Artificial Neural Network Models For
Assessing Remaining Life of Flexible
Pavements

by

|mad Abdallah, M SCE
Octavio Melchor-Lucero, MSCE
Carlos Ferregut, Ph.D.
and
Sohell Nazarian, Ph.D., P.E.

Research Report 1711-2
Research Project 0-1711

Development of a Comprehensive, Rational

Method for Determination of Remaining Life of

an Existing Pavement

Conducted for the
Texas Department of Transportation

by
The Center for Highway Materials Resear ch
The University of Texasat El Paso
El Paso, TX 79968-0516
Research Report 1711-2
May 2000






TECHNICAL REPORT STANDARD TITLE PAGE

1. Report No. 2. Government Accession No. 3. Recipient's Catalog No.

TX-99/1711-2

4. Title and Subtitle 5. Report Date

ARTIFICIAL NEURAL NETWORK MODELSFOR May 2000

ASSESSING REMAINING LIFE OF FLEXIBLE

PAVEMENTS 6. Performing Organization Code

7. Author (s) 8. Performing Organization Report No.
I. Abdallah, O. Melchor, C. Ferregut, and S. Nazarian Research Report 1711-2

9. Performing Organization Name and Address 10. Work Unit No.

Center for Highway Materials Research
The University of Texas at El Paso 11. Contract or Grant No.
El Paso, Texas 79968-0516 Project No. 0-1711

12. Sponsoring Agency Name and Address 13. Type of Report and Period Covered
Texas Department of Transportation Interim Report
Construction Division, Research and Technology Transfer Sept. 1, 1998 —Aug 31, 1999
Section
P.O. Box 5080 14. Sponsoring Agency Code

Austin, Texas 78763-5080

15. Supplementary Notes
Research Performed in Cooperation with TXDOT and FHWA
Research Project Title: Development of a Comprehensive, Rational Method for Determination of Remaining Life of
an Existing Pavement

16. Abstract

Most mechanistic-empirical methods for determining the integrity of an existing pavement rely on the use of
deflection-based nondestructive evaluation devices to determine the integrity of a pavement section. To
estimate the remaining life associated with two types of distress in a flexible pavement, namely fatigue
cracking and rutting, the critical strains and stresses at the interfaces of the layers of the pavement should be
known. After the critical strains are calculated, a number of models can be used to estimate the remaining life.
This report presents a case study that shows the feasibility of using an algorithm based on artificial neural
network technology (ANN) to estimate the remaining life of flexible pavements. The report includes, in
detail, the development and results of a system of ANN models that have been developed to predict the critical
strains for a wide range of three and four layer flexible pavement sections with variable depth to bedrock. The
inputs to these ANN models are only the best estimates of the thickness of each layer and the surface
deflections obtained from a Falling Weight Deflectometer (FWD).

17. Key Words 18. Distribution Statement

Pavement Performance, Remaining Life, Artificial | No restrictions. This document is available to the
Neural Networks, Compressve Strain, Tensle | pyplic through the National Technical Information

Strain,  Rutting, Fatigue Cracking, Flexible | service, 5285 Port Royal Road, Springfield, Virginia
Pavements, Probability 22161

19. Security Classif. (of thisreport) 20. Security Classif. (of this page) 21. No. of Pages 22. Price

Unclassified Unclassified 70




The contents of this report reflect the view of the authors, who are responsible for the facts and
the accuracy of the data presented herein. The contents do not necessarily reflect the officia
views or policies of the Texas Department of Transportation or the Federal Highway
Administration. This report does not constitute a standard, specification, or regulation.

NOT INTENDED FOR CONSTRUCTION, BIDDING,
OR PERMIT PURPOSES

Imad Abdallah, M.S.

Octavio Melchor-Lucero M.S.

Carlos Ferregut, Ph.D.

Sohell Nazarian, Ph.D., P.E. (69263)



Acknowledgments

The continued success and progress of this project could not have happened without the help and
input of many personnel of TXDOT. The authors acknowledge Mr. Jim Freeman, Mr. Ken Faullts,
and Mr. Mike Murphy for their guidance. The authors aso acknowledge Mr. Mohan Y eggoni for
his close cooperation and assistance to improve all aspects of the project. The authors also extend
thanks to Dr. Dar Hao Chen for sharing the TXMLS data.






Abstract

Most mechanistic-empirical methods for determining the integrity of an existing
pavement rely on the use of deflection-based, nondestructive evaluation devices to determine the
integrity of a pavement section. To estimate the remaining life associated with two types of
distress in a flexible pavement, namely fatigue cracking and rutting, the critical strains and
stresses at the interfaces of the layers of the pavement should be known. After the critical strains
are calculated, a number of models can be used to estimate the remaining life. This report
presents a case study that shows the feasibility of using an algorithm based on artificial neural
network technology (ANN) to estimate the remaining life of flexible pavements. The report
includes, in detail, the development and results of a system of ANN models that have been
developed to predict the critical strains for a wide range of three- and four-layer flexible
pavement sections with variable depth to bedrock. The inputs to these ANN models are only the
best estimates of the thickness of each layer and the surface deflections obtained from a Falling
Weight Deflectometer (FWD).
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Executive Summary

One of the most common nondestructive evaluation (NDE) methods to collect pavement
performance data is the Falling Weight Deflectometer (FWD) test. The seven peak deflections,
otherwise collectively referred to as a deflection bowl, provide some of the input used to
determine the pavement layers moduli, usualy through a backcalculation process. Once the
layer moduli of the pavement have been computed, the pavement’s remaining life, using one of
the many available models, can be estimated.

Unfortunately, a model that can universally predict the remaining life of a pavement does
not exist. The success of the existing models in predicting the remaining life seems to depend on
the pavement structure. To compensate for this shortcoming, the tendency has been towards
developing more complicated models that require sophisticated parameters that are not readily
available to the pavement designers. The researchers have taken an alternative approach.

An algorithm has been developed that combines the functional condition of a pavement
(i.e., percent cracking and depth of rut) at the time of FWD testing with simple remaining life
algorithms to predict the remaining life of pavements. In addition, a series of artificial neural
network (ANN) models have been developed to predict the critical strains. The inputs to these
ANN models are only the best estimates of the thickness of each layer and the surface deflections
obtained from afalling weight deflectometer. As such, the backcal culation processis eliminated.

The objectives of this project were 1) to form a system of neural network models which will
reliably predict the remaining lives of three-layer and four-layer flexible pavements with variable
depth to bedrock--the system of networks consists of: a) neural network models that predict the
thickness of the subgrade-layer and b) neural network models that predict the critical strains and the
modulus of the asphalt-concrete layer, which are then used in existing remaining lives models; 2) to
integrate an algorithm for estimating the uncertainty in the predicted remaining life of pavement
section from the uncertainty in the geometric and material properties of the section; 3) to develop a
Pavement Performance Curve (PPC), which incorporates the results of the ANN models, condition
survey and traffic; and 4) to develop a state-of-the-art modular software that incorporates items 1
through 3 and provides results manifested with sophisticated graphical user interface (GUI),
designed, specifically, to complement TXDOT decision-making practices.
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The first report of this project focused on presenting the methodology. It discussed the
theory of artificial neural networks, the feasibility of using neural network technology to predict the
pavement distresses based on the pavement layers thicknesses and the seven FWD readings, and
the development of a PPC based on the widely accepted Weibull-type curve. That report aso
contained the development and results of four ANN models for a three-layer flexible pavement.
Two of the models predicted the rutting and fatigue cracking remaining lives according to the
Asphdt Institute (Al) equations. The other two models predicted the maximum tensile and
compressive strains at the layer interfaces. The models seem to be reasonable in their predictions.

In this report, the validation of the methodology is presented, in a case study, using actual
data collected from the Texas Mobile Load Simulator (TXMLS) site.  The study compares the
predictions of the ANN models to those of a backcalculation process. Results of the ANN models
matched those of the backcalculation process fairly well. The study aso illustrated the use of the
PPC using actua field data. The results of the PPCs showed that the measured and predicted
degradation of the section match closely. The case study aso illustrated the strength of combining
both the structural and functional aspects of a pavement from the PPC.

Based on the results of the case study, severa ANN models were developed to predict the
critical strains of three-layer and four-layer flexible pavement systems with varying bedrock depths.
The models covered a wide range of sections common in the state of Texas. To develop models
that account for different bedrock depths’, the thickness of the subgrade wasrequired. Therefore, an
ANN model that predicted the thickness of the subgrade was developed. Another model to predict
the modulus of the AC-layer was needed in order to use existing remaining life models such as the
Asphdt Institute equation. A series of ANN models was developed and validated using a
comprehensive synthetic database. The development and results of these models are documented in
this report.

The artificial neural network technology has proved to be afeasible and practical technology
to develop models to assess the integrity of pavements using data that is readily available to
pavement engineers. This is particularly advantageous because other approaches require
information from laboratory tests, making the assessment more tedious and time-consuming.
Another advantage of ANN models over traditional approaches is that the remaining life can be
calculated without having to backcal culate the elastic moduli of each pavement layer.
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| mplementation Statement

The software developed contains a set of artificial neural networks (ANN) that predicts the critical
strains of pavement sections with variable depths to bedrock. The development of the softwareis at
itsfina stages. A reporting tool is being added to allow the automation to print a summary and the
results of aproject file.

A training seminar was conducted for several members of the TXDOT personngl. Based on
their recommendations, modifications to the interface of the software are also being made. Upon
completion, both UTEP and TxDOT staff members will use the software to evaluate the
methodol ogy using existing flexible pavement sections.
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Chapter 1
| ntroduction

The main purpose of this report is to discuss, in detail, the development and results of the system of
artificial neural networks developed as apart of Project 0-1711. The project is currently initsfourth
year. The information presented in this report encompasses the work efforts of the past year (third
year of the project). Thefirst report of Project 0-1711 (Ferregut et a. 1999) details the purpose and
overall methodology proposed for this project.

The project focuses on the development of a procedure to assess the performance of a flexible
pavement using data collected from a FWD device. The FWD measures the deflection profile a the
surface of the pavement using seven seismic transducers (geophones). The procedure to determine
the pavement performance is intended to provide a more smplified aternative to the
backcal culation procedure commonly used. The existing backcal cul ation process requires judgment
from the user because of the non-unigueness of the backcal culated set of moduli.

The proposed methodology was developed with extensive use of artificial neural network (ANN)
models to predict pavement distress. The use of neural network models in pavement engineering
has increased in recent years. Appendix A in Feregut et a. (1999) provides a summary of
publications about the various applications in pavement engineering for this type of mode. The
increase in popularity of ANN models to solve engineering problemsis largely dueto their ability to
handle complex nonlinear mathematical relations such as the relation between the FWD deflections
and the distress conditions of a pavement.

Objectives
The objectives of this project are:
1) to form a system of neural network models which will reliably predict the remaining lives of

three-layer and four-layer flexible pavements with variable depth to bedrock. The system of
networks consists of ;



a) modelsthat predict the thickness of the subgrade-layer, and

b) models that predict the critical strains and the modulus of the asphalt-concrete layer, which
are then used in existing models that compute the remaining life of the pavement;

2) to integrate an agorithm for estimating the uncertainty in the predicted remaining life of
pavement section from the uncertainty in the geometric and materia properties of the section;

3) to develop a pavement performance curve, which incorporates the results of the ANN models,
condition survey and traffic; and

4) to develop a state of the art modular software that incorporates items 1 through 3 and provides
results manifested with sophisticated graphical user interface (GUI), designed specifically to
complement TXDOT decision-making practices.

The research objectives of this project can be categorized in three phases: 1) feasihility, 2)
development, and 3) implementation. The main focus in the feasibility phase was to determine the
viability of developing ANN models that can be used to compute the remaining life of a flexible
pavement. In the development phase, the objective was: @) to develop a system of ANN models that
can be used to assess the performance of most flexible pavement sections in the state of Texas and
b) to incorporate the models into a software. The third phase, the implementation phase, focused
mainly on the validation and use of the software tool with actua field data. The feasibility of the
overall methodology was presented in the previous report. This report presents, in more detail, the
development and results of the system of ANN models.

Organization

Chapter 2 of this report summarizes the feasibility phase. That chapter also contains a case study,
which focuses on the comparison of ANN outcomes with actual field data from a site trafficked
with the Texas Mobile Load Simulator. Chapter 3 details the process of developing a system of
ANN models for three- and four-layer flexible pavements and the results of the ANN models. The
last chapter contains the conclusions of the research effort thus far.



Chapter 2

Summary of Previous Effortsin the Project

The feasibility phase consisted of two activities. ANN models were first developed and used to
predict failure properties of a pavement, and, second, a methodology was worked out to illustrate
the pavement performance with time. The methodology incorporated the results from the ANN
models and the uncertainty in the remaining life results attained from the uncertainty that exists in
the properties of the pavement. The development of an ANN model required a comprehensive
database that can be used in training and in validating the model. A recent report by Ferregut et al.
(1999) explained the process of generating such a comprehensive database and the process of
training an ANN model. The authors aso reported on four ANN models that were developed to
predict pavement distress. The four models predicted fatigue cracking, rutting, tensile strain, and
compressive strain. All four models were devel oped based on athree-layer pavement system with a
constant depth to bedrock. The ANN models developed were based on the mathematical equations
used to calculate the remaining lives associated with fatigue cracking, N, and rutting, N, as defined
in Huang (1993). For the fatigue cracking failure mode, the model takes the following general form

Nt = fi(er)” 2 (Eac)” '3 (21)

and for the rutting failure mode the general formis

N = fa(ec)” 15 (22)

where & is the tensile strain at the bottom of the asphalt concrete (AC) layer and €. is the
compressive strain on top of the subgrade. Parameter Eac is the modulus of easticity of the AC
layer. The constants in Equations 2.1 and 2.2 are usually determined from field performance data,
road tests, or laboratory tests. The two models developed to directly predict fatigue cracking and
rutting were based on the Asphalt Ingtitute equation. The constants proposed by the Asphalt
Institute (Al) are frequently specified (Huang, 1993). Those values, based on the U.S. Customary
Units, are f; = 0.0796, f, = 3.291, f; = 0.854, f, = 1.365E-9, and f5 = 4.477. The other two models
developed to predict the critical strains could be used to determine the remaining life of a flexible
pavement using any number of equations that follow the mathematical format specified in
Equations 2.1 and 2.2. Figure 2.1 portrays the two distresses, fatigue cracking and rutting. It also



Schematic of a
4-Layer System

Cracking

FIGURE 2.1 - Example of Pavement Distresses and Schematic of L ocation of Critical Strains

shows a schematic of a pavement system identifying the locations of the critical stresses and strains
and a cross-section of an actua pavement section

Typicaly, once amode has been trained and validated, the devel opment process ends, and
the model is ready for implementation. However, that is not the case in this project. Since each
ANN model was trained and validated using a synthetic database, a validation of the model with
actual data was necessary. Another crucia step was the verification of the proposed methodology
with actual field data. To check the feasibility of the entire process, a case study was carried out
using a database provided by TXDOT. The database contained data collected during the loading of
asite with the Texas Mobile Load Simulator (TXMLS). The next five sections detail the case study
that was carried out. First, a description of the TXMLS is presented. This is followed by a brief
explanation of the site and test plan. Then, a discussion of the ANN models and the process of
developing a pavement performance curve (PPC) is offered. Finaly, the validation process and
results based on the study are discussed.



TexasMobile Load Simulator (TXMLYS)

A detailed description of the Texas Mobile Load Smulator (TXMLS) system, shown in Figure 2.2,
can be found in Hugo and Fults (1999). This device is equipped with six full sets of tandem axles
operating up to 20 km/hr in a closed loop system. The characteristics of the system are summarized
in Table 2.1. The tandem axle loads are set statically to about 150 kN, the maximum legal tandem
axleloadin Texas. The TXMLS s approximately 26 m long, 6 m tall and 4 m wide, with atest area
of 3mby 12 m. Loads are simultaneoudly applied aong two wheel paths about 3 m apart.

FIGURE 2.2 - TexasMobile Load Simulator



TABLE 2.1 - Characteristics of Texas Mobile Load Simulator (from Hugo and Fults, 1999)

FEATURE TECHNICAL DATA

No. of bogies 6
No. of axles/bogie 2 (dual tandems)
Total no. of full axles 12

Drive axles 2

Towed axles 10
No. of wheels 24 duals
Tiredaxle 4
Tiretype 295X 75R22.5 Low profile radial
Tirepressure (kPa) 690
Nominal tiretread width (mm) 230
Nominal distance between tire centerlines (mm) 330
Nominal wheel diameter (mm) 1000
Nominal load per axle (kN) 75.6
Nominal load per wheel (kKN) 18.9

L oad mechanism

Conventiona highway truck springs

Load setting Electro-mechanical

Suspension Steel springs

Nominal speed (kph) 18

Duration of load pulse at operational speed (sec) 0.05

Nominal rest periods between load applications Rest periods vary between 0.2s, 0.74s and 1.74s
Nominal time per cycle (sec) 8

Power 2x120 KVA DC motors

M aximum production rate/12 h shift (No. of axles) >50 000

Lateral wander (mm) 435 (Ieft/right)

M obility Tractor towed supported on special bogies
Overall operational machine dimensions (m):
Length 26.2
Width 39
Height 6.4
Total nominal mass (metric ton) 120
Test section size (m) 12x3

Temp control during tests

None-except for cover by structural shell




Description of Siteand Test Plan

The site, which was located in Victoria, TX, was a four-layer flexible pavement section. The
pavement profile nominally consisted of about 75 mm (3in.) of ACP, over 300 mm (12 in.) of base,
underlain by 150 mm (6 in.) of lime-treated subbase and a clayey subgrade. The TXMLS personnel
performed the FWD tests and condition survey a predetermined load applications with load
repetitions of 0, 2500, 5000, 10,000, 20,000, 40,000, 80,000, 160,000, 320,000 and about 632,000.
After the site was considered as failed, two trenches were installed in the transverse direction. The
major finding from the trenching operation was that aimost al of the rutting occurred below the
AC-layer and that the thickness and quality of the lime-treated subbase was somewhat variable.

Figure 2.3 illustrates the test grid along which data was collected. The FWD deflections
were measured along three longitudinal lines. The two longitudinal lines, denoted asb and d in the
figure, were along the wheelpath. Line ¢ corresponded to the centerline and was not trafficked
throughout the test. Along each longitudinal line, the FWD tests were performed at 1.5 m intervals
a 9 points marked as 0 m through 12 m. Accordingly, 27 data points were available for
consideration in this study. The condition survey was typically donein a1.5 m by 1 m grid aong
the wheel paths.

3m
<4+ >
o__2 A <
Captel
9
10.5 @ FWD Test point
12 £ o LWP = Left Wheel Path
L RWP = Right Whed Path
/
LWP G RWP
FIGURE 2.3 - Schematic of Testing Areawith TXMLS
ANN Models

Since this was a four-layer system, two new ANN models to predict fatigue cracking and rutting of
the pavement were developed. The models were based on the Asphalt Ingtitute equations. An
additional model, athird modél, to predict the rate of rut was also developed. Chen and Lin (1999)
demonstrated that the following rutting model based on calculating the rate of rut is reasonable for
estimating the remaining life at the validation site used in this study:



log( RR) = Cq + Colog( dqg) + C3log( N1g) + C4log( o¢) (2.3

RR istherate of rutting in microinches per axle load repetition, & is the surface deflection under the
load plate in mils (obtained from the FWD test), N1g is the equivalent 18-kip (80-KN) single-axle
load, and o is the vertical compressive stress under the asphalt layer in psi.

The constants proposed by Finn et a. (1986), specifically for conventional construction with
Hot Mix Asphalt (HMA) less than 150 mm (6in.) thick, are appropriate for this site. The values,
based on the U.S. Customary Units, are C; = Log (Ry) — 5.617, C, = 4.343, C3 = -0.167 and C, =
-1.118. Parameter Ry istheratio of the observed rutting to the estimated rutting. The equation is:

R, =302.2-26.33(S,;)-14.12(B;) (2.4)

where Sr and By are the AC thickness and base thickness in inches, respectively. Equation 2.4 was
proposed by Finn et al. (1986) as a calibration or a shift factor to adjust the estimated rutting based
on field observations.

Pavement Performance Curve

The steps involved in predicting the performance of a pavement with time, in this study, are
summarized in Figure 2.4. The first step in the process of estimating the remaining life was to
measure the FWD deflections and to obtain the best estimate of the pavement layer thickness. This
set of data, as a part of Step 2, was then preprocessed to determine the input used in the ANN
model. The processed data were used as input into the “trained” ANN models. These models
instantaneously estimated the remaining life based on the failure model selected (Step 3). Smith
(1993) provides a readable explanation of the ANN theory and describes the mathematics involved,
and Ferregut et al. (1999) contains the specific approach followed for training the ANN models to
estimate remaining lives.

The predicted remaining life using the ANN models was combined with the functiona
condition of the pavement to develop a pavement performance curve (PPC) (Garcia-Diaz et. al.,
1984). A popular model used for this curve isthe Weibull function. The Weibull function, whichis
commonly used to describe the “life” of a system, can be mathematically expressed as.

D #L—exp[—[%}a,} (2.5)

where D isthelevel of damage and T is the number of accumulated traffic to reach D. Parameters
o and 3 are Statistically determined site-dependent parameters.

Step 4 of the figure schematically shows a pavement performance curve based on Equation
2.5. Thefigure also shows the concept of remaining life used in this project: “ The extratimeftraffic,



from the day the NDT was performed that it will take a pavement section to reach a failure limit.”
The failure limit shown in the figure represents the maximum damage level that can be tolerated
before the pavement isrepaired. In this study, the failure was defined as 13 mm (0.5 in.) of rutting,
or 45% area of the wheel path for fatigue cracking, as recommended by the Asphalt Institute.

To obtain the parameters of a PPC in Figure 2.4, it was necessary to know at least two points
on the curve. The first point may be obtained from the results of an ANN model used to determine
the remaining life in ESALs and the corresponding failure limit (P1). For the second point, it was
assumed that the pavement is defect free at the end of construction (no traffic, no damage; P2).

STEP1

FWD Data
and
L ayer Thickness

-
/

Artificial
Neural
Network

/ STEP 4
L
Q . .
< |.Falure Limit PL
Pavement %
Performance )
Curve FWD Test
P2 |
N
ﬁl P— 7
Remaining Life

\ TRAFFIC/TIME j

FIGURE 2.4 - Summary of Methodology Used to Describe Service Life of a Pavement

In addition, if the condition of the pavement was measured at the time that the FWD test
was performed, that point can also be considered to constrain the shape of the PPC (P3). If al three
points are available, a regression was used to develop the curve. The results from the case study
include pavement performance curves with both two and three points.



Validation Process

The validation process was carried out in two stages. The first stage verified that the theoretical
remaning lives reported by the ANN models and those calculated by the conventional method
(backcalculation) were reasonably similar. The results from this stage gave the researchers an
indication of how the research would progress. The second stage consisted of comparing the
predicted remaining lives and performance curve with those observed at the site. In this step, the
impacts of site-related and materia-related variability were aso considered.

Comparison of ANN Results with Conventional M ethods

The remaining lives due to fatigue cracking that were computed using the conventiona approach
and using the ANN model, after the application of predetermined number of axles, are included in
Figure 2.5. Thisfigure shows results along four transverselines (1.5m, 4.5m, 7.5 mand, 10.5mas
marked in Figure 2.3). An expert in pavement design carried out the prediction of the remaining
lives with the conventional method using the program MODULUS 5. The approach corresponds to
backcalculating moduli from the deflection basin, calculating the tensile strain at the bottom of the
AC layer, and usng Equation 2.1 to estimate the remaining life. As for the remaining life results
from the ANN models, they were obtained instantaneously since the ANN models were aready
developed.

From Figure 2.5, the conventional method and the ANN models provide reasonably close
results given the shortcomings of the conventional method and the approximations involved in the
ANN model. For three of the four transverse lines, the predicted remaining lives are practically the
same, except for occasiona differences. The exact reasons for the occasiona variations are not
known. However, they seem to coincide with occasions when the modulus of the AC layer could
not be backcalculated with much certainty and the backcalculation misfits were rather high. Even
though the results from the ANN modé fit the overall trends, this does not guarantee that the ANN
model is a better predictor. This matter will be discussed in the next section.

The remaining lives from the conventional and ANN models aong the centerline of the pad
seem to be independent of loading. Thiswas a desirable outcome, which indicated that the constant
decrease in the remaining lives adong the two wheelpaths was primarily due to damage to the
pavement during loading and was not as much related to the environmental condition during the
MLS loading. The differences observed between the results from the ANN models and the
conventional methods at a transverse distance of 4.5 m aong the centerline cannot be explained at
thistime.

The results from the lateral cross-section of 10.5 m are quite interesting. Neither the ANN
models nor the conventional methods predict the remaining life in a consistent pattern along the two
wheelpaths. Captel, aweigh in motion (WIM) device, was installed at the cross-section to monitor
the load applied from MLS. Figure 2.3 shows the location where two AC blocks were cut to install
the captel. Thisexplainsthe inconsistency in the results at this cross-section.
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FIGURE 2.5 - Comparison of Fatigue Cracking Remaining Livesfrom ANN Modelsand
Conventional Method

Remaining lives due to rutting followed a rather different pattern. The Asphalt Ingtitute
model (Equation 2.2), using the conventional approach, yielded remaining lives in the ranges of 4
million to 12 million ESALs. The ANN model reports a value of 2.8 million ESALSs for al test
points. Thisvaueisdightly greater than the upper limit of the remaining life that was used during
training of the ANN model. Since ANN models cannot extrapolate outside the range of outputs
used in training, the models return a value dlightly greater than the upper limit. Therefore, from the
results of the ANN models, one can only deduce that the remaining life isin excess of 2.8 million
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ESALs. One thing is clear from the results of both approaches; the fundamental model (Equation
2.2) is not appropriate for describing the rutting behavior of this site. These results suggest that the
strain level in the subgrade layer did not reflect the rutting that occurred at the site.

Remaining life results from the ANN models and from the conventional method, which is
based on the Finn model, are compared in Figure 2.6. The two methodsyield fairly close results for
the amount of approximation involved in the ANN model and for the weakness in backcal culating
moduli.

a) Left Whee Path

1 E+07 - 1.5m 4.5m 7.5m 10.5m

1.E+06 -

s S * .
1.E+05 4 %E’ W’A‘u‘=====

1.E+04 -

b) Center Line

1.E+07

1.E+06 | &

Ml

1.E+05

1.E+04 -

¢) Right Whed Path

Remaining Life Based on Rutting, ESALS

1.E+07
1.E+06 -
FaN g S N
1.E+05 ¥ SN
1.E+04 - >
0to 640K Axle 0to 640K Axle 0to 640K Axle 0to 640K Axle
Repetitions Repetitions Repetitions Repetitions
—o— ANN —=— Conventional

FIGURE 2.6 - Comparison of Rutting Remaining Livesfrom ANN M odels and Conventional
Method
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Once again, the remaining lives along the centerline (see Figure 2.6b) are independent of the
MLS loading, except for the FWD results from just before loading (first point). The estimated
remaining lives from the FWD tests before MLS loading were systematically lower. This occurs
when the “load term” in Equation 2.3 is zero. Surprisingly, the estimated remaining lives, due to
rutting, along the wheel paths from the FWD tests (see Figure 2.6a and 2.6¢) seem to be independent
of both the amount of load applied and the intensity of the rutting at the site.

In general, results from this part of the study indicated that, in most cases, the ANN models
can estimate the remaining lives at least as well as a trained design engineer. Since the ANN
models yield results amost instantaneously and without requiring any engineering judgment, it
seems reasonabl e to use the ANN models with confidence.

Comparison of Estimated and Observed Remaining Lives

Typical observed progression of pavement cracking from regular condition survey during MLS
loading is shown in Figure 2.7. Up to 40,000 repetitions, the section did not exhibit any cracking.
At about 80,000 repetitions, the section could be considered asfailed. Assuch, this case may not be
as typical as those encountered under actual traffic. For the sake of brevity, most of the discussion
is limited to results obtained after 20,000 repetitions (no visible damage) and 80,000 repetitions
(extensive damage). The results associated with other load repetitions can be found in Ferregut et
al. (1999).

Figure 2.7a shows three calculated pavement performance curves for the case in which
visible cracking was negligible. Figure 2.7b shows the curves for the case in which the section was
extensively cracked. In each figure, one performance curve was obtained using only the condition
survey. At 20,000 axle repetitions, the PPC is not representative of the behavior of the pavement
(the curve is superimposed on the x-axis), whereas for 80,000 repetitions, the performance curveis
more representative of the actual pavement condition, but still underestimates the behavior of the
pavement.

The second PPC considers only the structural condition. For results from 20,000 repetitions,
the PPC is more representative of the behavior of the pavement as compared to the previous case,
except that the performance is over-estimated. When 80,000 axle repetitions are consdered, the
PPC is more or less similar to the case in which only the condition survey was used. However, the
remaining lifeis over-estimated.

The third PPC corresponds to the situation in which both the condition survey at the time of
the FWD data collection and the remaining life from the ANN model were considered. In this
circumstance, when the percent cracking is more than zero, the Weibull curve was fitted to three
points (consisting of the origin, the result from the ANN model, and a point corresponding to the
condition of the pavement at the time of FWD test). On the other hand, when no cracks were
evident at the site, the Weibull curve was fitted to two points (the results from the ANN model and
the point corresponding to the condition of the pavement at the time of FWD test). The
performance curves for both 20,000 and 80,000 repetitions are more representative of the actua
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pavement condition. However, for 20,000 repetitions, the intermediate cracking is not predicted
well because the actual field condition resembles a step function.
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FIGURE 2.7 - Comparison of Actual Fatigue Cracking Performance Curveswith Calculated
OnesUsing Several Strategies

As mentioned previoudly, the predictions of the Asphalt Institute model for rutting were
unrealigtically high. This occurred because the Al model was not appropriate for thissite. Based on
the trenching operation, most of the rutting occurred above the subgrade-layer. However, the Finn
model seemsto be appropriate for the site.

The actual variationsin rut depth with the number of ESALS, aswell as estimated PPC from
the three strategies mentioned above, are compared in Figure 2.8. This case study shows that in
order to better predict the future behavior of a pavement section, the structural and functiona
conditions of the pavement should be combined.
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So far the validation process has been related to point-by-point comparisons. In atypical
pavement design, one hardly relies on the results from one test point. To further study the overal
validity of the results over the area of the tested pad, the material- and geometry-related variability
were also considered. The results of this activity are summarized in Table 2.2 below.

The variations in the FWD deflections under the load (Sensor 1) and at distances of about
0.6 m (Sensor 3) and 1.8 m (Sensor 7) from the source within the test pad area are shown in Figure
2.9 as contour plots, for measurements made after 20,000 and 80,000 load repetitions. The overdll
mean vaues and the coefficients of variation (COV) of readings of the seven sensors are given in
Table 2.2. After 20,000 repetitions, the deflection of Sensor 1 varies between 350 and 600 microns
(see Figure 2.99). Similarly, the deflections of the other two sensors depicted vary by a factor 2
within the tested area. This may represent areasonable variability to be found along a section of the
road. In genera, the upper parts of the graphs exhibit smaller deflections relative to the lower parts.

After 80,000 repetitions, the trends in the deflections observed for Sensor 1 and Sensor 3 are
more or less similar to those measured after 20,000 repetitions. However, the deflections reported
for Sensor 7 seem to be greater for the lower haf of the section.

The variations in the backcalculated moduli of different layers computed from the FVD
deflections are shown in Figure 2.10. Because of the variability in the deflection basins, the
reported moduli are quite variable aswell. The moduli of the AC and the base from the 20,000 and
80,000 repetitions are fairly similar. Conversely, the moduli of the subbase and subgrade are
somewhat different for the two load repetitions. The mean and the coefficient of variation of the
modulus for each layer after each load repetition are a'so summarized in Table 2.2.

TABLE 2.2 - Summary of Results Obtained at Test Pad
20,000 MLS Axles 80,000 MLS Axles

Parameter Mean COV _ Mean  COV
Sensor 1 0.474 0.12 0.486 0.16

Sensor 2 0.209 0.17 0.219 0.20

FWD Deflection Sensor 3 0.098 0.19 0.101 0.21
(mm) Sensor 4 0.060 0.14 0.061 0.15
Sensor 5 0.041 0.13 0.042 0.13

Sensor 6 0.029 0.13 0.030 0.13

Sensor 7 0.022 0.15 0.022 0.14

AC 3133 0.39 3340 0.37

Modulus Base 179 0.33 173 0.39
(MPa) Subbase 1021 0.86 1463 0.78
Subgrade 131 0.12 124 0.13

Remaining Life  Fatigue Cracking 440 0.23 390 0.37
(KESALY) Rutting 470 0.35 500 0.29
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Based on the mean and the coefficient of variation reported for each FWVD sensor after each
load repetition, a Monte Carlo simulation was carried out to determine the variability of the
remaining lives associated with the variability of deflections. One of the advantages of ANN models
isthat the Monte Carlo smulation is almost instantaneous and, as such, can be incorporated in day-
to-day pavement analysis. During the simulation, an uncertainty of 10% was also assigned to the
thickness of each layer. In this exercise about 1000 cases were simulated. The results are shown in
Figure 2.11, and the means and the coefficients of variation are reported in Table 2.2.
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As shown in Figures 2.11a and 2.11b, the distribution of the remaining life dueto fatigue is
dightly biased to the right for each of the load repetitions studied, despite the fact that al the
variables for the simulation were considered to have a norma distribution. The variability in the
results increased with the number of load repetitions considered. From the figure, it is possible to
consider the remaining life with the highest frequency of occurrence as the most likely computed
value. The most likely observed remaining life for the test pad is also shown in these figures. This
value clearly fallsin the range of possible values for the remaining life when uncertainties are taken
into account. The figures clearly show that for this example, the most likely remaining life is closer
to the observed value when the 80,000 repetitions are considered.

Similar trends are observed for the rutting mode. In this case, as shown in Figure 2.11c and
2.11d, the observed remaining life falls in the tails of the histogram for both cases. This suggests
that the models used to predict the rutting remaining life, when uncertainty is taken into account,
givefairly conservative values.

To provide some light about the variability computed for the remaining life versus the
variability of the remaining life observed in the field, aremaining life for both fatigue cracking and
rutting were computed using the deflections at each test site in the pad. The two analyses to
estimate remaining life described in the foregoing were applied to these results. This process
generated two sets of pavement life values, with fatigue cracking set containing 8 points and rutting
containing 18 points. The cumulative distribution functions (CDF) for each set of values are shown
in Figure 2.12. The figures also show the cumulative distribution function of the authors best
estimates for the remaining life of the pavement using the condition survey. This exercise was
performed at both 20,000 and the 80, 000 MLS load repetitions.

Figures 2.12a and 2.12b correspond to the fatigue cracking. In general, the variability of the
predicted results and the observed values is about the same, which is indicated by the slope of the
CDFs, however, for any given level of probability the predicted results are larger than the observed
ones. These differences become smaller as the probability level increases. The conclusion from
this analysisisthat the models used to predict remaining life are statistically nonconservativein this
particular example.  The results for the rutting case, shown in Figures 2.12c and 2.12d, show the
opposite trend. The predicted results are more conservative from a statistical point of view for this
particular site.  As in the previous case, as the probability level increases, the corresponding
remaining life values for the three curves get closer.

As indicated before, al observed damages reported in Figure 2.12 were measured using a
1.5-m by 1-m grid. Therefore, the systematic differences, shown in the figure, are related to that
case. When the result of the overall damage to the pad is compared with the most likely value of the
remaining lives of the section (see Figure 2.11), the observed and calculated values are in closer
agreement. The differences, observed in Figures 2.11 and 2.12, confirm that the size of the grid and
the method used to measure defects significantly impact the final conclusion drawn. Therefore, for
the future use of the APT data for activities such as the one described here, it may be beneficia to
harmoni ze the definition and the methodology that should be used to measure defects.
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Conclusions of the Case Study

In this case study, researchers analyzed the process of validating the appropriateness of a new
methodology for predicting the remaining life based on the APT data. The deflections measured
with the FWD are used as part of the input to artificial neural network models that compute the
rutting and cracking remaining lives of the pavement. Even though the proper development of the
ANN models requires expertise and is time-consuming, estimating the remaining lives with these
models is dmost instantaneous and does not require any judgment by a skilled engineer. The
calculated remaining lives are then combined with the condition of the pavement to forecast the
pavement performance.

The results from this study indicated that, in general, the degree of the reasonableness of any
new agorithm can be readily and economically determined using an APT facility. Severa specific
conclusions can aso be drawn. For the proposed model, the most reasonable predicted remaining
lives were obtained when the condition survey, at the time of the FWD testing, was combined with
the deflection measurement.

When a point-by-point comparison between the predicted and observed remaining lives was
carried out, mixed results were obtained. In some locations, the predicted and observed values were
fairly close, while in others large differences were observed. Typicaly, the proposed model under-
estimated the remaining life based on rutting and over-predicted due to fatigue cracking. The
differences can be mainly attributed to two parameters. 1) approximations involved in the proposed
models and 2) the way localized damage is defined.

When the geometricadl and material-related variability of the site was considered, the
remaining lives seem to fal between a 95% confidence interva for both rutting and fatigue.
Therefore, for network level assessments or most project-level design, the methodology may be
adequate.

Based on the success of the results in this case study, the researchers proceeded to
implement the development of a system of neura network models to predict the critica strains for
three and four layer pavement systems with variable depth of bedrock. The development and results
of these models are detailed in the next chapter. The case study aso provided the researchers with
insight on how to modify the modeling aspect of the software. The software is currently in the final
stage of development (for flexible pavements). Although a brief description of the software was
provided in Research Report 1711-1, a detailed report will be produced at the conclusion of the
software devel opment phase.
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Chapter 3

Development and Results of ANN Models

Database Generation

In Report 1711-1, ANN models that predicted the critical strainsand ANN models that predicted the
remaining life of aflexible pavement based on the Asphalt Institute equation were developed. Both
sets of models were based on constant depth to bedrock of 6 m (240 in.). Based on the success of
developing those models and the results of the case study, two modifications were made. The first
modification was to have ANN models that predict distress of pavement sections with variable
depths to bedrock. This required developing a neura network mode to predict the thickness of the
subgrade. The second adjustment was to develop models for predicting the critical strains. Thetwo
strains that were predicted were €. and €; and were based on Equations 2.1 and 2.2. No modelswere
developed to predict the critical stress (based on the Finn model) as was the case in this study,
which was mainly due to time constraints of the project. Also, the compressive strain at the top of
the subgrade can be used in a variety of distress models to determine the rutting of a flexible
pavement. Based on these modifications, a system of artificial neural network modelsfor three- and
four-layer flexible pavement systems with variable depth to bedrock was developed. This system of
models covered awide range of pavement sections. The ranges of pavement thickness and modulus
of each layer are shown in Table 3.1. These ranges cover most types of flexible pavements that
existin Texas.

Using the parameters and rangesin Table 3.1, aMonte-Carlo simulation agorithm (Ang and
Tang, 1984) generated 50,000 pavement sections. The randomly generated sections were based on
adiscrete uniform distribution.

In order to obtain the FWD deflections and critical strains for each section, a linear elastic
program, WESLEA (Chou, 1981), was employed. Chapter 3 in Ferregut et a. (1999) provides an
explanation of the process. To generate such a comprehensive database was very time-consuming
but nevertheless necessary. The large database was studied thoroughly, and statistical conclusions
were drawn about the relationship between al the parameters.
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TABLE 3.1 - Ranges of Pavement Parametersfor Three- and Four-Layer Systems

Pavement Parameters Units — Value .
Minimum M aximum

Asphalt-Concrete Thickness  (tac) 13 (05) | 254  (10)

Base Thickness (tsase) _ 102 4 457 (18)
mm  (in.)

Subgrade Thickness (tsuBGRADE) 1524 (60) 6350 (250)

Asphalt-Concrete Modulus  (Eac) 1380 (200) | 6900 (1000)

Base Modulus (Egase) _ 276 (40) | 3450 (500)
MPa (ks)

* Subbase Modulus (EsusBase) 276 (40) | 1380 (200)

Subgrade Modulus (EsuscraDE) 28 4) 311 (45)

* this range only applies to four-layer system

Data Processing

Data processing or data mining has been recognized as the most important aspect of developing
ANN models. Based on the researchers experience, data mining consumes up to 70% of the time
used to develop a neural network model. Theoreticaly, one of the advantages of using an ANN
model is their ability to handle complex problems and eiminate the hassle of any data processing.
This ability is based on the fact that as the relationship between the input and output becomes more
nonlinear the ANN model will compensate by increasing the learning-time (slower learning rate)
and increasing the PEs in the hidden layer to achieve a more complex architecture. Therefore, the
ANN is able to map any relationship between the input and output variables. However, thiswas not
the experience in the modeling of the ANN models in this project. The input and output data
required intensive processing techniques to produce meaningful results. Meaningful-data represents
a set of variables having strong relationships between the input and output. Because of the high
non-linearity of this problem, obtaining a set of meaningful-data was very time-consuming and
required some expert judgment.

| nputs and Outputs

Before manipulating the data for modeling, the inputs (independent values) and the outputs
(dependent values) were identified. The inputs consisted of the seven deflections (do,ds,...,and dg)
and the pavement section properties such as: a) thickness of the AC layer (tac), b) thickness of the
base layer (tsase), €) thickness of subbase (tsussase) (for afour-layer system), and d) the thickness
of the subgrade (tsuscrape). The outputs consisted of the critical strains. Table 3.2 shows the
variety of remaining life models produced by various institutions to determine fatigue cracking and
rutting. It can be observed that both the Asphalt Institute model and the Shell model require the
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modulus of the AC-layer to calculate the remaining life values. An ANN model was developed to
predict the modulus of the AC-layer to enable the use of these two remaining life models.

TABLE 3.2 - Fatigue Cracking Modd and Rutting Mode Parameters Used to Determine
Remaining L ife of a Flexible Pavement (from Huang, 1993)

Institution Ne =f1 (&) ™ (Eac) ™ Ne =fa (&)
f1 f, f3 f, fs
Asphalt Institute 0.0796 3.291 0.854 |1.365E-9| 4.477
Shell 0.0685 5.671 2.363 NA NA
Shell (50% reliability) NA NA NA 6.15E-7 4
Shell (85% reliability) NA NA NA 1.94E-7 4
Shell (95% reliability) NA NA NA 1.05E-7 4
[llinois Dept. of Transportation 5E-6 3 NA 3 NA
Transport and Road Research Laboratory | 1.66E-10 4.32 NA 4.32 NA
g éﬁo'fﬁ(cggﬁdofgbﬁﬁmh NA NA NA | 6.18E-8| 395
University of Nottingham NA NA NA 113E-6| 3571
Belgian Road Research Center 4.92E-14 4.76 NA 3.05E-9| 4.35

Figure 3.1 shows al the ANN models that were developed. One ANN model was used to
predict the thickness of the subgrade for each pavement system. The results of these models were
made part of the input to the ANN models that predicted the critical strains and the modulus of the
AC-layer. Two sets of ANN models, based on the thickness of the AC-layer, were used to predict
the critical strains. For thin AC-layers, the range of thickness was less than or equal to 76 mm (3
in.). The range of thick AC-layers was 76 mm (3 in.) to 254 mm (10 in.). From past modeling
experience, the ANN models produced better results when this classification was conducted. Data
generated for models with thin AC-layers had a fixed value of 500 ks for the modulus of the AC
layer. Therefore, only one model was required to predict the modulus of thick AC-layers for each
layer system. Another point illustrated in the figure is that each network predicted only one
parameter. This guarantees that the architecture of the model will not be influenced by more than
one output, and, in turn, leads to more accurate results and simpler models.

The input and output ranges of the pavement thickness and modulus for the “Thin” and
“Thick” modes areindicated in Table 3.3. This table indicates which variables were used as inputs
and outputs in developing the ANN models. An ANN model predicted the thickness of the
subgrade from the thickness of the AC, base, subbase (for a four layer system), and deflections.
Once the thickness of the subgrade was known, it was used as part of the input to the other ANN
models. Also included in the table are the ranges of the deflections and critical strains, which were
calculated using alinear elastic program.
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FIGURE 3.1 - System of Artificial Neural Network Modelsfor Three- and
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TABLE 3.3 - Ranges of the Inputs and Outputs Data for Developing the ANN M odels

: , Minimum and Maximum Values
Network Variables Units Thin Thick
A | Asphat-Concrete (ta0) 12.7 (0.5) 89 (3.5
Thickness AC 89 (3.5) 254 (10)
_ . 102 (4)
Base Thickness  (tgase) mm (in.) 457 (18)

= | *Subbase R ) 102 (4)

£ | Thickness SUBBASE 305 (12)
Deflections (do - d) mm (mils) Upto 2 (upto 80)

A
Subgrade : 1524 (60)
v | | Thickness (tsuscrape) | mm (i) 6350 (250)
: . absolute 50 - 400 for three-layer system

= Tensle Stran (&) microstrain 50 - 250 for four-layer system

o Qg —_—

3 Comprve (&) microstrain 50— 1200 for three layer system
Strain 50-1250 4-Layers | 250-650 4-Layers
Asphalt-Concrete : Fixed at 1380 (200

v | Modulus (Eac) MPa(ks) | 3450 (500) 900 (1000)

* this range only applies to four-layer system

Data Sampling

Once the inputs and outputs were selected and the variable ranges defined, the next step was to
sample the data to obtain a meaningful relationship between the input and output for each neura
network model. Typically, the first step in data sampling is to perform a correlation anaysis
between the inputs and outputs. A correlation analysis provides agood feel for the relation between
two values. Based on the correlation analysis, inputs that do not have any relation to the output can
be eliminated. For this project, the correlation analysis showed that al inputs were correlated to
each of the outputs. Therefore, all the input variables were used in the training process.

To increase the correlation between the inputs and outputs, a transformation algorithm was
utilized. The transformation algorithm generated hybrid or offspring variables based on the origina
variables. This transformation was performed for both the input and output variables. These
offspring variables are intended to exhibit more linear and smoother characteristics than the original
variables. The agorithm transformed and prioritized the new variables based on these linear
characteristics. The new variables are then used in the training of the neural network models, as
illustrated in Figure 3.2. Once the model was trained, the output was back-transformed to the
origina or “red” output, as depicted in the figure. The candidate transformations used in this
process are summarized in Table 3.4. The table summarizes the transformations selected for both
the three- and four-layer systems. The transformations were selected using a genetic algorithm.
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TABLE 3.4 - Sdlected Transformations Used for Training Each ANN M odéel
Three-Layers Four-Layers
Thin Thick Thin Thick

ANN M odds

Transfor mations
Used for the Input
and Output Variables

Depth of Subgrade
Depth of Subgrade

Tensle Strain
Compressive Strain
Tensle Strain
Compressive Strain
Modulusof AC
Tensle Strain
Compressive Strain
Tengle Strain
Compressive Strain
Modulusof AC

I dentity function

Natural logarithm function
DoubleLog I I I
Exponential function 1 O IO A [ |1 [ ] 1
Double Exp [ N B I
Squar e function 1O 1T OO |1 |1 |O]|I @]
Fourth Power function 1T T T 0 T T T O T I IO

Squar eroot function I I I

Fourth root function I I I I

I nversefunction (1/x) I I [ |1
1/ (Squarefunction) I I [
1/ (Fourth Power function) [ [
1/ (Squareroot function)
1/ (Fourth root function) I
Hyperbolic tangent function T T I T I IO

L og (X/(1-X)) 0 O I 0|0 0|0 I
Note: | - selected input transformation, O - selected output transfor mation

Artificial Neural Network Parameters

An important step during the training of the ANN models was choosing the appropriate learning
algorithm. Part of the learning process was to generate data sets for training, testing and validating.
Having a large database made it easy to set up three data sets for each of the networks. The
parameters necessary for the training agorithm were 1) the learning rule, 2) the noise leve, 3) the
transfer function, and 4) the evaluation function. The learning rule used for al the networks wasthe
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Kaman-Filter (Puskorius and Feldkamp, 1991). Two noise levels were selected for the networks:
a) no noise and b) moderate noise. The sigmoid function was selected as the transfer function. Al
the neural network models were generated and evaluated based on two evaluation functions. @) the
root mean square (RMS) error and b) the correlation function. This meant that four networks for
each of the twelve models, depicted in Figure 3.2, were developed. The training process began once
these parameters were set. Once each network was developed and tested, it was validated using the
validation data set. Four competing ANN models were developed for computing each parameter.
To choose the best model, a systematic procedure was designed using the absolute error criteria.
The absolute error was defined as:

. |actual - predicted|
actual

% Absolute Erro *100 (31

The predicted vaues were the values obtained from the neural network model, and the
actua values were the values from the validation data set. The absolute error was calculated for
each record of the validation file. The ANN model that produced the lowest overall absolute error
was selected. The performance of each of the selected ANN modelsis presented in the next section.

Results of the ANN Models

Twelve artificial neural network models were developed for the three- and four-layer flexible
pavements. To facilitate the explanation of the results of each model, two graphs are presented.
Thefirst graph compares the model’ s predicted results with the desired values. A +10% error band,
based on the values from the validation data, is aso plotted to illustrate the accuracy of the mode.
The second graph is a combination of plots. One is a histogram showing the frequency of model
predictions within a certain absolute error.  The other one is the cumulative frequency plot that
shows the total number of model predictions that are less than or equal to a certain absolute error.

Figure 3.3 contains the results for the model developed to predict the critical tensile strain
for athree-layer pavement system with variable depth to bedrock. This modd predicts the tensile
strain for thin AC layers. In Figure 3.3a, the predicted results of the ANN model are compared to
the desired values of the validation set. The +10% error band plotted in this graph visualy
demonstrates the performance model. The predicted values cluster around the line of equdlity.
Furthermore, the histogram in Figure 3.3b shows that the critical strains in about 450 pavement
sections were predicted with an error of +1%. Based on the cumulative plot, 97% of the predictions
were a less than a 10% absolute error. These results clearly show that this model was well trained
sinceit predicted the critical tensile strain with ahigh accuracy level.

As mentioned previoudly, the ANN models originally developed in this project were based
on a fixed depth to bedrock. Since the proposed system of ANN models was based on variable
depth to bedrock, a model to predict the thickness of the subgrade was needed. Figure 3.4 shows
the results of the model that predicts the thickness of the subgrade for athree-layer system. The first
graph in the figure shows the predicted thickness of the subgrade layer for all the pavement sections
cases that were used to validate the model. The plot compares the predicted results and the values
from the validation data. This graph shows a step function of the different thickness used in the
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development of the ANN model. The step function is not represented well in the graph because of
the number of cases used to vaidate this model. However, most of the predicted values cluster
around the step function indicating a high accuracy level in the predictions. The graph also
illustrates that very few of the predicted thicknesses fall outside the +10% error band. The results of
the performance graph reinforce the model’s predictive ability. The graph shows an accuracy of
96% with less than 10% absolute error. This percentage would be higher if pavement sections with
subgrade thicknesses of 6.4 m (250 in.) were eliminated from the validation set. Even though the
ANN mode was trained and able to predict subgrade thicknesses up to 6.4 m (250 in.), common
practice in engineering design and analysis usualy limits the thickness to about 5 m (200 in.) or
less.

The rest of the figures showing the results of the other ten ANN models are included in
Appendix A. All the figures present the results of their respective models in a format smilar to
Figures 3.3 and 3.4. Table 3.5 includes a result summary of al the ANN models developed that
shows the resulting architecture, the evaluation functions, the number of pavement sections used to
validate the ANN models, and the cumulative percentage of the predicted results that had an
absolute error of 1%, 5%, 10%, and 20% for all twelve ANN models.

Table 3.5 shows that the architecture of al the models seems to follow a certain trend.
Except for one modd, al the ANN models seem to have a smaller number of PEs in the hidden
layer compared to the input layer. This suggests that the information in the input layer was
sufficient and a higher order of mapping was not necessary. Also, the number of PEs in the input
layer was amost the same for al the models and was influenced by the variable transformation
algorithm discussed in the early part of the chapter. The reason for having a similar number of PEs
in the input layer, with the exception of the two models used to predict the thickness of the
subgrade, could be that the ANN models had the same original number of input variables. A closer
look at the architectures reveals another trend. It can be seen that overall the models developed to
predict the compressive strain have the lowest number of PEs in their hidden layer. This suggests
that the relationship between the inputs and the outputs for these models were less complex,
resulting in more robust architecture. Only one model out of the twelve shows that the number of
PEs in the hidden layer is larger than the PEs in the input layer. It should be noted that this same
model has the highest level of accuracy with amost 100% of the results being predicted at a +10%
error.

Table 3.5 aso shows that the model selection criterion was not biased to either of the
evaluation functions. However, it seems like the models selected using the correlation function to
evaluate the training progress have a smpler architecture than those that were selected using the
RMS error to evaluate the training progress. These trends need to be looked at and investigated by
the ANN model development team. The only model that does not show as high alevel of accuracy
astherest isthe modd that predicts the thickness of the subgrade for afour-layer system. Based on
the valuesin Table 3.5, the mode achieves an accuracy level of 89% within a+10% error. A closer
look at Figure A.10 in Appendix A reveals that most of the error was contributed at the higher
thickness values. The contributed errors from sections with subgrade thickness of 6.4 m (250 in.)
skew the models accuracy level. Figure A.10 clearly shows that at thicknesses of 5m (200 in.) and
less the magjority of the predicted values form clusters around the validation data or step function.
Without the thickness of 6.4 m (250 in.), thismodel could achieve amuch higher level of accuracy.
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FIGURE 3.3 - ANN Modd’s Prediction and Performance Based on the Validation Data for
the Tensile Strain Parameter of a Three-Layer Pavement System with a Thin AC-Layer
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TABLE 3.5- Summary and Performance of the ANN Models For Three-Layer and Four -

Layer Flexible Pavement Systems

Sect_ion_sin _ Evaluation Cumulative % of Results
ANN Models Validation | Architecture Function Based on Absolute Error
Set 1% 5% 10% | 20%
) & 770 40-25-1 Correlation 58 92 97 99
o & 875 40-24-1 Correlation | 49 89 95 98
é; & 1500 42-50-1 RMS 66 99 - -
oi': Thick & 900 42-42-1 RMS 67 98 - -
Eac 5000 42-30-1 RMS 28 82 95 99
T subgrade 1000 39-31-1 RMS 39 87 96 99
) & 1270 45-12-1 Correlation 23 83 95 99
Thn & 574 41-7-1 Correlation 25 66 81 91
g & 808 40-30-1 RMS 66 95 98 -
i;'s Thick o 500 43-10-1 Corrdation 62 99 - -
Eac 1000 45-30-1 RMS 25 79 93 99
T subgrade 1000 43-30-1 RMS 21 68 89 97
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Chapter 4
Summary and Conclusions

This report summarizes the efforts to develop a system of Artificial Neural Network (ANN) models
that use data from NDE tests, such as the Falling Weight Deflectometer, to ultimately estimate the
remaining life of a pavement. The project has progressed with close cooperation between TxDOT
and UTEP.

The following points summarize the achievements during the period covered by this report.

1) A case study was conducted to validate the methodology of using ANN models to predict the
remaining life of flexible pavements.

2) A series of artificial neural network models were developed for three- and four-layer flexible
pavements systems with variable bedrock depths. The series of models included six pairs of
models, one for each layer system:

a) one pair predicted the thickness of the subgrade layer,
b) one pair predicted the compressive strain at the top of the subgrade-layer for sections with

thin AC layers,

c) one pair predicted the compressive strain at the top of the subgrade-layer for sections with
thick AC layers,

d) one pair predicted the tensile strain at the bottom of the AC-layer for sections with thin AC
layers,

€) one pair predicted the tensile strain at the bottom of the AC-layer for sections with thick AC
layers, and

f) one pair predicted the modulus of the AC-layer for sectionswith thick AC layers.

3) The above models have been incorporated into the software.
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Thefollowing is a detailed assessment of the status of this project:
1) Thedevelopment of the artificial neura network models is compl eted.
2) Thesoftwareisat itsfina stage of development. Thusfar, the software includes agorithms:

a) toautomaticaly read an FWD file,

b) to processal twelve of the ANN models presented in this report,

c) for estimating the uncertainty in the predicted remaining life,

d) to use the Asphadt Institute equation, the Shell model, or any user defined model and
calculate the remaining life based on the results of the ANN models,

€) toincorporate information from traffic report and devel op the pavement performance curve,

f) to plot the profile of an entire test section, and

g) to establish upper and lower bounds for the pavement performance curve and the profile of
the test section.

3) Codeisbeing incorporated to the software to generate a project report automatically.
4) A comprehensive users guide and aHelp file are currently under development.
5) The softwareis aso being tested to identify any “bugs’ in the program.

The last phase of this project will be to test the software with actua data collected from
existing flexible pavement sections. This process will validate the entire methodology as a whole
using actua field data. This process will be a combined effort with both the researchers at The
University of Texas a El Paso and selected personnel from the Texas Department of

Transportation. This is the most important step in the project because it will provide insight into
how TXxDOT pavement engineers would use the software tool.
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Appendix A

ANN Models Predictions and Performance Based
Validation Data Setsfor Three-Layer and Four-L ayer
Systems
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FIGURE A.1- ANN Mode’s Prediction and Performance Based on the Validation Data for
the Tensle Strain Parameter of a Three-Layer Pavement System with a Thick AC-Layer
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FIGURE A.2 - ANN Modd’s Prediction and Performance Based on the Validation Data for
the Compressive Strain Parameter of a Three-Layer Pavement System with a Thin AC-Layer
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FIGURE A.4 - ANN Mode’s Prediction and Performance Based on the Validation Data for
the AC Modulus Parameter of a Three-Layer Pavement System with a Thick AC-L ayer
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FIGURE A.5- ANN Mode’s Prediction and Performance Based on the Validation Data for
the Tensle Strain Parameter of a Four-Layer Pavement System with a Thin AC-Layer
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FIGURE A.6 - ANN Mode’s Prediction and Performance Based on the Validation Data for
the Tensle Strain Parameter of a Four-Layer Pavement System with a Thick AC-Layer
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the Compressive Strain Parameter of a Four-Layer Pavement System with a Thin AC-Layer

48



900

c
© a) Predictions
B 800 -
ks
E 700 -
c
T
& 600 -
(]
>
500 -
S
§ 400 -
@)
3
B 300 +
3
DL- 200 I I I I I
200 300 400 500 600 700 800
Desired Compressive Strain, microstrain
¢ Predicted Values = +/- 10% Error
350 r—— * * 100%
99% 1 aono
300 + %0 0/°
b) Performance T 80%
250 + -+ 70%
> 6294 1
S 200 | / ’ 60%
=) -+ 50%
o] 1
£ 150 -+ 40%
100 | [Validation Set = 500 Cases] + 30%
- -+ 20%
1 o% -+ 10%
0 1 1 1 1 1 1 0%
0% 1% 5% 10% 20% 50% More

Absolute Error

I Frequency —e— Cumulative %

FIGURE A.8 - ANN Mode’s Prediction and Performance Based on the Validation Data for
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FIGURE A.9- ANN Mode’s Prediction and Performance Based on the Validation Data for
the AC Modulus Parameter of a Four-Layer Pavement System with a Thick AC-Layer
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a) Predictions P
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FIGURE A.10 - ANN Mode’s Prediction and Performance Based on the Validation Data for
the Thickness of the Subgradefor a Four-Layer Pavement System
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