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Abstract

Based on the research findings of past research projects, the performance data often violated
the normality assumptions with random errors and constant variance using conventional regression
techniques. Pavement performance data is a very common example of multilevel data. Using
conventional regression techniques to analyze this type of data is inappropriate. Hierarchical linear
models (HLMs) or linear mixed-effects (LMES) models are often utilized to analyze multilevel data.
Because of the hierarchy of data structure, the exploratory analysis, statistical modeling, and
examination of model-fit of multilevel data are more complicated than those of standard multiple
regressions. Thus, it is very crucial to investigate its possible applications to the existing systematic
statistical and engineering approach for the improvements of existing pavement performance
prediction models. Furthermore, the variability of in-service Long-Term Pavement Performance
(LTPP) data was found to be extremely high, which will unfortunately increase the difficulty of the
analysis using HLMs/LMEs . Thus, this project consists of three phases to be completed within
three years to reevaluate the AASHTO Mechanistic-Empirical Pavement Design Guide (MEPDG)
and its potential domestic applications. The research approach includes continuously utilizing the
LTPP database and analyzing the original AASHO Road Test data using LMEs and modern
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regression techniques, so as to investigate the applicability of the AASHTO flexible and rigid
pavement design models and the 18-kip equivalent single axle load (ESAL) concept. The major
tasks of this year (Phase Il) include: (1) Analysis of the flexible pavement road test data using
LMEs and visual graphical methods; (2) Analysis of the rigid pavement road test data using LMEs
and visual graphical methods; (3) Analysis of the flexible pavement road test data using modern
regression techniques; (4) Analysis of the rigid pavement road test data using modern regression
techniques; and (5) Reexamination of the applicability of the 18-kip ESAL concept. The completion
of this study will, hopefully, provide a sound basis for future pavement analysis and management
activities so as to assure the best use of our limited resources.

Keywords : Pavement, Performance, Prediction, MEPDG, ESAL, LTPP, Multilevel Data,
Hierarchical Linear Models, Linear Mixed-Effects Models.
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£ BB Y N RIL A Ik AT L R R TN R TS H R PR o2
THE R - ARt 0 A2 2 FROTR G o T 0 - BE R e TN
T oaAdeaNG5) (BN - ) Bdp e 45 L oo K B & (thick, in) ~ & & 5 & (basethk, in.) ~ 2 & &
B (subasthk, in.)~ A i it i 2 R 42 i 7 & = fic(uwtappl)~ 20 7 T 350 g =k Bo(FT) % 298 ik

PSI; = By, + B, (thick) ; + 3, (basethk) , + By, (subasthk); + B, (uwtapp)) ; + B, (uwtappl)é

+ B, (FT) + two- wayinternactbn termsof thick,basethk subasthk and uwtappl (5)

+three- wayinternactbn termsof thick,basethk subasthk.and uwtappl+ R,
6.2 &/ - BA o' TWITE B H

LU THPTY K e F - BERE AT PR £RRERROTH A
B TR RBED LM R LK LR BFE(TREET BN )M A LA K
Fozo hBAEL M JER D Rk R 2 E Rk s R RS A D

6.21EH 5 5 sk ik

¥ ¢ B T % (ordinary least square, OLS) & 2 “$ Ky P 2 T o AT
TEERYAMREEHS > TATEFTRC R R RALT R 7 AR o

Bl 7 2% BuE/d fi* AR50 - rEPRLDEHRD BT OB - HE L E
[2 3 fesf § 0 (e 2oty o B/ B s w0 B i S BE/y- BE %S E
- B ey s Bl %= Eiﬁiﬁ‘&ﬂ“ﬁh%’ MRz B/y- 2R By - E'sgﬁﬁ
FEPOF o FLMHCE -l & R es B B2 0l e prie B2 G Bt B e
HEF G A HELR i I e TR HLMS/LMEs #& £ i » 7] HLMs/LMEs % 1 &
vz d B 5 % 2 (between-subjects varability) szt e

loop5/lanel ® o%
loop4/lanel T Cammx { e | ]
loopl/lanel oo aw @
loop6/lane2 o ®® > e | Jo
_ loop6/lanel < o F o | ]
|53
'-% loop3/lane2 o o o oo m[ E j
2]
loop3/lanel Jeleste :rL o | ]
loop5/lane2 oaof T e | ]
loop4/lane2 0 0 ax [ E ]
loop2/lanel o oom m%
loop2/lane2 cmp m[ E ]
T T T T T
3 2 -1 0 1
Residuals

W7 &2 4 Bl 05— 570 e £ g B
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6.2.2 FPFWock che PR ip

ERBENHG G SRS BRURTEEFTHEORS S DB R AL R R

i 1‘;“; - J4g it Z_ (general positive definite - *fp_ unstructured )#-;% ~ %t & (diagonal) 5% ~ %

W% I 44 & (block-diagonal) #io3¢ o — 4 TN E - ok KR S HE X ¥R el I

KW R R B ) R ARG RBRK T P e(sets) gk 3 2 B R

Beo RARFTRFFTHY > FPREFT LRI PFF T TS o 2 %R heL)
AT ol

ol 0, Oy o/ 0 0
Unstructured =| o,y 0; 0, Diagonal =| 0 o) 0
oy Oy O 0 0 o (6)
o/ 0 0
Block — diagonal =| 0 o, 0
0 0 o7

— R RN AR RO o) oL A M A REE R EF T gl
B A mep .il«”‘.:_jﬁ'%ﬁilfﬁ 'ﬁliﬁ?m—"— FREE - HEFI BARRET AL EE > BB
REG P OB T HERDELF o HERSE Lo, 0] ~ o AH AR
BE o~ R BRI S g R e RRFAELIFEELOEN ARRFELELY o8
ARERE T AT BB P OREE (o) ) FRIFFI S ORLIENF (F
O) ) FIAF AN 5 - S0 THNPES > 7 RRFLFELIHEEL PR T2 4
FRBAAET PR R RO R g R A L oAom o LMES syt T ¥ &
T iR At E 9hg ¥ E - Akaike Information Criterion(AIC) ~ Bayesian Information
Criterion(BIC) = fa#icie » #-5% 1= ﬁﬁtm{] B if fe{24% i [Pinherio & Bates, 2000]) - # @
F15 p-value<0.0001 ¢ 3 B ¥ A 8 > @ Z P LB S i ARV R TG R T
- RS ii Vﬁ B Bl A R - L R

21 = B R B R

j\t i =

Akaike Bayesian Log-

By gi # Information  Information  Likelihood Test L.Ratio p-value
Criterion Criterion
(1)- #r %_ 29 12910.29 13117.74 -6426.143
()%t & 21 12725.71 12875.94 -6341.856 1vs.2 168.5748 <0.0001
(3) HR%4 20 12192.28 12335.35 -6076.140 2vs.3 531.4330 <0.0001

Ao MRS TR R = R BN ¢ 7 A Ee(intercept) ~ uwtappl ~ uwtappl’2 fr FT o 4= 45 %
= K #3¢ (preliminary level-2 modle)¥ # 7+ 5
Level-2: By, = yg + Uy

:Blj =710
,B2j =7V
,st =730 (7

184‘,‘ = Va0 TUy,
Bs; =750 s,
ﬂGj =Veo +Us;

10



Mo SR S R RS e g - BB IR R A S thARLIR RS 4 2 51 (8)
MTT ’ /AF ‘5115§4 ' ‘L’E?_Av\’]:fr7 ’3" 4 LL’}'g—i\‘—jip—?ijﬁfﬁ*ﬁ—}\ °
PSI; = yo, + 11 (thick) ; + y o (basethk) ; + y 5, (subasthk) ; + y ,,(uwtappl) ; + 7, (uwtappl);
+ 760 (FT); + y1o(thick™ basethk) ; + yg, (thick™ subasthk) ; + y o, (basethk™* uwtappl),,

+ V100 (Subasthk™ uwtappl) ; + yy,, (basethk™ subasthk* uwtappl) ; (8)
+ V190 (thick™ basethk™ subasthk™ uwtappl)

+U,, +U,, (uwtappl), +Ug, (uwtapp));, + U, (FT), + R,

632K L BH

AL AEA & % 2 5 if(variance structure) = 4p B 5 f(correlation structure) 264 o 2
‘L*# S RCELEE 4 rn_;!l it Apm. J”f?- B e J2 5 ; e3p & 4 o Goldstein ~ Healy 27
Rasbash(1994)z* REBEA R E 220 AR e RRBHEE =L o Fl o AF
ﬂ_‘ L—L*vfy %g__ikmhlgﬁ-ﬁﬁ? i@ﬁﬂ?r}#wﬁjg |Z;r'-} oi«j?ﬁ‘ﬁ_A‘ ,_/t;ﬂ fﬁ?%ﬂ—;\‘m’]ﬂﬁ.
ve i3+ 2 (likelihood ratio statistic) = 6273.29 * p<<0.0001 if &7 % -k 2 > &g om & B H058 v 32 0
P A fRET AR 297m) e

302 TR B TS il R

yo50 S B #ic AIC BIC Log-Likelihood L.Ratio p-value
PR 29 12910.29 13117.74 -6426.14
P 34 12614.57 12857.79 -6273.29 305.71 <0.0001

BRI BAIP A L Dp R T AT BOTRS A LIRS S A M Sk
(empirical autocorrelatlon function) Bl iTf2§# - FIm 3 W I p 2N Ap B (autocorrelatlon)'&iﬂiv # (lag)
H‘Ji\‘a’%urﬁ i o MR s FI LT RE A 4\.1\31‘&?;1}3_}\‘}:%—}\ 1(?§fﬁ-AR(l)) W B %ﬁﬁ* BUNEES
FJLAMP R A NRR M EM TSR T AwFEa a1 (VS R AR R
)& 3K AR TSR AR AR R R R E R (PR B E 5 13210,
p<0.0001)- Fls & Fopiaficst v B e L & i T m AL PSR TiLE
i A

3B FH & R A A5t )

st e 13 #c AIC BIC Log-Likelihood L.Ratio p-value
B 34 12614.57 12857.79 -6273.29
B F AR 5 35 12484.47 12734.85 -6207.24 132.10 <0.0001
6.4 15 i 1

BEZIHMARLEERN 2L T - BARLRAREBR TP A v F S 1ot
FPR@I > P AR ARAARI o i *@ﬂ@ﬁﬂ’ﬁiﬁﬂﬁﬁx%#ﬁﬁ*
Tock o PN E o BREHT R (B EE - uwtappl ~ uwtappl? 12 2 FT) o LR T o B RES
v % (B FE S uwtappl) sPBSFS 3 ARt g0 12 2 uwtappl P 4o FT 2.3 8 B g dn % o Bk 1 (i
F122) 24 A F uwtappl® FE ek 0 B 2 (A 12 3) E % FTEE AL
Wrck > B IE R ETEFIDH TSI B X SBIDF E Wk 0 2 4 2 AR BN
L o & Morrel ~ Pearson £2 Brant (1997 ) sfuzzg > 4ok — B n A Bl ok o 8
BT NPk R Bk o R AR R RN Y 0 | uwtappl® B Sk 0 TRAR
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FE > uwtappl 12 2 FT 7= f B 5gsrc % » F]pt & B 4pE F 7 £ 58 ~ uwtappl ~ uwtappl®s? FT -
B R E O RIS - B AEREF KOS

34 Z ARk St

RS TR B %% B Log-likelihood  Test L.Ratio p-value

# §& ~ uwtappl ~ uwtappl® ~ FT 35 -6207.24
£~ uwtappl ~ FT 31 -6333.81 1vs.2 253.1457 <0.0001
# 5 ~ uwtappl ~  uwtappl? 31 -6255.73  1vs.3 96.98533  <0.0001

25 EFHIeE 2% G SRR EOEE R EFORE S T LAtk
SRR SR o B Y HEMAR R ESNSHE S 6208.89 0 ERgiRok chdk L £
§E ~ uwtappl ~ uwtappl® 1 2 FT > 8 £ x & & % 0.170 ~ 1.679 ~ 0.765 ~ 0.00722 - = #4 ph 5% £
iR E 5 04480 p A pFenSdeim @S 0126 HAM T AT 4

PSI, =2.4969+0.262%thick),; +0.05%basethk) , +0.0386(subasthk),;

-3.619 uwtapp)), +1.1524(uwtappl)§. +0.0148(FT),; —0.006Athick* basethk),, (9)
—0.008Athick* subasthk),; +0.127Xbasethk*uwtapp)),, +0.135Xsubasthk*uwtapp)),,
—0.029Xbasethk* subasthk*uwtappl) ; +0.0073thick™ basethk* subasthk*uwtappl) ;

# 5iER N AR &k 50

e
#F uwtappl uwtappl? FT A
L 0.170 1.679 0.765 0.00722 0.448
SRS
¥k Bt LR pd R t-value p-value
(Intercept) 2.4969 0.0703 9423 35.51 <0.0001
thick 0.2629 0.0122 9423 21.48 < 0.0001
basethk 0.0590 0.0066 9423 8.91 <0.0001
subasthk 0.0386 0.0041 9423 9.37 < 0.0001
uwtappl -3.6191 0.5254 9423 -6.89 < 0.0001
uwtappl”2 1.1524 0.2481 9423 4.65 < 0.0001
FT 0.0148 0.0023 9423 6.39 < 0.0001
thick*basethk -0.0062 0.0016 9423 -3.81 <0.0001
thick*subasthk -0.0082 0.0010 9423 -8.07 < 0.0001
basethk*uwtappl 0.1275 0.0172 9423 7.40 <0.0001
subasthk*uwtappl 0.1355 0.0181 9423 7.50 <0.0001
thick*basethk*uwtappl -0.0155 0.0045 9423 -3.43 0.0006
thick*subasthk*uwtappl -0.0077 0.0036 9423 -2.16 0.0307
basethk*subasthk*uwtappl -0.0291 0.0029 9423 -9.87 <0.0001
thick*basethk*subasthk*uwtappl 0.0073 0.0006 9423 11.53 <0.0001

Note. (a) Model fit: AIC=12481.77, BIC=12710.69, logLik=-6208.89. (b) Correlation structure:
AR(1); parameter estimate(s): Phi= 0.126. (c) Variance function structure: for different standard
deviations per stratum (thick= 2, 1, 3, 4, 5, 6 in.), the parameter estimates are: 1, 1.479, 0.935, 1.199,
0.982, 0.959.
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B8 5 p = iR &k 5N i BB i o RRE R S (fixed) 2 B FE R & 4R (Subject)
1E BELEER o $E '@‘Lﬂ/alﬂm—; ol K *%ﬁm/;miz o ¥ L*‘*%“'?E«PM e §F -
tho B8~ BT = IR Mfrd %*"?F«PJV'] MAGP R T ST NG B4 R L B B/
B i chT ST RIRAR L 4 4 1R B 2 ERE T SRR LA dp R 8 DA B ) o SR 8 'JF% d
NSRRIV R A N = [ M T AR M ﬂ/av—é’uﬁrav w By - B yT
-2 g ?"&%?Eﬁgii’ﬂlﬁfﬁﬁﬁiz-é‘é 4 :}ﬁ#ﬂiﬁ S AR g ) N
Bi%- 2§ %22 B/5- 2 @frs e B/% - 2 f T BRI 4 pthE mg
Eﬁ%ﬁif—:&ﬁ,jﬁ?ﬁi&é‘b 4 JfFl &5 o

|

>

o S TURRR 3
% (»’%:

- RARFFREFELRLAZFHAR T

ﬁw‘ﬁ‘i % Ai‘?ﬁiﬂﬁ:;\“ ﬁj‘f#-i£ﬁ7fiﬁ A '% '3 15.,' BT 7—“%’@, yf’r o j\ﬁﬁ*@ B% 3o
AASHO i B sdok 17 & S et vh o f o i 1 8 FEET Sy AP NEE T
&R e Efﬁfiiﬁir)ﬁrﬁ"f m%*;:ﬂ};! ,PJ’}'gr}\ o AASHTOﬁLp 2.3 r},ﬁm E3Y r}ﬁ F %t
DRI R R G e A RGN TG R i o Sl
FOR R LT A G E AT % o AT X MR- b 4 E § R 75 (LEFS) -
AR R Pﬁ%%ﬁﬁﬁf 5 18,000 A ¥ dhphE £ £ (X $hE hh= )(ESALS) e+ e
Fr Ao jIEL L R AT 0 Bt LTPP 3 E TR B2 4 5 T MBI hi 2T
PRIt AR % 17 g RET R AR PR A 2 e GRS 2 LTPP AR Y s
FEMH TR RS UIFEEE- B it ESAL LA 5V A i o

SRE LI

Y % TAFS A LTPPF L & ¢t [FHWA, 1998; 2004; Hajek & Selezeva, 2000; Simpson
etal.,1993] » & 1% % BAASHOE B i#% e 4o TR - fie & SR & HE30 & (e fF e
AT o F o FFAASHTO R (df o R4 & R 2 iR § € (ESAL)BA 2
WM UEREEIP 2 A R BT Y B *+AH%AASHOIFL4* FRBRTR &
phE § 2 F1F SESALPEL ch g BiEARY » 7 E Y R B o e a4 A I
HRphE F R TSR F BB \T/A}Jffﬁ iiwifﬁ‘fmﬁm‘i)"‘i °L+_‘f
*EREARY 6 Sog(LTPP)F R E ki 2 N5 & i o R LGRS o F AR
HAAASHO R 4p it iz e enid & > A ®i2 P PR 2439 8- e $7ESALEA PF > H
Nk g Y BEEE Ao

{~;%é%

B R R (2002) o S RHE G ABLIFTEREY o 142 P EHF IHETEE
T, % - &% =4, % 80-101 7 .

33 % > B3 (2005) o 45 S 2cip R/ 2 £ & # (- )(Development and Applications of
Pavement Performance Prediction Models, Phase 1) » # i§ 48 & > B4 € - & %5
NSC93-2211-E-032-016 > ¢/~ ¥ » A R4 tw &# = 7 =L - p o

38 % > B3R (2006) o 45 FF 2R/ 2 £ & # (< )(Development and Applications of
Pavement Performance Prediction Models, Phase Il) » # f#§ 38 2 > B4 ¢ - § %5
NSC94-2211-E-032-014 > £z~ & » A W4, T &4 ? =L p o

38 % B (2007) o 45 S 2cip R/ 2 £ & # (= )(Development and Applications of

Pavement Performance Prediction Models, Phase 1) » # f§ 38 & > R4 € 3+ & %5

NSC95-2211-E-032-061 » %z~ § o

ok
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B 4938 (2003) o ot SR Lok AN E 2 S RS TR ZF Y c AT LT
A F Y, 27, % 399-419 F -

%4038 (2004) o F R HT/ RILA E BT St B IR ORI ] R L S SR
IR E N E L2 A5 RL > R € 4 5 NSC93-2118-M-263-001 »
RIDPGFE [ o

5 R E(200) © g F AL 2 LY LA B A k0 AR 95
£6 0 o
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&1 o
¥ REE(994) 0 ST FRHFEEFIETHE AT RS2 A s F A
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RALt4EL o

% N
2 i

PG ~ 07 ~ pES # - & % (2002) - AASHTO % £ 3 s st 2 A 45 &2 sk —11 LTPP
FHE S B o %;/‘”57‘ IHPFATF AR LF R fH e Ao P LA P e Y

FEARA L -F= " L p s % 245~252 F o
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Development of Rutting Prediction Models for Flexible
Pavements Using LTPP Database

Hsiang-Wei Ker, Chihlee Institute of Technology, Taiwan
Ying-Haur Lee, Tamkang University, Taiwan
Pei-Hwa Wu, Tamkang University, Taiwan

ABSTRACT: This study strives to develop improved rutting prediction models for flexible
pavements using the Long-Term Pavement Performance (LTPP) database. The prediction
accuracy of the existing prediction models implemented in the recommended Mechanistic-
Empirical Pavement Design Guide was found to be inadequate. Exploratory data analysis
indicated that the normality assumption with random errors and constant variance using
conventional regression techniques might not be appropriate. Therefore, generalized linear
model (GLM) along with several distribution functions were adopted for the modeling process.
After considerable amount of trails, the quasi family with the same link and variance functions
from Poisson family appeared to be the best choice. To further enhance the model fits,
generalized additive model (GAM) techniques were adopted. Box-Cox power transformation
technique was utilized to estimate a proper, monotonic transformation for each variable
based on the preliminary GAM model. The LTPP pavement performance data was refitted
with these transformed predictors using GLM techniques. Consequently, the resulting
mechanistic-empirical models included several variables such as yearly KESALs, pavement
age, annual precipitation, annual temperature, critical compressive strain on top of subgrade
layer, freezing-index, and freeze-thaw cycle. The goodness of fits appeared to better agree
with the performance data although their further enhancements are possible and
recommended.

1. Introduction

Performance predictive models have been used in various pavement design, evaluation,
rehabilitation, and network management activities. Since rutting is one of the major flexible
pavement distress types primarily caused by the accumulated traffic loads. Extensive
research has been conducted to predict the occurrence of this distress type using various
empirical and mechanistic-empirical approaches. Conventional predictive models usually
correlate rutting damage to the critical compressive strain of the subgrade and the allowable
number of load repetitions. As pavement design evolves from traditional empirically based
methods toward mechanistic-empirical, the equivalent single axle load (ESAL) concept used
for traffic loads estimation is no longer adopted in the recommended Mechanistic-Empirical
Pavement Design Guide (MEPDG) (NCHRP Project 1-37A) (1, 2). The success of the new
design guide considerably depends upon the accuracy of pavement performance predictions.
Thus, this study will first investigate its goodness of fit and strive to develop improved rutting
prediction models for flexible pavements using the Long-Term Pavement Performance (LTPP)
database (http://www.datapave.com or LTPP DataPave Online) (3, 4, 5).

2. Brief review of existing mechanistic-empirical prediction models

Since rutting is primarily caused by accumulated traffic loads, various predictive models as
shown in Table 1 based on the following expressions have been proposed to estimate the
maximum allowable number of repetitions (Ng) using the critical compression strain (&) on top
of the subgrade (6-9):
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Ny =k, ()™ (1)

In which, k4, and ks are regression coefficients. Cumulative rutting damage (Dg) is then
calculated by adding the damage caused by each individual load application based on
Miner's hypothesis, where, k is the number of axle load type, n; is the number of axle
applications, and Ng is the corresponding maximum allowable number of repetitions.

k .
D, = Y~ <1.0 (2)

Table 1: Coefficients for predicting allowable load repetitions

Organization (Year) k4 ks
Al (1982) 1.365x10° | 4.477
Shell (1994) 6.15x107 4.0

Indian model (1999) | 2.56x10° | 4.533
Mn/ROAD (2003) 7.0x10" | 3.909

Starting from 1987, the LTPP program has been collecting a national pavement database in a
factorial format with wider ranges of pavement designs, materials, and climatic zones. More
than 2,400 asphalt and Portland cement concrete pavement test sections across the North
America have been monitored. Very detailed information about original construction, pavement
inventory data, materials and testing, historical traffic counts, performance data, maintenance
and rehabilitation records, and climatic information have been collected. In the NCHRP project
P-020 (10), an early sensitivity analysis study of the LTPP database was conducted and the
following models were developed for rutting prediction:

Rut Depth = N®10° 3)
in which, Rut Depth is in hiches; N is the accumulated 18-kip equivalent single axle load
(ESAL, in thousands), B = b, + byxq+ boxy + «----- + bX, and C =Cy + C1Xq + CoXg + +-o+-- + CpXp.

The regression coefficients are given in Table 2. Separate models for different climatic zones
(dry-freeze, dry-nonfreeze, wet-freeze, and wet-nonfreeze) are also available.

Table 2: Regression coefficients of the P-020 rutting model

Regression
Parameters x; Unit Coefficients

b Gi
(Intercept) — 0.151 -0.00475
Log (HMAC percent passing #4 shieve ) Weight % 0 -0.596
Log (HMAC air content) Voulme % -0.0726 0
Log (base thickness ) in. 0 0.190
Subgrade (percent passing #200 shieve) Weight % 0 0.00582
Freezing Index (FI) Degree F-Days | 8.49*10° | 0
Log (AC thickness) x Log (base thickness ) in. 0 -0.161
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In the recommended MEPDG (2), the rutting damage is determined in an incremental manner
based on more complicated Axle Load Spectra (ALS) concept. The damage is estimated for
each subseason of each sublayer. To estimate the permanent deformation (or rut depth) of
each sublayer, the plastic strain accumulated at the end of each subseason was computed.
The overall permanent deformation is briefly expressed as follows:

k . .
RD:;thI (4)

In which, RD is the rut depth (in.); Slp is total plastic strain in sublayer i; h" is the thickness of

sublayer i; and k is the number of sublayers. The process is repeated for each load level,
subseason, and month of the analysis period. Permanent deformation is only estimated for
asphalt bound and unbound layers. To estimate the permanent deformanent of asphalt layer
the following model was proposed:

&
—3.4488 1 1.5606 p\ | 0.479244
Pk, *10 M4BT L8000

o ®)

r

where, €, is the accumulated plastic strain at N load repetitions; ¢ is the resilient strain of

the asphalt material as a function of mix properties, temperature and time rate of loading; N is
the numver of load repetitions; T is temperature (degress F); k; is a function of total asphalt
layer thickness (h,, in.) and depth (in.) to correct for the confinine pressure at different
depths as follows:

k, = (C, +C, *depth) *0.328196"""
C, =-0.1039*h’, +2.4868*h,, —17.342 )
C,=0.0172*h’ —-1.7331*h_ +27.428

More detailed information is available in the literature (2). The prediction accuracy of the
proposed models implemented in the recommended MEPDG (2) will be further investigated.
To avoid undesirable misunderstanding of the new guide’s prediction algorithm due to the
complexity involved, it was decided to directly use the MEPDG software for the prediction of
rutting. The beta version of the software could be downloaded from http://www.trb.org/mepdg/
software.htm.

3. Database preparation

Initially, the DataPave 3.0 program was used to prepare a database for this study. However,
in order to obtain additional variables and the latest updates of the data, the Long-Term
Pavement Performance database retrieved from http://www.datapave.com (or LTPP
DataPave Online, Release 18.0) (4) became the main source for this study. There are 8
general pavement studies (GPS) and 9 specific pavement studies (SPS) in the LTPP program.
Of which, only asphalt concrete (AC) pavements on granular base (GPS1) and on bound base
(GPS2) was used for this study.

This database is currently implemented in an information management system (IMS) which is
a relational database structure using the Microsoft Access program. Automatic summary
reports of the pavement information may be generated from different IMS modules, tables,
and data elements. The thickness of pavement layers was obtained from the IMS Testing
module rather than the IMS Inventory module to be consistent with the results of Section
Presentation module in the DataPave 3.0 program. Several material properties were queried
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from the Inventory module. Detailed traffic counts and equivalent single axle load (ESAL)
were obtained from the Traffic module. The cumulated ESAL during the performance analysis
period was calculated by multiplying pavement age with mean yearly ESAL (or kesal) which
could be easily estimated from the database. Environmental data were retrieved from the IMS
Climate module and the associated Virtual Weather Station (VWS) link. The rutting data used
in this study was obtained from MON_T_PROF_INDEX_SECTION table in the IMS
Monitoring module. Maintenance and rehabilitation activities could effectively reduce the
distress quantities. Thus, the records in both Maintenance and Rehabilitation modules were
used to assure that this study only chose the performance data of those sections without or
before major improvements.

For the purpose of this study, a Microsoft Excel summary table containing the pavement
inventory, material and testing, traffic, climatic, and distress data was created using the
relational database features of the Access program. The Excel table was then stored as S-
Plus datasets for subsequent analysis. The summary, table, cor, plot, pairs, and coplot
functions were heavily utilized to summarize the information of interest and to provide more
reliable data for this study. To estimate the critical compressive strain (&) of the subgrade
layer, a systematic approach was utilized and implemented in a Visual Basic software
package to automatically read in the pavement inventory data from the summary table,
generate the BISAR input files, conduct the batch runs, as well as summarize the results (5).
In which, the static (or laboratory tested) elastic modulus data recorded in the IMS Testing
module and a single wheel load of 40 kN (9,000 Ibs) with a tire pressure of 0.482 MPa (70 psi)
were used for the analysis.

Furthermore, the aforementioned mechanistic-empirical models also require the dynamic
Young’s modulus of AC surface layer. LTPP program utilized the MODCOMP4 program to
(11-12) backcalculate the dynamic modulus of each pavement layer which could be retrieved
from the IMS Monitoring module. Thus, it would be interesting to compare the laboratory
tested layer moduli versus the backcalculated dynamic Young’s moduli so as to have a better
understanding of their associated variability. As shown in Figure 1, the variability of the
relationship between the dynamic and the static (or laboratory tested) moduli could not be
ignored. The average ratios of which are approximately 2.6, 2.7, 7.3, and 3.4 by eliminating
some apparent outliers for AC surface, base, subbase, and subgrade layers, respectively (5).

A data cleaning process must be conducted before any preliminary analysis or regression
analysis can be performed. With the help of graphical representation, some rutting data were
plotted against surveyed years for each section in the database with additional information
displayed. Each section was carefully examined. Two additional codes were assigned to
each section to indicate the findings of the examination, i.e., whether the rutting is reasonable
according to the distress history, or which year of data is questionable and could be deleted if
necessary.

4. Preliminary analysis of the rutting database

Univariate data analysis consists of statistical methods for describing the distribution and
spread of each individual variable. Some basic descriptive statistics regarding the data range,
its variation, and the number of missing values for each individual variable were conducted.
Univariate data analysis procedure is often used to investigate the possibility of data errors
and potential distribution problem for each variable considered in a regression analysis. A few
extreme (or unusual) data points may be identified or deleted from the analysis.

A graph is always far more perceptible than thousands of numbers. A single plot which well
describes the spread of the data was created by combining these univariate statistics with a
histogram. A correlation matrix of these variables and trimmed correlation matrices show the
variable correlations after eliminating a certain portion of influential data points or possible
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outliers such that more reliable indices of the correlations were conducted. A scatter plot
matrix can graphically represent their relationships and scatters. Applying a data smoothing
technique (lowess) on the same scatter plot matrix (13-14), the pairwise relationships
become clearer and possible data errors may also be easily identified.
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Figure 1: Comparison of layer moduli of (a) AC surface layer; (b) base layer; (c) subbase
layer; and (d) subgrade obtained from laboratory testing (x axis, MPa) and backcalculation
program (y axis, MPa)

5. Goodness of prediction of the existing models

To investigate the goodness of prediction, cumulative rutting damage (Dy) was calculated and
plotted against the actual rutting equations (1) and (2) and the coefficients given in Table 1
for Al and Shell Oil models as shown in Figure 2. In addition, the goodness of prediction
using the NCHRP P-020 model and the recommended MEPDG model was given in Figure 3.
Unfortunately, the prediction accuracy of the existing prediction models was found to be
inadequate.

6. Development of improved rutting models

The occurrence of rutting in field depends on various factors namely traffic, environment,
structure, construction, maintenance and rehabilitation. Even though the use of an
incremental approach and more complicated Axle Load Spectra (ALS) concept seems to be a
very logical approach, the integration of which with monthly or seasonal environmental
factors and several assumed parameters often resulted in more variations in the predictions
of rutting due to many uncertainties involved. To develop a more reliable predictive model for
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practical engineering problems, Lee and Darter (15-16) proposed a predictive modeling
approach to incorporate robust (least median squared) regression, alternating conditional
expectations, and additivity and variance stabilization algorithms into the modeling process.
The robust regression is proposed due to its favorable feature of analyzing highly
contaminated data by detecting outliers from both dependent variable and independent
variables. Through the iterative use of the combination of these outlier detection and
nonparametric transformation techniques, it is believed that some potential outliers and
proper functional forms may be identified. Subsequently, traditional regression techniques
can be more easily utilized to develop the final predictive model. Nevertheless, many
preliminary trials using these regression techniques have shown extreme difficulty to achieve
a satisfactory predictive model for this set of data.
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Figure 2: Comparison of prediction results using (a) Al model; and (b) Shell Oil model
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Figure 3: Goodness of prediciton using (a) SHRP P-020 model; and (b) MEPDG model

6.1 Preliminary analysis using linear model

Preliminary analysis using many explanatory parameters in a linear model form was first
conducted. The resulting regression statistics are given in Table 3. In which, age stands for
pavement age (years); cumulated ESALs (cesal, millions); kesal is the yearly ESALs
(thousands); fi is freezing-index (°C-days); temp is mean annual temperature (°C); h1 is the
thickness of AC surface layer (cm); base thickness (h2, cm); subgrade resilient modulus (e4,
MPa); viscosity of AC binder (visco, poise); precip is mean annual precipitation (mm);
L.Damage is the logarithm of rutting damage; epsilon.c () is critical compressive strain of
the subgrade; and act.rut is actual rutting (mm). To improve the model fits, it is possible to
develop separate models for different climatic zones to account for other factors not
considered in the above model implicitly. Due to the unbalanced data structure, of which 80,
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114, 194, 71, 141, and 124 data points were obtained from Wet-Freeze, Wet-NonFreeze,
Wet, Dry, Freeze, and NonFreeze zones, respectively. A summary report of such analyses is
given in Table 4 showing that desireable high coefficient of derermination (Rz) might be
obtained. Nevertheless, it was also noted that the physical interpretations of many
parameters in the model were inappropriate, in which, SEE is the standard error of estimate.

Table 3: Regression coefficients of a linear model trail

Parameters | Value |Std. Error|t value |Pr(>|t|) Parameters Value Esrtr%r t value |Pr(>|t|)

(Intercept) |13.4420| 2.7023 | 4.9743 |0.0000 visco 0.0007 | 0.0007 |0.9741]0.3310
age 0.0191 0.0574 | 0.3333 |0.7392 fi -0.0052 | 0.0011 [-4.8267|0.0000
cesal 0.8254 | 0.2251 | 3.2357 |0.0014 temp -0.3344 | 0.0802 [-4.1722|0.0000
kesal -0.0127 | 0.0042 |-3.0422]0.0026| L.Damage 0.1480 | 0.4436 |0.3337|0.7389
h1 0.1385 | 0.0418 | 3.3162 |0.0010| epsilon.c |-504.971 | 1264.44 |-0.3994|0.6900
h2 0.0579 | 0.0193 | 3.0103 |0.0029 precip -0.0019 | 0.0009 |-2.1050|0.0363
e4 -0.0176 | 0.0103 |-1.7189[0.0869

Residual standard error: 3.493 on 252 degrees of freedom

Multiple R-Squared: 0.2245

Table 4: Summary report of the results of several linear models by different climatic zones

Variazlr:aes All Wet-Freeze | Wet-Nonfreeze | Wet Dry | Freeze | Nonfreeze
age - P — P - P -
cesal P --- P P — — —
kesal N* -— N* N* N* — —
h1 P* P* P* pP* - p* p*
h2 P* P* P* P* P* P* P*
e4 N N - N N - —
vicso N p* p* p* N p*
fi N N N —
temp N* N* N* - —
L.Damage -— — N* P P —
epsilon.c - -—- P P - N* P
Precip N* -—- N* N* P — —
No. of Obs. | 265 80 114 194 71 141 124
SEE 3.493 2.689 2.399 3.259 | 1.381 | 2.344 3.215
R® 0.2245 0.705 0.659 0.427 | 0.784 | 0.673 0.337

---: Insignificant; P: Positive correlation; N: Negative correlation; *: Inappropriate.
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6.2 Proposed models using modern regression techniques

Exploratory data analysis of the response variable indicated that the normality assumption
with random errors and constant variance using conventional regression techniques might
not be appropriate for prediction modeling. The Shapiro-Wilk W-statistic for testing for
departures from normality was also used to test the distribution of rutting data (13-14). Thus,
generalized linear model (GLM) along with several distribution functions including
normal/Gaussian, gamma, Poisson, and quasi were adopted for the modeling process.
Without fully knowing the error distribution of the response variable, the quasi family with the
same link and variance functions from Poisson family was found to be the best choice. After
many frails in eliminating insignificant and inappropriate parameters, the resulting
mechanistic-empirical model included several variables such as pavement age, yearly ESALs,
freezing index, mean annual temperature, and critical compressive strain of the subgrade for
rutting prediction.

Since the primary assumption of the above preliminary GLM models is that a linear function
of the parameters was used in the model. Generalized additive model (GAM) extends GLM
by fitting nonparametric functions using data smoothing techniques to estimate the
relationship between the response and the predictors (13). To further enhance the model fits,
generalized additive model (GAM) techniques were adopted in this analysis. Box-Cox power
transformation technique was routinely utilized to estimate a proper, monotonic
transformation for each variable based on the resulting preliminary GAM model. The rutting
data was refitted with these transformed predictors using generalized linear model (GLM)
techniques. Again, after going through several trails in eliminating insignificant and/or
inappropriate parameters, the following model was obtained:

In(Rut) = —0.9998 +0.1370*/age +0.3224 *log(kesal )+ 0.3812* log(1+ fi)

+0.3521*/temp +0.08288* (epsilon.c *1000)? (7)
Statistics : R =0.164, SEE =1.22, N = 265

in which, dispersion parameter for Poisson family taken to be 1; null deviance = 460.866 on
264 degrees of freedom; residual deviance = 385.5342 on 259 degrees of freedom; age
stands for pavement age (years); kesal is the yearly ESALs (thousands); fi stands for annual
freezing index (°C-days); temp stands for mean annual temperature (°C); epsilon.c (&) is the
critical compressive strain of the subgrade; Rut is the predicted rutting (mm); and N is the
number of observations

Figure 4 shows two diagnosing plots of the above model. The plot of the response versus
fitted values also showed that the proposed model has substantial improvements over the
existing models in an attempt to uncover the underlying relationships. A normal probability
plot or a quantitle-quantile plot of the residuals can be used to check the adequacy of the
model. As shown in Figure 4(b), an approximately straight-line relationship was observed
indicating that the residuals distribution is close to normal. Since the main objective is to
predict the amount of rutting, it is desirable to rearrange the above equation into the following
expression and obtain new regression summary statistics:

Rut = exp[-0.99 +0.137*,/age +0.322*log(kesal )+ 0.38* log(L + fi)
+0.352*,/temp +0.083* (epsilon.c *1000)?] (8)
Statistics: R? = 0.155, SEE =3.568, N = 265



ISAP 2008 Ker et al: Rutting Prediction Models for Flexible Pavements 9/11

—
V)
~
—
O
~

[eS) ™
o .
3 gm 00O
—_ oo o~
€ o »
€ o 00 o
= - >
£ QO G 00 °c -
o Q@O A O 7]
) © CaMmDd @
o O @@EID OdO X o
< 2 @O COaD @O @ c
4 © 00 QMO O ]
00 O aman L
55 o o g
< om. o o e
[t} 00 ComD D o o
o oo o
©@am 0 o
@
[¢) el a
T
5 10 15 20 -3 2 1 0 1 2 3
Fitted Values [mm] Quantiles of Standard Normal

Figure 4: Diagnosis plots of the proposed model: (a) response against fitted values; and (b) a
normal probability plot of the residuals

To improve the model fits, the following models were subsequently developed for wet and
nonfreeze climatic zones, respectively:

(Rut),,, =exp[-1.489+0.25*,/age +0.6*log(kesal )+ 0.24* log(L+ fi)

+0.256* ,/temp +0.288* (epsilon.c *1000)?] (9)
Statistics : R? = 0.338, SEE =3.401, N =194

wet

(Rut) = exp[0.253 +0.065*,/age +0.486* log(kesal )+ 0.187 *log(1+ fi)
+0.06*./temp +0.288™* (epsilon.c *1000)°] (10)

Statistics : R* = 0.282, SEE =3.193, N =124

nonfreeze

7. Sensitivity analysis of the proposed model

The goodness of the model fit was further examined through the significant testing and
various sensitivity analyses of pertinent explanatory parameters. Some plots showing the
sensitivity of the various factors in the proposed model are presented in Figure 5. These plots
were prepared based on the range of the actual data while setting the remaining parameters to
the corresponding mean values. The plots show the relationships among yearly ESAL (kesal,
thousands), pavement age (age, years), the critical compressive strain of the subgrade
(epsilon.c), mean annual tmperature (°C), yearly freezing index (fi, °C-days), and the predicted
rutting (pre.rut, mm). The general trends of these effects seem to be fairly reasonable.

8. Conclusions

The prediction accuracy of the existing rutting models for flexible pavements using the Long-
Term Pavement Performance (LTPP) database was found to be inadequate and greatly in
need for improvement. Normality assumption using conventional regression techniques might
not be appropriate for this study. Thus, generalized linear model (GLM) and generalized
additive model (GAM) along with the assumption of Poisson distribution and quasi-likelihood
estimation method were adopted for the modeling process.

After many trails in eliminating insignificant and inappropriate parameters, the resulting
proposed model included several variables such as yearly KESALs, pavement age, annual
temperature, critical compressive strain on top of the subgrade, and freezing index for rutting
prediction. The goodness of the model fit was further examined. The residual plot and the plot
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of the response versus fitted values all indicated that the proposed model has substantial
improvements over the existing models. Sensitivity analysis of the explanatory variables
indicated their general trends seem to be fairly reasonable. The tentatively proposed

predictive models appeared to reasonably agree with the pavement performance data
although their further enhancements are possible and recommended.
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Figure 5: Sensitivity analysis of the proposed model
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