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Development of Seed Variables Prediction Models for Use in Dynamic
Backcalculation of FWD Data

Cynthia Michel Nasr

Abstract

Understanding the material properties of a pavement structure is crucial for evaluating the
pavement’s performance and assessing its damage level. Generally, the backcalculation process is
extensively used to analyze the Falling Weight Deflectometer (FWD) data for estimating the layer
moduli of a pavement structure. It is mainly an iterative process that starts with a set of seed (initial)
variables, calculates the theoretical pavement surface deflections, and compares them to the
measured deflections. Yet, this process is most likely unstable and is prone to numerous errors
including the selection of relevant seed variables. The selected seed variables hold significant
consequences on the final backcalculated results. This research project aims to develop models
through classification analysis to predict the seed variables. This involves (1) calculating
theoretical surface deflections through a finite element model that simulates different pavement
structures and properties, (2) calculating FWD parameters and indices for each structure and (3)
using those parameters to build Random Forest models that predict the seed variables with low
OOB error and high accuracy. The dynamic approach is adopted to perform the analysis on 3-
layered rigid and flexible pavements. The AC layer is modeled as an LVE material while the PCC
and the unbound layers are modeled as linear elastic materials with damping. The OOB-Estimate
of error rate and the overall accuracy values obtained dictate that the predictor variables selected
to build the RF models are efficiently trained and generate accurate predictions for all seed
variables except for the Rayleigh Damping Parameter of the PCC layer “agpcc”. The developed
models can be considered as an effective guidance for pavement engineers to select the seed

variables that are closer to the actual values to initiate the backcalculation process.

Keywords: Seed Variables, Backcalculation, Random Forests, FWD Data, Finite Element
Methods, Classification Analysis

Vi



TABLE OF CONTENTS

Chapter Page
I-Introduction and Background ............coccveeiiiiieiiiie e 1
00 0 0o [ o4 o OSSPSR 1
1.2 LITEIatUre REVIBW ....cciueiieiiiieetiee et et s et e et e e et e e st e e et a e e tae e e snee e e anee e e nsaeeeanaeeeanseeeanneeeanes 4
[I-Finite Element Method ... 8
2.1 FEM DEFINITION ..cciiiii ettt e et e e et a e et e e et e e e ntaeeasnaeeesnteeesnseeeanreeeas 8
2.2 STTUCKUTAl IMBCNANICS ... . ei e et e e et e et e e et e e et e e e nraa e e nneaeeanseeeanseeeas 9
2.3 AXISYIMIMIELIY ...ttt bkttt e st ekt ekt e s bt e e bt e bt e et e Rt e et e be e 9
2.3.1 DisplacemMent.FIeld...........oeeiiiee e 11
2.3.2 SErAIN FIEIA. .....oiiiii e 11
2.3.3 SEESS FIBIA. ... et 12
2.3.4 Relationship between the Strains and the SIreSSeS..........eivvveiiiie e 13
2.4 Formulating the Finite EIBMENTS.........cciiiiiiiee e 14
2.4.1 Structure Discretization and EIement TYPES ......ccovvveviiieiiir e 14
2.4.2 Axisymmetric Triangle with Three NOAES .........cccvvveiiiieiiii e 16
2.4.3 Stress-Strain and Strain-Displacement Relationships ..., 18
2.5 LINEar VISCOBIASTICITY ... ..cciuiiieiiie ettt ettt et e e raa e e s e e anneas 19
2.5.1 ViSCORIASHIC-PIOPEITIES .....eeeiiiie ettt e ettt e e e e s e e nanas 19
2.6 FE EQUALIONS.......eiiiiiee ettt ettt et e e et e e et a e et e e et e e et e e e e nbe e e anae e e anteeeanneas 25
2.6.1 Development of Governing EQUAtIONS ..........cc.veeiiieeiiiie e 25
2.6.2 Dynamic Response Equilibrium EQUAtIONS..........ccceeiviieiiiiee e 26
2.6.3 Element Stiffness Matrix Development ............coovvveiiiie i 27
2.6.4 Element Mass MatriX DeVelopmMENt..........c.ccoiiiiiiiie e 27
2.6.5 Element Damping Matrix Development.............cooveeiiiiiiiie e 28
2.6.6 Global Matrix DeVEIOPMENT ........cuviiiiiiiiee et 29
2.6.7 APPLIed SUMTACE FOICES ....ccviiiii ettt e e 29
2.7 DYNAMIC ANAIYSIS ..vtiiieiiiiiie ettt e e et e e e e e e e et e e e e e sbb e e e e s sntb e e e e e atbeaeeaan 30
2.7.1 Newmark’s Method..........cooooiiiiiiiii i, 31



[1-LOESS Regression ANAIYSIS ........uviiiiiieiiiiie e e st saee e 34

3.1 Locally Weighted REGIESSION .......ccuvieiiiiiieiit ettt 34
3.1.1 LOESS MOl DESCIIPION ...ttt 34
3.1.2 Data’s Localized Subsets and Smoothing Parameter............cccovveviiiiieiiienneenneen 35
3.1.3 Local POlynomials DEGIER........ccuieiiiiiieiie et 35
3. LA WEIGNE FUNCLION ...ttt ettt 36

3.2 LOESS PrOCEUUIE ....eeeeiieeeiiie et etee ettt ettt e ettt e et e e st e e st e e e tee e e nee e e nneeeennaeeennneeeanseeeannes 36
3.2.1 LOESS Advantages and DiSadVantages.........c.ceeuvereriererrieresiiresnieeesieeeseeeeseeeesnns 39

IV-FWD Indices and FWD Parameters.........cccoevuvieeiiiie e esvne e 41

4.1 Maximum DEFIECTION (D0) .....vveiueeiiieiiieee et 41

4.2 Radius OF CUIVALUIe (ROC) ......coiiiiiieiiieiie ettt 42

4.3 Surface Curvature INAeX (SCI) .....oiiie i 44

4.4 Base Damage INAEX (BDI).......coiuiieiiieeiie ettt e ta et e e e e e e ennee e 44

4.5 Base Curvature INdeX (BCI) ....coouiieiieecie ettt e e et e e e e annee e e 45

4.6 THE AREA PalaMeLer ......cuiiiiiiiiie ettt ettt ettt eabeeanbeenree s 46

4.7 Area Under Pavement Profile (AUPP) ........coiiii st 48

4.8 ATEA INUICES ...ttt ettt et b ekt e R bt e be e e bt e e st e e nbbeebeesnbeenree s 48

e B gL ToTC I - T (0] £ PSSP SPRRRP 49

4.10 Deflection RALIO (QR) «.vveeerrreeiureeeiieeeiieeeasiteesstee e e stteeessaaeesaae e s staeeastaeeasneaeessaeeesneeeesnneeeanes 49

4.11 Bending INAEX (BI)....couveeiiee ettt st et e et e e 50

4.12 Radius Of INFIUENCE (R1) ..cueeeeeiee et 51

4.13 SI0pPE OF DEFIECHION. ......iiie et are e 51

4.14 Normalized Area RAtIO (Ar’) .oooveeeiiee ettt s e st et e e et e e e srae e e snaa e e snneaeanes 52

4.15 SUITACE MOAUIUS .....ooiiiiiiiiie ettt e e nbe e snbeenree s 53

4.16 FWWD PAr@mMELEIS ......eeieiiiiiie ettt e ekt e e e bbb e e e e e st e e e s ennneeas 54

4.17 Difference VariableS..........oouiiiiiii e 56

V-Machine Learning Algorithms and Variable Selection.................cccoveee 60

5.1 NEUFAL NEIWOTKS ...ttt ettt ettt e nbb e e st e et e e anneas 60

ST B = Tod 1] o] I I =TT TP OPR 61

5.3 RANAOM FOIESES. ...ttt ettt e ettt e st e et b e e bb e e e s nbe e e anbeeeanteas 63



5.4 Reasons Behind Adopting the Random Forest Algorithm ...........ccccoveiiieiie e, 65

5.5 Random Forests Variable-Importance-Measures (VIMS) ........ooovveiiiieiiiie e 66
5.5.1 RanNdom FOreSt MO N ........cc.uuiiiiiieiiie ettt 66
5.5.2 Variable SEIECHION ......ooeiiiiccie e 67

AV L1 aToTe (o] (o]0 Y AR TRR 71

6.1 RESEAICH PrOGram .....co.eiiiiiiiie et 71
6.1.1 SOTEWAIE USBU ......eiiiiie ettt ettt et e e st e e et e e et e e e nnae e e nnaeeennseeeannes 73
6.1.2 COMDINALIONS ...ttt et e e et e et e e et e e e re e e e nnaeeennseneannes 73

6.2 Model Development and Optimal Mesh Selection ... 84

6.3 Output Generation for Rigid and Flexible Pavement Structures ...........ccccceeviveeviveeviieeennen. 93

6.4 EXIracting FWD ParametersS ........coouieiiiiiiieiiiesiie ettt sttt snneennee s 94

6.5 Initial Steps: Building Neural Networks and Decision Trees through Regression Analysis ..96

6.6 Building Random Forests through Classification AnalysiS..........ccccceviiiieiiiiniiiiieiieenienn 97

VI-RESUITS ..ttt et et e e nnes 99

7.1 Seed Variables for the Asphalt Concrete (AC) LaYer........ccovvveiiireeiiee e iieeesiee e 100
7.1.1 AC Master Curve Sigmoidal Coefficient “Alpha (@) ......ccccevvveiiiieiiiie e, 100
7.1.2 AC Master Curve Sigmoidal Coefficient “Beta_prime (8)”....cccovvvvveverviesivineienns 103
7.1.3 AC Master Curve Sigmoidal Coefficient “Delta (§)”.....cccovvviivieiiiieiiiieiiiiee e 105
7.1.4 AC Master Curve Sigmoidal Coefficient “Gamma (¥)”.....cccoovvveiiivieiniienniiee e 107

7.2 Seed Variables for the Portland Cement Concrete (PCC) Layer........cccovvveevivveeviveeeiiineenn, 110
7.2.1 MOdUIUS OF EIGSHICITY (E1) .eeivieiiiieiieiiiesiie ettt 110
7.2.2 Rayleigh Damping Parameters (ARPCC) .....ccuovieiuieiiiiiiesiee e 112
7.2.3 Rayleigh Damping Parameters (BRPCC) ....ccouviiuieiiieiiiiiie e 115

7.3 Seed Variables for Unbound LAYEIS .........cccvveiiiieeiiie et 117
7.3.1 Base Layer Modulus Of EIGStICIY (E2) ..cccvveieiiiieiiieiie e 117
7.3.2 Subgrade Layer Modulus of EIaStCItY (E3) .cvvvvvveiiieiieiiieiicesie e 120
7.3.3 Stiff Layer Modulus of EIaStiCIty (E4) .....ccoviveiiieiiieiieeiie e 122
7.3.4 Rayleigh Damping Parameters (AR) ......cccuvereeiieeiiieiieeieesiee e esiee e siee e 125
7.3.5 Rayleigh Damping Parameters (SR) ....cocueeiiueeaiiiee ettt 130
7.3.6 Stiff Layer Thickness measured from Surface (h3) ......ccoooeiiieiiiie e 134



VII-DiscusSion and CONCIUSION ... .coee et 137

8.1 Building Neural Networks (NN) and Decision TreesS (DT)......cccovveiiiieiiiieiiiiee e 137
8.2 BUIIAING RANAOM FOMESES ...ttt 137
ST I £ 1 T F- [0 o RS PSRPRR 147
8.3.1 0riginal COMDINALIONS ........oiuiiiiieiie et 147
8.3.2 SYNNETIC DALA_2 ......eeeieiiiie ittt 148
8.3.3 Synthetic Data 3 at 3 Different Temperatures (68,104 and 392°F)..........cccccovvveennnnn. 151
8.3.4 Synthetic Data Including Random EIrOrs.........coccooiviiiiiiiieiiicie e 152
8.3.5 REAI-LITE DAlA......cccceeeeeiiii ettt e e et e et nn e nrae e e 153
8.3.6 General Observations and DedUCLIONS ...........c.couiriiieiieiiie et 156
B4 SUMIMAIY ...tttk e skt e et e et e e e e et e e s bt e s st e e nnb e e e e 157
S TSI O] Tod [1ES] o] o TS STSSPR 158
RETEIENCES .ttt e e e e e e et e e e st e e e anaeeeas 160



LIST OF TABLES

Table Page
Table 1: Structural Condition Rating for DBPs (HOrak 2007) .........ccoivuieiiiiiieiiieiieenie e 45
Table 2: Typical Area and Do values for a 4-Sensor Configuration, Pierce et. al (2017)............ 47
Table 3: General Trends and Guides of AREA and Do Values, Pierce et. al (2017) .........c..c...... 47
Table 4 : Structural Condition Rating for DBPs (Hoffman and Thompson 1981, Horak 2015)...49
Table 5: Deflection Ratio (Qr) Values and Indications (Saleh 2016) ...........ccccovieiieiiiiniinnnn, 50
Table 6: Structural Capacity Classification based on the Normalized Area Ratio (Saleh 2016)..53
Table 7:Combinations for the Flexible and Rigid Pavement StruCtures..............cccoeeevvenivneninnn 74
Table 8:Sigmoidal Function and Shift Factor Coefficients Comparison (MixX25) ..........cc.ccoevueenn 76
Table 9: Sigmoidal Function and Shift Factor Coefficients Comparison (Mix37) ........ccccccvevueenn 76
Table 10: ESTAR_LINK 1 Sample Data........cccoiiiiiiiiiiiie e 78
Table 11: Lower and Upper Outlier Limit- First Trial..........coccoiiiiiiiiiienieec e 79
Table 12:Lower and Upper Outlier Limit- Last Trial .........ccoooviiiiiiiiiieiiec e 80
Table 13: Statistics Values for the Sigmoidal Coefficients from the 344 Sets.............ccceevveennne. 82
Table 14: Maximum MOodUIUS VAIUES.........cccuviiiiecie e 82
Table 15:Sigmoidal Coefficients Selected for FE Modeling..........ccccoovveiviiiiiiii i, 82
Table 16: The 12 Sets Resulting after the Sigmoidal Coefficients' Selection...............cccccveene. 83
Table 17: AC Master Curve Sigmoidal Coefficients CIasses ........ccccccvveiviveiiive e, 84
Table 18: Combinations used for Sensitivity ANalYSIS ........cccvvieiiieeiiire e 85
Table 19:Percentage Error in Minimum Deflection Relative to Densest Mesh ............ccccccve.ne. 92
Table 20: Testing 25,383 Elements using Different Combinations............c..cccccvveviveevivieesiineenn, 92
Table 21: Testing the Optimal Mesh with 29,462 EIeMENtS.........cccccovvveiiiie e 93
Table 22: Distribution of the Rigid Pavement Combinations ...........cccccvevviveiiiee i, 94
Table 23: Distribution of the Flexible Pavement Combinations .............ccoccvvvviviiieiieniieniieinnn 94
Table 24: Layer Properties for Combination RO36109...........cccccviieeiiiie i 95
Table 25: Time taken to Build RF-Model and to Predict the Seed Variables...........c.cccccovviennenn 99
Table 26: Optimal Model Characteristics for each Seed Variable .............c..coooveeiiiiiiiieiinnn, 100
Table 27: Number of Observations for AC Layer in Flexible Pavements..............cccccoevvevnnnnn 141
Table 28: Number of Observations for PCC Layer in Rigid Pavements................ccccccevveevnnnnn 141
Table 29:Number of Observations for Unbound Layer Underlying AC and PCC Layers......... 141
Table 30: The Parameters Defined to Build an RF Model for each Seed Variable.................... 143
Table 31: Rigid Pavement Combinations with Varying “@RPCC” ...........ccccccovveeiiiveeiineeniinnnn 145
Table 32: Prediction Vs. Original for Combination 1 — Flexible Pavement.................c....c...... 147
Table 33: Prediction Vs. Original for Combination 10,200 — Flexible Pavement...................... 147
Table 34: Prediction Vs. Original for Combination 36,619 — Flexible Pavement...................... 148
Table 35:Prediction Vs. Original for Combination 1 — Rigid Pavement..............ccccceevvveeiinnn, 148
Table 36: Prediction Vs. Original for Combination 413,343 — Rigid Pavement........................ 148
Table 37: New Accuracy VS. Original ACCUIACY ........cuuvieiiiiuiieeiiiiie e eies e 149
Table 38: Number of Predictor Variables Corresponding to Offsets 84 through 120-inches in the

OPUMAL IMOUEL ... e s a e e e e e e e st e e e s snraeeas 149
Table 39: Predictions Vs. Target Values for the 4 Methods ..........cccccevviiiieeiiiiinc e, 150
Table 40: Predictions for A10, A15, A20 & A35 Vs. Target Values.......ccccoeoveveveeiiiiienee i, 150

Xi



Table 41: Predictions Using Classifier & Average Vs. Target for Temp. 68°F ............ccccovenee. 151

Table 42: Predictions Using Classifier & Average Vs. Target for Temp. 104°F ..........c.cceenee. 151
Table 43: Predictions Using Classifier & Average Vs. Target for Temp. 392°F ..........ccccovenee. 151
Table 44: Predictions from RF Classifier Vs. Average Predictions for Combination 1 — Flexible

PAVEIMENT ... e 152

Table 45: Predictions from RF Classifier Vs. Average Predictions for Combination 36,619 ....152
Table 46: Predictions from RF Classifier Vs. Average Predictions for Combination 1 — Rigid

PAVEIMIENT ...ttt e e e e r e e e e e et e e e e e e st e e e e e e an 153
Table 47: Predictions from RF Classifier Vs. Average Predictions for Combination 413,343 ..153
Table 48: RF Classifier Predictions using Strategy 1 .........ccceooveeieeiiieniie e 154
Table 49: “E1” Values from Sigmoidal Coefficients predicted by RF Classifier in Strategy 1.154
Table 50: Average PrediCtions USING Strategy L........ccooeeiiieriiiiieiiiesie e 154
Table 51: “E1” Values from Sigmoidal Coefficients using Average Predictions in Strategy 1.155
Table 52: RF Classifier Predictions uSing Srategy 2 .........ccceoviiieeiiieiieenieeniee e 155
Table 53: “E1” Values from Sigmoidal Coefficients predicted by RF Classifier in Strategy 2 .155
Table 54: Average PrediCtions USING StrAteQY 2........c.covveiiieiiieiieeiiie et 155
Table 55: “E1” Values from Sigmoidal Coefficients using Average Predictions in Strategy 2 156
Table 56: Actual Values for the Moduli of EIaStiCItY .........cccooiiiiiiiiiiic e 156

Xii



LIST OF FIGURES

Figure Page
Figure 1: Deflection Basin resulting from FWD Testing, Choi et al. (2010).........cccccovvvvviiieninen, 2
Figure 2: BackcalCulation PrOCESS ..........c.uiiiiiiiiiiiieiit ettt 3
Figure 3: Axisymmetric-Solid (Ofiate 2009)........cccuueiiiiiieiiieiie e 10
Figure 4: Axisymmetric/Element "ijm™ (LOGan 2017) ......cooouiiiiiiiieiiieieeeneeeee e 10
Figure 5: Axisymmetric Engineering Problem (Bazi et al. 2020) ..........cccceiiiiiiiiiiciiiciie, 10
Figure 6 : Axisymmetric Element (LOgan 2017) .......ccuiiiieiiiiiiiiiie e 11
Figure 7: Plane Cross Section (LOGaN 2017) .......coiuiiiiiieeiiiesiie e 11
Figure 8: Element Displacement in the r-z Plane (Logan 2017) .......ccccevvveiieiiieniienie e 12
Figure 9: Element Displacement in the r-z Plane, (Logan 2017) .......ccccovoviiieiiieiiienieeniee s 13
Figure 10: Stresses in an Axisymmetric Structure, (Logan 2017).......cccccvveviveiiiieniieenieenee s 13
Figure 11: STrUCtUrEd IMIESI ... 14
Figure 12:UnStructured MESH ..o 14
Figure 13: Linear, Quadratic Triangular and Quadrilateral Elements, (Logan 2017) .................. 15
Figure 14: Axisymmetric Structure discretized into Triangular Elements (Logan 2017)............. 16
Figure 15: Ni Variation over the X-Y surface for a certain Element (Logan 2017)..................... 18
Figure 16: Storage and Loss Moduli Concept (Saba et al., 2016) .........cccceevvveeiiveeiiee e, 20
Figure 17: Hooke Element (Elastic COMPONENT).........ccveiiiiieiiieesiie e e 21
Figure 18: Newton Element (ViSCOUS COMPONENT) ......c.uveeiuiieeiiieesiieesiieeesieeesiieeessaeeesaeeesnneeens 21
Figure 19: Maxwell EIEMENT iN SEIIES........uiiiiiiie et ea e e e e e e snae e 21
Figure 20: Kelvin-Voight EIBMENT ........cooiiiiiiee e 21
Figure 21: Generalized Maxwell EIEMENL............ccvviiiiiiiiee e 22
Figure 22: Maxwell Element Relaxation EXPeriment.............cocveeiiireiiiee i siee e 22
Figure 23: Discretization by Four Triangular EIEMENtS .........cccceeeiiieiiiie e 29
Figure 24: Degrees of Freedom DisStribULiON.............cooiiiiiiiiiiiie e 29
Figure 25: Linear Triangular Element Shape FUNCHIONS ..........ccceeiiiieiiiee e 30
Figure 26: Nodal Forces SUrface TraCtion ...........ccvveiiireiiiie e 30
Figure 27: Average Acceleration Method (Left) , Linear Acceleration Method (Right).............. 32
Figure 28: Artificial Data Scatterplot with Smoothed Points (Cleveland 1979)............cccccovei.. 37
Figure 29: Artificial Data Scatterplot (Cleveland 1979).........cccoceoiiiieiii e 37
Figure 30: DefleCtion BaSiN.........cveiiiiiiiiiie i et e e e et a e arae e 43
Figure 31: Curvature Zones of the Deflection Basin .............cccccveeiiiiiiiiic i 43
Figure 32: A Typical FWD Deflection Time History, Bazi, Brynick, Bou Assi, and Gagnon

(2020 et E ettt ettt R b e bt e bt e are e be e nbee e 55
Figure 33: A Typical FWD Velocity Time History, Bazi, Brynick, Bou Assi, and Gagnon (2021)
................................................................................................................................................. 56
Figure 34:Neural NetWOrk STIUCLUIE...........eeiiiiei et 60
Figure 35: Functioning of a Data-Processing-Unit (NEUron)..........cccccuvveeeiiiiiee i 61
Figure 36: RadOmM FOrest MOGEN ...........oviiiiiie e 64
Figure 37: Multi-Layer Flexible PaVement ...........cccvvieiiiiiiic et 72
Figure 38: Multi-Layer Rigid PAVEMENT ...........oooiiiiiii e 72
Figure 39: Steps for Developing RF MOEIS.........ccuvviiiiiiiii et 73



Figure 40: BOXPIOt EXPIANATION. .......ciiiiiiiiiiiiii e 79

Figure 41: Box Plots for (8, o ,3 and y) after First Trial..........cccooiiiiiiiiiiiie e 80
Figure 42: Box Plots for after (5, oo, and y) Last Trial .........ccccooiiiiiiiiiiii e 81
Figure 43: Master Curve showing the 12 Sets, each at 3 Temperatures............cccooeverveervenneene. 83
Figure 44: Model Development Initial Steps on AUTOCAD ........cceiiiiiiiiiieiieee e 85
Figure 45 : Optimal Model Generation BY GMSh .........ooiiiiiiiiiii e 86
Figure 46: Finite Element Sensitivity Analysis at Offset (0,0) .......cccooveiiiiiiiiii, 88
Figure 47: Percent Difference in Deflection Relative to the Densest Mesh at Offset (0,0).......... 88
Figure 48: Finite Element Sensitivity Analysis at Offset (24,0) .......ccccovvviiieiiieiiiei e, 89
Figure 49 : Percent Difference in Deflection Relative to the Densest Mesh at Offset (24,0)....... 89
Figure 50 : Finite Element Sensitivity Analysis at Offset (48,0) ......cccoveiviirieiiienieiee s, 90
Figure 51: Percent Difference in Deflection Relative to the Densest Mesh at Offset (48,0) ........ 90
Figure 52: Finite Element Sensitivity Analysis at Offset (72,0) .......cccocevveiiieiiieniieieee 91
Figure 53: Percent Difference in Deflection Relative to the Densest Mesh at Offset (72,0)........ 91
Figure 54: FWD Surface Deflection Time Histories for Combination R036109 under the FWD
0 o SRR 95
Figure 55: FWD Surface Deflection Time Histories for Combination R036109 at Offset 8-inches
................................................................................................................................................. 96
Figure 56: MDA and MDG Plots for “AlpNa (@) .......ccoiiiiiiiiieiieiieee e 101
Figure 57: MDA and MDG Plots for “Alpha (@) ......cccoceeiiiiiiiiiiiiie e 101
Figure 58: Importance of each Predictor Variable for Predicting “Alpha («)” based on MDA and
MDG TOLAI SCOTE.....cutiiiitieitie ettt ettt et e sbb et beesrbeenbne s 102
Figure 59: Training Data Confusion Matrix and OOB Estimate for “Alpha (a0)”..........cccvveeeeen. 102
Figure 60: Testing Data Confusion Matrix and Statistics for “Alpha (@)™ ......ccccceeiviivieeniiinnnn. 102
Figure 61:MDA and MDG Plots for “Beta prime (') .......cooviurrriiiiiiiiiiiiiiiiiiee i 103
Figure 62: Importance of each Predictor Variable for Predicting “Beta_prime (') based on
MDA and MDG TOtAl SCOTE ......eeiuiieiiiieiie ittt nree s 104
Figure 63: Training Data Confusion Matrix and OOB Estimate for “Beta_prime (8')”............ 104
Figure 64: Testing Data Confusion Matrix and Statistics for “Beta_prime (8')” .....c.cvvevvvenenn. 105
Figure 65: MDA and MDG PIOtS TOr “Delta (8)” ...veoovveiiieiieiiieiiee e 106
Figure 66: MDA and MDG Total Score for “Delta (§)” ....coovvereeiieeiiieiieiiie e 106
Figure 67: Training Data Confusion Matrix and OOB Estimate for “Delta (§)” ........cccccverenen. 107
Figure 68: Testing Data Confusion Matrix and Statistics for “Delta (8)”......cc.cocevvvvrrivrninneninns 107
Figure 69: MDA and MDG Plots for “Gamma ¥ .........coooiiiiiiiiiiiiiiieiee e 108
Figure 70: Importance of each Predictor Variable for Predicting “Gamma y” based on MDA and
MDD G TOLAI SCOTE.....eiutieiiiieitie ettt ettt ettt et e s bt e et e et e e sbeeaneeesteeenbeeanbeenree s 109
Figure 71: Training Data Confusion Matrix and OOB Estimate for “Gamma y”...................... 109
Figure 72: Testing Data Confusion Matrix and Statistics for “Gamma y”............cccocvvveeriinnnn. 110
Figure 73: MDA and MDG PIotS fOr “E1” ....ccuiiiiiie et 111
Figure 74: MDA and MDG PIots fOr “E 1™ .....ooiiiiiiiiiiiec et 111
Figure 75: Training Data Confusion Matrix and OOB Estimate for “E1” ...........ccccocoveeniinnnn. 112
Figure 76: Testing Data Confusion Matrix and Statistics for “E17.........ccccocvviiiiiiiiiiiinciinnn, 112
Figure 77: MDA and MDG Plots for “@RPCC” .........cccoioiiiiiiiiiiiiieiii et 113
Figure 78: Importance of each Predictor Variable for Predicting “aRPCC” based on MDA and
MDG TOAI SCOTE........eeieiiiie ittt e ettt e e bt et bt e et b e e e bt e e e snbeeeanteas 113
Figure 79: Training Data Confusion Matrix and OOB Estimate for “aRPCC” ................ccuu.... 114

Xiv



Figure 80:Testing Data Confusion Matrix and Statistics for “@RPCC” ...........cccccocvviirieicninnnn 114

Figure 81: MDA and MDG PIOtS TOr “BRPCC™ .......cocveiiieiiiiiie e 115
Figure 82: Importance of each Predictor Variable for Predicting “fRPCC” based on MDA and
MDG TOUAI SCOTE.......eeueiiiiieiie e nne s 116
Figure 83: Training Data Confusion Matrix and OOB Estimate for “SRPCC” ...........ccc.couenuen. 116
Figure 84: Testing Data Confusion Matrix and Statistics for “SRPCC” ...........ccccceevvveriiennn, 117
Figure 85: MDA and MDG Plots O “E2” .....oooiiiiiiiieiiiie et 118
Figure 86: Importance of each Predictor Variable for Predicting “E2” based on MDA and MDG
TOLAI SCOTE....eeiee et ettt 119
Figure 87: Training Data Confusion Matrix and OOB Estimate for “E2” .............ccccovvvennnnn. 119
Figure 88: Testing Data Confusion Matrix and Statistics for “E2”..........ccccccviiniiiiiiiieniinnnn. 120
Figure 89: MDA and MDG PIots for “E3” ... 121
Figure 90: Importance of each Predictor Variable for Predicting “E3” based on MDA and MDG
TOLAI SCOTE.....eee ettt 121
Figure 91: Training Data Confusion Matrix and OOB Estimate for “E3” ............cccccvvvennnnnnn. 122
Figure 92: Testing Data Confusion Matrix and Statistics “E3” ........ccccovmiveeiiiineennineees e 122
Figure 93: MDA and MDG PIots for “E4” ... 123
Figure 94: Importance of each Predictor Variable for Predicting “E4” based on MDA and MDG
TOtal SCOTE (2 SECHIONS) ..ttt ettt ettt et e b 124
Figure 95: Training Data Confusion Matrix and OOB Estimate for “E4” ............ccccoovviivrnnnnnnn. 125
Figure 96: Testing Data Confusion Matrix and Statistics “E4” .......ccccccvveiiiireiiivnessiineesieee s 125
Figure 97: MDA and MDG Plots fOr “OR” ........cooiiiiiiiiiieeie it 127
Figure 98: Importance of each Predictor Variable for Predicting “aR” based on MDA and MDG
I s LS Tolo o G T=Tod o] ) PSPPSR 128
Figure 99: Training Data Confusion Matrix and OOB Estimate for “aR” ..........ccccccuvivvvrnnnnnn. 129
Figure 100:Testing Data Confusion Matrix and Statistics for “@R” ..........ccccvvveeeeiiiiiiiinninnnenn. 129
Figure 101:MDA and MDG Plots fOr “BR” ...ccciiiiiiiiiiiiiiiee ettt 131
Figure 102:Importance of each Predictor Variable for Predicting “fR” based on MDA and MDG
TOtal SCOIE (3 SECLIONS) ...eeuvieeeiiee ettt et e ettt e et e et e et e e st e e st e e et e e e nne e e e ssaeeennaeeennneeeas 132
Figure 103: Training Data Confusion Matrix and OOB Estimate for “SR” ...........ccccoevvvvvvennnnn. 133
Figure 104:Testing Data Confusion Matrix and Statistics for “LR” .......ccccccevviiivieiiiineeniiinn. 133
Figure 105: MDA and MDG Plots fOr “A37....ccciiiiiiiiiiiieeee e 134
Figure 106: Importance of each Predictor Variable for Predicting “hs” based on MDA and MDG
TOTAL SCOTE......oiiiiii it 135
Figure 107: Training Data Confusion Matrix and OOB Estimate for “h3”...........ccccovieninnnnn. 135
Figure 108: Testing Data Confusion Matrix and Statistics for “A3” .........cccccoviiiiiiiiiineeniinnn. 136
Figure 109: Variation of OOB-Estimate of Error Rate versus Number of Trees for rf_Delta
IMIOTEI ... 142
Figure 110: Variation of OOB-Estimate of Error Rate versus Number of Trees for rf_E3 Model
............................................................................................................................................... 142
Figure 111: A Sample Code from R-Studio used to Build an RF-Model for “Delta (5)”........... 143
Figure 112: Density Plot for three Combinations...........cccveiiiiiiiieiii e 146
Figure 113: Deflection Plots for three Combinations .............cccveeiiiiiiie i 146

XV



Chapter One

Introduction and Background

1.1 Introduction
It is crucial to have an elaborate understanding of all the material properties that constitute a
pavement structure for reliably predicting their performance. The accurate estimation of such
properties is a key element in determining adequate maintenance strategies and precisely assessing
the damage level and the pavement’s remaining life. The surface pavement deflection or
displacement has been recognized to represent the sum of the vertical deflections in the subgrade
and the pavement structure (Horak 1987b). Globally, the vertical deflections, among many others,
are one of the mostly used measures to assess the pavements’ structural condition for several
reasons including: (1) cost efficiency, (2) the relative ease of measurements, (3) availability of
historical data in large amounts, (4) historical correlation existing between the performance of the
pavement and the deflection data (Solanki et al. 2014 as cited in Fuentes et al. 2020). Two
approaches are considered to evaluate the structural condition of an existing pavement structure;
Non-Destructive Testing (NDT) and Destructive Testing (DT). However, the road agencies mainly
encourage using NDT devices for assessing the pavement’s structural conditions to avoid any
intrusive testing that might cause further destruction to the pavement structure. The Falling Weight
Deflectometer (FWD) is considered the most common NDT device as it better simulates the actual
field conditions when compared to laboratory testing. Figure 1 illustrates the general effect of an
FWD load applied on a certain pavement structure. The pavement structure undergoes deflection
under the wheel load. Consequently, it is important to note that the impact of the FWD load will
generally extend over a certain radial distance from the point of load application. According to
Horak (2008), the deflection bowl/deflection basin refers to the area of the pavement deflection
under and close to the point of load application.

The FWD drops an impulse load having a duration of about 20 to 30 milliseconds. This
test is used to assess the layer properties and evaluate the structural capacity of the pavement under
study. The loading provokes an extensive range of frequency mechanisms and simulates the weight

effect of a truck or an aircraft moving wheel. Therefore, the pavement surface deflections induced



are measured using sensors located at different offsets from the applied load (Sebaaly et al. 1985).
In a typical FWD equipment, one sensor is directly placed under the loading plate along with a
minimum of six other sensors placed every 300mm. The aforementioned sensors are also referred
as geophones and are mainly velocity transducers. Using the FWD device, the structural strength
of a pavement structure, whether flexible or rigid, can be quantified using the backcalculation

analysis of the elastic moduli for each layer.
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Figure 1: Deflection Basin resulting from FWD Testing, Choi et al. (2010)

For an effective analysis, the estimation of each layer modulus is required. As previously
mentioned, the latter is obtained by a process known as the backcalculation. This method analyzes
the FWD results and estimates the layer moduli for the pavement structure. It is based on an
iterative process initiated by assuming a seed layer moduli (initial assumed) values for each layer.
Following an optimization or root-solving algorithm, a forward calculation method generates new
surface deflections that match — to a certain extent — the actual response of the pavement structure.
Therefore, after several iterations, the assumed layer moduli obtained from the analytical
pavement model are varied and adjusted until they generate a response that converges or strictly
matches the measured FWD surface deflections. In other words, the analysis is validated once the
measured and the theoretical deflection basins coincide and reliable results are obtained. Figure 2
illustrates the backcalculation process and the steps performed to reach the optimal results. Note
that the seed moduli are consecutively adjusted for the upper pavement layers moving towards the

lower ones. This approach is necessary to further improve the convergence between the measured
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and the calculated deflection basins. The seed moduli values tend to affect the convergence speed
in almost all backcalculation software (Chou and Lytton 1991 , Uzan 1994, Fwa et al. 1997).
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Figure 2: Backcalculation Process

Conventional static backcalculation models are based on peak FWD deflection values. Yet,
several progressions have been adopted while using the dynamic models to address the full-
time histories of the FWD load applied and the recorded/measured surface deflections, (Li and
Wang 2019, Bazi and Assi 2020). Static analysis may be suitable for moderately thin pavements,
though it holds substantial constraints for stiff and thick flexible or rigid structures which are
mainly constructed for the airports, (Bazi et al. 2020). The use of dynamic modeling for
backcalculation is endorsed over static modeling as the viscoelastic properties of asphalt concrete
(AC) layers, inertial effects, damping and the resonance of the subgrade materials can be taken
into account, (Bazi and Assi 2020). Thus, the dynamic modeling better reflects the pavement’s
real-life behavior and generates more reliable results that are suitable to the characteristics of the
FWD analysis assuming the model is robust.

Initiating the dynamic backcalculation procedure with seed layer variables that represent the
actual material properties rather than just guessing some arbitrary values, tends to lessen the
computational-time required to achieve an adequate match between the calculated and measured
deflection basins. Thus, developing prediction models for the seed variables will assist and guide
pavement engineers in the seed variables estimation process. It further tends to generate more
reliable backcalculation results which are critical for the structural evaluation of any pavement

structure.



In this research , the dynamic approach is adopted to perform the analysis on both rigid and
flexible pavements. Pavement structures with three and four layers are considered and modeled
using Gmsh software. For flexible pavements, the Asphalt Concrete layer is modeled as linear
viscoelastic (LVE). As for the Portland Cement Concrete layer and all unbound layers underlying
flexible and rigid pavements are modeled as linear elastic (LE) with damping. A study is performed
using the axisymmetric finite element modelling to quantify the effect of the FWD parameters on
the pavement properties (variables). The models that predict the seed values are built using
machine learning algorithms, specifically using random forests, while following a classification
analysis. In other words, this research project aims to develop and validate an accurate solution
that tends to serve as the starting point for the initiation of dynamic backcalculation. Therefore,
leading to an efficient structural evaluation for both, flexible and rigid pavement structures.

1.2 Literature Review

Dynamic backcalculation methods are subject to several constraints. The backcalculated modulus
does not constantly ensure a precise estimate in which a seed modulus is essential for all the
individual pavement layers. Thus, this method does not generate a unique solution but rather a user
dependent one. The backcalculation analysis remains unstable under the effect of several error
corresponding to either the modeling of the forward approach, numerical computations or
deflection measurements. As the mathematical expressions used for the backcalculation process
consider several algorithms, the results will vary from one software to another. It is obligatory to
identify beforehand the Poison ratios and the thicknesses of each layer within the pavement
structure. Such parameters are typically assumed for the road agencies that lack databases. The
accuracy of the backcalculation procedure is further assessed based on a specific tolerance degree
between the measured FWD deflections and the calculated deflection values (Noureldin 1993).
Because of the initially assumed seed variables, the convergence to the local optima may lead to
erroneous and subjective final moduli results. Researchers studied the effect of the Root Mean
Sqaure Error (RSME) on the backcalculation procedure and the impact of the seed estimation on
such RSME values, (Seeds et al. 2000). It was noticed that RSME may be used as a mean to regulate
the convergence of the calculated and measured deflection basins, yet this approach does not
secure a precise layer moduli backcalculation. Realistic moduli values may not be generated from
a backcalculation procedure having the least RSME value. Seeds et al. (2000) advocated the

cautious use of the recommended RSME thresholds with the aid of engineering judgement to
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validate the reasonability of the backcalculated moduli. Similar findings were reported by Mehta
and Roque (2003) in which a good match between the measured and the calculated deflections in
terms of moderately minute RSME values might not certainly produce logical moduli.

Over the years, studies emphasized the importance of selecting relevant seed variables for the
layer properties and acknowledged its major impact on the backcalculation software performance
and on the final backcalculated results. As the subgrade layer can largely contribute to the surface
deflection under the effect of the applied load, any error associated to the subgrade elastic modulus
estimate will result in errors in the backcalculated moduli of the remaining pavement layers. The
backcalulation results tends to converge to the accurate parameter solutions as long as the seed
values are relatively closer to the real parameters (Fwa and Rani 2005). Several methods were
followed by researchers and engineers to select the appropriate seed variables for the individual
pavement layers and are stated as follows:

» Regression equations based on previous records
» Engineering judgments based on personal experiences
» Empirical models

> Internally produced seed variables in backcalculation software. For example, ELMOD

uses the radius of curvature method for estimating the seed values.

Due to the nature of such strategies, their applicability has been limited to certain pavement
structural design, material types and climate states (Fwa and Rani 2005). Rationally,
backcalculation software provide embedded seed variables to initiate the analysis. Yet, these
values do not always generate satisfactory and rational results. For this reason, the convention of
“user-input” seed variables was recommended in most cases. Fwa and Rani (2005) developed an
algorithm, 2L-BACK, as a guidance to select the appropriate seed moduli for two-layered flexible
pavement structure. The algorithm depends on a closed form solution for the backcalculation of
the moduli. Two different backcalculation programs, EVERCALC and MICHBACK, were used
to evaluate the effeciency of the proposed process. The authors found that the proposed algorithm
has improved the MISHBACK performance more than that of EVERCALC in terms of the
convergence features and the precision of the backcalculation results. This indicated that the 2L-

Back program lacks consistency among different backcaluclation software. Though, the study



proved that the proposed algorithm showed no transferability constrictions and can be considered
— to a certain extent — as an effective guidance (Fwa and Rani 2005). Additionally, an approach
based on the Constrained Extended Kalman Filter (CEKF) was introduced for backcalculation
(Choi et al. 2010). 1t makes use of a tranformation to limit the search for the domains required to
obtain the optimial estimations for the material properties. The approach’s sensitivity was tested
with respect to the initial seed layer moduli values and the number of the pavement layers. The
results showed that the EKF method allowed a quick convergence to the actual moduli irrespective
of the seed values selected (Choi et al. 2010). However, for pavement structures having a stabalized
base/subbase layer ,the efficiency of the algorithm in terms of the seed value dependency and the
convergence achievment is not quite confirmed and requires additional research.

New algorithms are further developed to assist with the fast convergence of the deflection
basins and to reduce the effect of the seed variables selected on the latter. Genetic algorithm
technique (GA) is recently presented as an advanced robust method and a highly effective
optimization tool, capable of conveying various parameters and features that have an impact on
the backcalculation procedure (Plati et al. 2017). Instead of having a seed value, the optimized-
unknown in GA can have a certain range. Thus, making the quest for an optimal solution tends to
be more potent than other approaches as the overall solution can be attained and the divergence is
proscribed (Plati et al. 2017). Additionally, Li and Wang (2019) combined GA with Acrtificial
Neural Networks (ANN) to enhance the solution optimizations. With the aid of finite element
models, synthetic database was generated to comprehend all the disparities in the pavement
structure, material properties, temperature and the loading magnitude. The ANN-GA model had
more advantages when compared to the conventional backcalculation software such as the
exclusion of the seed variables and the use of complex properties. Yet, the accuracy and the
applicability of this model presented limitations related to the parameter range used in the
simulated database (Li and Wang 2019). Moreover, Abd EI-Raof et al, (2018) developed a
simplified closed form procedure which achieved success in the estimation of the layer moduli.
Yet, this procedure was only limited for a two-layered flexible pavement structure.

To better understand the behavior of pavement structures and their design, computer
simulation techniques with the aid of 3D finite element models have been emerging. Thus, offering
pavement engineers a prevailing capability to recognize and identify the weakness points present

in the pavement structure even prior construction. Bazi and Assi (2020) developed a Finite Element



application “PULSE 2019” and was further upgraded to “PULSE 2020 by improving the
estimation of the Jacobian-Matrix, (Bazi et. al, 2021). This application is used in this study to
determine the deflection time histories for various flexible and rigid pavement structures.



Chapter Two

Finite Element Method

2.1 FEM Definition

Normally, it is impossible to find analytical/mathematical solutions for problems including
intricate geometries, properties and loadings. Such solutions are obtained using a mathematical
expression that produce the intended quantities at different locations in the structure under study.
Therefore, being only valid and effective for an infinite count of certain locations in the structure.
Henceforth, for robust and adequate solutions, one must consider the finite element method (FEM).
The latter is a numerical method that produces a system of concurrent algebraical equations and
provides approximate solutions for the unidentified at distinct points found in the continuum. This
method enables users to acquire the evolution in time and space for one or more variables that
represent the physical system’s behavior (Onate 2009). Consequently, the finite element method
is considered a powerful and an effective method for the stresses, strains and displacements
computations that develop in a structure subjected to a set of loadings.

The main idea of the Finite Element (FE) method is to divide a certain continuum into a
correspondent system consisting of a finite number of smaller units, referred to as the finite
elements, that should remain interconnected at common points between the elements. These points
are termed by nodes and they do control the element’s behavior. Each element within the
continuum have much simpler and uncomplicated geometries, boundary limitations/conditions,
material properties and loading conditions, etc. when compared to the continuum as a whole. This
corroborates the monotonic fluctuations in the stresses and the deformations in each individual
element. Therefore, the displacements in each element may be approached by certain displacement
functions. When allowing the stresses or the deformations present at a definite point within the
element to depend on the ones at the nodes, one can write an attainable number of the nodes’
differential equations of motion (Logan 2017). Thus, the discretization of any structure will allow
the user to formulate equations for the individual finite elements, which will be later on combined

for developing a solution of the entire structure. In other words, a problem consisting of infinite



numbers of degrees of freedom may be simplified and converted to a problem having a finite
amount (Qu 2004).

2.2 Structural Mechanics
Solid or structural mechanics is a branch of applied or continuum mechanics that studies the
motion and the displacements of solid structures under the forces’ actions. Any structure subjected
to various types of either external or internal forces will develop stresses that are generally
considered as nonuniform (Kazimi 2001). Such stresses will cause the structure to depart away
from its original rest shape and thus generating strains. The latter may be detected as deformations
or may be measured through strain gauges. According to Liu and Quek (2013), it is vital to
comprehend the mechanics of a certain material and the relationships present among the applied
forces, resulting stresses, strains and displacements for a well-designed structural system.

The applied forces may be distinguished as being either static or dynamic. Static forces are
the forces that remain constant over time and, generally, will not generate structural vibrations. A
static problem mainly has one response, the displacement, that can be determined using the
principles of static equilibrium. On the other hand, dynamic forces are considered time-dependent
and will result in structural vibrations once the structure is exposed to such forces. In other words,
a dynamic problem will have three responses including the displacement, the velocity and the
acceleration. The dynamic forces are not only considered a function of time, but it also enthuses
the system’s mass, thus producing inertial effects. Note that the static equations may be derived
from the dynamic equations by simply eliminating the terms related to the dynamic responses (Liu
and Quek 2013).

2.3 Axisymmetry

An axisymmetric element, a triangular torus, is a special 2D-element that is rather convenient
when a symmetry exists with respect to the loading and to the geometry about a certain axis of the

structure under study as shown in Figures 3 and 4.



Figure 4: Axisymmetric Solid (Ofiate 2009) Figure 3: Axisymmetric Element "ijm" (Logan 2017)

In the axisymmetric problems, radial displacements generate circumferential strains which in
return induce the stresses gy, 0, d,, and t,., defined in the cylindrical coordinates (r, 6, z). Note
that © , z and r refer to the circumferential, longitudinal and radial directions, respectively (Hutton
2004, Logan 2017). The symmetry existing about a z-axis causes the stresses to not depend on the
6 coordinate. This means that all the derivatives corresponding to the 6 disappear; the
displacement element tangent to the circumferential direction (0) , the shear stresses 7, , T, and
the shear strains yo,,y,o are zero. Therefore, structures having material and geometrical
properties independent of the 6 coordinate enables the structure’s intrinsic 3D behavior to be
demonstrated with a simpler 2D -model.

A considerable percentage of engineering problems and structures can be represented by
axisymmetric models. Pavements, for example, that are subject to FWD loading can be analyzed

using such simple and time efficient 2D-models.
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Figure 5: Axisymmetric Engineering Problem (Bazi et al. 2020)
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2.3.1 Displacement Field

When considering an axisymmetric solid subject to an axisymmetric load as shown in Figure 3,
the displacement vector will consist of two components including (u) and (w), the radial and the
axial displacements, respectively. However, the circumferential displacement component (v) is
equal to zero because of the axial symmetry. Thus, the displacement vector “U” is given by

equation (1): (Onate 2009)
U= [u (r,z) (1)

w (1,2)
2.3.2 Strain Field
As previously mentioned, the displacement components are independent of the (6) coordinate

causing the tangential strains to be zero.
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Figure 7: Plane Cross Section (Logan 2017) Figure 6 : Axisymmetric Element (Logan 2017)

For the axisymmetric element ABCD expressed in a plane cross section (Figure 6), the sides AB
and CD displace in the radial direction an amount of v and u + g—:dr respectively. Whereby, in

the radial direction, the normal strain (&,.) is represented by equation 2 (Logan 2017).

__du
T or

)

Generally, the strain developed in the tangential path is dependent on the radial () and the

Er

tangential (v) displacements. Yet, evoke that tangential displacement (v) is zero for an

axisymmetric deformations (Logan 2017). Therefore, by only having the radial displacement (u),
the length of arc AB becomes (u + r) d6 and the tangential strain (&, ) is represented by equation

3:
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(u+r)de—-rde u
fg =——— =~— 3
0 rdo r (3)

For determining the longitudinal and the shear strains, element BDEF is considered by which it is
shown to displace a certain amount in the longitudinal and radial directions at each point as

depicted in Figure 8 below.

F.l

Figure 8: Element Displacement in the r-z Plane (Logan 2017)

Therefore, using the aforementioned displacements’ derivatives, the longitudinal (&,), and the

shear strains (y,,) are given by equations (4) and (5) respectively.

a

&, =5 @)
a a

Vrz =5+ 50 (5)

In summary, the strain vector (¢) at a certain point is represented by the four components:

Jdu ow u ou , ow
e=le e eme )" =[5 5 5T (6)

2.3.3 Stress Field
The stresses related to the strain vector of Eq. (6) may be also expressed in a vector format by:

g = [Ur,Uz»Ue 'Trz]T (7)
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Figure 9: Element Displacement in the r-z Plane, (Logan 2017) Figure 10: Stresses in an Axisymmetric Structure,
(Logan 2017)

Where,
o, is the radial stress, g, is the longitudinal stress, oy is the circumferential stress and lastly z,.,
is the tangential stress illustrated in Figures 9 and 10. Note that the remaining stresses are equal to
zero.
2.3.4 Relationship between the Strains and the Stresses
The relationship is mainly deduced from the 3D-elasticity theory in a similar way as that for the
plane elasticity (Ofiate 2009).

For 2D-axisymmetric problems, the elasticity matrix (D) may be determined using that of a
3D structure by considering that the shear stress (y,-,) is not joined with the circumferential stress
(0p) as well as forcing y,9 = v,o = 0. Therefore, the elasticity matrix (D) for isotropic materials

is expressed by:

[1—v v v 0 ]
_ E | 1—v v 0 |
T (1+v)(1-2v) l 1-v 1_02VJ )
Sy. 2
Hence, the relationship between the stresses and the strains for isotropic materials is given by:
ou
o, 1-v v v 0 5 /(')r
o, ___ E 1—v v 0 W/az (9)
Og (1+v)(1-2v) 1—v 1_02v u/r
Trz Sy. 2 ou | ow
0z or
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2.4 Formulating the Finite Elements

2.4.1 Structure Discretization and Element Types
The structure under study is discretized into a set of elements in which the latter can consist of
either a single element type or several element types combined together. This discretization is
also referred to as the Finite Element (FE) mesh.

A mesh whereby the inner nodes are surrounded by the same elements’ number is known
as the structured mesh. The latter follows a certain topological pattern which is repeated in all the
space directions (Berzins 1998). Else, the mesh is considered as an unstructured mesh.
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Figure 12: Structured Mesh Figure 11:Unstructured Mesh

The selection of elements used in the FE analysis largely depends on the physical
constituent of the structure under actual-real loadings and on the result’s accuracy level that the
analyst seeks for especially when compared to real-life behaviors. Engineering judgement
regarding the suitability of which dimension to adopt is essential. Furthermore, the selection of the
utmost convenient element for an FE problem is considered one of the main and critical tasks
performed by the analyst/engineer. Note that such decisions are also affected by the availability of
the element types in the computer program used and on the analyst’s experience in solving similar
problems using the FEM. The selected element types should be robust whereby the mesh must
account for any possible stress gradients that might be present in the solution (Ofiate 2009).
Several elements are available for solving FE problems including the plane (2D) elements
portrayed in Figure (13). These elements are referred to as triangular and quadrilaterals. Note that
linear elements - having nodes placed only at the corners and have straight boundaries - are

considered the simplest 2D elements.
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2.4.1.1 Discretization Accuracy

The structure’s geometry is discretized and divided into a mesh of finite elements with allied nodes
and modeled with a specific accuracy. Evidently, this discretization presents an additional
approximation. Therefore, when compared to the real-life (actual) behavior, two errors arouse from
the outset including (1) the discretization error and (2) the modelling error. The latter may be
minimized by enhancing the structural and the conceptual models that define the structure’s real
behavior (Onate 2009). On the other hand, the discretization error may be minimized by using
more elements within the continuum i.e., a finer mesh. The elements should be modeled small in
a way to generate robust and reliable results but large in a way to lessen the computational exertion
(Logan 2017). Smaller elements are commonly more recommended when the obtained results vary
rapidly while larger elements are more desired when the results are moderately constant (Logan
2017). Another way to minimize the error is by increasing the finite elements’ accuracy selected
through considering a higher order-polynomial expansions for the displacement field
approximation in every element (Ofiate 2009).

2.4.1.2 Infinite Media

Generally, for the generation of the finite elements, three methods are employed to replicate the
infinite media including:

» Far boundary method
» Infinite element boundary method

» Viscous damping method
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In this project, the main focus is mainly on the far boundary method. Specifically, the boundary is
moved a large interval/distance from the structure’s center so that the boundary’s influence
becomes insignificant.

2.4.2 Axisymmetric Triangle with Three Nodes

The FE analysis for an axisymmetric element is further demonstrated using a linear “triangular”

element with three nodes.

(“j: HJ;)
Jtry.z;)

Axis of

symmetry (. W)

/\

Figure 14: Axisymmetric Structure discretized into Trianguiar Elements (Logan 2017)

i(r;,z;)
Ml 2m) (1, w;)

The axisymmetric structure shown in Figure (14) is discretized into interconnected
“triangular” elements. The individual elements include 3-nodes whereby each node has 2-degrees
of freedom denoted by, for example, u,, and w,, at node m. Each interconnected triangular
element 1s connected, explicitly or implicitly, to other elements through mutual interfaces such as
nodes, surfaces and boundary lines. By employing the identified stress and strain properties of the
material constituting the structure under study, the behavior of a certain node may be determined
in terms of the other element properties found in this structure (Logan 2017). Therefore, the overall
union of equations delineating every node’s behavior produce a set of algebraic equations
represented in a matrix format.

The linear displacement function associated with each triangular element are given by
(Logan 2017):

u(r,z) = a; + a,r + azz
w(r,z) = ag +asr + agz

(10)
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Note that the overall number of the a;’s coordinates presented in the displacement function equals
the overall count of the degrees of freedom for each element. Thus, the displacement at each node
is (Logan 2017):

U;

d; e
d=4dir=1w (11)

dm Uy

Wm

Whereby, the degrees of freedom u and w will be evaluated at each node within an element. For
example, at node m:

Uy Zm) = Up = a4 + Ayl + a3z,
Wl Zm) = Wiy = A4 + Asliy + A2y

Hence, the displacement function is given by:

, u a +ar +ayz I r =z 0 0 0]]) ay
=4 (= ] = K ’
" a4y + asr 4 agz o001 r =z iy

g

(12)

Through the substitution of the nodal points’ coordinates in Eq. (12) along with some inversions,

the a;’s may be determined while having the following expression:

i 1 d o M U
L 34 P; JB_.‘ i U
a3 i ;.- :'Im Um
14 ! & oy Oy Wi (13)
ds ¢ = 74 Bi ﬁ_.i (i Ww;
g L Yi Vi Ym i W
Whereby,
Xi = FjiZm — Zjtm Xj = FmIi — Imli Xm = FiZj — Zilj
Jﬁfz—__.‘_—_m ﬁ_,:z—_m_—_r' ﬁmz—_r'_—_j
Yi=Ftm—1Tj = TIm Ym=Tj—Fi (14)



) 1 oz
A = Triangular Element Area = 2|1 i Z
1 Tm Zm

As for the shape functions (N; , N; and N,,,) , they characterize the displacement shape {1}

when plotted over a certain element’s surface (Logan 2017), and are defined by Eq. (15).

Figure 15: Ni Variation over the X-Y surface for a certain Element (Logan 2017)

1

Ny = — [+ (rBy) + (2v)]
N = o [+ (rBy) + (27))] (15)
Ny, = i [Ocm‘l' (r,Bm) + (Z)/m)]

Hence, by substituting Eg. (13) into equations (12) by taking into account the shape function
equations (15), the general function is found to be (Ofiate 2009, Logan 2017):

([ U
W;
, u(r, z) Ny 0 N; 0 N, 0 j
e = - "1 ] ¢
{ilbl} { ]"II::F.. __] } l [.] J"‘l'rf [J J"‘l'r.f [J J"ll'r_r;l;l ]"II_.i (16)
Uy,
Wiy /

2.4.3 Stress-Strain and Strain-Displacement Relationships

The “strain” vector may be written in this format:

0y
€r az 1 0 0 0 s,
€, ag 0000 0 1|]ag
E= Vo (= 1Z+a+2E(=|2 1 2 0 0 0|ja (17)
™ r P i
Vrz a; +a; 010 1 as

The gradient matrix [B] is defined by:
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[B] = [B; Bj By] (18)
Whereby,

B; 0 /301 0 Brm 0
0 Yi Yj 0 Y,
1 i 1 J 1 m
alfep 2 oo BTmluipiim of BmTmlomyg zm o | (19
r : r J r ‘B} r lr m r J
i Bi R Bil Yim Bm

Note that [B] is clearly a function of both r and the z-coordinates which means that the
circumferential strain ( ) is mainly not constant.
By substituting Eq. (13) into Eq. (17) and linking it by the [B] matrix, the strain vector will be

expressed by:

[ i 0 B 0 B, 07 [ w
0 i 0 J.' 0 m Wi
Li;
V= — . o= . o . - ] (20)
e} 24 | & .4+ 0 %, g+ 0 Im f,+== 0 W
r r r ' r r r Uy
| i ﬁr i ﬁ_.i ? J!I‘?.u _ Wy J
Lastly, the stress is therefore expressed by:
{o}=[DI[B{d} (21)

2.5 Linear Viscoelasticity

Many structures are exposed to a certain loading behavior by which the inertial effects are
considered one of the main pillars of an efficient dynamic analysis. Normally, for almost any
material type, a considered amount of energy absorption and dissipation may be experimentally
observed. Whereby the majority of the dissipative materials are mostly defined using time and/or

frequency-domains through viscoelastic models.

2.5.1 Viscoelastic Properties

The material’s viscoelastic property enables the analyst to determine the amount of energy
being dissipated, or even returned to the actual surroundings, once an impact is applied. Such
materials are remarked from other material types that are regarded as purely elastic. Viscoelastic
materials manifest properties including the relaxation modulus, the creep compliance, the dynamic
modulus (complex modulus) and dissipative qualities (Tapia-Romero, M. A, et.al 2020). These
properties describing the material’s capacity to dissipate energy are referred to as the

dynamic properties. Note that the complex modulus (E*) is mainly composed of a real and
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imaginary parts, referred to as the storage modulus (E") and the loss modulus (E'") respectively.
This relationship is given by Eq. (22):

E*= E'+iE" (22)
Whereby, the storage modulus (E") is best defined as the material’s capacity of storing energy and
returning it to the surrounding. While the loss modulus (E"") is defined as the material’s capability
to dissipate energy to its own interior structure. For a better understanding of this concept, a
graphical representation is shown in Figure (16).
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Figure 16: Storage and Loss Moduli Concept (Saba et al., 2016)

2.5.1.1 Viscoelastic Response Discerption

The stress/strain relations and the time-related properties are determined by modeling the
viscoelastic materials. Consequently, their responses are controlled by the deformation and its rate
when subject to loading. Due to the viscous property, the material will surely experience either
relaxation or creep. The relaxation modulus defines the phenomenon by which the stress tends to
decrease with time while the strain remains constant. It is mainly necessary to determine in the
design procedure and within the finite element analysis the thermal stress that is present in the
asphalt pavement structure On contrary, the creep compliance defines the phenomenon by which
the strain tends to decrease with time under the effect of constant stresses.

Associated to pavement engineering, the asphalt mixtures’ viscoelastic responses can be
modeled and expressed by a linear combination of dashpots and springs (Zhao, Y et al. 2014). The
aforementioned dashpots and springs are referred to as the Newton and Hooke elements
respectively (Figures 17 and 18). Once combined in series, a Maxwell element will be formed,

otherwise a Kelvin-Voight element is yielded (Figures 19 and 20).
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Figure 17: Ho-(;ke Element Figure 18: Newton Element Figure 19: Maxwell Figure 20: Kelvin-
(Elastic Component) (Viscous Component) Element in Series Voight Element

The elastic material (E) constant defines the linear relationship present between (£¢), the elastic
strain, and (o), the elastic stress (Kaliske & Rothert 1997).
c® = Ee® (23)

v
For the Newton element, (67), the viscous stress relies on the rate of the strain (‘Z—et = £€). Such

quantities are linearly related by the viscosity coefficient ().

0¥ =n " (24)
Note that the viscosity coefficient () may be also related to the elastic (E)constant and the
relaxation time (7). The latter is defined as the time required to retain the stress to e~ from its
original value right after the strain imposition.

¢ =2 (25)

An efficient and compact 3D-viscoelastic formulation is essential for FE computations having
a large scale. The latter is mainly achieved by modeling the Generalized Maxwell Model (GMM)
/ element.
2.5.1.2 Generalized Maxwell Model
The generalized Maxwell model/element 1s mainly comprised of a number of independent
Maxwell elements suited in parallel. This implies that this model i1s applicable for finite small
strains. The overall strain for the Maxwell elements is the sum of the both, the elastic (¢¢) and the
viscous strains (&”), whereas the stress is considered equal in both elements that are said to be

rheological (Kaliske & Rothert 1997).
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Figure 21: Generalized Maxwell Element

Eotal = €= €+ &Y (26)
o=0¢ =0 (27)

At equilibrium state, ¢ ¥ = 0, the Maxwell element’s viscous strain becomes equal to the total
strain ( €” = &) whereas the elastic strain (¢¢) becomes zero. On the other hand, and through Eq.

(26), the Maxwell model’s differential equation is given by:
€= =-—+-0 (28)

By conducting a relaxation test, the solution for the differential Eq. (28) is expressed by:
-t
? = Ee* = R(t) (29)

Where R(t) is known as the relaxation-function which states the explicit material’s viscoelastic

features and characteristics. Note that at t.,, the stress becomes zero.

10 71—

o (0)=pe(o)
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Figure 22: Maxwell Element Relaxation Experiment (Kaliske & Rothert 1997)
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The previously mentioned relaxation experiment performed on one Maxwell element is
applicable on a generalized maxwell model (GMM). Therefore, using the GMM and its Prony
series delineation, the relaxation function is expressed by (Kaliske & Rothert 1997):

—t
R(®)gum = Ew + Zﬂv 1Eje’ (30)

Whereby, (E,,) refers to equnibrium-modulus at t,, (long-term) represented by:

w = E, Z -1a; = E, Z] 1E (31)
7; and E; refer to the time for the viscous relaxation and the elastic stiffness, respectively, that
correspond to each element constituting the GMM. As for N, it corresponds to the total number of
individual Maxwell elements ( j), while a; is known as the relative modulus for each element ( ).
At time t,, (E,) can be determined where it refers to the deformation’s time-independent elastic
element i.e., it remains constant over time. The latter is known as the instantaneous modulus
represented by:
Ey = Eu+ XV, E (32)

2.5.1.3 Prony Series
The material’s viscoelastic characteristics may be represented through the Prony series. The latter
is mainly a mathematical process used to fit a union of equidistant values contingent on a set of
damped exponentials (Zhang et al. 2018). It can remarkably enhance the computational efficacy
accredited to its relative physical origin corresponding to the mechanical model theory that deals
with linear dashpots and springs (Zhang et al. 2018). Consequently, Prony series is generally
employed in linear viscoelastic functions.

As previously mentioned, the generalized Maxwell model (GMM) can be utilized to describe
the asphalt mixtures’ total stress. By distinguishing its corresponding strain by taking into account
the elastic theory (Park & Schapery 1999), the complex modulus E* representation through the

Prony Series can be expressed by the following:

la)‘r]E]
j=1 iwTj+1

E*= E, + XV

(33)

Whereby, i is equal to v—1 (complex number) and w is referred to as an angular frequency in g.

The relaxation modulus’s Prony series coefficients may be directly obtained through the fitting

of the dynamic modulus’s master curve. The latter is explained by the fact that the relaxation and
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the dynamic moduli share same Prony coefficients (Zhang et al. 2018). It is considerably very
difficult to attain the dynamic modulus’s exact fitting as, in reference to Eq. (22), the dynamic
modulus is equal to the sum of both storage and loss moduli which thus cannot be immediately
expressed. In other words, fitting the dynamic modulus must account for the fittings of its two
components; the storage and the loss moduli. Hence, the Prony series, by the fitting of either the
storage or the loss modulus, may be considered as the dynamic modulus’s Prony series (Zhang et
al. 2018). This is further explained by the sharing of the same Prony series by the dynamic, storage
and loss moduli as expressed in Egs. (33), (34) and (35). Yet, as presented in Eqgs. (34) and (35),
the storage modulus’s fitting process can produce the long-term equilibrium modulus (E ), an
essential parameter required for the relaxation modulus calculation in Eq. (30). On the contrary,
the loss modulus fitting process cannot. Therefore, the dynamic modulus’s Prony series is obtained
by applying the storage modulus fitting. Consequently, based on the complex modulus

representation in Eq. (22), the storage (E") and loss moduli (E'") are expressed respectively by:

2. 2@,
wT]E]

B'@) = B +Zji, St (34)
E”((l)) — N WTjE; (35)

j=1 w?Tj2+1
This indicates the availability of an interconversion procedure from the dynamic to the relaxation
modulus which mainly includes the following steps (Park & Schapery 1999):

I.  The pre-smoothing and the fitting of the dynamic modulus and the phase angle

experimental values;

Il.  Storage modulus (E'gyperimentar ) Calculation using the experimental values;

[1l.  Setting the storage modulus (E'.4icuiateq) Value - obtained using Eq. (34) - equal to the

previously determined (E'gxperimentar);
IV.  Obtaining the Prony series coefficients (E,, ) and (E;) ;

V.  Substitution of the (E, ) and (E;) values into the relaxation function for plotting its

corresponding master curve over a broad time domain.
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2.5.1.4 Numerical Model Development

The numerical model development originates from the typical integral idealization of the linear
viscoelasticity (Kaliske & Rothert 1997):
o(t) = E [fe= éds = [{ R(t — s)éds (36)

Whereby R(t —s) = E, + X}, Ej exp(— tf__-s)
]

By dividing the integral into the two contributions, the elastic and the viscoelastic, the
component of the elastic stress 0, °(t) as well as the internally stressed equivalent variables X; (t)

can be determined (Kaliske & Rothert 1997) as the following:
0(6) = Bt + )y f; By exp (- ‘;]) tds = 0,°(t) + 5, X, (1) 37)

Note that at time (¢.,) in a relaxation experiment, the contribution due to X;(t) tends to reach zero,

thus obtaining the following equation for each individual X;(t) :

t t— /
X;(t) = [ Ejexp (—T—]S> éds (38)
By performing several substitutions and integrations while taking into account a time interval of

tm ,tm+1 Witha At = t,,,.,1 — t,, , the following equation is obtained:

At 1—exp(— g)

X" = exp (—;) X"+ vy, —a— [0, = 0,™] (39)
J 7

Where (y;) is a factor of the relaxation function that is normalized = 5—1

)

A vital characteristic of implementing integration algorithms is their reliable and steady
linearization. Using the derivative of the current stress state Eq. (40), the viscoelastic tangent
modulus can be determined Eqg. (41) (Kaliske & Rothert 1997).

A
gUHAt — g t+At 4 Z?’:lxjﬁ t (40)
+1 _ do™t? N 1_eXp(_i_Jt')
ym+l = o = 1+ X017 —x—| Eo (41)

¥

2.6 FE Equations
2.6.1 Development of Governing Equations

Generally, the engineer pursues to determine the stresses and the displacements for a structure in

equilibrium and exposed to different types of loads. For several structures, it is quite difficult to
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ascertain the deformational distribution through conventional techniques. Hence, it is essential to
use the Finite Element Method.

Several approaches are available for the determination of the governing finite element
equations. These approaches include first the direct equilibrium method (direct method) that could
be divided into two separate methods known as the displacement/stiffness method, which assumes
the nodal displacements to be the unknowns, and the force/flexibility method that considers
unknowns to be the internal forces (Logan 2017). Yet, for the computational goals, it was noticed
that the stiffness (displacement) method is recommended as it has a much simpler formulation for
structural problems. Based on the direct equilibrium method, the stiffness matrices as well as the
element equations that relate the forces and the displacements at each node are determined by
considering equilibrium force settings in addition to displacement/force relations for a certain
element (Logan 2017). Another approach for determining the equations is the variational methods
that consist of different principles including the potential energy theorem and the principle of
virtual work. The former principle applies on materials that have a linear elastic behavior while
the latter applies on materials that have either a linear or a nonlinear behavior. Lastly, the weighted
residual methods can be employed.

2.6.2 Dynamic Response Equilibrium Equations

Associated to pavement engineering, an FWD testing applies on the pavement’s surface an
impulse load of a certain duration. Therefore, ideally, dynamic backcalculation should be
considered to determine the individual layer’s modulus within the pavement structure along with
the damping coefficients (Matsui, K. et al. 2006). Consequently, for this FWD load, the equation
of motion can be determined whereby one must account for the inertial and damping forces that
depend on the acceleration and on the velocity respectively. Additionally, for a system of finite
elements, the equilibrium equations controlling the dynamic responses is given by (Bathe 2014):
MG+ CO+ Kv =R (42)
Whereby [M] is the mass matrix, [C] is the damping matrix, [K] is the stiffness matrix, {R} is the
vector that includes the external loadings applied, {v}, {0}, and {0} represent the displacement,
velocity and acceleration vectors, respectively.

When a time dependent load R(t) is applied to the scheme presented in Figure (21), the
problem under study is detailed with the particle’s mass (m), the parameters representing the

Maxwell Chain Model including the spring’s elastic stiffness (E,, ), the stiffness of the spring (E,),
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and lastly the damping viscosity coefficient (n, ). Consequently, Eq. (42) can be expressed in
another format representing the inertial, damping ad elastic forces as function of time. In other
words, (M0) represents the forces related to inertia f;(t), (CV) represents the forces related to
damping f;, (t), and (Kv) represents the forces related to elasticity fz (t). The equation is therefore
given by:

i)+ o)+ fp(©) =R() (43)
2.6.3 Element Stiffness Matrix Development

The stiffness matrix for a certain element is determined by Eq. (44) (Logan 2017):

[k] = [IJ, [BI"[D][BlaV = 2= [[, [B]"[D][B]rdrdz (44)

Whereby, [B] is the gradient matrix defined in section 3.4.c, [B]7 is the gradient matrix transpose,
[D] is the elasticity matrix.
The element stiffness matrix [k] can be evaluated by evaluating the gradient matrix [B] for

an element’s centroidal point (%, Z), and thus represented by Eq. (46):

f‘ — ri+ Tj+ m ’ 2 — Zi+ Z]'+ Zm (45)
3 3
[k] = 2ntA[B]T[D][B] (46)

2.6.4 Element Mass Matrix Development

The domain under study is meshed through the displacement based finite element method.
Consequently, the structure’s total volume (V) is discretized itself into a count of (N) elements by
which each individual element has its own relative elementary volume. Generally, the mass matrix
[M] defines the system’s global mass and inertia. Accordingly, the mass matrix for each element
is determined as shown below (Bazi et al. 2020):

[m] = [ff, o [N]"[N]dV = 2z [[, p [N]"[N]rdrdz (47)
When deriving each element’s mass matrix by the relationship expressed in Eq. (47), the [N]
matrix should correspond to all the nodal displacements even the ones in the local coordinate

system.
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For a linear-triangular element, the 6x6 mass matrix is expressed as follows:

_2f+§r1 sym.
0 28 +15m
- A 4
] A 242k 0 2 +3m -
10 0 T2 4 2f 0 28 + 17,
~T2 o T o 28 + 27,
T+21‘ 0 T+2r 0 3'3
- _ - 4
0 >+ 28 0 —+2f 0 2t + 213

Whereby the p is the density expressed in Ibf.s%/in*.

For the analysis, the lumped mass matrix is taken into account to produce more reliable and
robust results when calculating the model’s natural frequency in the numerical experiments (Bazi
et al. 2020) . The lumped mass matrix formulation results in a fully diagonal system matrix, it is
determined by summing the values in each row in the previously determined consistent mass

matrix.

2.6.5 Element Damping Matrix Development

The damping capacity is mainly explicated as the dissipated energy in one oscillation cycle over
the maximum accumulated energy within the structure (Alipour & Zareian 2008). Several
mechanisms exist for the structure’s damping including the interfacial damping on one hand and
the material damping on the other. The latter’s contribution originates from the interaction of a
complex molecules constituting the material. This indicates that the damping depends on the
material, its manufacturing and finishing methods (Kareem and Gurley 1996).

Rayleigh damping, a classical/proportional damping model, is considered to model the
structure’s characteristics of energy depletion (Rayleigh 1954) i.e., calculating the damping ratio.
This model describes the damping as a linear combination of both, the mass matrix and the stiffness
matrix, thus, given by:

[c] = ag [m] + Br [K] (49)

Whereby (ag) and (Bg) are real scalars, known as the Rayleigh damping coefficients and

1

expressed in ( p—

) and ( second) respectively.
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2.6.6 Global Matrix Development

To develop the global stiffness [K], mass [M] and damping [C] matrices, it is essential to
first identify each element’s corresponding nodes and degrees of freedom (DOF). The selection of
the DOF and abiding with the chosen distribution is crucial for the formulating the global matrices.
Note that deformations at DOF where there 1s support or symmetry should be zero.
This is illustrated in Figures (23) and (24) whereby the structure was discretized using four
triangular elements in which each has its own degrees of freedom that must be attained during the

calculation process.
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Figure 23: Discretization by Four

Triangular Elements Figure 24: Degrees of Freedom Distribution

By assembling the individual element stiffness [k]siemene matrices, the global stiffness matrix
will be formulated. The same procedure is followed for developing the mass and damping
matrices. Note that a special case applies for global damping matrix whereby it can be can be
calculated from assembled [M] and [K] matrices, on condition that all elements should have the
same properties.

2.6.7 Applied Surface Forces

According to (Logan 2017), the surface forces are given by:

(i} = JLINJI{T}ds (50)
Where [N]” refers to the shape function matrix studied on the surface by which the traction

surface acts on. The aforementioned surface forces representation is employed to simulate the

FWD loading.
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Figure 25: Linear Triangular Element Shape Functions

For a triangular element, the forces at each node are portrayed in Figure (26) and are determined
as follows in Eq. (51) and (52) for a unit pressure (Bazi et al. 2020):

f1 l 1 f2 Uniform Unit Pressure

v

Figure 26: Nodal Forces Surface Traction
2 - - - -
fi= (@ + il — 203) (51)
2 - - - -
fo= =@ — b, — 23) (52)
2.7 Dynamic Analysis

For a certain numerical system, the equation of motion’s analytical solution is typically impossible
if the system under study is not linear or whether the applied forces arbitrarily vary with time.
These problems, that especially arise in a wide subject domain of applied mechanics, can be
unraveled through the use of time stepping approaches for the differential equation integrations.
Such approaches are developed through examining their corresponding convergence, computer
implementation, stability and their accuracy.

The dynamics of viscoelastic structures defined by the generalized Maxwell model results in
a set of initial value problems linking the variables and the equation of motion. As the full system’s
numerical integration is considered costly, an alternate method, which was initially established for
quasistatic problems (Zienkiewicz et al. 1968), was followed which solves the equation of motion
approximately, while solves the evolutionary constitutive equations and results in an update

equation for the internal variables that enter the equation of motion (Schmidt et al. 2019). Though,
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(Hatada et al., 2000) considered this approach in dynamics whereby the authors established a
Newmark type algorithm for a Maxwell model with three parameters.
2.7.1 Newmark’s Method
In structural mechanics, the Newmark’s method (Newmark 1959) is considered one of the utmost
essential methods that are based on time steps. This method is clearly an implicit method that
considers the inversion of matrices. It requires solving a series of linear algebraical equations in
order to determine the solution at each step. This implies that implicit algorithms are not time
efficient approaches as the system of matrices should be solved at every step. Nevertheless, the
Newmark’s method is considered a stable method whereby the time step’s size (At) will not have
an effect on the solution’s stability, yet it is relatively governed through accuracy aspects.

The Newmark’s method is mainly based on the recursion given by:

vt = o+ (A0 + (- B) (a0)?| 6 + [ A 6+ (53)
VL = Ot + [ (1 — p) At J6F + (yAD)GE+? (54)
Note that § and y are integration parameters that specify the system’s accuracy, stability and

dissipative characteristics.

2.7.1.1 Newmark g — Method Special Cases
The Newmark’s method is known by the Newmark f — method once (y) = % (Wood 1984).

. Fory= % and g = i , the previously written Egs. (53) and (54) refer to the “average”

acceleration method as illustrated in Figure (25) and the equations below:

BAD =5 (B 1+ 6°) (55)

f)t+1:1’)t+%({jt+1+ Ht) (56)
4

i+l = pt + 1')tAt+A% G+ 61 (57)

The assumptions that consider the acceleration’s variation over a certain time-Step constant and
equals the average acceleration is described by Eg. (55). As for Eq. (56), it corresponds to
integrating the acceleration in Eq. (55) over (At) to determine the velocity. In a similar fashion,

the displacement is obtained in Eq. (57) by integrating the previously determined velocity over

(Av).
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Figure 27: Average Acceleration Method (Left), Linear Acceleration Method (Right)

Il. Fory= % and g = % , the previously written Egs. (53) and (54) refer to the “average”

acceleration method as illustrated in Figure (27) and the equations below:

ﬁ(r)zﬁt+Ait(1’5t+1—1’5t) (58)

l')t+1=l')t+%(1'jt+1+ 6t) (59)
st ot

il = ot 4 vtAr 4+ A2 (4 L (60)
6 3

Note that the same explanation for Egs. (56 — 57) applies here, whereby, T = At .
For the sake of the project, the integration parameters y and S are determined by Hilber-

Hughes-Taylor-a (HHT-a) method which becomes equal to the Newmark’s method for an a = 0.
y=-—a (61)
(62)
After several rearrangements for the Newmark Egs. (53-54), the velocity and the acceleration

equations can be written with respect to the integration-constants p,, till p, , and then replaced in
the equation of motion to obtain Eq. (63) (Bazi et al. 2020):

_ 1 Y _ 1 _ 1 4
po—Atzﬁ, pl—ﬁ. pz—@, ps—ﬁ_l» p4—[—),—1
At
ps=7(%—2> , Pe=0— YAt , p;=vyAt
[M] [ (po v**") — (pov®) — ( p20") — (p30°) 1+ [C] [ (p1v**Y) — (p1 V") — (pa¥F) —
(ps0 )] + [KJv** = RE+A (63)

32



This equation can be represented by Eq. (66) as function of the “effective” load ( Rt *4¢)and

effective(tangential) stiffness matrix (K):

k = p,[M]1+ pilC]+ [K] (64)
REFAE = [po[M] + palCl]o" + [p2[M] + pulCl]0F + [ps[M]+ ps[C]]GE + REFAL (65)
Evt“ — ’Rt+At (66)

Initially, the displacement v**? is determined and the value shall be used in Egs (53 and 54)
to determine the velocity and acceleration. This process is further repeated for each time interval
until the desired time is reached. At each time interval, a set of algebraical equations is solved for
the unknown (v**1). Note that if the time interval (At) varies, the [k] matrix should be computed
for each (At) value, otherwise it can be determined once. In addition, the “effective” load Rt *4¢
should be updated after each time interval. After computing the velocity (0¢ * %) and acceleration

(04t these values are then considered (vt), () and (') for the next time interval.
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Chapter Three

LOESS Regression Analysis

The regression analysis aims to portray the relationship present between variables depending on a
certain experiential data and to anticipate the dependent variable value contingent on the

independent variable value.

3.1 Locally Weighted Regression

For several decades, polynomial local fitting has been considered for a certain scatterplot of
(x;,v;) data, as a mean to smoothen the time series plots; whereby the (x;) values for the successive
points have equal intervals (Macauley 1931). Similarly, the locally weighted regression method is
mainly considered an extension of the aforementioned technique to a broader (x;) configuration.
Local Regression, LOESS, is initially presented by Cleveland (1979) and was further advanced by
Cleveland and Devlin (1988) which explicitly represents a method known by the
locally weighted polynomial regression.

LOESS is considered one of the several contemporary modeling approaches which is built on
classical approaches including the nonlinear and the linear least squares regression. Contemporary
regression approaches are designed in a way to report certain situations whereby classical
approaches do not have an efficient performance or cannot be applicable without excessive labor.
The local regression LOESS merges the nonlinear regression’s flexibility along with the linear
least squares regression’s simplicity. This is mainly accomplished through fitting certain models
to localized data subsets for developing a function which defines the deterministic section of the
variability in data.

3.1.1 LOESS Model Description

For every point provided in the (m) dataset, a polynomial with a degree (d) is fit to a subset of this
data, having the variable values close to the point under study i.e., the response of this point is
under evaluation. The latter point is referred to as the estimation point (x,). By considering the
weighted least squares approach, the polynomial will be fit by which the points that are closer to
the estimation point (x,) are given more weight, while the farther points are given less weight.

The regression function is therefore determined by assessing the local polynomial estimates using
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the point’s explanatory variable values after obtaining the values of the regression function for all
the (m) points.

3.1.2 Data’s Localized Subsets and Smoothing Parameter

The data subsets employed for the individual LOESS weighted least squares fit are computed
through the closest neighbor’s algorithm. The smoothing parameter (f) is a user-dependent input
that specifies the number of data points considered to fit every local polynomial. The
aforementioned parameter controls the model’s flexibility. In other words, it manages how firmly
the function will be smoothening and fitting the data. Increasing the value of the smoothing
parameter (f) tends to increase the influential points’ neighborhood and thus increasing the
smoothness of the already smoothed points (Cleveland 1979). It is important to note that when
selecting a certain value for this parameter, one must carefully choose the largest value possible in
order to lessen the variation in the smoothened points without altering the data’s original pattern.
Selecting a very small value is not quite desirable as the function will start ultimately to recognize
the data’s random error. Cleveland (1979) presented several guidelines for the selection of the

smoothing parameter (f) that is essential to proceed with the LOESS procedure. It is mainly found

within the following range % <f<1

3.1.3 Local Polynomials Degree

Every subset of the data will be fitted using local polynomials with either a zero-, first- or a second-
order degree. When considering a zero-degree polynomial, the LOESS becomes a weighted
moving average. Computationally-wise, a zero- degree is considered the simplest case. However,
assuming local linearity appears to assist better than assuming constancy which may not be
efficiently approximating the fundamental function. This is explained by the fact that one’s
propensity is to plot different variables that are related to each other (Cleveland 1979). As for
polynomials with a higher degree, they are more likely to be numerically unstable and cause
overfitting in every subset, thus allowing for more difficult computations. When having a second-
order degree polynomial, the computational means start to override the necessity of having the
flexibility. While taking a first-order degree polynomial must provide computational proficiency

and ease as well as obtaining acceptable smoothed points (Cleveland 1979).
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3.1.4 Weight Function
As previously mentioned, the weight function provides the least weight for the points that are far
away from the estimation point (x,) while it provides the highest for the closest points. The
weights increase as the distance between a point (x) and the estimation point (x,) decreases.
Taking each point’s weight into account is mainly based on the idea which states that points that
are close to each other tend to be related to one another more than the ones that are farther away.
This implies that points with abscissas closer to (x,) play an important role in determining the new
fitted ordinates, while the ones that are farther tend to have a much lesser role (Cleveland 1979).
The weight function is mainly defined by the following requirements whereby (Cleveland 1979):
. w(x)>0 for|x|<1
This property is essential as the weight function should be, logically, a positive value.
. wx) = w(—x)
The latter dictates that the points to the right of the x; should be treated in a similar manner as
those to the left.
1. w(x) is defined as a function that does not increase for x > 0
This ensures having the appropriate weight distribution among the x; values.
IV. w(x)=0for x| =1

The weight function, W (x), followed in the LOESS is referred to as the tricube weight
function and given by the following representation (Cleveland 1979):
(1-—1x]%)3 for|x| <1
0 for|x|=>1
3.2 LOESS Procedure

The information visualized on a certain scatterplot may be largely enhanced through some

w(x) = { (67)

additional computations and plotting of the smoothed points. A scatterplot consisting of (x;, ;)
with i =1,2,...,m, is represented by Figure (28). The exact identical scatterplot data is
summarized and represented by a new set of coordinates (x;,¥;) shown in Figure (29), whereby
the successive points are joined through straight lines. For a given variable plotted on the X-axis,
any point (x;,¥;) depicts the location and the position of the variable distribution on the Y -axis
(Cleveland 1979). The newly formed points will be mainly referred to the scatterplot smoothed
points. In other words, a point (x;, ¥;) is a smoothened point at the x; whereby ¥; is referred to the

fitted value at the abscissa x;.
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Figure 28: Artificial Data Scatterplot (Cleveland 1979)
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Figure 29: Artificial Data Scatterplot with Smoothed
Points (Cleveland 1979)

To initiate with the LOESS computations, the data is divided into several subsets (r) by

multiplying the smoothing parameter with the data size (m), whereby the resulting value shall be

rounded to the closest integer (Cleveland 1979). For each subset, an estimation point (x,,) shall

be defined. It is important to appropriately select the data subsets in a way that the values are

relatively close to the (x,). Moreover, for every (x;), a weight [w,(x;)] is assigned for the

different (x,) defined within each subset data through a weight function (W). The latter is mainly

obtained by the following steps:

I.  Computing the distance between every point (x;) and (x,) in absolute values.

|xi _xpl

(68)

I1.  Scaling the distances by considering the maximum distance obtained from all (x;) points

within the subset data in the previous step.

I1l.  Computing the individual weights [w,(x;)] for every point using the tricube weight

function given in Eq (67) where “x” represents the scaled distance.

Locally weighted linear regression typically models first- and second- degree polynomials

whereby the following regression equations apply respectively:

Vi = po + p1X
Ji = po + p1x + pax?

(69)
(70)



The objective in the weighted least squares is to determine the coefficients p,, p; and p,,

therefore,
YRiwilyi — ¥l (71)
And the weighted equation is given by:
p = [XTWX] [ XTWY] (72)
Whereby W represents the diagonal weight matrix given by Eq. (73) fori = 1,2, ..., m.
Wy, (%1) 0 0 0
0 Wi (X1) 0 0
W= maTt 73
0 0 wn(x) O (79
0 0 0 Win (X)
Y represents the ordinates (y; ... ¥,,) Vvector:
V1
V2
Y=+ (74)
Ym

X represents a matrix defining the abscissas (x; ... x,,,) values for a 1%t — and 2" order

polynomials as shown in Egs. (75 and 76) respectively:

1l x;
1 x,

X = 1 X3 (75)

(76)

(1 x, X2
Hence, the solution for [p] represents the local parameter approximations - the slope and the
intercepts - for the new 1%t — or 2" degree polynomial equation. Lastly, the regression function
value is computed through evaluating the local polynomial at the (x,,). Thus, the newly fitted (§;)
value at every (x;) corresponds to the value fitted for a d**-degree polynomial fitting to the data
by the weighted least squares (Cleveland 1979). A new weight set (¢;) will be defined for the
coordinates (x;,y;) depending on the residual size (y; —¥;). This implies that the new fitted

values will be computed with ¢;w,(x;). The same procedure is repeated for a new model with a
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new estimation point that corresponds to the new subset data. The whole procedure including both
the preliminary computations and the iterations is known by the robust locally weighted regression
(Cleveland 1979), whereby a value (t) which represents the robust fitting process iterations
number shall be selected. The robust fitting process will therefore detect any outliers that distort
the smoothened points (Cleveland 1979).

3.2.1 LOESS Advantages and Disadvantages

Unlike other classical methods, the LOESS approach does not mandate specifying a function that
fits the model to the sample data under study. In lieu, the analyst shall only provide and specify a
value for the smoothing parameter (f) as well as the polynomial degree (d). Moreover, the LOESS
is considered to be flexible, therefore allowing it to be an ideal approach for the modeling of
complicated processes whereby a theoretical model does not exist. Such advantages, along with
its simplicity, makes it one of the efficient contemporary regression approaches for numerous
applications that comply with the least squares regression’s broad framework. Even though it is
inconspicuous when compared to other approaches that are related to the least squares regression,
LOESS ensues the majority of the benefits usually shared and used by these methods. The
paramount importance of these is the theorem of computing and determining the quandaries and
the perplexities for calibration and prediction. It is important to note that several procedures and
methods used for the least squares’ models validation may be also extended and broadened to the
LOESS models.

Though the LOESS shares a lot of the finest aspects of the further least squares approaches,
yet it does not utilize the data efficiently. This approach necessitates a dense, large sampled
datasets to build effective and reliable models. This is explained by the fact that the LOESS
requires suitable empirical data for the local fitting process. Furthermore, the LOESS results in a
regression function that cannot be easily characterized and represented by mathematical equations.
This will therefore increase the difficulty when it comes to transferring the obtained analysis
results to the concerned persons who in return require the software and the dataset for the LOESS
computations. On the other hand, writing functional forms is the only requirement to approximate
the uncertainty and estimate the unknown parameters in the nonlinear regression. Hence, reliant
on the application, this might either be a significant or an insignificant drawback for the LOESS.

In addition, the LOESS method is also disposed to the consequence of the outliers present in the
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data provided. Cleveland (1979) proposed an upgraded version based on an iterative process that
tends to reduce the sensitivity of the LOESS to the outliers.
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Chapter Four

FWD Indices and FWD Parameters

Once subjected to various traffic loads, the response mechanism comprises the initiation of three-
dimensional strains, stresses, displacements and deformation within the pavement structure. Of
main significance are the surface vertical displacements in the vicinity of the load application
point.

The FWD equipment measures the responses at critical nodes throughout the deflection
region’s surface (deflection basin) by simulating the moving wheel loads. Various Deflection Bowl
Parameters (DBPSs) have been developed by researchers from the obtained deflection basin/bowl
to verify the existing pavements’ structural integrity, to correlate to the critical responses and to
approximate the moduli of the in-situ pavement layers through backcalculation methods (Fuentes
et. al 2020). However, prior to the FWD development, several deflection indicators were
established from data obtained using Road Rater device, Benkelman beam or Dynaflect. Though,
such devices were only capable of measuring the deflection at only one point (Hossain and
Zaniewski 1991). The most common deflection bowl parameters suggested in the literature will
be presented in the upcoming subsections. Generally, the DBP are explicated as indicators that
utilize the FWD deflection curves as a mean to identify and evaluate obstacles within the pavement
structures. When being compared with the backcalculation process, the use of the DBPs will not
produce thorough results, but rather provide only an indication of the pavement’s structural
condition. As subsequently discussed, some of the deflection bowl parameters have been outlined
to offer acceptable correlative outcomes with the pavement’s performance and structural

condition, while some have intrinsic limitations and challenges.

4.1 Maximum Deflection (D,)

The maximum deflection (D,) refers to the deflection that is measured under the applied load. It
describes the pavement’s behavior as a whole/complete structure, yet does not provide any
indication related to the mechanical characteristics of each individual layer and their performance
against permanent deformation or fatigue (Shahin 2005). Past studies verified that the D, must not

be considered alone as a sufficient parameter to determine the pavement’s structural condition,

41



rather to conduct backcalculation to characterize the existing layers’ moduli (Whitcomb 1982,
Stubstad and Connor 1983). Furthermore, studies performed by Horak (1987b) and Joubert (1992)
stated that for pavement structures with diverse deflection basins or/and various material
properties, similar D, values can be obtained. It is vital to mention that, originally, the D, was

measured by the Benkelman beam, yet the FWD equipment can be also used.

4.2 Radius of Curvature (RoC)

A simplified empirical approach was proposed by Dehlen (1961) to evaluate the performance of
the pavement structure using the Benkelman beam. To be able to plot the entire section of the
deflection basin, Dehlen (1961) advised taking deflection measurements using intervals of 75mm.
As a result, the Radius of Curvature (RoC) was thus proposed as an indicator parameter. The
Radius of Curvature (RoC) at the point of peak deflection - spotted in the deflection basin - is
determined by establishing the best fit curve/circle over the 250mm central radius. Moreover,
Dehlen (1961) explained that the RoC can be considered as an adequate flexural stresses indicator.
Therefore, it can be used when designing against the flexural cracking. Based on Dehlen’s
outcomes, the RoC was found to be sensitive to the Hot Mix Asphalt surfacing only for thick layers
that exceed 50 or 75mm. Primarily, the RoC depended on the base and subbase moduli and was
impartially not sensitive to the subgrade layer.

For different sensors, the radius of curvature (RoC) can be represented by the following equations,
(Dehlen,1962):

LZ

RoC = (77)

2D, -1)

G200
With L being the radial distance from the load’s center = 8 inches (200mm).
Whereby,

» D, isthe surface deflection at the center of the test load

> Dg (D, )is the surface deflection at an offset of 8 inches (200 mm) from the test load

> Dy, (Ds00)is the surface deflection at an offset of 12 inches (300 mm) from the test load

Though, with the evolution of technology, FWD devices were introduced in order to overcome
few of the Benkelman beam challenges including the efficiency and the intensiveness of labor. As
the FWD devices are capable of capturing the entire response in the load application area, several

researchers, Rohde and Van Wijk (1996) and Horak et al. (2015), suggested some alterative
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deflection basin parameters for evaluating the structural capacity of the pavement instead of the
radius of curvature parameter. Such parameters include, for example, the Surface Curvature Index
which manifested an acceptable correlation with the radius of curvature. Horak (1987a, 1987hb)
evaluated various FWD deflection bowl parameters and performance indicators under “heavy”
vehicle simulators. Horak concluded that the most significant indicators that resulted with a good
correlation with the pavement’s structural capacities and the behavioral condition are: (1)
Maximum Deflection D,, , (2) Radius of Curvature, (3) Surface Curvature Index (BLI), (4) Base
Damage Index (MLI), (5) Base Curvature Index (LLI).

It is important to note that a simplified method was proposed by Horak and Emery (2006) and
Horak (2008) by using 3-zones demonstrated in Figure 31 to analyze the deflection basin. The
three zones are discovered by the initial parameters suggested by Anderson (1977) and

Dropping Weight

Zone 2:
Curvature

Zone 3:
Reverse

inflection curvature

Shape of
deflection bowl

Figure 30: Deflection Basin Figure 31: Curvature Zones of the Deflection Basin

0 130 160 190 1120 | 150 | 180
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Kilareski and Anani (1982) and were renamed to the Base Layer Index (BLI), the Middle Layer
Index (MDI) and lastly the Lower Layer Index (LLI), respectively. Zone 1 usually falls within a
radius of 12 inches (300mm) from the point of load application. The deflection basin within that
zone has a positive (+ve) curvature. Horak (2008) stated that this Zone is typically associated to
the RoC or BLI. As for Zone 2, the deflection basin switches to a negative (-ve) curvature (reverse
curvature) and is frequently known by the inflection zone. It falls within an offset of approximately
12 inches (300mm) to an offset of about 24 inches (600mm) from the point of load application.
This zone is largely affected by the base and the subbase mechanical properties and is mainly
associated to MLI (Horak 2008). Lastly, Zone 3 stretches from an offset of 24 inches (600mm)

43



and its extent typically depends on the pavement’s real depth and the subgrade’s structural
responses. According to Horak (2008), it is associated to LLI.

4.3 Surface Curvature Index (SCI)

The Surface Curvature Index (SCI), also referred to as the Base Layer Index (BL1I), was considered
one of the initially used Deflection Bowl Parameters. As previously mentioned, it is mainly
obtained by calculating the difference between the maximum (peak) deflection D, and the
deflection measured at the sensor located at an offset of 12 inches (300 mm) from the point of load
application (Eq. (78)). It indicates the surface layer’s structural strength and the bound layer’s
relative stiffness (Anderson, 1977). According to Horak (1987a, 1987b), the surface curvature
index was assumed to be one of the relevant parameters associated to the peak horizontal strain
measured at the bottom of the Hot Mix Asphalt layer. However, due to its poor association with
the coefficient of determination (R? < 38%), the SCI should not be considered to obtain the
subgrade strains (FHWA 2016). The relationship between the deflection bowl parameters and the
conditions of the layers was validated by Xu et al. (2002) while perceiving that this parameter was
the utmost sensitive one to the Hot Mix Asphalt layer properties.
SCI = D, — Dy, , SCI = D, — Dy (78)
Kilareski and Anani (1982) conducted a study using the deflection measured by a Road Rater
equipment to determine the in-situ layer properties and evaluate the remaining life of a certain
pavement structure. Two parameters/indicators were proposed; the Base Damage Index and the

Base Curvature Index.

4.4 Base Damage Index (BDI)

The Base Damage Index (BDI), also referred to as the Middle Layer Index (MLI), indicates the
damage and the structural condition of the base layer (Kilareski and Anani 1982). It is mainly
calculated by the difference between the deflections measured at an offset of 12 inches (300mm)
and 24 inches (600mm) from the center of the testing load (Eqg. (79)).

BDI = Dy, — D,,, BDI = Dspy — Dgoo (79)
This parameter is significant for characterizing and determining the stiffness of the pavement’s

intermediate layers (Horak 1987b, Xu et al. 2002).
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4.5 Base Curvature Index (BCI)

The Base Curvature Index (BCI), also referred to as the Lower Layer Index (LLI), indicates the
structural strength, condition and the curvature of the subgrade and the subbase (Kilareski and
Anani 1982). It is determined by difference between the deflections measured at an offset of 24
inches (600mm) and 36 inches (900mm) from the center of the testing load (Eq. (80)).
BCI = D34 — D3¢, BCI = Dgpo — Dogo (80)
» D,, Dy, (D309) previously defined

> D,s (Dgoo)is the surface deflection at an offset of 24 inches (600 mm) from center

> D3¢ (Dggo )is the surface deflection at an offset of 36 inches (900 mm) from center

A benchmarking classification was developed by Horak (2007) for several pavement types.
The structural condition for each pavement was rated between sever, warning and sound
conditions. The contribution of each layer’s structural strength, depending on which zone they fall
into, can be correlated to the rating criteria shown in Tables 1 and 4. Therefore, the relative
structural deficiencies of the pavement layers can be recognized along the road’s length. In other

words, the causes of any possible structural deficiencies can be presumed from the previously rated

conditions.

Table 1: Structural Condition Rating for DBPs (Horak 2007)

Pavement Rating of Deflection Bowl Parameters (DBPs)
Type Structural D, RoC SCI (BLI) | BDI (MLI) | BCI (LLI)
Condition (hm) (m) (nm) (nm) (um)
Granular Base Sound <500 > 100 < 200 <100 <50
Warning 500-750 | 50-100 | 200 -400 | 100-200 | 50- 100
Severe > 750 <50 > 400 > 200 > 100
Cementitious Sound <200 > 150 <100 <50 <40
Base Warning 200-400 | 80-150 | 100 —300| 50-100 40 - 80
Severe > 400 < 80 > 300 > 100 > 80
Bituminous Sound <400 > 250 <150 <100 <50
Base Warning 400 -600 | 100-250 | 150-300 | 100 -150 50-80
Severe > 600 <100 > 300 > 150 > 80
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4.6 The AREA Parameter

The AREA method was introduced by Hoffman and Thompson (1981) to represent the deflection
basins of a two parameter backcalculation process for the flexible pavement structures. Yet, its
usage has been extended to the rigid pavement structures as well. This method was a continuation/
mirror of earlier research performed by Vaswani (1971) who suggested a parameter known by the
spreadability factor (S) by combining the readings from five sensors of the Dynaflect. The
normalized area of a certain slice/piece cut through the deflection basin between the test load’s
center and at diversifying radial distances from that test load is mainly represented by the AREA
method. The area “normalized” denotes that the area of the deflection basin slice/piece is typically
divided by the maximum (peak) deflection that is measured at the test load’s center. In this method,
the deflections measured in the deflection basin curve are mainly combined into one indicator,
thus minimizing the effects of any possible malfunctions in the sensors. According to Hoffman
and Thompson (1981), the AREA of the deflection basin is considered an appropriate parameter
to characterize the whole pavement structure. On the other hand, Saleh (2015) specified that the
AREA parameter showed an adequate relationship with the elastic modulus (stiffness of the
pavement). Yet, it has not been broadly used for evaluating the pavement structure since there was
not any rating standards/scales developed for raking the pavement structure between two extreme
cases i.e., pavement structures of poor and high quality.

The spreadability (S) is given by the following equation:
_ Do+ Dy + Dy
B 3D,

While the AREA equation for a configuration of four sensors is represented by:
2D;, 2D,, 2D34

x 100 (81)

AREA = 6 (1 82
[ * D, D, D, (82)
Or, in metric, the equivalent equation is shown by:
2D 2D 2D
AREAyopric = 150 [1 4200 00 200 (83)
D, D, D,

Whereby,

» AREA is the area determined under the deflection basin

» Dy, D1z (D300), D24 (Deoo ) D3s (Dago ) previously defined

> D,g (D1200)is the surface deflection at an offset of 48 inches (1200 mm) from center

It is important to note that the AREA’s unit of measure is in inches (mm) since it is normalized

by the maximum (peak) surface deflection (D,).
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Determining the AREA for a single-layer system is equivalent to deflecting the upper part of
the subgrade layer. This testing will result in the minimum value that the AREA can attain which
is equal to 11.1 inches. The latter value is obtained by replacing the ratios shown in Egs. (86) in
the AREA Eq. (82),

Dy

Dz — 026, 222 = 0,125, 22¢ = 0.083 (84)

Do Do - Do -

The minimum AREA value proposes that the elastic moduli that corresponds to the pavement
structures will be equal. Yet, this is vastly not probable to occur for the existing pavement
structures. Low values indicate that the pavement structure tend to be more likely similar to the
underlying subgrade structure. On the other hand, the maximum AREA value is obtained when
the surface deflection measurements (D, = D,, = D,, = Ds3¢) are equal, though it is unlikely to
happen. Thus, by replacing the aforementioned deflection measurements’ values in the AREA Eq.
(82), the maximum AREA value will be obtained and is equal to 36 inches. Having the surface
deflections D, , D;, , D54 , D54 €qual (or approximately equal) indicates that the pavement structure
tends to be very stiff.

For a configuration of four sensors, typical values for the AREA and the surface deflection at
the testing load’s center are presented in Table (2) (Pierce et. al 2017). Table (3) presents general
guides and typical insights for using the AREA values from the FWD surface deflections.

Table 2: Typical Area and Do values for a 4-Sensor Configuration, Pierce et. al (2017)

Pavement Structure Type AREA D,
*Inches (mm) Inches (mm) mil (um)
Thin HMA < 4 (200) 16 - 21 (410 -530) 30 - 50 (760 - 1,200)
Thick HMA = 4 (200) 21 -30 (530 -760) 20 - 40 (500.- 1,000)
Portland Cement Concrete 29.-32 (740 -810) 10 -20 (250 - 500)
Table 3: General Trends and Guides of AREA and Do Values, Pierce et. al (2017)
AREA Maximum Surface Insights*
Deflection (D,) Structure Subgrade
Low Low Weak Strong
Low High Weak Weak
High Low Strong Strong
High High Strong Weak

* 1 Exceptions might take place
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In summary, the AREA method aids in characterizing the deflection basin’s shape that is close
to the applied load by the means of the normalized area on top of the deflection basin (Kim et al.
2000, Talvik 2007)

Moreover, another parameter related to the deflection basin is the Area Under Pavement
Profile (AUPP) which will be discussed subsequently.

4.7 Area Under Pavement Profile (AUPP)

Based on the study performed by Garg and Thompson (1997) using the MnRoad testing sections,
an acceptable correlation was observed between the HMA mechanical responses and the AUPP.
This parameter helps in characterizing the pavement’s upper layers’ condition. It can be also used
to estimate the tensile strain at the bottom of the hot mix asphalt layers with a high statistical
precision; R? > 90%, (Kim and Park 2002, FHWA 2016). AUPP is represented by the following

equation:

5DO—2D12— 2D24— D36
2

AUPP =

(85)

4.8 Area Indices

Horak (2015) proposed several area indices including ALz, AL, ALzand AL4 as indicators of the
pavement’s layer structural condition. The AL: parameter is significant for determining the
structural condition of the upper layer of the pavement structure. On the other hand, AL, and ALz
parameters are significant for the middle layer structural condition while AL is for the lower layer
structural condition. The area indices presented by Horak (2015) were suggested as alternatives,
yet commendatory parameters to BLI, MLI and the LLI parameters. The area indices are mainly

given by the following equations:
Dy+D309

ALy = 2e7530 (86)
AL, = W (87)
ALs = D6002‘£?900 (88)
AL, = W (89)
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Table 4 : Structural Condition Rating for DBPs (Hoffman and Thompson 1981, Horak 2015)

Pavement Structural Deflection Bowl Parameters (DBPS)
Type Condition’s AUPP AL AL> ALs AlL4
Rating (inches)
Granular Sound >7.4 > 0.84 > 0.54 >0.31 >0.18
Base Warning 6.6-74 |0.75-0.84 | 0.36 -0.54 | 0.19-0.31 | 0.14-0.18
Severe <6.6 <0.75 <0.36 <0.19 <0.14

4.9 Shape Factors

The shape factors correspond to the amount - or the proportion - of the deflection bowl
curvature. They are inversely proportional to the stiffness of the pavement over the stiffness of the
subgrade. In other words, the shape factors tend to reflect the bound or the upper parts of the
pavement structure’s relative stiffness and tend to determine the layer’s condition at
an equivalent depth (Kim et al 2000, Talvik 2007).

The shape factors Fyand F2 are expressed by Eq. (90) and Eq. (91), respectively:

F, = Do—Das (90)
D12
Di,—-D
F, = —1224 36 (91)

4.10 Deflection Ratio (Qr)

According to Claessen et al. (1976), the deflection ratio (Qr) is useful for determining the layer’s
condition at a certain equivalent depth and evaluating the pavement’s structural integrity. It is
mainly defined as the ratio between the measured deflection at an offset of 24 inches (600mm)
from the load application to the maximum (peak) deflection as indicated in Eq. (94). A sensitivity
analysis was conducted by University of Dundee (1980) on a 3-layer pavement structure to study
the deflection bowl parameters. The deflection ratio Qr showed some sensitivity when varying the
other parameters. Contrarily, Koole (1979) stated that the Qr can be considered reliable. The

inconsistency in the results was due to the lack of coherence to the precondition assumed by Koole

(21979) which considers D, = % while determining the deflection ratio. University of Dundee,

however, considered D, = D¢y, In the analysis which explained the Qr’s insensitivity to the
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changes in the other parameters. It is important to note that the input required to determine the

deflection ratio may vary based on the location of the sensor needed for evaluation. For example,

D, may be taken as D, i.e., to evaluate the deflection measured at an offset of 10 inches (250mm)

from the load applied. Yet, the latter is not considered in this research as D,s, does not fall within

the scope of the project. In this research, however, Eq. (94) is used.

QR=§_;=I;_2(;L;0TDD6—S;) (92)
D, Do D350

Qr = Do Do add Do (93)
D, Dyg D1200

_ — I —— 4

Qr Do Do or Do O

The pavement structure is said to be stronger and stiffer for higher deflections ratio. Based on
the deflectograph, FWD load of 40 KN or Benkelman Beam, Table 5 represent the recommended

deflection ratio (Qr) values with their corresponding indications.
Table 5: Deflection Ratio (Qr) Values and Indications (Saleh 2016)

Deflection Ratio (Qr) Indication

<0.6 Likely a weak unbound pavement structure

with a thin asphalt layer

0.6<Qr <0.7 Unbound pavement structure with good
quality
20.8 Bound pavement structure

4.11Bending Index (BI)

Hveem (1955) conducted a study on the response of pavement structures under repeated loadings
and evaluated the fatigue failures. Reasonable approximate values for the maximum (peak)
permissible deflections were reported for different pavement types and base constructions.
However, a relationship proposed by A.C. Benkelman and W.N. Carey proved to be better and
consistently substantial than only measuring the deflections (Hveem 1955). The aforementioned
relationship is known by the bending index. The latter is generally difficult to determine, yet it can

be obtained by the following equation:

D,

BI=—" (95)
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Whereby,
» ais the length of the deflection basin

4.12 Radius of Influence (RI)

Ford and Bissett (1962) studied the pavement structures to evaluate the pavement’s performance
with its corresponding deflection and the physical properties of the base and the subgrade. From
the deflection curves obtained, the wheel’s radius of influence (RI) was assumed to be measured
from the point of the peak deflection extended to the location whereby the curve starts becoming
tangent to the plane surface/horizontal. The Helmer recorder was used to generate the RI
measurements on certain “high-type” pavement stations. Ford and Bissett (1962) further
determined the ratio of the RI to the measured pavement deflections (Eq. (96)). A high ratio value
indicated a larger influence zone or smaller deflections. The results showed that the outer wheel-
path ratio was more indicative of the pavement’s structural condition. A ratio of 800 appeared as
a benchmark to differentiate poor from good pavements whereby a value greater than 800 indicated
a good structural condition (Ford and Bissett 1962). In other words, the ratio of RI to deflection is

a relevant criterion to evaluate the overall performance of the pavement structure.

Rl
Rl = D, (96)
Whereby,

> R is the distance measured from the peak deflection to the point where the curve starts

becoming tangent to the plane surface.

4.13 Slope of Deflection

The slope of deflection is an important parameter that helps in reflecting the stiffness of different
layers of the pavement structure. The relative stiffness of the upper parts of the pavement section
and the bound layers are reflected when measuring the slope in the section of the deflection bowl
that is close to the applied load. As for the relative stiffness of the lower parts and the base layer,
they are reflected by measuring the slope in the middle section of the deflection basin.

The slope of deflection is given by the following equation, Kung (1967).
Do - D24
L

Where L is the radial distance from the load’s center.

SD = tan™! (97)
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4.14 Normalized Area Ratio (Ar’)

After using a deflectograph device for evaluating the pavement’s structural condition, Saleh (2015)
argued that the Normalized Area Ratio (A:’) provides valuable information concerning the
structural capacity of the pavement above the soil; subgrade layer. It is mainly significant in
characterizing the subgrade structural condition. Saleh (2016) defined the area ratio parameter (Ar)
as a ratio between the area parameter (AREA) of a certain pavement to that of the stiffest pavement
structure. The value of the area ratio is expected to be large for strong pavement sections over
strong subgrades. However, the value will be very low for weak pavement sections over weak
subgrades. For other combinations of subgrade conditions and pavement structures, the area ratio
will fall within the two extremes aforementioned. Different pavements will have different
responses depending on the load applied, therefore the normalized area ratio will vary from one
pavement structure to another. For this reason, it is essential to take into account the composition
of each pavement structure to have a better classification of the structural capacities. Saleh (2016)
proved that the Aris subtle to the condition of the subgrade and well associated to the compressive
strain found on top of the subgrade (R?= 90.5%). For a deflection basin of 36 inches (900mm)

length, the area ratio is expressed by the following equation.

Ar ~ 900D, x( ) + Zizso Dl (98)

Whereby,

» A, isthe area ratio parameter

» Dco ,Dipp - Dogo are the surface deflections at offsets of 50 mm, 100mm ...900mm

from the test load’s center

Moreover, the area ratio parameter was found to be strongly correlated with the deflection ratio
(Saleh 2016). However, the area ratio parameter is more desirable as it addresses a longer
deflection basin extending from 0 to 36 inches (900mm), thus accounting the entire pavement
layers situated above the soil; subgrade layer. Additionally, the deflection ratio is more prone to
measurement errors as it is based only on two deflection measurements unlike the area ratio
parameter. Combining the maximum deflection D, with the area ratio (Ar) to form a single
indicator will provide even more valuable information regarding the pavement structure condition.
Dividing the area ratio by the maximum deflection D, will produce the normalized area ratio (A:’)

represented in the equation below:
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850
A, = x + § D; 99
" 900D,* ( 2 L (99)

The structural capacity for several pavement types were classified by Saleh (2016) based on the
normalized area ratio (Table 6).

Table 6: Structural Capacity Classification based on the Normalized Area Ratio (Saleh 2016)

Pavement Type Structural Capacity Classification based on Ar’

Weak Fair Good Strong

Unbound Granular + <0.1 0.1-0.25 0.25-0.45 >0.45

Surface Treatment
Unbound Granular + Thin <0.25 0.25-0.4 04-0.7 >0.7
Asphalt
Structural Asphalts <0.6 06-1 1-15 >15
Cement Stabilized Base <1 1-2 2-3 >3

Saleh’s (2016) results verified the correlation between the normalized area ratio (Ar’) and the
maximum deflection (D,). For small D, values, the A’ was found to be very high signifying,
thus, a strong subgrade and pavement structure. Contrarily, high D, values were associated with
small A,* values reflecting a very weak subgrade and pavement structure.

The normalized area ratio, however, cannot be used in this study as it requires input values that

are not taken into account within the scope of project.

4.15 Surface Modulus
Plotting the surface modulus is very useful as it provides an indication of the stiffnesses of the
layers at various corresponding depths. For a certain depth (z,), the surface modulus approximates
a certain combined modulus of the layers situated under each other. The surface modulus is found
to be nearly equivalent to that of the subgrade when the equivalent depth (z,) is larger than the
total thickness of the pavement. Hence, the surface modulus equations at the loading plate’s
center(E,) and at a certain distance z (E,) are given by Eq. (100) and Eqg. (101) respectively.

_ 2x0,x1x (1—0?)

E, = d
VA
O, x12x (1 —v?)

(100)

T xz (101)
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As for the equivalent depth, the equation is given by:

P A L S R A 102
em — 1 E2 2 E3 m—1 Em xfm ( )

Whereby,
> E, is the surface modulus at the loading plate’s center, Ibf/inch? (MPa)
E, is the surface modulus at a certain distance z, Ibf/inch? (MPa)
o, is the contact pressure beneath the loading plate, Ibf/inch? (MPa)
v is the Poisson’s ratio
z is the distance from the sensor to the loading center, inches (mm)
d, is the deflection measured at the distance z, inches (mm)
1, is the loading plate radius, inches (mm)

he m is the equivalent depth, inches (mm)

YV V. .V V V V VYV V

fm is a factor ranging from 0.8 -1, dependent on the thickness, the number of layers and
modular ratio
h,, is the thickness of the layer m, Ibf/inch? (MPa)

Y VvV

E,, is the stiffness modulus of the layer m, Ibf/inch? (MPa)
In order to calculate the aforementioned FWD Indices, the FWD parameters shall be

initially determined. These parameters are subsequently discussed in the upcoming section.
4.16 FWD Parameters

An ample amount of information can be extracted from the FWD deflection time histories that are
distinctive to the individual pavement structures, whereby, several FWD parameters can be
examined to efficiently determine the variables within each layer. The backcalculation procedure
considers a forward model to calculate the theoretical surface deflections; the aforementioned
model is based on either static or dynamic analysis. Yet, the static analysis makes use of only the
peak deflections, unlike the dynamic analysis that uses the FWD peak deflections along with the
time lag between the latter and the peak loading.

Bazi and Assi (2020) used the FWD parameters in the PULSE 2019 to comprehend the
magnitude and the shape of the time histories for each sensor. The FWD parameters mainly

included “Dpeax” (FWD peak deflection) that takes place at “Tppeak” time, “Tsor” and “TsoL”
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which are the times to the right and left of the FWD peak, respectively; and represent 50% of the
FWD peak deflection. Lastly, “Durse” is the pulse duration at the 50% of the FWD peak
defections; it is obtained by the difference between the “Tsor” and “TsoL”

Besides the above-mentioned parameters, the authors further explored, in their PULSE 2020
application, 17 more parameters that are essential for the backcalculation procedure. Thus,
resulting with a total of 22 FWD parameters illustrated in Figures 32 and 33. For each sensor, the
22 FWD parameters are mainly extracted using the “PULSE Analyzer” module. The latter uses
polynomial fittings to precisely quantify the parameters (Bazi et al. 2021). For an accurate
determination of the FWD Parameters, it is essential to allow for the data fitting as the measured
and calculated FWD values are not continuous, but rather discrete. As for the FWD surface
velocity plot (Figure 33), it is determined through the central difference method, while the

parameters are obtained through fitting the deflection time-histories data.
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Figure 32: A Typical FWD Deflection Time History, Bazi, Brynick, Bou Assi, and Gagnon (2021)
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Figure 33: A Typical FWD Velocity Time History, Bazi, Brynick, Bou Assi, and Gagnon (2021)

After quantifying the contribution of the layer moduli, layer thicknesses and Rayleigh
damping coefficients, etc. on the 22 parameters, (Bazi et al. 2021) found that the subgrade modulus
(Es) predominantly controlled the 22 parameters, then the damping coefficient (5z), AC thickness
and lastly the depth to the rigid/stiff layer when available. As for the FWD parameters that showed
significant contributions for usage in the dynamic backcalculation included “Tpeak”, “Dpeak”,
“DminL”, “Dminr”, “Tvreak”, “Vreak”, “VminL”, “Vminr”, “Ts0r”, “TsoL”, “T7sr” and “T7s.”, (Bazi
et al. 2021).

It is important to note that some FWD parameters, including the “DminL”, “TominL”, “Dminr”,
“Tominr”, “VminL”, “TvminL” Will not exist for all pavement structures and sensors at all offsets.
However, these parameters provide relevant information about the pavements that must be
considered during the dynamic backcalculation procedure. For this reason, they ought to be
evaluated when available. “Dminr” and “Tominr”, for example, designate the existence of a stiff
shallow layer (Bazi, Brynick, Bou Assi, and Gagnon, 2021). Hence, if this layer was not accounted

in the model, substantial errors are then expected.

4.17 Difference Variables
Using the aforementioned FWD parameters, additional variables are determined and referred

to as the “Difference Variables”. The latter are defined by the difference between individual FWD
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parameters at subsequent offsets. The denotations and the equations of such variables are found

below:

Dp08 = DPeak_D.0 — DPeak_D.8 (103)
Dp812 = DPeak_D.8 — DPeak_D.12 (104)
Dp1218 = DPeak_D.12 — DPeak_D. 18 (105)

The logic behind the denotation is followed for "Dpl1824", "Dp2436", "Dp3648","Dp3648",
"Dp4860", Dp6072", "Dp7284", "Dp8496", "Dp96108", "Dp108120".

Tp08 = TPeak_D.0 — TPeak_D.8 (108)
Tp812 = TPeak_D.8 — TPeak_D.12 (109)
The logic behind the denotation is followed for "Tpl218","Tpl1824" " Tp2436","Tp3648",
"Tp4860","Tp6072","Tp7284","Tp8496","Tp96108","Tp108120"

Dml08 = DminL_D.0 — DminL_D.8 (110)
The same logic for "DmI812", " DmI1218", " DmI1824", " DmI2436", " DmI3648", "Dml4860",
"DmI6072", "Dml7284", "DmI8496","DmI96108","DmI108120"

Tml08 = TDminL_D.0 — TDminL_D.8 (111)
The same logic for "Tml812", " Tml1218", " TmI1824", " TmI2436", " Tml3648", "TmIi4860",
"TmlI6072", "Tml7284", "TmI8496","TmI96108","TmI108120"

Dmr08 = DminR_D.0 — DminR_D.8 (112)
The same logic for "Dmr812", "Dmr1218", "Dmr1824", "Dmr2436", "Dmr3648", "Dmr4860",
"Dmr6072", "Dmr7284", "Dmr8496","Dmr96108","Dmr108120"

Tr08 = DminR_D.0 — DminR _D.8 (113)
The same logic applies to "Tr812","Tr1218", "Tr1824", "Tr2436", "Tr3648", "Tr4860", "Tr6072",
"Tr7284", "Tr8496","Tr96108","Tr108120"

TVPD08 = TVPeak_D.0 — TVPeak_D.8 (114)
The same logic applies to "TVPD812", "TVPD1218", "TVPD1824", "TVPD2436", "TVPD3648",
"TVPD4860","TVPD6072","TVPD7284","TVPD8496","TVPD96108","TVPD108120"

TVP08 = TVPeak.0 — TVPeak.8 (115)
The same logic applies to "TVP812", "TVP1218", "TVP1824", "TVP2436", "TVP3648",
"TVP4860","TVP6072","TVP7284","TVP8496","TVP96108","TVP108120"

VPD08 = VPeak D.0 — VPeak D.8 (116)
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The same logic applies to "VPD812", "VPD1218", "VPD1824", "VPD2436", "VPD3648",
"VPD4860","VPD6072","VPD7284","VPD8496","VPD96108","VPD108120"

VP08 = VPeak.0 — VPeak.8 (117)
The same logic applies to "VP812", "VP1218", "VP1824", "VP2436", "VP3648",
"VP4860","VP6072","VP7284","VP8496","VP96108","VP108120"

TVMDO08 = TVminR_D.0 — TVminR_D.8 (118)
The same logic applies to "TVMD812", "TVMD1218", "TVMD1824", "TVMD2436",
"TVMD3648","TVMDA4860","TVMD6072","TVMD7284","TVMD8496","TVMD96108",
"TVMD108120"

TVMO08 = TVminR.0 — TVminR. 8 (119)
The same logic applies to "TVM812", "TVM1218", "TVM1824", "TVMZ2436",
"TVM3648","TVM4860","TVM6072","TVM7284", "TVM8496", "TVM96108", "TVM108120"
VMDO08 = VminR_D.0 — VminR_D.8 (120)
The same logic applies to "VMD812", "VMD1218", "VMD1824", "VMD2436", "VMD3648",
"VMD4860","VMD6072","VMD7284","VMD8496","VMD96108", "VMD108120"

VM08 = VminR, — VminR. 8 (121)
The same logic applies to "VM812", "VM1218", "VM1824", "VM2436", "VM3648",
"VM4860","VM6072","VM7284","VM8496","VM96108", "VM108120

T25L08 = T25L_D.0 — T25L_D.8 (122)
T25R08 = T25R_D.0 — T25R_D.8 (123)
T50L08 = T50L_D.0 — T50L_D.8 (124)
T50RL0O8 = T50R_D.0 — T50R_D.8 (125)
T75L08 = T75L_D.0 — T75L_D.8 (124)
T75RL0O8 = T75R_D.0 — T75R_D.8 (125)

The same logic applies for "T25L_D.", "T50L_D.", "T75L_D.", "T25R_D.", "T50R_D.",
"T75R_D." at subsequent offsets.

D25_08 = 0.25 x (Dp08) (126)
The same logic applies to "D25 812""D25 1218", "D25 1824", "D25 2436",
"D25 3648","D25_4860","D25 6072","D25_7284","D25_8496","D25 96108","D25 108120"
D0_2550 = 0.5 x (DPeak_D.0) (127)
D8_2550 = 0.5 x (DPeak_D. 8) (128)
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The same logic applies to "D12_2550", "D18_2550", “D24_2550", "D36_2550", "D48_2550",
"D60_2550","D72_2550","D84_2550","D96_2550","D108_2550","D120_2550"
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Chapter Five

Machine Learning Algorithms and Variable Selection

5.1 Neural Networks
A Neural Network (NN), also known by the Multi-Layer Perception (MLP), is an algorithm based

on data-processing and can be regarded as analogous to the human’s nervous system. The latter
consist of neurons that are mainly interconnected. In a similar manner, the Neural Network consist
of interconnected data-processing units. Neural Networks are widespread calculating engines
capable of identifying different patterns within the data under study (Sarle,1994). The main
objective 1s to associate simple data-processing units (neurons) to resolve complex and intricate
problems. The units are mainly organized into multiple layers whereby each has a definite role.
Such units do not function in a linear fashion. In fact, the strength of Neural Networks comes from
the simultaneous processing of data, which makes it possible to handle the nonlinearity. The
interconnected data-processing units use an activation function that characterizes Neural Networks
to convert the input data into output data (Sarle,1994). The mput data is received by the first layer
in the Neural Network to proceed with the analysis and pass the processed data to the hidden layers.
The hidden layer will in return pass the data to the final layer to generate the requested outcome.
It 1s important to mention that the connections between the data-processing units (neurons) are

referred to as weights. One of the main advantages of the Neural Networks is that they are
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considered naturally adaptive. They learn and train themselves from a data that has an identified
outcome, and manage to optimize their weights to provide more accurate predictions in
circumstances with obscure outcome.

A zoomed view to an output or a hidden node is presented in Figure 35. The node accepts the
output (x;) of the preceding nodes to which it is linked to. These are further multiplied by the
weights (w;) and then summed. Then, the sum is transformed using the function f() and

transmitted to the next layer’s nodes or to an output as an outcome.

Figure 35: Functioning of a Data-Processing-Unit (Neuron)

Following the setup of the Neural Network architecture (i.e., number of hidden layers, number of
units per layer and the function f() per unit), the network is then trained by determining the
weights that generate the desired outcome.

The learning algorithms used to calculate the error include: (1) Least Mean Square, (2)
Gradient Descent, (3) Newton’s Rule, (4) Conjugate Gradient. The error calculated is
backpropagated to the whole data-processing units (neurons) in a way that the error at every neuron
is proportional to the neuron’s contribution towards the total error determined at the output neuron.
The weights at the connections between the units (neurons) are accordingly adjusted by the
learning algorithms to minimize the squared difference between the target variables’ actual value
and the ones determined by the Neural Network. Therefore, the Neural Network can be defined as
a series of trained, numerical conversions applied to an input data and generate an outcome,
(Sarle,1994). Increasing the count of the hidden layers will deepen the Neural Network. Deep

Neural Networks, however, will have thousands to million units and connections.

5.2 Decision Trees

Trees have several correspondences in real life, they have also influenced a broad extent of

Machine Learning (ML), comprising both regression and classification. Fundamentally, regression
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refers to predicting a certain quantity while classification refers to predicting a class or a label. In
the Decision Analysis, Decision trees are used to explicitly and visually represent the decision
makings and decisions. As the name indicates, it typically considers a tree like structure of
conclusions and decisions.

A Decision Tree is mainly a supervised, nonparametric algorithm considered in Machine
Learning (ML), it can be used to either develop prediction models/algorithms for a specific target
variable or to establish a classification system that depends on multiple covariates. The method
used in Decision Trees classifies the population under study into sections — looking like branches
- that would construct inverted trees having root, internal and leaf nodes. (1) The root node i.e.,
the decision node, mainly represents a specific choice that leads to the subdivision of the entire
record into several mutually-special subsets. (2) The internal nodes i.e., the chance nodes that
represent one of the available probable choices at that specific point in the Decision Tree model;
the node’s top edge is linked to its parent node while the bottom edge is linked to its leaf nodes.
(3) The end nodes i.e., the leaf nodes that represent the end result of the decision combinations.
Decision Trees can competently handle complicated and large datasets without the imposition of
intricate parametric structures. The data is generally divided into a training dataset to build the
Decision Tree model, and a testing dataset to determine the adequate size of a tree structure
required to attain the optimal model. The target variables are generally presented in the leaves. It
is worth mentioning that the branches represent the occurrences or the outcomes that originate
from the decision and internal nodes. The Decision Tree model is thus formed by the hierarchy of
the branches. Therefore, a “classification” decision rule is signified by every path from the
decision node, to the internal nodes and lastly to the end nodes. Initiating at the root node, the
sample is allowed to propagate throughout the nodes in order to reach the tree leaf. A decision,
related to which successor node the information should proceed to, is made at each node. This
decision depends on the selected feature of the sample. In other words, the growth of the tree is
based on deciding what features must be chosen, which conditions must be used for the data
splitting and lastly to be aware of stopping (Song & Ying, 2015). Generally, the tree model
arbitrarily grows, thus it needs to be trimmed for it to be more efficient.

When building the tree model, the required input variables must be initially identified. Then,
the records are split at the decision and the subsequent choice nodes into several categories

depending on the status of the aforementioned variables (Song & Ying, 2015). To select among
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the various probable input variables, the features associated to the purity degree of the ensuing
child-nodes are used. The features include the classification error, entropy, information gain, etc.
(Patel & Upadhyay, 2012). Using the entire training dataset, the critical feature is initially
identified through a statistical measure after comparing all the features. Based on the resultant
splitting outcome, the training dataset is then subdivided. For each resultant subset, the second
critical feature will be identified, thus creating a new split. The splitting process is repeated on
every resultant subset up until the end nodes in each branch are determined, or it will proceed until
a stopping principle or a predetermined homogeneity are met. Yet, the robustness and the
complexity of the model are considered as competing features that must be considered when
building statistical models. As the complexity increases, the robustness of the model decreases
when considered for predictions. An intricate Decision Tree model, that can extend sufficiently
wide to allow for 100% purity in the records at each end note, can be built in extreme cases. This
tree model, however, will be overfitted to the extant observations and have scarce records in the
leaf nodes, thus generating poor predictions. For this reason, it is vital to implement stopping rules
to prevent the tree model from being tremendously complex (Patel & Upadhyay 2012). But, for
some cases, the stopping rules are not efficient. Hence, initially growing a large-tree model, then
pruning it to an optimal size through the elimination of unnecessary nodes can be considered as an

alternative method to build an efficient model (Friedman, 2017).
5.3 Random Forests

As previously mentioned, a Decision Tree is considered an easy model for creation. It has the
ability to handle various types of inputs (numerical and categorical) and is explicable because of
its form of representation. However, such models are often unreliable when applied to new
datasets. This can be explained by their propensity to effortlessly fit the samples found in a
training set. Therefore, a weak application performance/quality will be obtained if the dataset
contains any outliers. Alternatively, Random Forests models are considered the solution for this
issue. Random Forests are actually part of the Decision Tree algorithm family.

A forest is mainly considered as a collection of single trees by definition. Each tree model is
unique, but they form a forest when combined together (Breiman,1996). The Random Forest
algorithm, in this comparison, creates diverse trees from the same training dataset. In other words,
the algorithm adopted depends on combining the predictions performed by several Decision Tree

models of changing depths (Breiman,2001). At each node, a distinct, arbitrarily selected subset
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from the training dataset and an arbitrarily selected subset of the characteristics are mainly used to
form the Decision Tree model. Therefore, trees are constantly constructed using only a subset of
the dataset. In comparison to the standard Decision Tree previously described, each tree within the
Random Forest model represents a weak decision tree model since it does not have permission to
access to the entire dataset during the building process. In the case of classification, they comprise
an ensemble of "decision makings," and the collective outcome can be determined by either
majority voting or by averaging if the regression model was adopted (Bauer & Kohavi,1999). This
adjusts for potential single tree errors in the forest, thus making the model less likely to generate
results that are too far from the actual values. Random Forests are commonly used in applications
with tree sizes ranging from 100 to 500. They have shown to be of high qualities in their practical
applications. In addition, in case of any missing information, the Random Forests are still capable
of performing in an efficient manner. In fact, this designates one of their main strengths. Based on
the principles that these models follow for construction; each tree uses different features than the
other. Hence, if missing values for a certain feature were observed during the application, there
are usually several trees, that do not consider the aforementioned feature, and are available to
generate robust predictions. However, when modeled for regression problems, it is important to
note that Random Forests may exhibit limitations related to the range of the target variable values

that are used in the training. Hence, having a dataset that does not fall within the original training

dataset range might lead to a poor performance by the Random Forest models.

Decision Tree-1 Decision Tree-2 Decision Tree-N

Result-1 Result-2 Result-N

H Majority Voting / Averaging

Figure 36: Radom Forest Model
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5.4 Reasons Behind Adopting the Random Forest Algorithm

Neural Networks (NN) are known for their efficient performance in several industry fields when
compared to other ML algorithms. They remain learning up until the best model, or the finest set
of the features, that satisfies the predictive performances are generated. Yet, the Neural Network
scales the variables into a set of numbers whereby features tend to become indiscernible to the
analyst once the learning phase is complete. Neural Network is a diverse technique that learns in
a different manner when compared to the Random Forest (RF) algorithm. Yet, both can be
considered in analogous domains. Moreover, Random Forests are preferred over a Decision Tree
(DT) model. The ultimate reason behind using an RF model instead of the DT model is the ability
to combine the outcome (predictions) of several DTs into single robust model. As a result, RFs are
thus less prone to the problem of overfitting. The latter typically takes place while using flexible
models such as the DT, whereby the model tends to memorize a training dataset while learning
any noise, if present, in the dataset. This will therefore hinder the model from making predictions.
Briefly, random forests have the ability to lessen the large variance resulting from decision trees
through combining several trees into a single model. Random Forests provide different
interpretations than a Decision Tree, yet with an improved performance. On the other hand, an
effective Neural Network performance requires more datasets than an average analyst may have.
Neural Networks decimate the variables’ interpretability to a point whereby they tend to be
meaningless for performing.

From an economical perspective, the costs and the time allocated for building a model,
whether Neural Network, Random Forest or a Decision Tree, play a significant role. The training
of the Neural Network is computationally very intensive and time consuming. A great amount of
preparation effort is required, in addition to the learning mechanism itself, to have the inputs in
their appropriate format. They should, for example, be in the “number” form and also be
normalized. Several versions must be calculated and evaluated in order to find the optimal model.
The various parameters, also known by the hyperparameters, such as the layers number or the
neurons per each layer, as well as the learning rates, can be changed. A comprehensive model must
be calculated, tested and evaluated for each combination. The greater the number of
hyperparameters, the more combinations must be examined. When combined with the time
required to train a certain model, this therefore results in a significant time and expense investment.

Random Forests, on the other hand, necessitate far less data preparations for the inputs. They are
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able to handle categorical, binary, and numerical variables, and they don't require variable
normalization. Random Forests are easy to learn and tune based on their hyperparameters (Ahmad
et al. 2017). As a result, the computational time and cost required to train a Random Forest are
quite minimal. Moreover, a Random Forest may be trained with relatively little data. To reach the
same degree of accuracy, Neural Networks typically require more data. Random Forests frequently
gain little performance once a specific quantity of data is achieved, but Neural Networks benefit
from enormous volumes of data and continuously improve accuracy. For such reasons, and
knowing that this research project includes enormous amount of data, the Random Forest
algorithm is adopted to perform the predictions for the necessary variables.

5.5 Random Forests Variable Importance Measures (VIMs)

5.5.1 Random Forest Model

As previously explained in section (5.3), each Random Forest is mainly an ensemble/collection of
several Decision Trees. According to Breiman (1996), each tree within the Random Forest is
expanded and grown using a data subset made of random variables subsets and bootstrap. The
bagging method generally describes the bootstrap sampling process from the original dataset to
determine the training set for every tree. As for the randomization method, it typically describes
the variable subset selection process from the original variable set for the tree node split. For the
new instance classification, the Random Forest places that new instance in each of the forest's
trees. Each tree delivers a certain predicted label as a prediction vote. Hence, the classification
with the most votes is chosen by the RF. The so-called “Out-Of-Bag (OOB) dataset” is made up
of all the excluded samples. In other words, it is a set of the data (observations) that are not utilized
to build the current or a specific tree. It is mainly used to approximate the error of the prediction
made and to also evaluate the importance of each variable considered. The accuracy determined
through the OOB dataset is always produces and applied when evaluating the performance of the
Random Forest model. For each tree within the Random Forest model, the prediction error
obtained on the OOB data sample is recorded and presented as an “error percentage” or as a “Mean
Square Error” for the classification and the regression analysis, respectively. The same process is

performed following the permutation of every predictor variable.
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5.5.2 Variable Selection

5.5.2.1 Importance of Variable Selection and Strategies Used

In a variety of applications, variable selection is extensively used to select the discriminating traits
from a large number of variable datasets. Prediction models are useful for determining the
relationship between specific variables utilized in a model and a certain outcome obtained, as well
as for forecasting the future of the projected outcome. The prediction model offers information
concerning the variables that influence the outcome, as well as their strength of correlation with
that outcome, and forecast the future of a particular outcome based on their specific values. Several
methods are present for developing prediction models, yet, an adequate strategy for variable
section should be followed and adopted each time. The selection of the most promising variables
for incorporation in the model is frequently considered as the most difficult and significant part
when building the model. Large datasets often include thousands of features/variables which
makes it arduous to efficiently handle using the conventional approaches. Subsequently, choosing
the proper variables must be taken prudently to evade counting any noise in the final/optimal
model. The main objective of such selections is to discover variables that will offer the better fit
to the model on hand, thus generating accurate and robust predictions. In other words, variable
selection provides several benefits such as enhancing the model’s performance in terms of the
predictions, conveying variables more rapidly, simplifying the visualizations of data, reducing the
utilization and the training time and lastly presenting an improved understanding of the basic
process that produced the data (Guyon & Elisseeff, 2003).

Several reasons that explain the importance of selecting variables do exist in the literature,
including the practicality problems. Using large variable sets in a certain model is not practical.
Several variables might negligibly influence an outcome, and thus can be eliminated. Moreover,
having less variables in the model will definitely reduce the complexity and the computational
time required (Kuhn & Johnson, 2013). Based on the parsimony principle, the simplest models
with less variables are generally preferred and desired over complex and intricate models having
several variables. As more variables exist in a certain model, the latter’s dependency in the
observed datasets increase. Contrarily, simpler models are much easier to analyze, interpret,
generalize, i.e., to be used in practice. Yet, itis essential to assure that the most significant variables

are not eliminated from that simple model.
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Initially selecting the most promising variables, known as the candidate variables, can be
considered as a strategy to restrict the count of the probable variables. By definition, the candidate
variables are the ones that have established previous extrapolative performance with a certain
outcome. Moreover, grouping similar and associated variables based on statistical methods and
knowledge may also assist in restricting the variables count. Combining the variables into a single
variable, especially if they exhibit a strong correlation, has been proved to be prudent.
Additionally, the variable distribution can as well offer a particular indication of the ones to be
restricted. The variables that exhibit a large count of missing values may be eliminated as imputing
such variables tend to be doubtful because of the poor estimations. Following the identification of
the number of the possible “candidate” variables from the list of all accessible variables in the
dataset, an additional variable selection for inclusion is made in the final/optimal model. For the
latter, there are several methods for choosing variables. The entire model approach is considered
when including all the possible “candidate” variables in the model. Moreover, there are several
suggestions to initiate the variable selection process through “univariate” analysis for every
variable. Thus, variables with a predefined significance shall be used in the “multivariate”
analysis. However, such method is not practical for use in this research due to the large number of
variables. Generally, formal variable selection methods should be used when there are several
candidate variables offered and there is doubt or confusion about which variables to use in
developing the final model. Forward selection, backward elimination, all possible subset selection
and stepwise selection are the four significant variable selection strategies that are frequently used.

For the Random Forest models, on the other hand, several Variable Importance Measures
(VIMs) are available for selecting the most promising variables and will be subsequently discussed
in the upcoming section. It is important to note that Random Forests, just like Neural Networks
and Decision Trees, are not linear and the underlying algorithm used to build the models will
exclude or minimize the impact of any variable that is not useful in yielding a "pure"” prediction.
Therefore, there is no need to worry about the multicollinearity among the predictor variables.
5.5.2.2 Variable Selection using Mean Decrease Accuracy (MDA) and Mean Decrease Gini
(MDG) Measures
Variable selection is becoming very vital and essential in the statistical learning, and has been
given great attention as the variables are showing a remarkable increase to thousands and more.

Hence, new methods are being proposed to address such demanding tasks that involve several
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redundant and irrelevant variables. The Variable Importance Measures (VIMs) stability, that is
based on the Random Forest model, has been lately given greater focus and attention (Wang et.al,
2016). Random Forests offer two VIMs including the Mean Decrease Accuracy (MDA) and Mean
Decrease Gini (MDG). The variable rankings provided by either the MDA or the MDG, serve as
a filter-like tool that eliminates any redundant or irrelevant variables of lower importance. The
MDA and MDG values are considered as the Random Forest’s vital outcomes/measures that can
be plotted to illustrate the importance of each variable in classifying the dataset. The Mean
Decrease Accuracy (MDA) plot shows the amount of accuracy lost when each variable is excluded
from the model. As the accuracy declines, the more critical the variable becomes for a successful
and effective classification. The variables shown in the plot are generally listed in order of
decreasing relevance. The MDA index/measure exploits the permuting Out-Of-Bag (OOB)
samples to determine the variable’s importance. The Mean Decrease in Gini coefficient (MDG),
however, is a measure of the degree of each variable’s contribution to the homogeneity of the
leaves and the nodes in the resultant random forest. It is defined as the overall decrease in the
impurities of each node after splitting on a certain variable. For the classification analysis, the node
impurities are measured using the Gini index. As for the regression analysis, it is mainly measured
through the residual sum of squares. The greater the MDA or MDG value, the more significant
and the purer the variable is in the model.

The advantage of using the Random Forest VIMs measures, especially when compared to the
univariate screening techniques, is their capability of covering the influence of each of the
predictor variables “individually”, in addition to the multivariate interactions and connections with
the remaining predictor variables (Strobl et.al, 2008). According to Lunetta et.al (2004), the
correlations among the variables may be efficiently detected through Random Forest models than
by considering other techniques and approaches. Moreover, the main reasons to select the MDA
and MDG as measures used to evaluate the importance of each variable mainly falls within the
following aspects: (1) Even though the OOB error is considered slightly more optimistic, it
generates fair estimations when compared to the typical alternative testing, (2) The Gini Index is
suitable for both regression and classification, (3) MDA and MDG measures are considered as the
Random Forest model default outputs which makes them convenient for usage, (4) Considering

both measures together is considered to be more robust and reliable than using only one measure.
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Hence, the most promising variables, that serve as appropriate predictor variables, are selected in
this research using the MDA and MDG measures.
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Chapter Six

Methodology

6.1 Research Program
The pavement structure is composed of multiple layers — mainly two or three layers - resting
on top of the natural soil; known as the subgrade layer. For both flexible and rigid pavements, each
layer, including the subgrade layer, can have one or more properties, referred to as variables. The
aforementioned properties mainly include the modulus of elasticity and the Rayleigh damping
coefficients for all layers, except for the asphalt concrete layer that typically include four variables
representing the master curve sigmoidal function coefficients. For further elaborations, the seed
variables and the predictor variables considered in this research paper are listed below:
The seed variables (response variables) under study are the following:
1. For the Asphalt Concrete (AC) layer in flexible pavements:
» AC master curve sigmoidal function coefficient “alpha (a)”
» AC master curve sigmoidal function coefficient “Beta_prime (8")”
» AC master curve sigmoidal function coefficient “Delta (§)”
» AC master curve sigmoidal function coefficient “Gamma (y)”
2. For the Portland Cement Concrete (PCC) layer in rigid pavements:
» Modulus of elasticity (E;)
> Rayleigh Damping Parameters (agpcc) and (Brpcc)
3. For the unbound layers within both flexible and rigid pavements,
» Modulus of elasticity of the base layer (E; )
» Modulus of elasticity of the subgrade layer (E5)
» Modulus of elasticity of the stiff layer (E, )
> Rayleigh Damping Parameters (ag) and (Bz)
> Stiff layer thickness measured from the surface (h;)
The predictor variables used to build the models for the aforementioned seed variables
include:

1. Surface layer thickness (h, )

71



Base layer thickness (h;,)

FWD Pulse Duration

FWD Indices (Discussed in Chapter 4)

FWD Parameters at offsets 0,8”,12” 187,24”,36”,48”,60”,72”,84”,96”,108”, 120” from
the center of the applied load (Discussed in Chapter 4)

o > N

6. The difference between individual FWD parameters at subsequent offsets referred to as
the “difference variables” (Discussed in Chapter 4)

Generally, the FWD deflection parameters are obtained from the FWD time histories that are
based on field testing. The models - that shall be built- are expected to predict the initial set of
layer variables for use in dynamic backcalculation. Those models will be developed based on
simulated (synthetic) data from the thousands of thousands of combinations that will be
subsequently discussed.

In other word, using machine learning and classification analysis, models will be developed
for predicting each seed layer variable for the use in the dynamic backcalculation. As previously
mentioned, pavement structures with three and four layers will be considered. For flexible
pavements, the Asphalt Concrete (AC) Layer is modeled as linear viscoelastic material. As for the
Portland Cement Concrete layer for the rigid pavements along with all other unbound layers, are
modeled as linear elastic materials including damping. The flowchart in Figure 39 illustrates the
steps performed in order to develop the predictive Random Forest (RF) models for the individual

seed (response/target) variables

] cal AC Layer
£ ) -
& v Base Layer
y
Subgrade

Figure 37: Multi-Layer Flexible Pavement Figure 38: Multi-Layer Rigid Pavement
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Meshing the Model

l

Pulse_Fe Reads the Nodes of
the Coordinates and
Connectivity of Elements

Develop RF Models

A

Statistical Analysis

Produce Surface
Deflections at Specified
Nodes/Offsets

4

Initiate Dynamic Analysis

Figure 39: Steps for Developing RF Models

Extract FWD Parameters
Using Pulse Analyzer

6.1.1 Software Used
6.1.1.1 Gmsh Software

Gmsh is a software that generates 2D and 3D finite element meshes. It has a CAD engine and a
post processor that are built in (Geuzaine and Remacle 2009). Consequently, this software is used

to yield the discretization of the flexible and rigid pavements models.

6.1.1.2 PULSE 2020 Application

“PULSE 2020~ is used in this research project for the determination of the flexible and rigid
pavement layer variables. The latter is an application that consist of several modules, including
PULSE_Analyzer, PULSE_FE and optimizer module. It considers the finite element modelling to
allow the forward calculation, (Bazi and Assi (2020), Bazi et. al, 2021).

6.1.1.3 R-Studio and R

R-Studio is used to build the optimal model for each seed variable while providing an elaborate
statistical analysis. This software is mainly an IDE — Integrated Development Environment — for
the “R”. Several R-Packages are used in this research project including: “dplyr”, “caret”,
“randomForest” and “neuralnet”.

6.1.2 Combinations

The combinations that are used in the study were developed for both the flexible and the rigid

pavements (Table 7).

73



Table 7:Combinations for the Flexible and Rigid Pavement Structures

Pavement Type Flexible Rigid
Thickness 3 levels: hy (1'20h) =36& | 3 levels: hy (inch) =9, 15 & 21
2levels: 6=05&1
3levels: 3+ a=35,36&
3.7
Property [Flexible: 3 levels: B’ (0, 20 and 40°C) ) .
Linear Viscoelastic & =B +y *log[a(T)] 3 levels: Ex (ksi) = 2000, 4000 &
Surface PR . 6000
L Rigid: Linear Elastic] log[a(T)] = 3.066, 0 & -
ayer 2.674 at 0, 20 and 40°C,
respectively
2 levels: y =-0.46 &-0.51
. 3 levels: arecc (1/sec.) =0, 10 &
Rayleigh Damping 20
Parameters (PCC Layer) B 3 levels: Brece (sec.) = 0.002,
0.004 & 0.006
Base Thickness 3 levels: h (inch) =6, 12 & 36
Layer | Property [Linear Elastic] 3 levels: E2 (ksi) = 20, 50 & 200
Subgrade . . . o
Layer Property [Linear Elastic] 3 levels: Es (ksi) =5, 15 & 30
: . 7 levels: None, 10-ft with E4 = 100 ksi, 10-ft with E4 = 250 ksi
1) ) y )
LS“ff Th"mesjrt and 20-ft with E4 = 100 ksi, 20-ft with Eq = 250 ksi, 50-ft with E4 =
ayer perty 100 ksi & 50-ft with Es = 250 ksi
Rayleigh Damping Parameters (Base, 3 levels: ar (1/sec.) =0, 10 & 20
Subgrade & Stiff Layers) 3 levels: Br (sec.) = 0.002, 0.004 & 0.006
FWD Load 3 levels: 20, 30 & 40 msec. haversine pulse with the radius of
the loaded area = 5.906-inch, and Load level = 27 Kips

1) Stiff layer thickness determined from surface.

In other words, 551,124 combinations are selected for flexible pavements while 413,343
combinations for the rigid pavements for a total of 964,467 combinations.

For each response variable, the most relevant values were selected based on the maximum and
minimum values that each variable can take. However, a different strategy was followed to choose
the levels needed for the AC master curve sigmoidal coefficients.
6.1.2.1 AC master curve sigmoidal coefficients

The asphalt concrete master curves are mainly constructed through the use of frequency- (or
time-) temperature superpositions signified by the shift factors. A master curve connecting the
temperature and the load rate can be used to depict their combined effects. This is achieved by

relating the dynamic modulus (E*) to the reduced frequency through a sigmoidal function. The
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latter is expressed by Eg. (129). On the other hand, the most used equations for expressing the
temperature shift factor include the WilliamsLandel-Ferry, Arrhenius and the 2" order polynomial
equations (Pellinen et al. 2004, Kutay et al. 2011). It is important to note that the shift factor
equation utilized by the LTPP is the polynomial equation Eq. (131) while the one used in this
research is the Arrhenius equation Eqg. (132).

The E* values provided in the TST_ESTAR_MODULUS LTPP table were estimated using
Artificial Neural Network models at several temperatures (14°- 40°- 143°- 70°- 100°- 130°F) and
frequencies (0.1- 0.5- 1- 5- 10- 25Hz). The details on the aforementioned estimates are presented
in the LTPP Computed Parameter: Dynamic Modulus (Kim, et al. 2011) report. The E* estimates
were used by the LTPP teams to compute the master curve sigmoidal function coefficients and the
time-temperature shift factors and were stored in the TST_ESTAR_MODULUS_COEFF table.

log(E) =& + 1+eﬁ+(;log(fr) (129)

log(fr) = log(f) + log(ar) (130)

log(ar) = a;T? + a,T + a; (131)
AEq

log(ar) = 707 G = 7) (132)

Whereby,
> 03, a,B and y are the coefficients,
109 is the minimum modulus,
109+ js the maximum modulus,
fr is the inverse of the loading’s reduced angular frequency, f is the frequency,

a,, a, and a5 are the shift factor coefficients

YV V. V V V

T is the temperature of interest, To is the reference temperature in Kelvin (294.261K in
this case)

» AE, is the activation energy, R is the universal gas constant (8.314 J/°K-mol),

The exponent 8 + y log(fr) in the sigmoidal function presented in Eq. (129) can be also re-
written as 8’ + y log(f) whereby B’ = B + y log(ar). This replacement permits the determination
of the four sigmoidal function coefficients for any temperature and without considering the time-
temperatures superposition models.

In this study and for the flexible pavement modelling, the limits of the master curve sigmoidal

function o, o, and y are determined using tables stored in the LTPP database. The master curve
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construction and the coefficient computations were performed using the Sum of Squared Error
(SSE) method along with solver functions and optimization techniques in the Microsoft Excel
software. The main objective in the Sum of Squared Error (SSE) method is to minimize the SSE
between the dynamic modulus (E*) and the fitted dynamic modulus. This is achieved by
iteratively varying the 3, o ,B,y, AEa, a;, @, and a3 using the Excel’s solver until the SSE between
the measured and fitted dynamic modulus becomes closer to zero.

Initially, 40 random sets of coefficients and their corresponding E* estimate values were
extracted from the TST ESTAR MODULUS COEFF and TST ESTAR MODULUS LTPP
tables, respectively, to regenerate those coefficients and check how do they compare. In other
words, the sigmoidal function variables (3, o ,p and y) and the shift factor coefficients (a4, @, and
a3) were simultaneously computed using the LTPP shift factor Eq (131) on one hand and the
Arrhenius shift factor Eq. (132) on the other hand. This was performed in order to determine the
shift factor equation that generates the best fit to the measured dynamic modulus master curve.
After calculating the coefficients, the percentage error was determined between the computed and
the ones stored in the LTPP database for each of the 40 sets. Examples shown below for sets 25

and 37 in Tables 8 and 9, respectively.
Table 8:Sigmoidal Function and Shift Factor Coefficients Comparison (Mix25)

Mix 25
5 o B Y ol o o3
Arrhenius Eq 1.262 | 2.7894 -0.600 | -0.488
Shift factor Eq 0.886 | 2.7940 -3.054 | -0.470 | 0.00110 | -0.1628 | -0.3654
TST ESTAR MODULUS _COEFF | 4439 | 2241 -1.138 | 0.484 | 0.001 [ -0.1650 | 3.161
% Error Arrhenius vs. TST Table -0.47 | 24.473 -47.24 | -200.9
% Error Shift factors vs. TST Table | -12.4 | 24.67667 | 168.3703 | -197.1 | 10.7957 | -1.2885 | -111.56
Table 9: Sigmoidal Function and Shift Factor Coefficients Comparison (Mix37)
Mix 37
S o B Y o o o3
Arrhenius Eq 0.829 | 2.7286 | -0.363 | -0.493
LTPP Shift factor Eq 0.838 | 2.719 | -0.492 | -0.494 0.0021 -0.15688 2.9
TST ESTAR MODULUS COEFF | 3.97 2.586 | -0.32 0.502 0.001 -0.1650 3.161
% Error Arrhenius vs. TST Table | -0.478 | 55179 | 13.729 | -198.32
% Error Shift factors vs. TST Table | -3.31 | 5.1653 | 53.97 | -198.459 | 114.0668 | -4.9192 | -8.2548
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Based on the percentage error outcomes and the fact that the TST_ESTAR_MODULUS_COEFF
coefficients were determined from moduli that were in return obtained using ANN methods, the
moduli estimates from the TST_ESTAR_MODULUS are considered the most reliable. For this
reason, the master curve sigmoidal function coefficients are recalculated by the Arrhenius equation
using the moduli stored in the LTPP database for all the mixes. 1,331 unique datasets were
identified in the TST_ESTAR_MODULUS, each containing 30 records, for a total of 39,930 data
points. This was verified by calculating the count, average, minimum, maximum, difference
between the average and the minimum, difference between the maximum and the average for every
combination of ESTAR_LINK, temperature and frequency. The average, minimum and maximum
turned out to be the same for every combination, verifying, thus, the 1,331 unique datasets. A
sample from the 39,930 data points is shown in Table (10) for ESTAR_LINK 1. Note that the
ESTAR_LINK variable serves as an associative link between the tables stored in the LTPP
database. Each set was further linked to the layer type corresponding to it. The layer types
encountered were as follows: (1) Original Surface Layer, (2) AC Layer Below Surface (Binder
Course), (3) Overlay, (4) Friction-Course, (5) Seal-Coat, (6) Base Layer. However, the sets
corresponding to the base layer type are removed as only asphalt concrete mixes shall be

considered for evaluation.
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Table 10: ESTAR_LINK 1 Sample Data

Temperature | Frequency | Count | Average | Minimum | Maximum | Ave - Max -
°F Hz Min Ave
14 0.100000001 15 3,060,654 | 3,060,654 | 3,060,654 0 0
14 0.5 15 3,399,437 | 3,399,437 | 3,399,437 0 0
14 1 15 3,525,000 | 3,525,000 | 3,525,000 0 0
14 5 15 3,771,795 | 3,771,795 | 3,771,795 0 0
14 10 15 3,860,307 | 3,860,307 | 3,860,307 0 0
14 25 15 3,962,665 | 3,962,665 | 3,962,665 0 0
40 0.100000001 15 1,503,553 | 1,503,553 | 1,503,553 0 0
40 0.5 15 1,976,677 | 1,976,677 | 1,976,677 0 0
40 1 15 2,181,177 | 2,181,177 | 2,181,177 0 0
40 5 15 2,636,015 | 2,636,015 | 2,636,015 0 0
40 10 15 2,817,848 | 2,817,848 | 2,817,848 0 0
40 25 15 3,041,535 | 3,041,535 | 3,041,535 0 0
70 0.100000001 15 333,509 333,509 333,509 0 0
70 0.5 15 557,515 557,515 557,515 0 0
70 1 15 682,813 682,813 682,813 0 0
70 5 15 1,039,894 | 1,039,894 | 1,039,894 0 0
70 10 15 1,218,727 | 1,218,727 | 1,218,727 0 0
70 25 15 1,472,424 | 1,472,424 | 1,472,424 0 0
100 0.100000001 15 63,670 63,670 63,670 0 0
100 0.5 15 111,374 111,374 111,374 0 0
100 1 15 142,552 142,552 142,552 0 0
100 5 15 251,806 251,806 251,806 0 0
100 10 15 319,282 319,282 319,282 0 0
100 25 15 431,672 431,672 431,672 0 0
130 0.100000001 15 20,565 20,565 20,565 0 0
130 0.5 15 31,576 31,576 31,576 0 0
130 1 15 38,797 38,797 38,797 0 0
130 5 15 65,252 65,252 65,252 0 0
130 10 15 82,779 82,779 82,779 0 0
130 25 15 114,285 114,285 114,285 0 0
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Following the master curve sigmoidal
coefficients computations, it is essential to
identify whether any outlier exist within
each set. The datasets were graphically
depicted using boxplots based on their
individual quartiles. Q: and Qs represents
the 25 the 75"
respectively. The interquartile range (IQR)

and percentiles,
was calculated as the difference between the
75" and 25" percentiles. Lastly, the upper
and lower outlier limits were calculated

using the following equations:

Lower Outlier Limit = Q; — (IQR x 1.5)
Upper Outlier Limit = Q3 + (IQR x 1.5)

1.5(1QR)

IQR

1.5(I1QR)

Outlier

Upper fence
1.5(IQR) above 75" percentile

Maximum observation
below upper fence

5% percentile

Mean
Median

25" percentile

Minimum observation

Lower fence
1.5(1QR) below 25" percentile

Figure 40: Boxplot Explanation

(133)
(134)

Any data point that fell above or below the upper and lower outlier limit was considered as an

outlier. After the first trial, the results (Table 11) with their corresponding boxplots (Figure 41)

showed a number of outliers for each coefficient. Hence, sets that contained an outlier were

removed. The same process was repeated for several trials until no more outliers were encountered

anymore (Table 12, Figure 42).
Table 11: Lower and Upper Outlier Limit- First Trial

) o B Y AEa
Mean 1.54597 | 2.11312 | -0.5258 | -0.6327 1015116.577
Q1 0.84427 | 1.30682 | -0.9988 | -0.6316 131269.968
Q3 2.3317 | 2.79153 | -0.1491 | -0.4756 247089.5317
Interquartile Range (IQR) | 1.48743 | 1.48472 | 0.84966 | 0.15606 115819.5636
Lower Outlier Limit -1.3869 | -0.9203 | -2.2733 | -0.8657 -42459.37737
Upper Outlier Limit 456285 | 5.01861 | 1.12539 | -0.2415 420818.8771
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Figure 41: Box Plots for (3, a ,Band y) after First Trial
Table 12:Lower and Upper Outlier Limit- Last Trial
3 o B Y AEa
Mean 0.876692 | 2.75266 | -0.7148 | -0.4876 235508.1958
Ql 0.790203 | 2.65232 | -0.8742 | -0.4935 235299.7096
Q3 0.957258 2.838 -0.5285 | -0.4817 235661.9849
Interquartile Range (IQR) [ 0.167054 | 0.18568 | 0.34564 | 0.01179 362.2752942
Lower Outlier Limit 0.539622 | 2.3738 -1.3926 | -0.5112 234756.2966
Upper Outlier Limit 1.207839 | 3.11653 | -0.0101 -0.464 236205.3978
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Figure 42: Box Plots for after (6, &, and y) Last Trial

The number of sets has significantly dropped from 1,331 sets to 344 sets. The standard deviation,
maximum, minimum, mean, 16" and 84" percentiles were reported for the 344 sets (Table 13).
The sigmoidal coefficients showed minimal variability when compared to the activation energy
Ea. It is important to mention that the maximum values of each of the sigmoidal coefficients cannot
be selected for the finite element modeling. If the maximum values for Delta and Alpha are taken
from the 344 sets to compute the maximum modulus, a modulus value of 1012019+3.0766 =

18,990ksi is obtained which is not realistic as the modulus of steel is 29,000 ksi.
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Table 13: Statistics Values for the Sigmoidal Coefficients from the 344 Sets

Statistic 3 a B y Ea d+a
Mean 0.876692 | 2.75266 | -0.7148 | -0.4876 235508 3.6294
Minimum 0.5864 | 2.4371 | -1.3782 | -0.5110 234796 3.5375
Maximum 1.2019 | 3.0766 | -0.1797 | -0.4651 236205 3.7204
Standard Deviation 0.1289 | 0.1335 | 0.2373 | 0.0091 271.25 0.0417
16th Percentile 0.7478 | 2.6191 | -0.9521 | -0.4966 235237 3.5876
84th Percentile 1.0056 | 2.8862 | -0.4775 | -0.4785 235779 3.6711

However, calculating the maximum modulus for each of the 344 combinations, the following

values (Table 14) are obtained where the average modulus is 4,279 ksi and the maximum is 5,253

ksi (as high as the PCC). For this reason, delta and alpha were combined into one variable for the

finite element modeling selection process.

Table 14: Maximum Modulus Values

Statistic Maximum Modulus (ksi)
Average 4279
Minimum 3448
Maximum 5253

As a result, the sigmoidal coefficients selected for the finite element modeling of the flexible

pavement structure are shown in Table 15. This selection generates 12 sets whereby each set was

evaluated at 3 temperatures (0, 20 and 40°C), hence, ending with a total of 36 combinations

(Tablel6).
Table 15:Sigmoidal Coefficients Selected for FE Modeling
2 levels: & = 05&10
3levels: &+ a = 3.5,36&3.7
3 levels: a. = +a)-a
Beta = -0.70

3 levels: B” (0, 20 and 40°C) =

Beta + Gamma*log[a(T)]

log[a(T)] =3.066, 0 & -
2.674 at 0, 20 and 40°C,

respectively

2 levels: y =

-0.46 &-0.51
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The 12 sets (36 combinations) were plotted as illustrated in Figure 43.
Table 16: The 12 Sets Resulting after the Sigmoidal Coefficients' Selection

Set d d+a d+a)-a Beta %
1 0.5 3.6 3.1 -0.7 -0.51
2 0.5 3.5 3 -0.7 -0.46
3 0.5 3.6 3.1 -0.7 -0.46
4 0.5 3.7 3.2 -0.7 -0.46
5 0.5 3.5 3 -0.7 -0.51
6 0.5 3.7 3.2 -0.7 -0.51
7 1 3.5 2.5 -0.7 -0.46
8 1 3.6 2.6 -0.7 -0.46
9 1 3.7 2.7 -0.7 -0.46
10 1 3.5 2.5 -0.7 -0.51
11 1 3.6 2.6 -0.7 -0.51
12 1 3.7 2.7 -0.7 -0.51
10000

/1'4’3

N/

E* (ksi)

1
-20 -15 -10 s log(f) o 5 10 15

Figure 43: Master Curve showing the 12 Sets, each at 3 Temperatures

Consequently, the levels (classes) of the AC master curve sigmoidal coefficients used in this

research project are shown in Table 17.
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Table 17: AC Master Curve Sigmoidal Coefficients Classes

Seed Class 1 Class 2 Class 3 Class 4 Class 5 Class 6
Variable
Alpha (@) 25 2.6 2.7 3 3.1 3.2
Beta_prime -2.263 -2.1101 -0.7 0.53001 0.6637 -
BH
Delta (&) 0.5 1 - - - -
Gamma (y) -0.51 -0.46 - - - -

6.2 Model Development and Optimal Mesh Selection
The initial step in the finite element computations is to discretize the domain of the problem into
a set of elements that could either be of the same or different types. In this study, only linear
triangular elements are used. Analyzing the mesh density (size of the finite element) is considered
as a critical task in the finite element computations as it leads to the selection of the optimal model.
In other words, the accuracy, the precision as well as the complexity level of the finite element
model are directly related to the mesh density (Liu, Y., & Glass, G. 2013). The finite element
models having a small sized elements (fine mesh) will generate vastly accurate output yet it will
have a longer computational time and will increase the complexity of the model. Hence, it is
preferably to be used only when high precision and accuracy are needed. On the other hand, models
having a large sized elements (coarse mesh) may end up with less likely accurate results but it will
surely save much more computational time and will reduce the size of the model under study.
Hence, it is rather substantially used in more simplified FE models to provide a rough and a fast
design estimation (Liu, Y., & Glass, G. 2013). For this reason, it is essential to select the most
optimal model with the element sizes that are capable of providing accurate results while at the
same time saving computational time as much as possible.

The mesh of the flexible and rigid pavement models is generated using a Gmsh software. In
order to simulate the infinite media in this research, the far boundary was chosen.
The main objective is to obtain one mesh that is applicable for all the combinations previously
discussed. As the thicknesses of the combinations are in order of 3-inches, the model was
developed on Gmsh by having the first 57-inch in increments of 3-inch followed by the 10/20-ft
rigid layer as shown in Figure 44. As a result, a total of 23 surfaces were drawn in Gmsh to model

the pavement structure along with the subgrade layer and a stiff layer if any. Hence, once the model
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is discretized into an infinite number of elements, the element limits separating one surface from
another can be determined to be used later on when generating the vertical deflection for each

combination.

F3 F2 F1 R1 R2 R3 COMB ,

- 370000 ]

57.0000

Figure 44: Model Development Initial Steps on AUTOCAD

Figure 45 represents a flexible pavement structure that consist of an asphalt concrete (AC) surface
layer of 3-inch thickness, an aggregate base of 6-inch thickness and lastly a subgrade layer that
expands to 3000-inch (250- ft) for the infinite media simulation employing the far boundary
method. The optimal model, in terms of the accuracy and the mesh density, was generated by
performing a sensitivity analysis by testing the pavement model without and with a rigid layer

(Testing No.1 and testing No.2 respectively) while checking the validity of the optimal mesh.

Table 18: Combinations used for Sensitivity Analysis

Surface Layer Base Layer Subgrade Layer Rigid Layer
Testing | Thickness | Modulus | Thickness | Modulus | Thickness | Modulus | Thickness | Modulus
No. (in) (ksi) (in) (ksi) (in) (ksi) from (ksi)
Surface
(ft)
1 3 500 6 50 - 5 None
2 3 500 6 50 111 5 10 ‘ 100
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Figure 45 : Optimal Model Generation by Gmsh

The scale of the mesh was determined by Eq. (135). It was varied after each iteration by varying
the values of “a”, “b” and “c” and was tested for a pavement width of 200- and 400-inches.
Scale = aR? + cZ? + 0.5 (135)
Whereby, R and Z correspond to the radial and the vertical distances, respectively, for each point/
coordinate used while drawing the model, “a” and “c” correspond to the R- and Z-coefficients
respectively, “b” 1s the power.

Following the meshing of the model under study, an input file is produced and is manually
adjusted into the correct format prior to its utilization by PULSE FE. The latter is a finite element
module programmed using the (C#) language (Bazi and Bou Assi 2020a). PULSE FE reads, from
the input file, the coordinates of every node and the connectivity of each element to (1) initiate the
dynamic process and (2) produce the vertical deflections on the specified nodes that are located at
a certain offset from the center. A series of finite element models (different mesh sizes) were

generated to the previously mentioned model.
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The parameters for the various meshes are plotted versus the mesh density to visualize the
variations. To determine the optimal mesh, the coarsest mesh must be chosen whereby the FWD
parameters would not change if a finer mesh is selected. In other words, the minimum deflection
and the time that corresponds to that minimum were extracted from the time histories and
compared separately for offsets 0, 24-inches, 48-inches, and 72-inches from the center (Figures
46,48,50,52). Moreover, the percentage difference in deflection relative to the densest mesh
(143,947 elements) was determined (Figures 47,49,51,53). It is observed in latter that the finite
element model with a mesh of 15,233 elements to have the least percentage error when compared
to the densest mesh (between ~0.0003 and 0.0007% difference i.e., 0.0186% ~ 0.074% error). For
this reason, this finite element mesh was tested versus the denser (finer) meshes for the same
structure but with a 10-ft rigid layer measured from the surface (Testing No.2 -Table 18) to check
the validity of the 15,233 elements. According to Liu, Y., & Glass, G. (2013), an acceptable error
can range between 0.5% and 1%. It was noticed that the percentage error relative to the densest
mesh started to increase as the offset from the center increases to reach 27.64% at offset 120-inch.
As a result, the model with 15,233 elements was eliminated and replaced by a mesh with 25,383

elements which resulted in an acceptable percentage error (Table 19).
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Figure 46: Finite Element Sensitivity Analysis at Offset (0,0)
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Figure 47: Percent Difference in Deflection Relative to the Densest Mesh at Offset (0,0)
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Figure 48: Finite Element Sensitivity Analysis at Offset (24,0)
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Figure 49 : Percent Difference in Deflection Relative to the Densest Mesh at Offset (24,0)
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Figure 50 : Finite Element Sensitivity Analysis at Offset (48,0)
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Figure 51: Percent Difference in Deflection Relative to the Densest Mesh at Offset (48,0)
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Figure 52: Finite Element Sensitivity Analysis at Offset (72,0)
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Figure 53: Percent Difference in Deflection Relative to the Densest Mesh at Offset (72,0)
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Table 19:Percentage Error in Minimum Deflection Relative to Densest Mesh

Min Deflection at Offsets (inch)
Mesh 0 24 48 72 96 120
Density
25,383 -0.1085 -0.04619 -0.02103 -0.0119 -0.00756 | -0.005412
143,947 -0.1088 -0.04635 -0.0211 -0.012 -0.00766 | -0.005500
Absolute Percentage Error (%)
02875 | 0335 | 03690 | 06659 | 1.2433 | 1.6032

The finite element model with a mesh of 25,383 elements was tested using different combinations
along with the finest mesh (143,947 elements):

> Thick flexible pavement with and without rigid layer

> Thin rigid pavement with and without rigid layer

> Thick rigid pavement with and without rigid layer’
Whereby the thickness of the rigid layer is measured from the surface in ft.
The average error from offsets 0 till 72-inches was calculated for the different combinations tested.
It was observed that the last combination in Table 20 is the critical one as the error exceeded 1%;
thus, the model is optimized to a mesh of 29,462 elements that was optimal to all combinations

with an error less than 1% (Table 21).

Table 20: Testing 25,383 Elements using Different Combinations

Surface Layer Base Layer Subgrade Layer Rigid Layer Error at each offset (%) Averase Error0-72
rerage

Thickness (in)|Modulus (ksifhickness (in]Modulus (ksi)[hickness {ifModulus (ksi}Thickness (ft)]Modulus (ksi 0 24 43 72 96 120
12 500 36 200 15 None 0.10995| 0.123287] 0.165152] 0.204307] 0.257665| 0.309204] 0.150673982
12 500 36 200 552 15 50 | 250 0.109962] 0.123423] 0.165579] 0.204794| 0.257488| 0.310751 0.150939431
9 4000 36 200 15 None 0.222469] 0.270133] 0.332196] 0.432159| 0.600886| 0.742651 0.314238963
9 4000 36 200 555 15 50 | 250 0.223467] 0.272708| 0.336752| 0.434999| 0.588144| 0.717144 0.316981901
12 500 12 50 5 None 0.297501] 0.399243| 0.444608] 0.504848| 0.639419] 1.11836 0.411550137
12 500 12 50 96 5 10 100 0.300435 0.410432] 0.457112] 0.4919] 0.522119] 0.908822 0414970015
21 6000 36 200 543 15 50 250 0.461701] 0.65422] 0.796848] 1.038039| 1.196132| 1.393426 0.737702132
21 6000 36 200 15 None 0.468366] 0.666848] 0.805793] 1.011526] 1.128508| 1.153492 0.738133403
21 4000 12 50 87 5 10 | 100 0.683455] 0.849932| 1.022277| 1.308215| 1.541277| 1.885415 0.9659956
21 4000 12 50 5 None 0.722646] 0.889954] 1.170784| 1.418805| 1.907951| 2.257611 1.050547138
9 4000 12 50 99 5 10 | 100 1.126185| 1.335462| 1.561347| 1.686314] 1.686341] 2.10335 1.42732699
9 4000 12 50 5 None 1.110439| 1.344775| 1.547295| 1.778962] 2.307724| 2.697997 1.445367834
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Table 21: Testing the Optimal Mesh with 29,462 Elements

Surface Layer : 3 Subgrade Layer Rigid Layer
Thickness (in)| Modulus (ksi)| Thickness (in)|Modulus (ksi)[Thickness (infModulus (ksi]Thickness (ft)Modulus (ksi 0 24 43 72 96 120
3 500 6 50 111 5 10 100 0.232828| 0.23754 | 0.266557 | 0.463243 | 0.881187 | 1.151795
] 500 12 50 102 5 10 100 0.208468 | 0.276338| 0.28891 | 0.316028 | 0.644906 | 0.286876
12 500 12 50 5 None 0.241698 | 0.341305 | 0.38667 | 0.425092] 0.535299 | 0.683646
12 500 12 50 96 5 10 | 100 0.244104 | 0.350745 | 0.398426 | 0.409597 | 0.465223 | 0.568922
9 4000 12 50 5 None 0.569306 | 0.709681 | 0.884319 | 1.080694 | 1.257068 | 1.455507
9 4000 12 50 99 5 10 | 100 0.578638 | 0.702285 ] 0.881535| 1.01754 | 0.958107 | 1.057919
21 4000 12 50 5 None 0.501349 ] 0.609475] 0.79317 | 0.957519] 1.34499 | 1.652822
21 4000 12 50 87 5 10 | 100 0.483856 | 0.593377) 0.702627| 0.89899 | 1.045011 ] 1.319433
12 500 36 200 15 None 0.082476 | 0.098137] 0.124135] 0.145719 | 0.182654 | 0.227707
12 500 36 200 552 15 50 | 250 0.082493 | 0.098259 | 0.124383 | 0.14578 | 0.18194 | 0.229507
9 4000 36 200 15 None 0.139708 | 0.160556 | 0.194124 | 0.263004 | 0.386288 | 0.517898
9 4000 36 200 555 15 50 | 250 0.140417 | 0.162389 | 0.197454 | 0.265489 | 0.378578 | 0.501085
21 6000 36 200 15 None 0.322365 | 0.456508 | 0.554254 | 0.706467 | 0.811063 | 0.861707
21 6000 36 200 543 15 50 | 250 0.31821 | 0.448421 | 0.548811 | 0.725954 | 0.851998 | 1.022198

6.3 Output Generation for Rigid and Flexible Pavement Structures

Following the optimal mesh selection, the input file generated by Gmsh, which contains the nodes
and the 29,462 elements, is read by Pulse_FE.

For the rigid pavement structure, several inputs are required to initiate the run including the
Layer properties (Modulus, Rayleigh Damping Parameters), elements for each layer from the FE
model as well as the nodes sets for the far boundary, axis of symmetry and the surface loading.
The same applies for the flexible pavement structure, however, the AC master curve sigmoidal
coefficient “Delta (5)”, “Gamma (y)”,  + a and the temperature are inputs instead of the surface
layer modulus of elasticity.

The code generates a CSV file that contains the vertical deflections at specified offsets for
each combination. For one combination, the surface deflections obtained were further tested to
ensure correct values. After verification, the surface deflections are generated for the rigid and the
flexible pavement structures, i.e., surface deflections for the 413,343 rigid pavement combinations
and 551,124 flexible combinations.

For a mesh of 29,462 elements, the time taken to run each combination on Visual Studio was
ranging between 7 to 9 seconds including the build time. Therefore, to speed up the process, the
code for the rigid combinations was run on four different computers while that for the flexible
combinations was run on five different computers simultaneously (Tables 22 and 23). For example,
and for the rigid pavement, computer 1 was responsible for the all the combinations excluding the

ones with a stiff layer (59,049 combinations). On the other hand, each of computers 2, 3 and 4
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were responsible for running the combinations with a stiff layer and layer 1 thickness of 9-inches,
15-inches and 21-inches respectively (118,098 combination each). The same logic applies to the

distribution of the combinations for the flexible pavement.

Table 22: Distribution of the Rigid Pavement Combinations

Computer From To Count
1 1 59,049 59,049
2 59,050 177,147 118,098
3 177,148 295,245 118,098
4 295,246 413,343 118,098
Sum 413,343
Table 23: Distribution of the Flexible Pavement Combinations
Computer From To Count
1 1 78,732 78,732
2 78,733 183,708 104,976
3 183,709 288,684 104,976
4 288,685 393,660 104,976
5 393,661 551,124 157,464
Sum 551,124

6.4 Extracting FWD Parameters

The PuLse_Analyzer module is used to determine the FWD parameters for use in the statistical
and classification analysis. The PULSE_Analyzer module has two components that smoothens the
data through Local regression and extracts the FWD parameters. In other words, it considers
polynomial fittings to smoothen the deflections.

After running the PULSE_Analyzer, the following FWD parameters are obtained whereby an
“ D” denotes a discrete value. If a value is not available, a double.NaN is reported.
TPeak_D, DPeak D, TDminL_D, DminL_D, TDminR_D, DminR_D, T25L_D, T50L_D,
T75L_D, T25R_D, T50R_D, T75R_D, Dur25_D, Dur50_D, Dur75_D, TVPeak_D, VPeak D,
TVPeak, VPeak, TVmIinR_D, VmIinR_D, TVmIinR, VminR.
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The FWD surface deflection time histories for combination R036109 under the FWD load

and at an offset of 8-inches far from the load are illustrated respectively in Figures 54 and 55. The

properties of each layer within the pavement structure for combination R036109 is shown in Table

24.
Table 24: Layer Properties for Combination R036109

hy hz E; E, Ej Qrpcc

(in (in) | (ksi) | (ksi) | (ksi)

BRPCC

Br

FWD
Pulse
Duration
(msec)

15 36 4000 50 15 10

0.006

10

0.002

20
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Figure 54: FWD Surface Deflection Time Histories for Combination R036109 under the FWD Load
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FWD Surface Deflection vs. Time
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Figure 55: FWD Surface Deflection Time Histories for Combination R036109 at Offset 8-inches

After extracting the FWD parameters, the FWD Indices and the Difference Variables

discussed in Chapter 4 are calculated in Microsoft Excel.

6.5 Initial Steps: Building Neural Networks and Decision Trees through

Regression Analysis
After extracting the FWD parameters using Pulse Analyzer, calculating the FWD indices and the
difference parameters to serve as predictor variables, the data was combined in a CSV file and
brought into R as a structured data frame. The data was then divided into training and testing sets
which constitute a randomly selected 60% and 40% of the whole data, respectively. The input was
received by the neural network’s first layer to process it and pass the information to the hidden
layers and the final layers to generate the output. It is important to mention that the neural network
was fit to the data using the “neuralnet” package in R-studio. The testing set is further run through
the block box (the neural network previously generated) to predict values for each of the response
variables. A vector of predictions was then generated. In order to assess the predictions, the RSME
values are then calculated to compare the actual vs. predicted values. The same process 1s repeated

by building a new NN model through tuning the hidden layers and the nodes in those layers, and/or
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selecting better predictor variables. Following the same strategy, and using the “evtree” package
in R, Decision Trees were modeled for each response variable.
The outcomes from both models were not promising, thus a classification model was

considered instead of a regression model.

6.6 Building Random Forests through Classification Analysis

Since the Radom Forests are mainly considered to be more powerful and effective in the
classification when compared to the regression, the RF algorithm is adopted in this research
project. To achieve the goal of this research, the R-package “randomForest” was used. After
bringing the data into R, the seed (response) variables, including (hs), (E;), (E;), (E3), (E4), the
Rayleigh Damping Parameters (agpcc) and (Brpcc) Of the PCC layer, the Rayleigh Damping
Parameters (a) and () of the unbound layers and lastly the sigmoidal coefficients: alpha («),
Beta_prime (B'), Delta (6), Gamma (y) were converted to factors. For each response variable,
the candidate predictor variables were selected to create a vector with the names of the variables
desired for the model. Then, the reference vector with the predictor and the response variables was
setup to pull a subset of the data for use in the model. The data, in this case, was then divided into
training and testing sets which constitute a randomly selected 65% and 35% of the whole data,
respectively. A Random Forest model is built for each response variables using the optimal number
of trees and the default splitting value. The variable importance is then examined and stored as
data frame, while being ordered based on the MDA accuracy. The variable importance is further
plotted for visual representation of the response variables. The quality of the model was assessed
using the testing dataset by evaluating the MDA and MDG measures for each variable. In other
words, variables with higher importance were selected for building a new Random Forest model.
The variable selection process consisted of the following steps:

1. Run the RF algorithm and record the MDA and MDG values for each predictor variable.

2. Rank the predictor variables based on the MDA accuracy.

3. Assign a score for each predictor variable depending on the MDA and MDG values. For
efficient scoring, the MDA and MDG values were scaled and rounded up. Thus, each
predictor variable will have two individual scores, one for each measure.

4. The total score is computed for each predictor variable and sorted in descending order.

5. The first fifty percent of the variables with the highest scores are selected for building a

new model. If a decimal value was obtained, then the number is rounded up.
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6. The RF algorithm is run again using the newly selected variables, and the error rate for the
new model is then recorded.

Note that step 5 may be adjusted depending on the accuracy and the error rate obtained. For

example, if an accuracy of 100% was obtained for a certain model, and for the variables that have

the same total score, the variable that has a lower importance based on the MDA score is excluded.

The aforementioned procedure is iteratively implemented until achieving an acceptable accuracy

and error rate. In other words, the same process was repeated for several iteration, and for each

response variable, until the best model is obtained.
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Chapter Seven

Results

The results for the response variables (seed variables) under study are presented in the upcoming
section. For each seed variable within the flexible and rigid pavement layers, the optimal model
that generates the highest prediction accuracy was found.

The seed variables for the AC layer in the flexible pavement structure are the AC master curve
sigmoidal function coefficients: alpha («), Beta_prime ("), Delta (§), Gamma (y). The seed
variables for the PCC layer in the rigid pavement structure are the modulus of elasticity (E;) and
the Rayleigh Damping Parameters (azpcc) and (Brpcc)- For the base, subgrade and the stiff layers
underlying both flexible and rigid pavements, the seed variables are the moduli of elasticity (E,),
(E5) and (E,) respectively, as well as the Rayleigh Damping Parameters (az) and (Bz). Lastly,
the stiff layer thickness measured from the surface (hs ). Hence, a total of 13 seed variables.
Several models with various combinations of predictor variables were tested for each seed

variable. The model’s accuracy along with other characteristics are shown in Tables 25 and 26.
Table 25: Time taken to Build RF-Model and to Predict the Seed Variables

Seed Variable Time to Build RF Model Prediction Time
Alpha (a) 18 min 16 sec.
Beta_prime (") 39 min, 40 sec 21 sec.
Delta (&) 42 min 18 sec.
Gamma () 77 min, 53 sec 32 sec.

E, 3 min, 57 sec. 1 sec.
QRrpcc 53 min, 28 sec. 46 sec.
Brpcc 5 min 3 sec.

E, 84 min, 37 sec. 23 sec.

Es 24 min, 22sec. 7 sec.

E, 5 hrs, 24min 38 sec.

R ~19 hrs 1 min, 26 sec.

Br 10 hrs, 24 min 59 sec.

hs 26 min, 19 sec. 6 sec.
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Table 26: Optimal Model Characteristics for each Seed Variable

Seed Variable Number of Number of Predictor Optimal Model
Trials/Models Tested | Variables in Optimal Accuracy (%)
Model
Alpha (@) 200 12 97.38
Beta_prime (8") 191 19 98.14
Delta () 167 20 97.86
Gamma (y) 166 25 97.85
E, 16 9 100
Arpcc 30 14 58.65
Brpce 42 11 100
E, 121 24 99.84
E, 59 17 100
E, 80 65 99.67
ag 33 175 08.48
B 83 124 99.82
h, 80 21 99.99

The detailed results, the Variable Importance Measures (VIM) plots and the statistical analysis
generated by R-Studio for each seed variable are presented in the subsequent sections as follows:
> Section 7.1 Seed Variables for the Asphalt Concrete (AC) Layer
» Section 7.2 Seed Variables for the Portland Cement Concrete (PCC) Layer
» Section 7.3 Seed Variables for Unbound Layers
Note that due to the large count of predictor variables needed to build the RF models for (E, ),(ag)

and (Bg), only 30 predictor variables are shown by R-studio in the VIM plots.
7.1 Seed Variables for the Asphalt Concrete (AC) Layer

7.1.1 AC Master Curve Sigmoidal Coefficient “Alpha (a)”

The predictor variables that built up the optimal model for “Alpha (a)” are:
"DminL_D.0","DminL_D.60","DminL_D.72", "DminL_D.96","TDminL_D.48", "T75R_D.0",
"SCI", "Dp08", "D25_08" ,"T25L08" ,"T50L08","T75L08"
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As per the plots displaying the Mean Decrease Accuracy (MDA) and Mean Decrease Gini

(MDG) measures (Figure 57), the predictor variable that showed the highest importance for the
MDA measure is "T75R_D.0" with a value of 393 while that for the MDG measures is "SCI" with

a value of 38,164.
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Figure 57: MDA and MDG Plots for “Alpha (a)”
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For each predictor variable, a total score was
determined by summing the values of the MDA and
MDG measures. The variables that are essential to
predict the AC Master Curve Sigmoidal Coefficient
“Alpha (a)” are arranged in descending order of
importance (Figure 58). As the color intensity
decreases, the importance of the corresponding

predictor variable decreases.
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Figure 58: Importance of each Predictor Variable for Predicting “Alpha () based on MDA and MDG Total Score

Type of random forest: classification
Number of trees: 300
Mo. of variables tried at each split: 3

00B estimate of error rate: 2.64%
confusion matrix:

2.5 2.6 2.7 3 3.1 3.2 class.error
2.5 57658 25 g8 1781 133 17 0.03294086
2.6 26 58164 61 o 1328 126 0.02581023
2.7 1 30 58824 1 0 974 0.01681431
3 1856 ] 0 57586 56 7 0.03224939
3.1 57 1548 0 48 58054 72 0.028B5629
3.2 11 66 1202 1 25 58484 0.02182676

Figure 59: Training Data Confusion Matrix and OOB Estimate for “Alpha (0)”

Confusion Matrix and statistics

Reference
Prediction 2.5 2.6 2.7 3 3.1 3.2
2.5 311835 13 0 1024 25 1
2.6 18 31335 15 0 TBT 31
2.7 12 25 31462 0 ] 650
3 958 0 0 31301 10 Q
3.1 57 717 0 24 31205 31
3.2 2 59 547 0 48 31352

overall statistics
Accuracy : 0.9738
95% CI : (0.9731, 0.9743)
No Information Rate : 0.1677
P-value [Acc = NIR] : =< 2.2e-16
Kappa : 0.9686
Mcnemar's Test P-value : Na

statistics by Class:

Class: 2.5 Class: 2.6 Class: 2.7 Class: 3 Class: 3.1 Class: 3.2

Sensitivity 0.9675 0.9747 0.9825 0.9676 0.9729 0.9778
specificity 0.9934 0.9947 0.9957 0.9940 0.9948 0.9959
Pos Pred value 0.9670 0.9736 0.9786 0.9700 0.9741 0.9795
Neg Prad value 0.9935% 0.9949 0. 9965 0.9935 0.9946 0.9956
Prevalence 0.1671 0.1667 0.1660 0.1677 0.1663 0.1662
Detection Rate 0.1817 0.1624 0.1631 0.1623 0.1618 0.1625
Detection Prevalence 0.1672 0.1669 0.1667 0.1673 0.1661 0.1659
Balanced Accuracy 0.9805 0.9847 0.9891 0.9808 0.9839 0.9868

s

Figure 60: Testing Data Confusion Matrix and Statistics for “Alpha («)
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7.1.2 AC Master Curve Sigmoidal Coefficient “Beta_prime (8')”

The predictor variables that built up the optimal model for “Beta_prime (8')” are:
"DminL_D.0","DminL_D.48","DminL_D.60","DminL_D.72","DminL_D.84","DminL_D.96",
"DminL_D.108","DminL_D.120","TDminL_D.48","TDminL_D.60","TPeak D.0","h1","BI",
"SCI","Dp08", "VP08", "TVP08", "T50L08","T25L08"

Based on the MDA and MDG plots (Figure 61), the predictor variables that showed the highest
importance for the MDA measure is "h:" with a value of 193 while that for the MDG measures is

"Dp08" with a value of 50,384.

ht o Dp08 =)
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DminL_D.96 o T50L08 o]
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Figure 61:MDA and MDG Plots for “Beta_prime ()"

103



Dp08 Based on the total score calculated for each predictor variable,

\S/CPIO8 the color for the predictor variable “Dp08” showed the

hl strongest intensity (Figure 62), indicating that this variable is
TPeak D.0
TVPO8
T25L08 Sigmoidal Coefficient “Beta_prime (8')”. Moving towards
Bl
TDminL_D.48
DminL_D.96 indicating a decrease in the corresponding variable importance.
DminL_D.84

DminL_D.108

DminL_D.72

DminL_D.120

DminL_D.0

TDminL_D.60

DminL_D.60

T50L08

DminL_D.48

the most important for predicting the AC Master Curve

“DminL_D.48”, the color intensity starts fading away,

Figure 62: Importance of each Predictor Variable for Predicting “Beta_prime (8') " based on MDA and MDG Total Score

Type of random forest: classification
Mumber of trees: 450
Mo. of variables tried at each split: 4

008 estimate of error rate: 1.88%
Confusion matrix:
-2.263410477 -2.110134%94 -0.7 0.530012322 0.663709314 class.error

-2.263410477 56823 3021 0 0 0 5.048125e-02
-2.11013494 2819 57015 1 0 0 4.712961le-02
-0.7 0 1 119442 0 0 B.372194e-06
0.530012322 0 a 1 59124 561 9.415943e-03
0.663709314 0 0 0 315 59107 5.301067e-03

Figure 63: Training Data Confusion Matrix and OOB Estimate for “Beta_prime (8')”
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Confusion Matrix and Sstatistics

reference
prediction -2.263410477 -2.11013494 -0.
-2.263410477 30415 1531
-2.11013494 1595 JN4AEBE
-0.7 ] 0 6426
0.530012322 0 Q
0.663709314 ] Q

overall statistics

Accuracy : 0.9814

95% cI1 : (0.9808, 0.982)

No Information Rate : 0.3332
P-value [Acc > NIR]

Kappa : 0.9761
Mchnemar's Test P-value : NA

statistics by Class:

< 2.2e-16

7
0
0
3
0
0

0.

Class: -2.263410477 Class:

sensitivity
specificity

Pos Pred value

Neg Pred wvalue
Prevalence

Detection Rate
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Figure 64: Testing Data Confusion Matrix and Statistics for “Beta_prime (ﬁ') 7
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7.1.3 AC Master Curve Sigmoidal Coefficient “Delta (§)”

-0.7 Class:

0.530012322 Class:
L9914
. 9988
L9942
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L9951

(sl B R o i [ Y Y

The predictor variables that built up the optimal model for “Delta (§)” are:
"DminL_D.60", "DminL_D.72", "TPeak_D.0" ,"TVPeak.0", "T75R_D.0", "h1","SCI","Dp08",
"Dmr08","Dmr812", "DmI7284","TmI7284","D25_08", "D25_812","VPD08","VP08","TVVP08",
"T25R08", "T25R812", "T25L.1218"

For the MDA measure, "TVPeak.0" showed the highest importance with a value of 159. As
for the MDG measure, "T25R08" showed the highest value of 14,197 (Figure 65).
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Figure 65: MDA and MDG Plots for “Delta ()"
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Figure 66: MDA and MDG Total Score for “Delta (§)”
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decrease in the corresponding variable importance.

14000

According to the total score calculated for each predictor
variable, the color for the predictor variable “T25R08”
showed the strongest intensity, in dicating that this variable 1s
the most important for predicting the AC Master Curve
“Delta (6)”. Moving towards

“Dmr08”, the color intensity starts fading away, indicating a



Type of random forest: classification
Number of trees: 450
Mo. of wariables tried at each split: 4

00B estimate of error rate: 2.28%
Confusion matrix:

0.5 1 class.error
0.5 174782 47291 0.02396229
1 3882 173275 0.02166815

Figure 67: Training Data Confusion Matrix and OOB Estimate for “Delta (§) ”

Confusion Matrix and statistics

Reference
Prediction 0.5 1
0.5 94282 1926
1 2207 94479

Accuracy : 0.9786
93% CI : (0.9779, 0.9792)
No Information rate : 0.5002
P-value [Acc > NIR] : < 2.2e-16

kappa : 0.95371

Mcnemar's Test P-value : 1.328e-05
sensitivity : 0.9771
specificity : 0.9800

Pos Pred value 0. 9800

Meg Pred value 0.977

Prevalence 0. 5002

Detection Rate 0.4888

Detection Prevalence 0.4988

Balanced Accuracy 0.9786
"Positive” Class 0.5

Figure 68: Testing Data Confusion Matrix and Statistics for “Delta () ”

7.1.4 AC Master Curve Sigmoidal Coefficient “Gamma (y)”

The predictor variables that built up the optimal model for “Gamma (y)” are:
"DPeak_D.0", "DminL_D.36", "DminL_D.48", "DminL_D.60", "DminL_D.72", "DminL_D.84",
"DminL_D.96","DminL_D.120","TDminL_D.48","TDminL_D.60","TDminL_D.72",
"TDminL_D.108", "VPeak _D.0", "TVPeak_D.0", "RoC", "SCI", "Dp08","Dp812", "Dp1218",
"VMDO08", "VPD08", "VP08", "T25L08", "T50L08", "D25_08"
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As per the graphs observed in Figure 69, the predictor variables that showed the highest
importance based on the MDA and MDG measures are "TVPeak _D.0" and "VVPDO08" respectively,
with values of 182 for MDA and 12,082 for MDG.

MeanDecreaseAccuracy

Figure 69: MDA and MDG Plots for “Gamma (y)”
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VP08 According to the total score calculated for each predictor
VVPDO08

VMDO8 variable, the color for the predictor variable “VP08” showed
TVPeak _D.0 the strongest intensity, indicating that this variable is the
82?38 most important for predicting the AC Master Curve
Dp08 Sigmoidal Coefficient “Gamma (y)”. Moving towards
;gé “DminL_D.36”, the color intensity starts fading away,
VPeak D.0 indicating a decrease in the corresponding variable
Dp1218 .

DminL. D.84 importance.

DminL_D.120

DminL_D.96

T25L08

DminL_D.60

DPeak_D.0

DminL_D.72

T50L08

TDminL_D.60

TDminL_D.108

DminL_D.48

TDminL_D.72

TDminL_D.48

DminL_D.36

Figure 70: Importance of each Predictor Variable for Predicting “Gamma (y)” based on MDA and MDG Total Score

Type of random forest: classification
Number of trees: 500
No. of wvariables tried at each split: 5

00B estimate of error rate: 2.17%
Confusion matrix:

-0.51 -0.46 class.error
-0.51 174949 3953 0.02209590
-0.46 3806 175522 0.02122368

Figure 71: Training Data Confusion Matrix and OOB Estimate for “Gamma (y)”
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Confusion Matrix and statistics

Reference
Prediction -0.51 -0.46
-0.51 94492 1981
-0.46 2168 94253

ACCuracy :

95% CI

No Information Rate :

P-value [Acc > NIR]

Kappa :
Mcnemar's Test P-value :

sensitivity :
specificity :

Ppos Pred value :

Meg Pred value :
Prevalence :

Detection Rate :
Detection Prevalence :
Balanced Accuracy :

"Positive’ Class

0.

9785

{0.9778, 0.9791)

0.
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[y o o s s N

5011
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Figure 72: Testing Data Confusion Matrix and Statistics for “Gamma (y)”

7.2 Seed Variables for the Portland Cement Concrete (PCC) Layer

7.2.1 Modulus of Elasticity (E;)

The predictor variables that built up the optimal model for “E;” are:

"RoC", "SCI", "BDI", "BCI", "AUPP", "AL1", "SD", "h1", "T75L_D.18"
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As per the graphs shown in Figure 73, the predictor variables that showed the highest

importance based on the MDA and MDG measures are "T75L_D.18" and "RoC" respectively,

with values of 203 for MDA and 66,621 for MDG.
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Figure 73: MDA and MDG Plots for “E;”
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According to the total score calculated for each predictor

variable, the color for the predictor variable “RoC” showed the

strongest intensity, indicating that this variable is the most

important for predicting the modulus of elasticity “E;” of the

PCC layer. Moving towards “BCI”, the color intensity starts

fading away, indicating a decrease in the corresponding

variable importance (Figure 74).

Figure 74: Importance of each Predictor Variable for Predicting “E; ” based on MDA and MDG Total Score
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Type of random forest: classification
Number of trees: 300
No. of variables tried at each split: 3

00B estimate of error rate: 0%
Confusion matrix:
2000 4000 6000 class.error

2000 E95306 0 0 0.000000e+00
4000 0 89593 4 4.464435e-03
6000 0 4 89565 4.465831e-05

Figure 75: Training Data Confusion Matrix and OOB Estimate for “E; ”

Confusion Matrix and statistics

Reference
Prediction 2000 4000 &000
2000 48429 0 0
4000 0 48304 3
6000 ] 2 47933

overall Statistics
Accuracy @ 1
93% €I : (0.9999, 1)
No Information Rate : 0.3348
P-value [AcC = NIR] : < 2.2e-16
Kappa : 0.9999
Mcnemar's Test P-value : NA

statistics by Class:

Class: 2000 Class: 4000 Class: &000

Sensitivity 1. 0000 1. Q000 0. 9999
specificity 1. 0000 1. Q000 1. 0000
Pos Pred value 1. 0000 0. 9999 1. 0000
Meg Pred value 1.0000 1. 0000 1. 0000
Prevalence 0. 3348 0.3339 0.3313
Detection Rate 0.3348 0.3339 0.3313
Detection Prevalence 0.3348 0.3339 0.3313
Balanced Accuracy 1.0000 1. 0000 1. 0000

Figure 76: Testing Data Confusion Matrix and Statistics for “E; ”

7.2.2 Rayleigh Damping Parameters (&gpcc)

The predictor variables that built up the optimal model for “agpcc” are:
"DPeak_D.0", "DPeak D.18", "DPeak_D.36", "RoC", "AL4","Qr", "SCI", "AL1", "f1", "S",
"AREA", "D8 2550","D12_2550", "D24 2550"
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Figure 77: MDA and MDG Plots for “agpcc”
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The predictor variable "D24 2550" showed the highest importance for both, MDA and
MDG measures with values of 486 and 18,350, respectively.

B D24 2550
AL4
Qr
RoC
S
ALl
fl
AREA
SCI
DPeak_D.0
D8 2550
D12 2550
DPeak D.18
DPeak D.36

Based on the total score calculated for each predictor variable,
the color for the predictor variable “D24_ 2550 showed the
strongest intensity, indicating that this variable is the most
important for predicting the Rayleigh Damping Parameter
(agpcc) of the PCC layer. Moving towards “DPeak_D.36”,
the color intensity starts fading away, indicating a decrease in

the corresponding variable importance (Figure 78).

Figure 78: Importance of each Predictor Variable for Predicting “agpcc”’ based on MDA and MDG Total Score
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' Type of random forest: classification
Number of trees: 300
Mo. of variables tried at each split: 3

00B estimate of error rate: 41.26%
Confusion matrix:
0 10 20 class.error
0 51817 25001 12847 0.4221045
10 18981 50497 19980 0.4355228
20 13648 20398 55303 0.3801941

Figure 79: Training Data Confusion Matrix and OOB Estimate for “agzpcc”

Confusion Matrix and Statistics
reference
Prediction 0 10 20
0 27752 10348 7329
10 13549 27296 11101
20 8815 10679 29802
overall statistics
accuracy : 0. 53865
95% CTI : (0.584, 0.589)
Mo Information Rate : 0.334
P-value [Acc = WNIR] : < 2.2e-16
Kappa : 0.3797
Mcnemar's Test P-value : < 2.2e-16

statistics by Class:

Class: O Class: 10 Class: 20

Sensitivity 0.5768 0.5649 0.6179
Specificity 0. 8169 0.7442 0. 8186
Pos Pred value 0.6109 0.5255 0.6301
Neg Pred value 0.7948 0.7732 0. 8107
Prevalence 0.3326 0.3340 0.3334
Detection Rate 0.1918 0.1887 Q. 2060
Detection Prevalence 0. 3140 0.3591 0.3269
Balanced Accuracy 0. 6968 0.6545 0.7182

Figure 80:Testing Data Confusion Matrix and Statistics for “agpcc”
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7.2.3 Rayleigh Damping Parameters (Brpcc)

The predictor variables that built up the optimal model for “Bgrpcc” are:

"T25L_D.0", "T25L_D.48", "RoC","Dp08","Dp6072","Dp8496",

"Tp08","Tp812","Tp1218"

"Dp96108", "Dpl108120",

For the MDA and MDG measures, "T25L_D.0" predictor variable showed the highest

importance with a value of 199 and 53,747, respectively.
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Figure 81: MDA and MDG Plots for “Bgpcc”
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Based on the total score calculated for each predictor variable,
the color for the predictor variable “T25L_D.0” showed the
strongest intensity. Moving towards “Tpl218”, the color
intensity starts fading away, indicating a decrease in the
corresponding variable importance (Figure 82).

Figure 82: Importance of each Predictor Variable for Predicting “Brpcc ” based on MDA and MDG Total Score

Type of random forest: classification

Number of trees: 200

No. of wvariables tried at each split: 3

00B estimate of

Confusion matrix:

error rate: 0%

0.002 0.004 0.006 class.error

0.002 B9528 0 0 0.00000e+00
0. 004 0 59636 6 6.68956e-05
0.006 Q 0 89452 0.00000e+00

Figure 83: Training Data Confusion Matrix and OOB Estimate for “Bgpcc”
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Confusion Matrix and statistics
Reference
Prediction 0.002 0.004 0.006
0.002 48253 0 0
0. 004 0 48087 0
0. 006 ] 2 48329
overall Statistics
Accuracy @ 1
93% I @ (1, 1)
No Information Rate : 0.3341
P-value [aAacc = NIR] : = 2.Z2e-16
Kappa : 1
Mchemar's Test P-value : NA
statistics by Class:

Class: 0.002 Class: 0.004 Class: 0.006

sensitivity 1. 0000 1. Q00 1. 0000
specificity 1. 0000 1. 0000 1. 0000
Pos Pred value 1. 0000 1. 0000 1. 0000
Neg Pred value 1.0000 1. 0000 1.0000
Prevalence 0.3335 0.3324 0.3341
Detection Rate 0.3335 0.3324 0.3341
Detection Prevalence 0.3335 0.3324 0.3341
Balanced Accuracy 1.0000 1. 0000 1.0000

Figure 84: Testing Data Confusion Matrix and Statistics for “Brpcc”

7.3 Seed Variables for Unbound Layers
7.3.1 Base Layer Modulus of Elasticity (E,)

The predictor variables that built up the optimal model for “E,” are:
"DPeak_D.8", "DminL_D.120", "DminL_D.108", "TPeak_D.8", "TPeak_D.12",
"TDminL_D.120", "h2", "BDI", "BCI", "RoC", "SCI", "AL1", "Tp08", "T25R1218"
"T25L.108120", "T50L08", "T50L1218", "T50L1824", "T50L2436", "T75L08", "Dml7284",
"Dmli108120", "TmI108120", "D25_1218"
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As per the MDA and MDG plots (Figure 85), the predictor variables that showed the
highest importance for the MDA measure is "h2" with a value of 169 while that for the MDG
measures is "D25 1218" with a value of 30,345.
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Figure 85: MDA and MDG Plots for “E,”
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h2 Based the total score calculated for each predictor
D25 1218
BClI

BDI showed the strongest intensity, indicating that this
T50L1824
SCI

T501218 modulus of elasticity “E,” of the base layer. Moving

;zgak_DB towards “Tp08~”, the color intensity starts fading

variable, the color for the predictor variable “hy”

variable is the most important for predicting the

TPeak D.12 away, indicating a decrease in the corresponding
T50L2436
ALl
T25R1218
TDminL_D.120
Dmi108120
DminL_D.120
T50L08
T25L.108120
DminL_D.108
Tml108120
DPeak D.8
T75L08
Dml7284
Tp08

variable importance (Figure 86).

Figure 86: Importance of each Predictor Variable for Predicting “E, ” based on MDA and MDG Total Score

Type of random forest: classification
Number of trees: 400
No. of wvariables tried at each split: 4

00B estimate of error rate: 0.18%
confusion matrix:

20 50 200 class.error
20 208659 311 0 0.0014882519
50 803 208320 6 0.0038684257
200 0 33 208771 0.0001580429

Figure 87: Training Data Confusion Matrix and OOB Estimate for “E,”

119



Confusion Matrix and statistics

rReference
Prediction 20 50 200
20 112391 423 0
50 128 111937 4
200 0 0 112681

overall statistics
Accuracy : 0.9984
95% €I : (0.9982, 0.9985)
No Information Rate : 0.3338
P-value [Aacc = NIR] : < 2.2e-16
Kappa : 0.9975
Mchemar's Test P-value @ NA

statistics by Class:

Class: 20 Class: 50 Class: 200

Sensitivity 0.99589 0.99462 1. 0000
specificity 0.9981 0.9994 1. 0000
Pos Pred value 0.9963 0.9988 1. G000
Neg Pred value 0.9994 0.9981 1. 0000
Prevalence 0.3333 0.3329 0.3338
Detection Rate 0.3329 0.3316 0.3338
Detection Prevalence 0.3342 0.3320 0.3338
Balanced Accuracy 0.9985 0.94978 1. 0000

Figure 88: Testing Data Confusion Matrix and Statistics for “E,”

7.3.2 Subgrade Layer Modulus of Elasticity (E3)

The predictor variables that built up the optimal model for “E;” are:
"DPeak_D.48", "DPeak_D.84", "DPeak_D.108", "DPeak_D.120", "T25L_D.120", "T50L_D.24",
"T50R_D.48", "T50R_D.108", "T50R_D.120", "T75L_D.24", "T75R_D.60", "Dur50_D.108",
"Dur75_D.36", "Dur75_D.120", "AL3", "AL4", "f2".

According to the MDA and MDG plots (Figure 89), the predictor variables that showed the
highest importance for the MDA measure is "T75L_D.24" with a value of 61 while that for the
MDG measure is "DPeak _D.84" with a value of 64,781.
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Figure 89: MDA and MDG Plots for “E5”
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Based the total score calculated for each predictor variable,
the color for the predictor variable “DPeak D.84” showed
the strongest intensity, indicating that this variable is the
most important for predicting the modulus of elasticity
“E5” of the subgrade layer. Moving towards “AL4”, the

color intensity starts fading away, indicating a decrease in
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the corresponding variable importance (Figure 90).

Figure 90: Importance of each Predictor Variable for Predicting “E; ” based on MDA and MDG Total Score
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Type of random forest: classification

Number of trees: 200
No. of wvariables tried at each split: 4

00B estimate of error rate: 0.01%
Confusion matrix:

5 15 30 class.error
5 209016 il 8 6.097003e-05
15 0 209109 43 2.055921e-04
30 0 10 208711 4.791085e-05

Figure 91: Training Data Confusion Matrix and OOB Estimate for “E5”

confusion Matrix and statistics

reference
Prediction 5 15 30
5 112455 0 0
15 1 112330 1
30 3 7112767

overall statistics
Accuracy : 1
95% CI : (0.9999, 1)
No Information Rate @ 0.3341
P-value [Acc = NIR] : < 2e-16
Kappa : 0.9999
Mcnemar's Test P-value @ 0.03673

statistics by Class:

Class: 5 Class: 15 Class: 30

sensitivity 1.0000 0.9993
Specificity 1.0000 1.0000
Pos Pred value 1.0000 1. 0000
Neg Pred value 1.0000 1.0000
Prevalence 0.3331 0.3328
Detection Rate 0.3331 0.3328
Detection Prevalence 0.3331 0.3328
Balanced Accuracy 1.0000 1. 0000

Figure 92: Testing Data Confusion Matrix and Statistics “E5”

7.3.3 Stiff Layer Modulus of Elasticity (E4)

1.
. 0000
. 9999
. 0000
L3341
. 3341
. 3341
. 0000

|l e e ) S e Y S

0000

The predictor variables that built up the optimal model for “E,” are:
"DPeak_D.0", "DPeak_D.24", "DPeak_D.72", "DPeak_D.96", "DPeak_D.108", "DPeak_D.120",
"DminR_D.36","DminR_D.48","DminR_D.60","DminR_D.72","DminR_D.84","DminR_D.96",
"DminR_D.108", "DminR_D.120", "TDminR_D.84",
"TDminR_D.120", "T25R_D.96", "T25R_D.120", "Dur25_D.48", "Dur25_D.60", "Dur25_D.96",
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"TDminR_D.96",

"TDminR_D.108",



"Dur25_D.108", "Dur25_D.120", "Dur75_D.0", "Dur75_D.120","Dur50_D.120",
"T25L108120", "T50L812", "T50L108120", "T25L_D.8", "T25L_D.12", "T25L_D.60",
"T25L_D.96", "T25L_D.120", "T75L08", "T75L812", "T75L1218", "T75L96108",
"T75L108120", "T25R1218", "T25R1824", "T25R6072", "T25R7284", "T25R8496",
"T25R96108", "T25R108120", "T50R6072", "T50R7284", "T50R8496", "T50R96108",

"T50R108120", "T75R08", "T75R6072", "T75R7284", "T75R108120", "D25 08", "D25 4860",
"D25_8496", "D0_2550", "D84_2550", "D96_2550", "D108_2550", "D120_2550"
"T75L08" showed the highest importance for the MDA measure with a value of 104 while is

"T25R108120" was the most important predictor variable for the MDG measure with a value of

20,790.
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Figure 93: MDA and MDG Plots for “E,”
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Figure 94: Importance of each Predictor Variable for Predicting “E, " based on MDA and MDG Total Score (2 Sections)

Based the total score calculated for each predictor variable, the color for the predictor variable
“T25R108120” showed the strongest intensity, indicating that this variable is the most important
for predicting the modulus of elasticity “E,” of the stiff layer. Moving towards “D0_2550", the
color intensity starts fading away, indicating a decrease in the corresponding variable importance
(Figure 94). Note that the variables are divided into 2 sections in descending order of importance
from left to right.
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' Type of random forest: classification
Number of trees: 500
No. of wvariables tried at each split: 8

00B estimate of error rate: 0.37%
Confusion matrix:
0 100 250 class.error

0 89350 8 0 8.952752e-05
100 10 267951 1145 4.291989%e-03
250 Q0 1152 267287 4.291478e-03

Figure 95: Training Data Confusion Matrix and OOB Estimate for “E,”

confusion Matrix and statistics

reference
Prediction 0 100 250
0 48417 8 0
100 2 143678 557
250 4 551 144347

overall statistics
Accuracy : 0.9967
95% CI : (0.9965%, 0.99569)
No Information rRate : 0.4293
P-vValue [AccC = WIR] : < Ze-16
Kappa : 0.9946
Mcnemar's Test P-value : 0.03425%
statistics by Class:

Class: 0 Class: 100 Class: 250

Sensitivity 0. 9999 0. 9961 0. 9962
specificity 1. 0000 0.9971 0.9971
Pos Pred value 0.9998 0. 9961 0. 9952
Neg Pred value 1.0000 0.9971 0.9971
Prevalence 0.1434 0.4273 0.4293
Detection Rate 0.1434 0.4256 0.4276
Detection Prevalence 0.1435 0.4273 0.4293
Balanced Aaccuracy 0.99299 0. 99646 0. 9966

Figure 96: Testing Data Confusion Matrix and Statistics “E, ”

7.3.4 Rayleigh Damping Parameters (ag)

The predictor variables that built up the optimal model for “ay” are:
"DPeak_D.0","DPeak_D.8", "DPeak D.12", "DPeak_D.18","DPeak D.24","DPeak D.36",
"DPeak _D.48", "DPeak _D.60", "DPeak_D.72", "DPeak_D.84", "DPeak_D.96", "DPeak_D.108",
"DPeak _D.120", "TPeak_D.0", "TPeak D.8", "TPeak D.12", "TPeak D.18", "TPeak_D.24",
"TPeak_D.36","TPeak D.48","TPeak_D.60", "TPeak D.72", "TPeak_D.84", "TPeak D.96",
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"TPeak_D.108", "DminR_D.12", "DminR_D.18", "DminR_D.24", "DminR_D.36",
"DminR_D.48","DminR_D.60", "DminR_D.72", "DminR_D.84", "DminR_D.96",
"DminR_D.108", "DminR_D.120", "TDminR_D.24", "TDminR_D.36", "TDminR_D.48",
"TDmIinR_D.60", "TDminR_D.84", "TDminR_D.72","TDminR_D.96","TDminR_D.108",
"TDminR_D.120", "T25R_D.0", "T25R_D.12", "T25R_D.18", "T25R_D.24", "T25R_D.36",
"T25R_D.48", "T25R _D.60", "T25R_D.72", "T25R D.84", "T25R _D.96", "T25R_D.108",
"T25R_D.120", "T50R_D.0","T50R_D.12","T50R_D.18","T50R_D.24", "T50R_D.36",
"T50R_D.48", "T50R_D.60", "T50R_D.72","T50R_D.84", "T50R_D.8", "T50R_D.96",
"T50R_D.108", "T50R_D.120", "T75R_D.0", "T75R _D.8","T75R_D.12", "T75R_D.18",
"T75R_D.24""T75R_D.36", "T75R_D.48", "T75R_D.60", "T75R _D.72", "T75R_D.84",
"T75R_D.%96", "T75R _D.108", "T75R_D.120","T25L_D.0","T25L D.8", "T25L_D.12",
"T25L _D.18", "T25L_D.24", "T25L D.36", "T25L D.48", "T25L_D.60", "T25L_D.72",
"T25L _D.84""T25L_D.96","T25L_D.108", "T25L D.120", *"T50L D.0", "T50L_D.8",
"T50L_D.18", "T50L_D.12", "T50L_D.24", "T50L_D.36", "T50L_D.48", "T50L_D.60",
"T50L_D.72","T50L_D.84","T50L_D.120",  "T75L_D.0", "T75L_D.8", "T75L_D.12",
"“T75L_D.18", "T75L_D.24", "T75L_D.36", "T75L_D.48", "T75L_D.60", "T75L_D.72"
"T75L_D.84", "T75L_D.108", "T75L_D.120", "Dur25_D.60", "Dur25_D.72", "Dur25_D.84",
"Dur25_D.96", "Dur25_D.108", "Dur25_D.120","Dur50_D.12","Dur50_D.18","Dur50_D.24",
"Dur50_D.36", "Dur50_D.48", "Dur50_D.60", "Dur50_D.72", "Dur50_D.84", "Dur50_D.120",
"Dur75_D.0", "Dur75_D.8", "Dur75_D.12", "Dur75_D.18", "Dur75_D.24", "Dur75_D.36",
"Dur75_D.48", "Dur75_D.60", "Dur75_D.72", "Dur75_D.84", "Dur75_D.96", "Dur75_D.108",
"Dur75_D.120", "AREA", "AL1", "AL2", "AL3", "AL4", "f1", "Qr", "f2", "RoC", "S", "Dp6072",
"Dp7284", "Dp8496", "Dp96108", "Dp108120", "Tp3648", "Tp4860", "Tp7284", "Tpl08120",
"D25 08", "D25 812", "D25 _1824","D25_108120", "D24 2550", "D84 2550", "D96 2550",
"D108_2550","D120_2550"

"Qr" showed the highest importance for the MDA measure with a value of 85 while is
"DminR_D.120" was the most important predictor variable for the MDG measure with a value of
13,128 (Figure 97).
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Figure 97: MDA and MDG Plots for “ag”
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Figure 98: Importance of each Predictor Variable for Predicting “a; ” based on MDA and MDG Total Score (4 Sections)



Based the total score calculated for each predictor variable, the color for the predictor variable
“DminR_D.120” showed the strongest intensity, indicating that this variable is the most important
for predicting the Rayleigh Damping Parameter “ay” for the unbound layer. Moving towards
“DPeak_D.36”, the color intensity starts fading away, indicating a decrease in the corresponding
variable importance (Figure 98). Note that the variables are divided into 4 sections in descending

order of importance from left to right.

Type of random forest: classification
Number of trees: 500
No. of wvariables tried at each split: 13

00B estimate of error rate: 1.55%
Confusion matrix:
0 10 20 class.error
0 206287 2254 93 0.01124936
10 2254 204285 2595 0.02318609
20 198 2341 206596 0.01214048

Figure 99: Training Data Confusion Matrix and OOB Estimate for “ay ”

Confusion Matrix and statistics

reference
Prediction 0 10 20
0 111608 1154 101
10 1216 109788 1226
20 31 1373 111027

overall statistics
Accuracy : 0.9848
95% CI : (0.9844, 0.9852)
No Information Rate : 0.3343
P-value [Acc = WNIR] : < 2.2e-16
kKappa : 0.977
Mcnemar's Test P-value : 6.776e-10

statistics by Class:

Class: 0 Class: 10 Class: 20
Sensitivity 0.9890 0.9772 0. 9882

Specificity 0.9942 0.9892 0. 9938
Fos Pred value 0.9885 0.9782 0.9875
Meg Pred value 0.9944 0.98E6 0.9941
Prevalence 0.3343 0.3328 0.3328
Detection Rate 0.3306 0.3252 0. 3289
Detection Prevalence 0.3345 0.3325 0.3331
Balanced Accuracy 0.9916 0.9832 0.9910

Figure 100:Testing Data Confusion Matrix and Statistics for “ag ”
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7.3.5 Rayleigh Damping Parameters (Sg)
The predictor variables that built up the optimal model for “fz” are:

"DPeak _D.60","DPeak_D.72", "DPeak_D.84", "DPeak D.96", "DPeak D.108", "TPeak D.0",
"TPeak_D.8", "TPeak _D.12", "TPeak D.18", "TPeak D.24", "TPeak D.36", "TPeak D.48",
"TPeak_D.60", "DminR_D.96", "DminR_D.108", "DminR_D.120", "DminL_D.96",
"DminL_D.108", "DminL_D.120", "TDminR_D.120", "T25R _D.12", "T25R_D.18",
"T25R_D.24", "T25R_D.36", "T25R_D.48", "T25R_D.60", "T25R_D.72", "T25R_D.84",
"T25R_D.96", "T25R_D.108", "T25R _D.120", "T25L_D.0", "T25L_D.8", "T25L_D.12",
"T25L_D.48", "T25L_D.60", "T25L_D.72", "T25L_D.96", "T25L_D.120","T50L_D.0",
"T50L_D.8", "T50L_D.36", "T50L_D.72", "T75L_D.0", "T75L_D.8", "T75L_D.24",
"T75L_D.36","T75L_D.48", "Dur25_D.120", "Dur50_D.12", "Dur50_D.18", "Dur75_D.12",
"Dur75_D.18", "Dur75_D.24", "Dur75_D.120", ","RoC", "BDI", "AUPP", "AL1", "f2", "Qr",
"Sb", "BI", "SCI", "BCI", "S", "AREA", "AUPP", "AL2", "AL3","T25L08", "T25L1218",
"T25L1824", "T25L2436", "T25L.3648", "T25L4860", "T25L7284", "T25L8496", "T25L96108",
"T25L108120","T50L08", "T501218", "T50L1824", "T50L2436", "T50L3648", "T50L4860",
"T50L6072", "T50L7284", "T50L8496","T50L96108", "T50L108120", "T75L08", "T75L812",
"T75L1218", "T75L1824", "T75L2436", "T75L3648", "T75L4860", "T75L6072", "T75L7284",
"T75L8496", "T75L96108", "T75L108120", "T25R108120", "T75R08", "T25R96108",
"T50R08", "T25R2436", "T50R3648", "T50R2436", "T75R2436", "T25R8496", "T75R8496",
"T25R3648", "T75R4860", "T50R1824", "T75R108120", "T75R3648", "Dp96108"," Dp108120",
"DmI96108", "DmI108120", "Tr08", "TmI108120"

"T25L.108120" showed the highest importance for the MDA measure with a value of 58 while

is "DPeak _D.108" was the most important predictor variable for the MDG measure with a value
of 14,371 (Figure 101).
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Figure 101:-MDA and MDG Plots for “Bg”
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Figure 102:Importance of each Predictor Variable for Predicting “B ” based on MDA and MDG Total Score (3 Sections)



Based the total score calculated for each predictor variable, the color for the predictor variable
“DPeak_D.108” showed the strongest intensity, indicating that this variable is the most important
for predicting “fz”. Moving towards “T75L812”, the color intensity starts fading away, indicating
a decrease in the corresponding variable importance (Figure 102). Note that the variables are

divided into 3 sections in descending order of importance from left to right.

Type of random forest: classification
Number of trees: 500
Mo. of wvariables tried at each split: 11

008 estimate of error rate: 0.19%
Confusion matrix:
0.002 0.004 0.006 class.error

0.002 208907 217 & 0.001066322
0.004 114 208082 643 0.003624802
0.006 0 214 208720 0.001024247

Figure 103: Training Data Confusion Matrix and OOB Estimate for “Bz ”

Confusion Matrix and statistics

Reference
Prediction 0.002 0.004 0.006
0.002 112218 58 0
0.004 141 112288 115
0. 006 0 304 112436

overall Statistics
Accuracy : 0.9982
05% CI : (0.998, 0.9983)
No Information Rate : 0.3337
P-value [Acc = NIR] : = 2.Z2e-16
Kappa : 0.9972
Mchemar's Test P-value : NA

statistics by Class:

Class: 0.002 Class: 0.004 class: 0.006

Sensitivity 0.9987 0. 9968 0. 9989
specificity 0.9997 0. 9988 0.99386
Pos Pred value 0.9995 0.9977 0.9973
Neg Pred value 0.9994 0.9984 0. 9995
Prevalence 0.3329 0.3337 0.3334
Detection Rate 0.3324 0.3326 0.3331
Detection Prevalence 0.3326 0.3334 0.3340
Balanced Accuracy 0.99932 0.9978 0. 9388

Figure 104:Testing Data Confusion Matrix and Statistics for “Bg”
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7.3.6 Stiff Layer Thickness measured from Surface (h3)

The predictor variables that built up the optimal model for “h;” are:

"DPeak_D.108","DPeak_D.120","TPeak_D.120","DminR_D.18","DminR_D.48",

"DminR_D.60","DminR_D.72","DminR_D.84", "DminR_D.108",

"DminR_D.120","Dur25_D.48","Dur25_D.108","Dur25_D.120","Dur50_D.120","Dp108120",
"Tp108120", "T25R3648", "T25R8496", "T25R108120", "T50R96108", "T50L108120"
According to the MDA and MDG plots (Figure 105), the predictor variables that showed the

highest importance for the MDA measure is "Dp108120" with a value of 70 while that for the
MDG measures is "T25R3648" with a value of 28,755.
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Figure 105: MDA and MDG Plots for “hs”
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B 725R3648 Based the total score calculated for each predictor variable,

Dur50_D.120 the color for the predictor variable “T25R3648” showed the
T25R108120 . . . . .

DPeak D.120 strongest intensity, indicating that this variable is the most
DminR_D.48 important for predicting the stiff layer thickness measured
T25R8496

DminR_D.120
DminR D.72 “TPeak_D.120”, the color intensity starts fading away,

from the surface “h;” of the subgrade layer. Moving towards

T50R96108 indicating a decrease in the corresponding variable
DminR_D.18
Dur25_D.120
DminR_D.84
DminR_D.108
DminR_D.60
Dur25_D.48
Dp108120

DPeak D.108
Dur25_D.108
T50L108120
Tpl108120

TPeak_D.120

importance (Figure 106).

Figure 106: Importance of each Predictor Variable for Predicting “hs” based on MDA and MDG Total Score

Type of random forest: classification
Number of trees: 200
No. of variables tried at each split: 4

00B estimate of error rate: 0.01%
Confusion matrix:
0 120 240 600 class.error

0 89304 0 0 54 £.043108e-04
120 0 179275 1 0 5.577991e-06
240 0 1 178921 7 4.471047e-05
600 21 0 3 179316 1.338240e-04

Figure 107: Training Data Confusion Matrix and OOB Estimate for “h;”
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confusion Matrix and statistics

reference
Prediction v} 120 240 600
Q 48391 0 0 15
120 0 96286 0 0
240 Q 0 96632 1
a00 32 0 1 96206
overall statistics
Accuracy : 0.9999
95% CI : (0.9998, 0.999%)
No Information Rate : 0.2863
P-value [Acc = NIR] : < 2.2e-16
Kappa : 0.9998
Mcnemar's Test P-value NA
statistics by Class:
Class: 0 Class: 120 Class:
Sensitivity 0.59993 1.0000 1
Specificity 0.5999 1.0000 1
Pos Pred value 0.9997 1. 0000 1
Neg Pred value 0.5999 1.0000 1
Prevalence 0.1434 0.2852 0
Detection Rate 0.1434 0.2852 0
Detection Prevalence 0.1434 0.2852 0
Balanced Accuracy 0.9996 1.0000 1

Figure 108: Testing Data Confusion Matrix and Statistics for “h;”
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Chapter Eight

Discussion and Conclusion

8.1 Building Neural Networks (NN) and Decision Trees (DT)

The main objective of this research project was to build a predictive model for the seed (response)
variables. Using the training dataset, two strategies were initially tested for regression: (1) Building
a Neural network (NN), (2) Building a Decision Tree. Once the model is built, its efficacy can be
assessed using the testing dataset. Specifically, the testing data will be run through the model (the
built NN or DT) to predict values for each response variable. The Root Mean Square Error (RMSE)
is then calculated as a mean to compare the actual versus the predicted values. Note that Neural
Networks were built to predict the full vector of response variables while Decision Tree models
were built individually for each response variable.

Several hardships were encountered by following these strategies. First, the data itself is large;
bringing it into the environment was consuming a lot of time. Second, building the models
consistently hits hard memory bounds that regularly crashed R-Studio. Moreover, the algorithm
erroneously used the response variables to predict the other response variables, leading therefore
to illogical results. Interestingly, even being fed the target variables as part of the predictor set, the
algorithm failed to return an RMSE value of zero. This implied that the categorical structure of the
target variables, as a result of the simulation design and some of the predictors, is posing problems
when they are treated as continuous variable inputs to the machine learning algorithms.

As previously mentioned, the biggest hardship in all of this work is that, building these models
required several iterations. Each iteration took more than 24 hours to run and generate an outcome
given no access to sufficient computing resources. For this reason, a classification model using

Random Forests was adopted instead of a regression model.

8.2 Building Random Forests

The Random Forest (RF) model is considered as a prevalent method in statistics because of its
simple applicability to both regression and classification problems. Such models show high
applicability and accuracy especially in problems with large dimensions and with correlated

predictor variables. Moreover, variable selection is essential for prediction and interpretations,
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specifically for large sets such as the ones used in this research project. The most promising
predictor variables are selected by a method based on RF that uses the (MDA) and the (MDG).
When a variable is omitted from a training dataset, the MDA provides an estimation of the loss in
the prediction or the model’s performance. Note that if two variables are relatively redundant, then
eliminating one of these variables may not result in significant improvements in the performance,
but it will make the other variable more relevant and important. As for the MDG, the GINI is
mainly a measure of the node impurities. In other words, it defines the degree of the nodes’ purity
if that variable was used to separate the data. The greatest purity indicates that each node includes
only components that belong to one class. After omitting a variable, evaluating the decrease in the
MDG values helps in realizing how crucial that variable is for accurately splitting the data.
Generally, researchers only use the Out-Of-Bag (OOB) impurity or error as a mean to estimate
and evaluate the importance of each predictor variable under study, thus considering only one of
the MDA or MDG measures. In this research paper, however, both measures are taken into
account. The two measures are mainly considered as equally significant, which means that the rule
followed when scoring the two measures is identical. A higher score is given for the variable of
higher importance. To approach this method from a simpler perspective, the MDA value obtained
for each variable is rounded up and considered as the MDA score. As for the MDG, and since the
values are generated in thousands, they are scaled by dividing the obtained value by a hundred and
rounded up, and then assigned as the MDG score. For example, when predicting the AC Master
Curve Sigmoidal Coefficient “Alpha (a)”, the MDA and MDG values for the predictor variable
"T75R_D.0" were 392.21784 and 37,373.69, respectively. Consequently, "T75R_D.0" was
awarded an MDA score of 393 and an MDG score of 374. Then the total score is determined by
summing up the aforementioned scores. The predictor variables are therefore sorted in descending
order of importance whereby the higher total score matches higher importance. Based on that, the
first fifty percent of the variables’ count are selected as the new variables to build a new RF model.
The process is repeated as the error rate keeps on decreasing. Once the error rate starts increasing,
a new set of predictor variables is tested while following the aforementioned process.
Consequently, the final set of predictor variables that build the best RF model is determined for
each seed variable. Note that the total score value of a predictor variable shall only be compared
to the total score value of the other predictor variables that build the model for one seed variable.

It is meaningless to compare the total score values between different seed variables. For this
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reason, the total score values for each seed variable are visualized by color rather by a numeric
value (Figures 58, 62, 66, 70, 74, 78, 82, 86, 90, 94, 98, 102, 106). As the color intensity decreases,
the total score corresponding to that predictor variable decreases, i.e., the importance of this
predictor variable also decreases.

The error rate is mainly computed from the overall accuracy value which is extracted from
the confusion matrix. By definition, the latter categorizes the actual values against the predictions
made. It mainly includes 2-dimentions, whereby the first dimension represents the predicted values
while the other indicates the actual values. The individual rows within the confusion matrix
represents the actual values while each column is responsible for the predictor variables. This may
also be presented in an opposite manner as it is the case in this research project. Normally in a
confusion matrix, the target class is known by the positive class while all the other classes are
referred to as the negative classes. The relationship between both, the positive class and the
negative classes, is expressed in the confusion matrix through four categories: (1) TP
(True Positive) whereby the class is classified correctly as a target class, (2) TN (True Negative)
whereby the class is classified correctly as a negative class, (3) FP (False Positive) whereby the
class is classified wrongly as a target class, (4) FN (False Negative) whereby the class is
classified wrongly as a negative class. The items placed on the diagonal of the confusion matrix
designate the correct classifications/predictions i.e., (TP) and (TN), while the off- diagonal items
designate the wrong classifications/predictions i.e., (FP) and (FN). However, in this research, the
main objective is to have correct classifications whereby the predictions match the actual values
irrespective of the class type. For this reason, the true negatives and the true positives are both
vital. Though it is important to mention that R-studio sets, by default, the first level as a positive-
class for the seed variables (response variables) that only have two levels such as the AC Master
Curve Sigmoidal Coefficients “Delta (§)” (0.5, 1) and “Gamma (y)” (-0.51, -0.46). The positive
class was therefore selected by R-Studio to be class “0.5” for “Delta (§)” and class “-0.51” for
“Gamma (y)”, (Figures 68 and 72). Additionally, the specificity, sensitivity, Positive Predictive
Values (PPV) and Negative Predictive Values (NPV) are statistical measures generated by R-
Studio. The proportion of the TNs and the TPs are expressed by the specificity and sensitivity,
respectively. The PPV (also known by precision) is the ratio of the TPs over the total predicted
results while the NPV is the ratio of the TNs over the total predicted results. The difference

between PPV and the sensitivity is that the PPV refers to the certainty degree of the TPs while the
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sensitivity refers to the certainty degree of not excluding the positives. High values for the
aforementioned statistical measures correspond to correct predictions, which is the case for all the
seed variables except for the Rayleigh Damping Parameter of the PCC layer “agpcc”. FOr seed
variables with more than 2 classes, the aforementioned statistical measures are determined by
comparing each class to the other classes. For each case, the Kappa statistic and the overall
accuracy are computed. Note that the latter is mainly calculated while considering a 95%
confidence and a 1-sided test to check whether the overall accuracy exceeds the No Information
Rate (NIR). By definition, the class with the highest percentage in the testing dataset is deemed to
represent the NIR. The significance of the RF models created for each seed variable was confirmed
as the overall accuracy was found to be greater than the No Information Rate. This is also validated
by the small P-values generated for the models built. Additionally, the Kappa (Cohen's k-
coefficient) determines the agreement degree between the variables. The values normally range
between -1 < Kappa value < 1 whereby a value of 0 indicates no agreement while a value of 1
indicates a full agreement. However, a negative value indicates an agreement that is deemed worse
than the random. The Kappa values generated by the RF models built showed values closer or
equal to 1 for all the seed variables except for “agpcc”. Thus, indicating a good agreement between
the variables. Lastly, the McNemar’s Test P-value is computed to compare the classifiers’
performance from the testing dataset. The McNemar test generated NA values for the following
seed variables alpha (), Beta_prime (8'), E; , E5 , Brpcc »» Br @nd hs .

As previously mentioned, the dataset was divided into testing and training sets. Several
practices have been considered for data-preprocessing. Once the data is relatively fully-
preprocessed, the analysis can be initiated. Yet, if the entire dataset is used to run the model and is
reused to evaluate the results, a rather too optimistic outcome is most likely generated. Therefore,
it is essential to divide the dataset into a training set that can be used to build the model and a
testing set to test and evaluate the results. The most common division was applied in this research
project which considers a training dataset that constitute around two-thirds of the data (~65%) and
a testing dataset that contains around one-thirds of the data (~35%). The number of observations
differed between the seed variables that belong to the AC layer in the flexible pavements, the PCC
layer in the rigid pavements and in the unbound layers underlying both AC and PCC layers.
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Table 27: Number of Observations for AC Layer in Flexible Pavements

Number of observations for AC Layer

Entire Dataset 551,124
Training Dataset 358,230
Testing Dataset 192,894

Table 28: Number of Observations for PCC Layer in Rigid Pavements

Number of observations for PPC Layer

Entire Dataset 413,343
Training Dataset 268,672
Testing Dataset 114,671

Table 29:Number of Observations for Unbound Layer Underlying AC and PCC Layers

Number of observations for Unbound Layers
Entire Dataset 964,467
Training Dataset 626,903
Testing Dataset 337,564

For the random forest algorithm, the “randomForest” package is used in R-studio to initiate
the running process. To build a random forest model, several parameters shall be initially defined

29 [13 2 13

including the “target variable”, “ntree”, “mtry”, and the “importance”. In this case, the target
variable are the seed variables: alpha («), Beta_prime (8'), Delta (6), Gamma (y), E; , E, , E5 ,
E,, @rpce » Brrce » Qg » Br and hs . Each variable was tested individually using its corresponding
testing dataset and therefore, a total of 13 RF models were created. The “ntree” parameter identifies
the number of trees required to build the model. As the number of trees increases, the
computational or the building time increases. For this reason, the “ntree” value that tend to
minimize the OOB error rate was chosen. For example, 450 trees were selected to build the random
forest model for the AC master curve sigmoidal function coefficient “Delta (6)”. Choosing a lower
count than 450 trees will increase the error (Figure 109). However, a model with a higher count
will generate the same result as the model with 450 trees but with a longer computational time.

Therefore, 450 trees build the optimal random forest model for the seed variable “Delta (§)”. On
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the other hand, 200 trees were enough to build an optimal RF model to predict the modulus of
elasticity of the subgrade layer “E5;” (Figure 110). The same logic was followed to select the
optimal number of trees to build the Random Forest models for each seed variable (Table 4 in
discussion doc.).
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Figure 109: Variation of OOB-Estimate of Error Rate versus Number of Trees for rf_Delta Model
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Figure 110: Variation of OOB-Estimate of Error Rate versus Number of Trees for rf_E5; Model
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The “mtry” defines the number of variables used to construct each tree within the model. Such
variables are randomly selected by the algorithm. Yet, the default value was considered in this case
which is the square root of the number of the variables. Lastly, the “importance” parameter allows
the algorithm to compute the variable importance when set as “True”. An example from R-studio
1s shown 1n the Figure 111 below for building an RF Model for seed variable “Delta (§)” denoted
by rf Delta. The same logic was also followed to build the random forest models for the remaining

seed variables.

Tibrary(randomForest)

rf_pelta<-randomForest(Delta ~ ., train_data_tree_Delta, ntree=450, importance = TRUE )

Importing the “randomForest” Package in R-Studio

Figure 111: A Sample Code from R-Studio used to Build an RF-Model for “Delta (3)”

Table 30: The Parameters Defined to Build an RF Model for each Seed Variable

Seed Variable Ntree Mtry Importance
Alpha (a) 300 Default Value True
Beta prime (8") 450 Default Value True
Delta (§) 450 Default Value True
Gamma (y) 500 Default Value True
E; 300 Default Value True
QArpce 500 Default Value True
Brecc 500 Default Value True
E, 400 Default Value True
E3 200 Default Value True
E, 500 Default Value True
ag 500 Default Value True
Br 500 Default Value True
ha 200 Default Value True

A confusion matrix is a prevalent method for summarizing the findings when dealing with a
large count of predictions. For each seed variable, a confusion matrix was generated for each of
the testing and training datasets to summarize the results of the RF models built. As shown in
Figures (59, 63, 67, 71, 75,79 ,83, 87, 91, 95, 99, 103, 107), the number of trees, the number of
variables tested at each split and the OOB error rate are listed when calling the RF model. The
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OOB error is a valuable measure used to differentiate between the different RF classifiers. It is
computed through counting, however, several observations found in the training datasets are
misclassified. For example, the off-diagonal items in Figure 67 for the seed variable “Delta (6)”
showed values of 4,291 and 3,882 for a total of 8,173 wrong classifications in the training dataset.
Dividing the number of wrong classifications (8,173) by the number of observations in the training
dataset (358,231; Table 27), the OOB estimate of error rate is obtained (2.28%) as shown in Figure
67. Therefore, the accuracy of the training dataset is 97.72% (100% - 2.28%) which is slightly
lower than the overall accuracy which is 97.86% (Figure 68).

Moving toward the testing data confusion matrix. As previously mentioned, the main
objective of a confusion matrix is to provide the comparison between the predictions done from
the built model with known outcomes A two-class confusion matrix, that demonstrates the
distribution of the predicted and the actual values of the testing dataset, is observed in Figure 68.
An example on how to read a confusion matrix in Figure 68 is discussed afterwards.

> 94,282 items are correctly predicted as class “0.5”, thus the predictions match the
actual values
> 94,479 items are correctly predicted as class “1”, thus the predictions match the actual
values
» 2,207 items are wrongly predicted as class “1”. This indicate that the actual values
belong to class “0.5” but they are wrongly predicted as class “1”.
» 1,926 items are wrongly predicted as class “0.5”. This indicate that the actual values
belong to class “1” but they are wrongly predicted as class “0.5”.
In other words, the RF model predicted 0.5 as 0.5, 94,282 times, 0.5 as 1, 2,207 times, 1 as 1,
94,479 times as 1 as 0.5, 1,926 times. From these results, one can conclude that a total of 188,761
predictions matched the actual values from the testing dataset that constitute 192,894 observations
(Table 27). Thereby, the ratio of the correct predictions over the number of observations gives the
overall accuracy of 97.86% (Figure 68). Similarly, a 3-class confusion matrix is observed for the
RF-model built to predict the PCC Rayleigh Damping Parameter “Brpcc” (Figure 84). As shown,
the off-diagonal items are found to be zero signifying that the predictions match the actual values.
This therefore explains the 100% overall accuracy for this RF model.
Normally, a certain threshold should be set to define an acceptable error rate. However, in

the case of this research project, all the available predictor variables (a total of 569 variables) were
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tested to achieve the highest possible accuracy for each seed variable. Note that the latter differ
from one seed variable to another. The set that generates the lowest OOB-error rate and the highest
overall accuracy while meeting the proper characteristics of the aforementioned statistical
measures was selected. This was mainly achieved by testing several trials; each trial includes a
different set of predictor variables. Consequently, the chosen set (in Chapter 7: Results) is essential
to build the best RF model for its corresponding seed variable. Omitting any variable will lead to
an increase in the OOB-error rate and a decrease in the overall accuracy.

The OOB-Estimate of error rate and the overall accuracy values obtained dictate that the
predictor variables selected to build the RF models are properly trained and generate accurate
predictions. This was the case for all the seed variables under study except for the for the Rayleigh
Damping Parameter of the PCC layer “agpcc” whereby an accuracy of 58.65% was observed.
Such results, however, are logical. To visualize the effect of “agpcc” on the deflection, the
combinations that only show a variation in the “azpc.” variable were selected (Table 31). Their
corresponding deflections generated by Pulse_FE are plotted accordingly at different offsets from
the applied load (Figure 114).

Table 31: Rigid Pavement Combinations with Varying “agpcc”

FWD
Combination | h, h, E, E, | Eg QArpcc Brrce ag Br Pulse
Duration
R000001 9 6 |2000| 20 5 0 0.002 0 [0.002 20
R000082 9 6 |2000| 20 5 10 0.002 0 [0.002 20
R000163 9 6 [2000| 20 5 20 0.002 0 [0.002 20
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Figure 113: Deflection Plots for three Combinations
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At each offset, the deflections showed minimal variations for the three different
combinations/experiments. Moreover, the density plot displayed that the distribution of the
deflection values formed a cluster at values equal or close to zero. Therefore, one can conclude
that the Rayleigh Damping Parameter of the PCC layer “agpcc” has slight effect on the deflection
and consequently on the velocity. Such behavior can be correlated to the low accuracy obtained.
This also explains the fact why the “agzpcc” variable is sometimes kept as zero. The latter may
also be applied to the Rayleigh Damping Parameter of the unbound layers “ay”. Unlike other seed
variables, “ay” recorded the highest count of predictor variables needed to achieve an accuracy of

98.48%.

8.3 Validation

For validation purposes, the performance of the random forest models was further tested using
new synthetic data of known target values and with real-life deflection data.
8.3.1 Original Combinations

Initially, deflection files were randomly selected from the original combinations and the
predictions matched the original values for flexible and rigid pavement structures.

1. Flexible Pavement, h,= 3 inches, h,= 6 inches, FWD Pulse Duration = 20 msec. haversine.

Table 32: Prediction Vs. Original for Combination 1 — Flexible Pavement

Comb1 | Delta(s) | Alpha (a) Bet"(‘z),?)”me Gamma(y) | E2 | E3 | ax | B
Original 05 3 2.11013 046 | 20| 5 | 0 | 0002
Predicted 0.5 3 2.11013 046 | 20| 5 | 0 | 0002
Time to 2.3

edict ey | 24 3.1 0.1 2 S oo | s | a2

2. Flexible Pavement, h,= 3 inches, h,= 12 inches, FWD Pulse Duration = 40 msec. haversine.

Table 33: Prediction Vs. Original for Combination 10,200 — Flexible Pavement

Comb10200 | Delta (5) | Alpha (a) Bet"z‘ﬁ‘,’)”me Gamma(y) | E2 | E3 | ar | Ba
Original 05 3 0.663709 -0.51 200 | 30 | 20 | 0.002
Predicted 05 3 0.663709 -0.51 200 | 30 | 20 | 0.002
Time to 1.42 45 0.1 1.86 148 | 001 | 3.19 | 256

predict (sec)
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3. Flexible Pavement, h,= 6 inches, h,= 12 inches, FWD Pulse Duration = 30 msec. haversine
Table 34: Prediction Vs. Original for Combination 36,619 — Flexible Pavement

Comb 36,619 | Delta (5) | Alpha (@) | SC%-PTMe | cammay) | E2 | E3 | ap | Be

BH
Original 05 31 -2.11013 -0.46 200 | 5 0 | 0.006
Predicted 05 31 -2.11013 -0.46 200 | 5 0 | 0.006
Time to 1.42 2.91 0.1 1.86 148 | 001 | 21 | 1.9

predict (sec)

4. Rigid Pavement, h;= 9 inches, h,= 6 inches, FWD Pulse Duration = 20 msec. haversine
Table 35:Prediction Vs. Original for Combination 1 — Rigid Pavement

Comb 1 El E2 E3 Qrpcc Brpcc ag Br
Original | 2000 | 20 5 0 0.002 0 0.002
Predicted | 2000 | 200 5 10 0.002 0 0.002

pr;jirgte(ts%c) 2 1.2 0.01 2 2.31 4.1 3

5. Rigid Pavement, h,= 21 inches, h,= 36 inches, FWD Pulse Duration = 40 msec. haversine
Table 36: Prediction Vs. Original for Combination 413,343 — Rigid Pavement

C0mb413343 El E2 E3 E4 ARrpcc BRPCC 24 BR h3
Original 6000 | 200 30 250 20 0.006 20 0.006 600
Predicted 6000 | 200 30 250 20 0.006 20 0.006 600
Time to 2 |12 ] o001 | 21 2.3 1.9 3.1 2 1.2
predict (sec)

8.3.2 Synthetic Data_2

A new pavement structure was tested using synthetic data that contains deflections up to offset 72-
inches. However, the models were built while considering predictor variables that correspond to
offsets beyond offset 72- inches. For the models to work, such predictors must be assigned a certain

value. Consequently, 4 methods were tested by assigning the predictor variables that correspond
to offsets 84-inches through 120-inches as such:

1. Predictor Variables assigned equal to zero (File A10_0)
2. Predictor Variables assigned equal to those at offset 72-inches (File A10_72)
3. Regenerate deflections at offsets 84-inches through 120-inches using Pulse_FE and extract

their corresponding parameters (A10_120)
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4. Re-build new RF Models that exclude the predictor variables at offsets 84-inches through
120-inches (A10)
Method 4 was tested because in real-life, sensors do not exist beyond offset 72-inches. Therefore,
by comparing the predictions obtained from this method to the prediction where all sensors up to
120-inches are included, one can determine if there is any benefit of using additional sensors
beyond the 72-inch offset.

As previously mentioned, excluding any predictor variables from the chosen set will cause a
slight decrease in the model’s accuracy. The predictions, on the other hand, might or might not be
affected depending on how important that specific variable is in predicting. As shown below, the
accuracy experienced a slight decrease, yet it remained high.

Table 37: New Accuracy Vs. Original Accuracy

Seed Variable Original Accuracy (%) New Accuracy (%)
Delta (8) 97.86 97.84
Alpha (@) 97.38 97.32

Beta_prime (8') 98.14 98.12
Gamma (y) 97.85 97.65
E2 99.84 99.73

E3 100 99.96

ag 98.48 98.07

Br 99.82 99.63

Brpce 100 99.99

h3 99.99 96.16

E4 99.67 97.9

Table 38: Number of Predictor Variables Corresponding to Offsets 84 through 120-inches in the Optimal Model

Seed Variable Number_of Var!ables gt Offset Tot_al Nur_nber o_f Predictor
beyond 72-inches in Optimal Model | Variables in Optimal Model
Delta (6) 2 20
Alpha (a) 1 12
Beta prime (8') 4 19
Gamma (y) 4 25
E2 6 24
E3 8 17
ag 54 175
Br 40 124
Brecc 3 11
h3 15 21
E4 39 65
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The predictions matched the target values for all the seed variables except for “E2”, “E3” and “ay”
(Table 38). This behavior is related to the fact that around 50% of the predictors used to build their
models correspond to predictors at offsets 84 through 120- inches (Table 38); which are mainly
experiencing variation from method to method. Note that “E1” and “agzpcc” do not include

predictor variables that correspond to offset beyond the 72-inches.
Table 39: Predictions Vs. Target Values for the 4 Methods

Seed Variable Target Al10 0 Al10 72 Al10 120 Al10
Delta (6) 1 1 1 1 1
Alpha (@) 2.6 2.6 2.6 2.6 2.6

Beta_prime (8') -0.7 -0.7 -0.7 -0.7 -0.7
Gamma (y) -0.51 -0.51 -0.51 -0.51 -0.51
E2 50 20 20 50 50
E3 5 30 5 5 5
ag 10 20 0 10 10
Br 0.006 0.006 0.006 0.006 0.006

The predictions showed that choosing arbitrary values from the predictors at offsets beyond 72-
inches will not match the target values (Methods 1 and 2). However, selecting relevant values
(Method 3) or excluding those specific predictors (Method 4) will result in correct predictions that
match the target values. This proves that the models perform properly based on how they are
trained. The deflections in the FE generated A10 file were further tested by including random
errors up to 5, 10 and 25% and reported in A15, A20, and A35, respectively. The models that
excluded the predictor variables beyond offset 72-inches were used to perform the predictions. For
the A35 file, the predictions matched the target values of all the seed variables except for
“Gamma (y)”. The same applies for files A15 and A20 except for the predictions of “Delta (§)”,

and “Alpha (a)” where the predictions did not match the target values.
Table 40: Predictions for A10, A15, A20 & A35 Vs. Target Values

Seed Variable Target Al0 Al5 A20 A35
Delta (6) 1 1 0.5 0.5 1
Alpha (@) 2.6 2.6 3.2 3 2.6
Beta_prime (8") -0.7 -0.7 -0.7 -0.7 -0.7
Gamma (y) -0.51 -0.51 -0.51 -0.46 -0.46
E2 50 50 50 50 50
E3 5 5 5 5 5
ag 10 10 10 10 10
Br 0.006 0.006 0.006 0.006 0.006
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8.3.3 Synthetic Data_3 at 3 Different Temperatures (68,104 and 392°F)

For this set of synthetic data, the target values do not belong to any of the classes or limits initially
used. The RF categorical models built will only predict values from the set included in the input
data. Hence, being limited to a specific set makes the predictions somehow far from the target
values in some cases. Consequently, the predictions made by each individual tree within the
random forest model were reported from R-Studio to calculate the average prediction. This step
was performed for the purpose of imitating a random forest Regressor while having a random
forest classifier. When compared to the classifier, the average prediction is closer to the target

values for some seed variables.
Table 41: Predictions Using Classifier & Average Vs. Target for Temp. 68 'F

Seed Variable Target Classifier Average
Delta (8) 0.6991 1 0.8133
Alpha (a) 2.7761 2.7 2.7507
Beta_prime (8") -0.72193 -0.7 -0.5778
Gamma (y) -0.5887 -0.46 -0.4813
E2 35 20 27.65
E3 7 5 5
ag 30 20 15.88
Br 0.003 0.002 0.0039
Table 42: Predictions Using Classifier & Average Vs. Target for Temp. 104°F
Seed Variable Target Classifier Average
Delta (9) 0.6991 0.5 0.634444
Alpha () 2.7761 3 3.035333
Beta_prime (8") 0.445651 0.530012 0.406001
Gamma (y) -0.5887 -0.51 -0.4949
E2 35 20 22.325
E3 7 5 5
ag 30 20 16.26
Br 0.003 0.006 0.004032
Table 43: Predictions Using Classifier & Average Vs. Target for Temp. 392°F
Seed Variable Target Classifier Average
Delta (8) 0.6991 0.5 0.716667
Alpha () 2.7761 3.1 2.879667
Beta_prime (8") -2.1746 -2.11013 -2.09678
Gamma (y) -0.5887 -0.46 -0.474
E2 35 50 40.925
E3 7 5 5
ag 30 20 15.22
Br 0.003 0.002 0.003756
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8.3.4 Synthetic Data Including Random Errors

The deflection files for the rigid and flexible pavement structures tested in section 8.3.1 are further

used while including random errors inside them. The latter was achieved by multiplying the
deflection at each offset by an error equal to (1 +

generator in Microsoft Excel was used to generate the random numbers. Therefore, the effect of

100

such random errors on the predictions can be analyzed.

For comparison purposes, the predictions were generated using RF classifier and RF regressor

(average predictions of the trees) models that:

1. Include sensors up to 72-inches

2. Include sensors beyond 72-inches

Random Number

). Note that the random number

The predictions are shown below for the Flexible and Rigid Pavement Structures.

8.3.4.1 Flexible Pavement Structure

Table 44: Predictions from RF Classifier Vs. Average Predictions for Combination 1 — Flexible Pavement

Combination 1 RF Classifier Average Predictions
Seed Variable Target 72-inches 120-inches 72-inches 120-inches
Delta (8) 0.5 1 1 0.782222 0.754444
Alpha (a) 3 2.5 2.5 2.729 2.733
Beta prime (') | -2.11013 | -2.11013 -2.11013 -1.92307 -1.91009
Gamma (y) -0.46 -0.46 -0.46 -0.477 -0.4758
E2 20 20 20 26.75 31.175
E3 5 5 5 5 5
ag 0 0 0 0.8 1.82
Br 0.002 0.002 0.002 0.002028 0.002004

Table 45: Predictions from RF Classifier Vs. Average Predictions for Combination 36,619

Combination 36,619 RF Classifier Average Predictions
Seed Variable Target 72-inches 120-inches 72-inches 120-inches
Delta (8) 0.5 1 1 0.816667 0.794444
Alpha (a) 3.1 3 3 2.841667 2.818667
Beta prime (8') | -2.11013 | -2.11013 -2.11013 -2.15816 -2.14958
Gamma (y) -0.46 -0.46 -0.46 -0.4811 -0.4824
E2 200 200 200 154.025 152.525
E3 5 5 5 5 5.04
ag 0 0 0 1.68 0.9
Br 0.006 0.006 0.006 0.00584 0.005856
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8.3.4.2 Rigid Pavement Structure

Table 46: Predictions from RF Classifier Vs. Average Predictions for Combination 1 — Rigid Pavement

Combination 1 RF Classifier Average Predictions
Seed Variable | Target 72-inches 120-inches 72-inches 120-inches
El 2000 6000 NA 4080 NA
E2 20 200 200 160.925 148.625
E3 5 5 5 10.7 9.07
Arpcc 0 20 NA 10.14 NA
Brpce 0.002 0.006 0.006 0.005656 0.005656
ag 0 20 0 14.56 8.78
Br 0.002 0.002 0.002 0.002848 0.002748

Table 47: Predictions from RF Classifier Vs. Average Predictions for Combination 413,343

Combination 413,343 RF Classifier Average Predictions
Seed Variable | Target 72-inches 120-inches 72-inches 120-inches
El 6000 2000 NA 3733.333 NA
E2 200 200 200 142.775 118.325
E3 30 5 5 8.1 15.5
E4 250 250 250 196 182.9
Arpcc 20 0 NA 3.86 NA
Brpce 0.006 0.006 0.006 0.005652 0.00562
ag 20 20 20 16.14 17.26
Br 0.006 0.002 0.004 0.002632 0.003688
h3 600 120 120 96.8 103.8

Including random errors in the deflection files has affected the predictions for the rigid
pavement more than that of the flexible pavement where some values were far from the target. Yet
the average predictions of all trees generated a value that is closer to the target. The predictions for

the flexible pavement matched the target values for all seed variables except for “Delta (§)” and

“Alpha (a)”.

8.3.5 Real-Life Data

The FWD data for a testing performed on an LTPP section was used. The section consisted of 7.1-
inch AC layer (h, = 7.1 inch) and a 12-inch unbound granular base layer (h, = 12 inch) built
over an untreated silty clayey subgrade. The section is subject to six different peak loadings, hence
a total of 6 deflection files were used. The deflections are further normalized to account for the

27 kips load that is originally used in the analysis. Note that the files included deflections measured

153




at offsets 0, 8, 12, 18, 24, 36 and 60 inches from the center. Hence, to account for deflections at
offsets 48 and 72 inches, interpolations and extrapolations were done. While using the RF classifier
and the average predictions, two strategies were followed:

1. Interpolating and extrapolating the deflections

2. Interpolating and extrapolating the FWD Parameters
The predictions of the sigmoidal coefficients are then used in the sigmoidal function to determine
the dynamic modulus “E;”.

By following the first strategy, the predictions and the “E;” values are as follows:
Table 48: RF Classifier Predictions using Strategy 1

RF Classifier
Data Set -
Delta (6) | Alpha (a) Beta_prime (8') | Gamma(y) | E2 | E3 ag Br
199406080909 0.5 2.7 -0.7 -0.46 20 5 0 0.006
199407141004 0.5 3.2 -0.7 -0.46 20 5 20 0.004
199407150812 0.5 3.2 -0.7 -0.51 20 5 10 0.004
199407151014 1 3 0.53001232 -0.51 20 5 20 0.006
199407151156 0.5 2.6 0.53001232 -0.46 20 5 0 0.006
199407151329 0.5 3 0.53001232 -0.51 20 5 0 0.006
Table 49: “E, ” Values from Sigmoidal Coefficients predicted by RF Classifier in Strategy 1
Data Set El at 17 Hz (ksi)

199406080909 403.792

199407141004 991.258

199407150812 1069.99

199407151014 374.179

199407151156 66.5877

199407151329 118.326

Table 50: Average Predictions using Strategy 1
Average Predictions
Data Set Delta (6) | Alpha () Bete(lﬁrl))rlme Gamma (y) E2 E3 ag Br

199406080909 | 0.5955556 2.815 -0.8837606 -0.4834 32.225 | 5.15 | 8.38 | 0.004552
199407141004 | 0.6988889 | 2.985667 -0.8046465 -0.4817 2855 | 5.2 | 12.24 | 0.004344
199407150812 0.67 2.970667 -0.8887981 -0.4854 29.15 | 5.15| 9.88 | 0.004252
199407151014 | 0.7944444 2.917 -0.2284067 -0.4852 29.675 | 5.15 | 13.26 | 0.00442
199407151156 | 0.7455556 | 2.821333 0.2459763 -0.4847 27.2 |5.05| 8.18 | 0.004428
199407151329 | 0.5511111 | 2.877333 0.4815562 -0.4882 26.825 | 5.05 | 8.88 | 0.004772
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Data Set El at 17 Hz (ksi)
199406080909 772.618
199407141004 1237.91
199407150812 1237.48
199407151014 665.096
199407151156 251.703
199407151329 118.955

Table 51: “E; ” Values from Sigmoidal Coefficients using Average Predictions in Strategy 1

By following the second strategy, the predictions and the “E;” values are as follows:

Table 52: RF Classifier Predictions using Strategy 2

RF Classifier
Data Set -
Delta (6) | Alpha (a) | Beta_prime (8") Gamma (y) E2 | E3 | aj Br
199406080909 0.5 2.7 -0.7 -0.46 20 5 0 0.006
199407141004 0.5 3.2 -0.7 -0.46 20 5 20 0.006
199407150812 0.5 3.2 -0.7 -0.51 20 5 10 0.004
199407151014 1 3 0.53001232 -0.51 20 5 20 0.006
199407151156 0.5 2.6 0.53001232 -0.51 20 5 0 0.006
199407151329 0.5 3 0.53001232 -0.51 20 5 0 0.006
Table 53: “E; ” Values from Sigmoidal Coefficients predicted by RF Classifier in Strategy 2
Data Set El at 17 Hz (ksi)
199406080909 403.792
199407141004 991.258
199407150812 1069.99
199407151014 374.179
199407151156 73.0021
199407151329 118.326
Table 54: Average Predictions using Strategy 2
Average Predictions
Data Set Delta (6) Alpha (a) Bete(l[—;?)“me Gamma (y) | E2 E3 ag Br
199406080909 | 0.5911111 2.837 -0.8680412 -0.4831 32 6 9.18 | 0.004688
199407141004 | 0.6955556 2.979 -0.8344 -0.4808 27.875| 6.6 11.94 | 0.004396
199407150812 | 0.6677778 2.977333 | -0.9112826 -0.4854 28.4 | 6.05 9.44 | 0.004404
199407151014 | 0.7955556 2.907 -0.2735121 -0.4851 28.4 6 13.46 | 0.004436
199407151156 | 0.7477778 2.820667 0.2485083 -0.4851 2585 | 54 7.68 | 0.004452
199407151329 | 0.5544444 2.884667 0.4650529 -0.487 24.65 | 5.35 8.76 | 0.004772
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Table 55: “E; " Values from Sigmoidal Coefficients using Average Predictions in Strategy 2

Data Set El at 17 Hz (ksi)
199406080909 784.333
199407141004 1251.57
199407150812 1275.71
199407151014 699.029
199407151156 251.956
199407151329 123.993

The RF Classifier generated the same predictions while following the two strategies, while the
average predictions showed variations.

The actual values for “E;”, “E,” and “E;” are provided in Table 56. After comparison, the
predictions for “E; ’and “E,” are relatively close to the actual values. However, the predictions for

the subgrade modulus “E3” were far from the actual values.

Table 56: Actual Values for the Moduli of Elasticity

Data Set El E2 E3
199406080909 580 39.2 13
199407141004 314 314 13.2
199407150812 338 34.5 13.4
199407151014 244 28.8 13.1
199407151156 156 29.3 12.7
199407151329 107 30.4 12.6

8.3.6 General Observations and Deductions

8.3.6.1 RF Classifier vs. Average Predictions of all Trees
Using models that include sensors up to 72-inches and beyond the 72-inches:

» When the target values belong to the classes that are used to build the RF models, the
predictions from the RF classifier match the target values.

» When the target values do not belong to the classes that are used to build the RF models,
the average predictions of the trees within the RF model are closer to the target than the
ones from the classifier.

This proves that the models are properly trained and have significant performance knowing that
they are built on the categorical level. The predictions are further improved when considering the
outcome from the individual trees. Therefore, generating more accurate predictions when

analyzing existing pavement structures.
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8.3.6.2 Predictions with Synthetic Data including Random Errors
Using models that include sensors up to 72-inches and beyond the 72-inches:
> Including random errors in the deflection files affected the predictions for the rigid
pavement more than that of the flexible pavements.
» The average predictions of all trees are sometimes closer to the target when compared to
the RF classifier.
The same behaviour was encountered when including the sensors up to and beyond the 72-inch
offset. The predictions are even better sometimes when excluding the predictor variables
corresponding to offsets 84 through 120-inches. This proves that the sensors located beyond the
72-inch offset did not add any benefit nor did it improve the prediction.
8.3.6.3 Predictions with Real-Life Data
For some seed variables, the predictions generated by the RF models generated close predictions
to the actual value. However, for the remaining seed variables, the RF models appeared to be very
sensitive and not robust, even if they have a high fit. Consequently, the seed variables shall be

further improved using other methods as they largely affect the backcalculation results.

8.4 Summary

As a brief summary, the dynamic approach was adopted in this research project to perform
the analysis on 3- to 4-layered rigid and flexible pavement structures. For flexible pavements, the
AC layer was modelled as an LVE material. However, the PCC layer and the unbound layers
underlying both pavement types were modelled as LE materials while including the damping. The
optimal mesh was determined using Gmsh for both pavement structures. Generally, three methods
exist to simulate the infinite media, yet, the far boundary method was selected due to its time
efficiency. A study was further performed to check and evaluate the impact of certain parameters
on the seed variables. Generally, the FWD parameters (also known by deflection parameters) are
mainly obtained from FWD time histories based on actual testing. In this research project, the data
was simulated (synthetized) by Pulse_FE through running thousands of combinations, simulating
the different pavement structures and various properties. The FWD parameters were then extracted
by Pulse_Analyzer and were used to calculate the FWD Indices and the Difference Variables.
Consequently, and by following a classification strategy, Random Forest models were built using
those parameters to predict the seed variables. For robust analysis, the most promising predictor

variables that significantly affect the response variables were selected. The variable selection
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process was mainly based on the Variable Importance Measures, including the MDA and the MDG
measures, that the Random Forest models offer.

Random forest models were built for each of the AC master curve sigmoidal function
coefficients: alpha («), Beta_prime (£"), Delta (6), Gamma (y), the modulus of elasticity (E;)
and the Rayleigh Damping Parameters (agpcc) and (Brpcc) Of the PCC layer, the moduli of
elasticity and the Rayleigh Damping Parameters (ay) and (Bg) of the unbound layers and lastly
for the stiff layer thickness measured from the surface (hs ). The significance of each model was
quantified and evaluated based on several statistical measures. The developed models accurately
predicted the aforementioned seed variables except for the Rayleigh Damping Parameters (agpcc)
of the PCC layer. The significance and performance of the models were further validated by using
new synthetic data as well as real-life data. Models with predictor variables corresponding to
sensors up to 72-inches are compared to predictions where all sensors up to 120-inch are included.

8.5 Conclusion

The backcalculation process is not only laborious but also holds several discrepencies associated
to the software features and to the user’s experience specifically when it comes to selecting seed
variables. The chosen algorithm and its corresponding regularization techniques dictates the
effectiveness of the analysis. For the backcalculation analysis of multi-layer rigid and flexible
pavement structures, the selected seed variables may hold significant consequences on the final
backcalculated outcomes and on the software’s performance. Additionally, the user also has a
substantial impact on the results in terms of choosing seed variables to initiate the analysis, the
number of iterations performed and the termination norms.

Previous records showed no valid solutions for estimating seed variables using the deflection
time histories for flexible and rigid pavement structures. Using Machine Learning algorithms along
with a classification analysis, this research project filled such gaps by developing prediction
models for the seed variables within each layer of the pavement structure. The developed models
accurately predicted all the seed variables except for the Rayleigh Damping Parameters (agpcc)
of the PCC layer, yet such results were expected. It is important to note that such models do not
necessitate the user’s subjective decisions and judgments. Due to their high prediction accuracy,
creating such models will facilitate the analysis process for pavement engineers while obtaining
reliable and reasonable backcalculation results. For the synthetic data, the model validation

showed that the predictions done by the RF classifier were good, and are further improved when

158



using the average of all the trees within the RF. The predictions for the real FWD data, however,
were not consistent for all the seed variables; some predictions were close while others were far.
It is important to mention that classification models force the response variables to take only
one value of a limited set of values. This implies that good predictions are obtained in the training
dataset, but bad predictions might be potentially generated in reality. Moreover, and due to the
large amount of data used, the lack of sufficient and powerful computing resources had largely
affected the work flow and rendered the statistical analysis more challenging. This had also
restricted the use of continuous or regression models. It is important to note that considering
additional sensors beyond the 72-inches offset did not improve the prediction, hence there is no
need to consider them in real life. For future work, the seed variables can be further improved by
other methods including the Newton-Raphson Method or the models can be rebuilt on the
continuous level using Neural Networks and regression analysis prior to their use in the

backcalculation analysis.
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