand.
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Figure 4-30: Comparisorbetween measured versus predicted pile-ttiadlacement tes
for steel operended piles testdd dense sand.

To through more sight into the efficienof the proposed settining LM model, anore
informative figure concerning the correlation between the measured atite
computational values includingalidation, training, testing and all datan be observed

in the regression charfigure 4.3). The analysis demonstrated that a linear relationship
can be seen with correlation coefficients of 0.92987, 0.980 and 0.98@espectively,
substantiatinghatthe newly implemented LM algorithm is a promising date&en tool

and has the ability to successfully learn up to 99% of the measured.values
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Figure 4-31: Regression graphs of the experimenaksuspredicted pile settlement feteel
openended pile subjected to compression load

Additionally, the implemented algorithm efficiency has been furtemmined as
emphasised in Figure 3. Based on the result of the scatterrve between targeted
versus predicted valuesijgnificant agreement can bseen with a coefficientof
determiration (R) and root mean square error (RMSE) of80.&nd 0.®5 with a

relatively insignificanP e a r snonmedte®rrelationcoefficient(p) = 3.95x10%°.
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RMSE = 0.065039, R = 0.9804, p = 3.9558e-29
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Figure 4-32 Calibration plot otheresulting model for the testing dataset at a 95% confit
interval (Cl).

4.7.3 Comparison between the Trained LM Model with Traditional Design

M ethodsfor SteelOpen-endedPiles
A structurds stability and safety relies largely on accurate assessment of the pile bearing
capacityand associated settlemeiihus, several experimental and numerical methods
have beenperformedto explore the behaviour of pile loagéttlement. As stated
previously,steelopenendedpiles are normally utilised to facilitatee pile installation
process and to increase soil beariagacity in preference to closedded pilegLehane
and Gavin, 2001)Therefore precise assessment of thearingcapacity of a single pile

is an important aspect and plays a key role in the pile foundation design process. However,
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pile bearing capacity and associated settlement design procedures have traditionally been
carried out separately. Moreover, it has been claimdeebgnius (1989hatiié the pile
allowable load should be governed by a combined approach considering piensett!

and soil resistance intemperately acting together andeniting the value of each otlzer

On the basis aillustration for pile settlementeterminationPoulos and Davis (1980)

Vesic (1977randDas (1995Hemonstrated that the elastic settlement could contribute the
major part of the final pile settlement. Moreowier, piles penetrated in sandy soil, elastic

settlement accounts ftinetotal final settlementMurthy, 2002)

The reliability of the suggestedapproachhas been furthestudiedby comparing the
experimental results of the pilead settlementvith the predictedesults and compisig
with mostof thetraditional methods proposed Boulos and Davis (1980Yesic (1977)
andDas(1995) Thecomparativestudy results, Figus4.33 and 434 clearly illustrate
that the predicted settlement usthg LM trainingalgorithm is insignificant agreement
with the best fittedine (45°), andproposethat theproposednodelfor steelopenended
piles can be implementeds an efficient highly reliable methodfor modelling load
settlement responseith high levels ofaccuracy Comparing the outcome of the LM
modelwith the conventional design procedu(egyure 4.3), it can berealisedthat the
level of convergence for the suggested approach is remaretdythan theproposed

conventionamethods
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Figure 4-33: Profiles of measured versus predicted pile settlement f@rdposed LM
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Figure 4-34: Applied load versus measured and predicted settlements for steedrugeal

piles usinghe optimal trained modeif the proposed LM algorithm with other method

4.8 Ultimate Bearing Capacity of a Steel Openended Pile under Compression
L oads

The total ultimate capacity for a modepile subjected to compression loadingn be

developed fom the combination of the end bearing and #hkin friction resistance

mobilisedwithin the contacted soiFor stel operendedpiles, it has been reportdaly

Hight et al. (1996)hat the static axial capacity of a plug of sand widndernesgatio in

excess of 10 is largeThe axial capacityfor steel openended piles subjected to

compression load &s determined from pile loadisplacement cungeas presented in

150



Chapter Four Results and Discussion

Figure 4.35. With the reference to the normalised pile lsadtlementas would be
anticipatedjt can be observed thtie ultimate pile capacity increases withe increae

in the pile penetration length and the sand relatesgsity For model pils penetrated in
densesand witha slenderness ratio ¢d) equal to 12, the ultimate pile capacity is about
3 and 8 timesn comparisorio the ons penetrated in mediurind loose sandloreover,

for a pile withlengthto-diameter ratio of 17, the pile ultimate capacity in dense sand is
about 4 timeshe result fomediumsand and abo@&times higher than the pile capacity

in loosesand

Furthermore for a model pile with lengthto-diameter ratio of25, the ultimate pile
capacity in dense sand is abduimes higher than the result forediumsand and about
8times higher than the pile capacityaowse sandt is worth pointing out thathe ultimate
pile bearingcapacity for steabpenendedlow-displacement) pikeis less in comparison
to the steetlosedendedand concrete pike This can be assigned to the fact the radial
effective stresdistributionfor steelclosedendedand precast concrete slis higher than
that for stel operendedpiles, suggesting thaas would be expected, the driving process
of theopenended pilsdoes not considerably alter the initial sand relative de@iefjrey,

2012)
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Figure 4-35: Plot shows ultimate pileapacity profile versus pile slenderness rhiicsteel

openended piles.

4.9 Summary

The results of the experimentale loadsettlement behaviowrndthe predictedvalues
usingthe LM training algorithm performed on precast concretespi¢eelclosedended

and steebpenendedpiles penetrated in three sand relative densities, covering loose,
medium anddenseunder compression loatisve been clearlgresentedand discussed
througlout this chapterAdditionally, the feasibility of an evolutionary, sélfning LM,
enhanced by a comprehensive statistical analysis, to capture the full response of pile were

also dscussedHowever, a summary of tHadingscan befound below

1 Theoptimumstructureof theANN modelwas found at a topology of 5:10:1 with
a tangent sigmoid t a n tsansfeofunction between the input and hidden layer

and lineam p u r dransfer funtion between the hidden and output layers.
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1 The statistical analyses suggest that the most influential parameters on the pile
load-settlement curves, at different statistical significance level, arepitke
applied load,P and the sangile interfacef r i cti on angl e, a.
slenderness ratid,c/d, pile axial rigidity,EA and pile effective length,d_have
been identified to have least impact on pile settlement

1 The adopted LM algorithm has several favourable features (i.e. genevalisati
ability, efficiency and ease of applicatiofgst teaching speed since locally tuned
neurons,and thelearning process takes place without jumping over the best
solution which make ithe firstchoice to model the complex nonlinear systems.

1 The ultimae pile bearing capacity for concrete piles was found to be higher than
the ultimde capacity for both steel opemded and steel closedded pilesThis
can beattributed to the contribution of the higher skin friction resistance for
concete piles.

1 To furtherreveal the applicability of the LM algorithm, a graphical comparison
was made between the applied algorithm and conventional methods. Based on the
outcomes, the newly developagdproachs superiorto the traditional empirical
relationships as commed by the performance skills metric, which reveals the
suitability of the algorithm and its potential in future applications.

1 The graphical comparison results also revealed that the analytical methods
suggested biPoulos and Davis (198@ndDas (1995)Yend to underestimate the
pile bearing capacityn adlition, the methoaffered by Vesic (1977)is at the
bottom of the list of performance with the later having the poorest quality of

prediction among the rest of the design methods
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CHAPTER 5

Results and Discussion: Load-Settlement Behaviour for Precast
Concrete, Steel Closedendedand Steel Open-ended Piles Subjected to

Uplift Loads

5.1 Introduction

On the lasis of describing the findings of the experimerdadd predictedioad
displacement curvethis chapter compriséise result®f theexperimental pildoad tests
for different types of model piles tested ang covering three relative densities of loose,
medium and denseand Details about the pile types, pile materials and esessional
dimensions are described in section E&chloadsettlement response fte various
types of model pilesvas modelledusingthe LM algorithm. It is worthnoting that the
datascreening process allowexvaluation of thedatasetbeing studied Thesedataset
screening test resultsanealsoutilised tocheck thedataset size condition au@tection

of outliers Additionally, statistical analys wereused to identifgherelative importance

and the statistical significancé each model input parametam the model output.

As shown in the previous chaptehetuplift pileload carrying capacés are clearly
summarised in three phasebase(i) revealedthe results of the precast concrete piles

along with the modelling approadbr each pile slenderness ratio and sand relative
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density Series (ii) showthe results of the steallosedendedpiles whichwerecompared
with the predicted results, arithally series (iii)indicatesthe results of the steepen

endedpiles whichwerealsocompared with thenodelledpile load tests

5.2 The LM Training Algorithm for Modeling Load-settlement Responsef Piles
Subjected to Uplift Loads
This part of the chapter describes ferformance of théM algorithm used in the
modelling of loaddisplacement tests for model piles subjected to uplift loads. As
mentionedoreviously,one of the obvious advantages of iteoducedmethod is that no
training parameters are required to be adjusted for the trained algorithm, thus avoiding
many difficulties and limitationsssociated with the usef the traditional artificial
intelligencemethodsuch agonvergence issuesnd local minimgDeoandk a hi n, 201
In addition, the LM algorithm has been identified as the most efficient approach and is
well documented as achieving a much higher performance by making training faster,
more reliable, stable and converging more oftem other artificiaintelligence methods
(Abdellatif, 2013; Jebur et al., 2018b)etailsof the LM algorithm model developments
dataset prgrocessingand statisticalanalygs are summarisedn the following sub

headings

5.2.1 Model Input and Output

Field (2008)claimedthat any IV with statistical significand@igo value greater than
0.05 can be ignored form theput spaces it has ngotentialsignificant influence on
the suggested model outpAss stated previouslgsection 4.2.1)based on thetatistical
analysis investigation five IVs have beenidentified as the mostinfluential input

parameters affecting pile settlement. These faetere applied loadP, pile slenderness
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ratio, Lc/d, pile axial rigidity EA, pile effective lengthLc and the sangile angle of
friction, U as revealed in the statistical analyses (Tables 5.1, 5.2, andAs 8)ith the
model used in the compressionedbad tess, the optimal structure of the Lained
networkhas beefioundatstructureof 5:10:1.The database values wealsonormalised
as this step is importaimt order to get high network performanes detailed in section

4.2.1.

5.2.2 Statistical Analyses andDatasetPre-processing

Introduction of thestatistical analyss on the studiedatahighlights the significanceof
each IV onthe model output.Tabachnick and Fidell (2013)emonstrated that the
experimentally gatherediataset must be evaluated and passed thradiffginent steps to
develop a reliable databag® the applied algorithm Therefore, the total datasets
accurately screened to determine thkative importane fiBetao valug the size of the

dataand toexplore andietect the presence of outliers.

Statistically,any IV with a relative importanc@é B ed valueclose to one means this
parameteexers ahigh contribution level to the model outgtallant, 2011; Hashim et
al., 2017b; Hashim et al., 2017aResults of the statistical anaégsare presented in
Tables 5.1, 5.2 and 5.3. According to the Beta values, the apgdieédnd the sanpile
angle of interface frictiorfor concrete and steelosedendedpile mode$ have been
acknowledgedo play a significant rolen the model output Whereas, for ste@pen
endedpiles, the applied load and the pidendernessatio were identified to play the

highest level of contribution over the five IVs.
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5.2.3 Data Size Condition

The condition of the datassize must besatisfiedin order to develop a reliable model

with high performancéFaber et al., 2011; Pallant, 201Tabachnick and Fidell (2013)
documented thahy recallingEquation4.4,for the five input parameter)e minimum
dataset requiret develop the model must be 90. In the present study, the dataset number
for each model (concrete pile, stellsedendedand steebpenended the total number

of the recorded pointsdm the experimental pilad tess useal to train theérained model

were 290, 265 and 266espectively.Therefore the dataset condition has been mat.
summary of thenainstatistical parameters for the training, testing and validation dataset,
used to develop and train the LM for concretiegekclosed andperendedoilessubjected

to uplift loads,are specified in Tables4, 5.5, and5.6, respectively.

5.2.4 Outliers

The modeds generalisation ability can be highly influenced by the presence of such
extreme pointgHashim et al., 2017c)herefore, allataset must bestatistically tested

and evaluatetheforebeingprocessd According to the statistical criteria suggested by
Pallant (2011)the presence of outliers can detectecusing the Mahalanobis distances
(MDs) indicator(see section 4.2.2n the present modethe maximum MD must be less
than 20.52, which is the critical value for five I{Rallant, 2011)For model concrete

and steetlosedendedpile statistical modeg| the MDswere determined at 25.70and
27.01, for one point onlythesevalues arehigher tha the acceptable limit as defined
previously To explore whether this point fian influence on the moddlabachnick and
Fidell (2013)s uggested to calculate the Cookods
COO_1 greater than 1.0 may influence the resititise model outpuiTables 5.1 and 5.2

illustrate that theCo o k 6 s Di st aatuesdorbitiCs@iticdl .mode are less
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than 1.0, whictconfirmedthat the model efficiency asnot influenced by the presence
of oneextremevalue only.In addition, for model ste@penendedpile statistical model,
Table 5.3eveas that themaximum detected MD was within the acceptable limit, which

indicateshedata reliability

Table 5-1: Statisticalanaly®s results fothe concrete pilenodel

IVs Beta. value Maximum detected MDs C0O0 1
Applied load 0) 0.505 25.705 0.0034
Sandpile angle of interface 0.401
friction (U)
Axial rigidity (EA) 0.013
Slenderness ratig.c/d) 0.068
Pile effective lengtlfLc) 0.179

Table 5-2: Statistical analyss results fothe steelclosedendedpile model

IVs Beta. value = Maximum detected MDs  COO_1
Applied load 0) 0.817 27.011 0.018
Sandpile angle of interface 0.568
friction (U)
Axial rigidity (EA) 0.009
Slenderness ratig.c/d) 0.205
Pile effective lengtlfLc) 0.118

Table 5-3: Statistical analyss results fothe steeloperrendedpile model.

IVs Beta. value = Maximum detected MDs
Applied load () 0.545 15.211
Sandpile angle of interface frictiogU) 0.471
Axial rigidity (EA) 0.006
Slenderness ratig.c/d) 0.700
Pile effective lengtlfLc) 0.431
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Table 5-4: Statistical characterisation of testing, training, and validation dataset for concrete piles.

Input Variables Output

Load Slenderness Pile length, Pile axial Sandpile Settlem
Data Set Statistical

(kN) ratio, Lc/d (m) rigidity, EA  friction ent,
Parameters (MN) angl e (mm)
Max. 1.115 25 1 47.2 36 14.439
Min. 0.017 12 0.48 47.2 28.8 0.0045
Training  viean 0381 17.084 0.714 47.2 26.216  6.930
Set S.D.* 0.297 1.346 0.212 0.00 1.126 4.383
Range 1.097 13 0.52 0.00 7.2 14.434
Testing Max. 1.116 25 1 47.2 32.5 14.328
Set Min. 0.070 12 0.48 47.2 28.8 0.045
Mean 0.392 18.245 0.760 47.2 26.563 6.078
S.D.* 0.290 1.345 0.215 0.00 1.128 4.291
Range 1.045 13 0.52 0.00 3.7 14.28
Validati Max. 1.117 25 1 47.2 36 13.898
on Set Min. 0.076 12 0.48 47.2 28.8 1.05
Mean 0.427 17.958 0.751 47.2 26.22 7.22
S.D.* 0.329 1.362 0.222 0.00 1.125 4.21
Range 1.040 13 0.52 0.00 7.2 12.848

*Standard deviation
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Table 5-5: Statistical characterisation of testing, training, and validation dataset for sted} close

encedpiles.

Input Variables Output
Statistical Load Slenderness Pile Pile axial Sandpile  Settlem

Data Set parameters  (kN)  ratio, Le/d  length,  rigidity, EA friction ent,
(m) (MN) angl e (mm)

Max. 0.497 25 1 251.18 19 14.40

Min. 0.0001 12 0.48 251.18 17 0.001

Training  pMean 0186  17.489 0731 251.18 17.95  6.580
Set S.D.* 0.139 1.351 0.216 0.00 1.049 4.468
Range 0.4969 2.083 0.52 0.00 2 14.399
Testing Max. 0.4975 25 1 251.18 19 14.152
Set Min. 0.0001 12 0.48 251.18 17 0.0005
Mean 0.1961 17.35 0.724 251.18 18.04 6.277
S.D.* 0.147 1.341 0.210 0.00 1.048 4.825
Range 0.497 13 0.52 0.00 2 14.151
Validati Max. 0.476 25 1 251.18 19 13.604
on Set Min. 0.001 12 0.48 251.18 17 0.002
Mean 0.718 17.325 0.718 251.18 17.985 5.862
S.D.* 0.114 1.309 0.194 0.00 1.051 4.317
Range 0.475 13 0.52 0.00 1.117 13.602

*Standard deviation
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Table 5-6: Statistical characterisation of testing, training, and validation dataset fooptel

endedpiles.
Input Variables Output
Statistical Load Slenderness Pile Pile axial Sandpile Settlem
Data Set parameters  (kN)  ratio,Lc/d  length,  rigidity, EA  friction ent,
(m) (MN) angl e (mm)
Max. 0.635 25 1 251.18 19 14,913
Min. 0.015 12 0.48 251.18 17 0.021
Training  Mean 0198  17.457 0730 251.18 17.936  6.147
Set S.D.* 0.172 1.355 0.217 0.00 1.048 4.466
Range 0.620 13 0.52 0.00 2 14.448
Testing Max. 0.6348 25 1 251.18 19 14.2705
Set Min. 0.031 12 0.48 251.18 17 0.1085
Mean 0.207 17.956 0.741 251.18 17.804  8.2963
S.D.* 0.191 1.289 0.186 0.00 1.049 4.3544
Range 0.6038 13 0.52 0.00 2 14.162
Validati Max. 0.6326 25 1 251.18 19 14.35
on Set Min. 0.0205 12 0.48 251.18 17 0.0055
Mean 0.1952 16.618 0.699 251.18 18.017 6.835
S.D.* 0.1650 1.3761 0.226 0.00 1.052 4.671
Range 0.6121 13 0.52 0.00 1.117 14.344

*Standard deviation

5.3 Feasibility of the LM Algorithm for M odelling L oad-displacementBehaviour of
Concrete Model Piles Penetrated in Loose,Medium and Dense Sandy Soil
Subjected toa Wide RangeUplift L oading

Theexperimental uplift pildoad tests along with thegplicationof the LM algorithm to

simulate pile settlement for different types of model piles, penetrated in sandy soil and

subjected to uplift loading are presented and discussed in this s@tteaffectiveness

of the employed algorithm of the optimal model was statistically evaluaiad the skill
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indicators listed in section 4.3, as recommende@Gobrdan et al. (2016 However, the
robushess othe LM algorithm for each modsubjected to uplift loadsas been assessed

asreportedn the following sections:

5.3.1 ConcretePilesunder Uplift Load

The LM training schemewas applied as it has many advantagwer theuse of the
conventional artificial neurahetwork algorithmqSharma et al., 2017)n the current

study, the loagettlement behaviour wasodelled from fiveeasy to obtaiparameters
andusing ahigh efficiency predictive modély adopting supervised fedédrward multi

layer perceptron using bagkopagatiortraining techniques. The performance anab/s
results during the training proceaserevealed inFigure 5.1.The results revealing that

the plot of convergence depicts a substantial fall in mean square error (MSE) when the
number of iterations increases. It can also be shown that the training process stopped at a
relatively negligibleMSE of 0.0039 at an epoch of 125, to avoid ditting once the
crossvalidation error started to increase; this can also be defined as early stopping criteria
to avoid the oveiitting phenomenorfurthermore te profile of theerror histograntEH)

for the trained network is illustralén Figure 5.2.The majority of thetraining, testing

and validation data sutes coincides withthe zero error linewhere more than 98% of

the erros are included in the two central bins (0.01 ad@1).
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Best Validation Performance is 0.0039252 at epoch 125
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Figure 5-1: Plot of the LM analyses for concrete developed model during the training p
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Figure 5-2: Plot of the LM algorithm error historam.

5.3.2 MeasuredVersusPredicted Pile Load Tess for Concrete Piles Subjected to

Uplift Load
The results of the measured versus predicted load carrying capacity of piles subjected to
uplift loads are graphically presented and discussed in this section. As stated previously
a series of experimental pile load tests were performed on concrete piles subjected to a
wide range of axial uplift loads. The testing programme compridfethree pile
slendernesgatios (Lc/d) of 12, 17, and 2%ested in different relative densitieksandi
loose, medium and dense. It can be observed that all pilalispldcement curves are
nortlinear and failed by punching shear. Moreover, the variations of the axial load along

the pilelengthare typical for canonical pile foundations under amiaichanical loading
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systemsA visual inspectiorof pile load testslemonstrated that the plastic conditions
associated with the pHeoil interface is the main cause for the lioiearity exhibited by

the pile loaddisplacement curves.

Figures 5.3, 5.4, and 5.5 illustrate the distribution of the axial load carrying capacity along
thelengthof piles at different phases of mechanical uplift loads. It is noteworthy that a
clear elastic behaviour can be shown in the initial stages of phedjoad when the pile
corresponding displacemergached about% of pile diameter. Moreover, it must be
emphasised that the plastic mechanisms in thepgeiinteraction are the main leading
source forthe nonlinearity of the loaetlisplacementurve; as the uplift load increases,

the soityielding effect can be clearly identified, where Amearity is pronounced for

uplift applied load ranges from 60 to 90 N, 100 to 140 N and 180 to 230 N for piles with
dendernesgatios of 12, 17, and 2festedin loose sand. Beyond these loads, the
displacementincreases rapidly, at approximately constant load, until reaching a
maximum pile capacity, whicaquals 10% of the pile diametdollowing the pile load

test criteria designated by tB&I1 (BS EN 8004:1986Figuress.4and 55 document the
load-settlement results for the piles driven in medium and dense sand. Similarly, in the
initial stages of the applied load, the load carrying capacity exhibits a noticeable elastic
branch. As the range of the axial uplift applied loadsiases, the nelmearity increases

due to the existence of soil yielding, which can be seen within the range of 100 to 150 N,
200 to 300 N and 350 to 425 N for piles driven in medium sand, and 300 to 450 N, 600
to 750 N and 900 to 1100 N for piles embedgedense sand. The pile loadttlement
distributions denote excessive settlement beyond these loads, and continue to settle with
approximatelyconstant applied loads, indicating failubecanalsobe seenthat the LM

training algorithm performs well fall model piles in different sand relative densities. In
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addition, it is apparent from the predicted response that thalgbtithmis an efficient

predictive toolthat has the ability to full capture the notinear response giile load

displacement curves. In essence, the results show that the model performs well with a

correlation coefficient of 0.9864ds notedor the testing datasevhich verified that the

employed LM algorithm could efficiently simulate pile lea€ttlemen behaviour with

obvious advantages.
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Figure 5-3: Profiles of measured versus predicted uplift pile load tests for concrete

embedded in loose sand.
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Figure 5-5: Profiles of measured versus predicted ujpiil load tests for concrete piles

embedded in dense sand.

Furthermore, regression pédietween the measured and the computational values of pile
settlemenftfor training, validation, testing and all data of the developed model denotes
high consistencyetween the measured and the predicted vékigsre 56) and this was
supported by the higher correlation coefficient the lower percentage&nrecould also
indicatethat thedevelopedprediction model haa good confidence level irmodelling
the model output and gives a close approximation of actual versus predicted pile

settlementomparedo thebestfit line.
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Figure 5-6: Regression graphs of the experimentaksuspredicted pile settlement for
concrete pile subjected to uplift load

Moreover, theassignedestingdatase{15% of the dataset)as beerappliedto further
evaluate th@eneralation ability ofthis approachvith a 95% confidence intervédvel.

The advantage of the testing dataset is to check and assess the network efficiency in the
developed modelvherean independent dataset cannot be affor@dedhaghani et al.,

2016) Significant consistency can kshown (Figure 5.7)between the actual versus
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predicted pile settlement, withcorrelationcoefficient (R) and a root mean square error
(RMSE) of 0.97 and 0.®7. This means that the proposed model for the range of the

dataset being studied has the capability to model piledetittment with a low error

percentage.
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Figure 5-7: Calibration plot otheresulting model for the testing dataset at a 9t

confidence interval (CI).

5.3.3 Assessment of the LMModel Performance for Concrete Piles under Uplift

L oad with the Existing Predictive Approaches
The increasingitilisation of straight skin frictional piles teesistpull-out loads requires
accurate evaluation of ultimate uplift capacity for cost effective and safe pile foundation

designreasonsin this section, the efficienogf the propose@dpproachas been further
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examined byproviding a comparison of LM fitting accuracy of the current study with
unseen experimental dataset and with those obtainedthsicgmmonly applied models
thataredocumented byMeyerhof (1973)Das (1983)and Truncated cone modésee
section 2.7)whichis usal by most geotechnical enginedhanker et al., 20070t is
notablethat thepile ultimate uplift capacity was selected based on the pile failure criterion
of 10% of pile diameteicrosssection (BSI, BS EN 8004:1986) The numerical
comparative study resul§able 57) demonstratehe integrity and robustness of the
proposedmethodas itis in goodagreementvith the experimental resultandperforms
better thartherecognisedanethod discussedn addition, as depicted, the Trunacht®ne

and Das modelprovide inaccurate predictioraluesfor all pilesslendernessatios As
demonstrated numerically i n TatbhelMeyerbof 4,
(1973)model is by far the best, giving good agreement compared to the results of the
experimental and predicted models for all @lendernessatios inthe described soill

stiffness.
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Table 5-7: Measured and predicted uplift capacity of the precast concrese pile

Lc/d  Truncated Mey er h Dass Experimental The proposed
ratio cone s m model (N) model, (N) results, (N) LM model, (N)

Dense sand,r, (83%)

12 268 378 1246 490 485
17 752 613 1941 750 710
25 2392 851 2757 1100 1055

Medium sand, . (51%)

12 183 124 397 160 159
17 506 228 733 300 295
25 1609 344 1080 420 400

Loosesand, ) (18%)

12 136 143 231 90 87
17 369 117 367 150 140
25 1174 184 581 225 210

5.4 Factors Affecting Pile Capacity for a Concrete Pile Subjected to Uplift Loads

The dtimate applied loadfor a concrete model pile subjected to uplift Idak been
determined with reference to the pile slenderness ratio and sand relative density
(Institution of Civil Engineers, 2007yVhen a model pilés penetrated in a dry samaehd
subjected tauplift load, the major sourcdor increasing the uplift pile capacitg ithe
mobilised skin friction developed between sand andpilee radial effective zondebur

et al., 2016)Therefore, based amgiven famula(Eq. 2.3), the pile embedmerength
sandpile interfacefriction angleand the sand relative density can be considered as the

main facbrs that govern the pileapacity subjected to uplift loads.

The ultimateuplift pile capacity isthe applied load after whictihe load-displacement

response slope reaches zara constant valu@he resultsllustrated thathe pile bearing
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capacity increaseasthe sand relative density and pile penetratergth increaseas
reportedn Figure5.8. Forapile slendernesgatio of 12 penetrated in loose sand, the rate
of increase in the ultimate axial capacity is about 2 times in medium sarabauatb
times in dense sand. Whiler pile slendernesgatio of 17, the pile ultimate capacity is
about twice in medium sand ajus$t over7 times in dense sanBor the pileslenderness
ratio of 25 the pile ultimate capacity alsoabout2 timesin medium sand andst under

5 times higherin the case of énse sandThe reasons for thi;acrementcould be
associatedavith an increase in theanddensitytogdaher with the increasingverburden
pressuresn the effective radial zonewhich havea significanteffed on themobilised

pile shaft resistance.
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5.5 Feasibility of the LM Algorithm to Simulate L oad-displacementResponse of
Steel ClosedendedPiles Penetrated in Loose,M edium and DenseSandy Soil
subjectedto a Wide Range ofUplift Loading

This part of the study presesthe experimental pile loadisplacement curves for model

steelclosedendedpiles subjected to uplift loading system. In additiore #pplicability

of the proposed approatthmodel the experimental pile loadttlemenis also discussed

The competenceof the LM model wasevaluatedusing the metric skill indicatoras

clearly reportd in the previous sectiofror validation aspects, a comparison between the

proposed model and the most coniamal design proceduseare alsaliscussed

5.5.1 Performance Evaluation of the Proposed LMAIlgorithm

Figure 5.9reports he LM network performancanaly®s for steelclosedendedmodel
piles under uplift loadsduring the training proces#t should be mentioned that the
learning process is stopp&ither whenthe number of iterations reaches its selected
maximum value or if the prediction error betmethe targeted and the computational
values reached its minimum value. To this eéhdan be realised th#tere isa gradual
fall in the MSE withanincrea® in the iteration process attlde training terminatedt a
best performancéepoch34), with a relatively insignificant MSE of 0.004 The error
histogram is documented in Figure &.1his provide further confirmation of network
performance and relidiiy of the established dataséitcan be observed thtte optimal
network performancevas achieved whenmost of the dataset (training, testing and

validation)fell within a relatively negligible error value betwed¢n011 to 0.022.
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Best Validation Performance is 0.0045132 at epoch 34
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Figure 5-9: Plot of the LM analyses for steel closeddeddeveloped model during the

training process
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Figure 5-10: Histogram of error during the training, testing and validation.

5.5.2 Evaluation of the Experimental and the Predicted L oad-settlementResponse

for Steel ClosedendedPiles Subjected touplift Load
Figures 5.1, 5.12 and 5.8 report the measured versus predicted-loigal tess for steel
closedendedmodel piles subjected to independent uplift ®adhe results revealed that
the mobiliseduplift pile bearing capacity increases with incesais the sand stiffness
and theoverburden pressur@he graphical results demonstrated that a noticeable soil
elastic response could be seen in the initial stages when the applied uplift axial load is
about20, 50, and0 N, for piles embedded in loose, medium, and dense sand, resyect
Moreover, theinfluence of soil yielding for the applied uplift load higher than the

aforementioned values can be clearly observed in the upper part of the foundation, where

176






















































































































































































































































