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Chapter 1. Background and Introduction

1.1. Background

Recently, t h e Texas Depart men TxDOad)f Pav@neat nMapagemena t i o0 n
Information System (PMISyvas replaced by Pavement Analyst (PA), in a joint development
between TxDOT and AgileAssets. PA is capable of implementing core pavement management
functions such as archiving, managiramd mapping datareporting performance predictipn
conducting optimizadn analysis fordecisionmaking, etc. Furthermore, \&eb-basedsystem

allows any users withithe TXDOT network to access pavement management data and analytics
based on over 30 years of experierR@/ement performance modelsmprise &ey component

of PA; these modelguantify pavement deterioration for the planned horizon and predict the effect
of maintenance and rehabilitation (M&R) actions on pavement perforngbiocg et al, 2017).

The accurate prediction of pavement performanamrtantfor efficient management of the
transportation infrastructure (Prozzi and Madanat, 2003; Hong and Prozzi, 2013). By reducing
errors in predictive models opavement deterioration, agencies can obtain significant savings
through timely intervention anaicarateplanning (Madanat and Prozzi, 200Agcordingly, the
current performance modelshich are mostly inherited from the original performance models
(Stampleyet al, 1995) developed two decades agere in need of improvemetd meet the needs

of TXDOT 6 s PAesystem. The research team reviewed the current performance models,
calibrated themand updated them in a manner compatible with their implementation into PA.
Extensive data analysis wasnductedusing traditional and advanced data analysikrtiggies.
Specifically, the models developed addressed the following technical objectives:

1 The existing models were calibrated using sound techniques and correcting for biases and
inefficiencies;

1 The models were updatéalincorporat historical constructio data;

1 The models were updated to incorporate the effect of preventive maintéRrahcdight
rehabilitation (LRhb), medium rehabilitation (MRhb) heavy rehabilitation (HRhpand

1 Alternative modelsvere proposed that are free of some of the limitagiof the existing
models but are simple and straightforwarsbughto incorporate into PA.

1.2. Pavement Performance Modeling

Pavement performance models describe changes in pavement conditions ovandiraee
essential toolfor agencies to plan cosffedive M&R actions.Based oma model assumption,
pavement performance models che dividedinto two types: deterministic and stochastic.
Deterministic approach assumed that pavement deterioration and improvements in pavement
conditionsare knowrwith complée certainty (Prozzi and Madanat, 20@lgarly,the assumption

of determinism is not reasonable in practice since pavement behavior depends on factors that are



not completely known, such as environmental conditions, traffic loading and the structural
properties of the pavement. On the other hand, stochastic approaches tymediiarkov
Decision Processes (MDP) to take into account uncertainty of pavement performance deterioration
with time. The output aostMDP-based models specifiesly the fraction of pavement sections

in a particular state to whichcertainM&R action is to be applied.

Pavement performance models also can be categorized into two groups based on an: approach
empirical models and mechanistic models. In empirical models, a dependent variable is any
pavement performance indicator. One or more explanatory variables representing pavement
structural strength, traffic loading, ag& environmental conditions arelated to the dependent
variable. Mechanistic modelare basedon the physical representation of the pavement
deterioration process. Material behavior and pavement response models are used to estimate
responses such as stains, stresseddeflections inthe pavement structure under the combined
actions of traffic and the environment (Aguiar and Prozzi, 20IHd¢se responses are used to
predict performance terms ofcracking, rutting, ride quality, etc. Mechanisémpirical models

use pavement respomsdetermined by the mechanistic approach and correlations between the
responsand pavement performance (Hong and Prozzi, 2010).

1.3. Original PMIS Models

The original performance models in PMIS were developed ini®@0s(Stampleyet al, 1995).
The models dmot predict performance directly bilte level of distresscurredor ride quality
lost (variableLi) as a function of pavement ageliableAge), climate region, traffic load, and
subgrade conditions. The level of distress is obtaindte original nodelsby normalizing the
rating for each distress type. Tperformance model for all distresses issamaped curve.

Elements that affeqperformance models depend on pavement types, M&R tyamesdistress

types (Prozzi and Hong, 2010). Therefore, each combination of these factors will generate a
different set of model coefficients. Because field data were not sufficient at the time, engineering
judgmentof experts played a significant roledeetermining the model specification form and its
parameters, which lead to the inaccurate prediction of performance, biased paraaneters
inefficient estimationtherefore, their standard error is larger than what it shoultheefollowing

section sumrarizes efforts to recalibrate PMIS models over the course of several studies.

1.4. Recalibrated PMIS Performance Models

The original PMIS performance models were in need of improvement to predict performance and
overall network conditions and to generfM@R feeds esti mat ed more r eas
TxDOT Project 66386, the researchers reviewed the original performance prediction process and
concluded that the process was conceptually sduridhe models needed improvement because

they overpredict distreses (Gharaibehet al, 2019). The 06386 project yielded evised
performance models faasphalt concrete pavements (ACEYntinuously reinforced concrete
pavemen{CRCB), andjointed concrete paveme@@CB, produced using historical data to predict



a slaver rate of distress developme@h@raiberet al, 2012. More recent studies by Prozzi and
Kim for theTxDOT Maintenance Division demonstrated that the new models do not make optimal
use of available datandthe parameters are biased and inefficiemt uthe stepwise estimation
method applied.

1.4.1. ACP Models

Giventhe manymodel coefficients in theriginal process and largeamount of datathe 0-6386
studygroupeddata by categories, including climate, subgrade quality, pavemenigse type,

traffic loading level, and distress type (Figure 1.1). Therefore, it was possible to estimate one
model coefficient for each group instead of estimating model parameters separatagpitesh

made the parameter estimatioguite simpleand straigtforward but resulted in biased and
inefficient estimation.

TxDOT Network
[
I L) 1 1
#clmateand SUbgmdezoneS -
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I L] 1
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Figure 1.1 Data Grouping for ACP Models (Gharaibeh et al., 2012)

A new set of parametemsas estimated byninimizing the difference between predicted and
observed performanc&o conduct the calibration procefise0-6386researchers set a constrained
optimization problem with the objective function to nmnize thetotal error and the constraints to
ensurgreatment typewere recommended falistresses in logical orde€fo solve the problepa
geneticalgorithm was implemented. Figure 1.2 shows one of the resulting models compared with
the original model.

Based on the calibration resultee 0-6386 study cacluded thaits new modelsoverame the
overpredicton issue and redudeerrorfrom 19.9 percent to 8.3 perce@Haraibelet al, 2012

as compare to the original modelsWhile artificial intelligence methods (such as generic
algorithms) work well for matching the data (owditting), they are challengingo usefor
predicting.
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Figure 1.2 Example of the Calibrated Models on Distress Score (Gharaibeh et al., 2012)

Although the0-6836 project yieldedan improvement on the origal models, thee models still
presentedseverallimitations and constraints. Because of the computational complexity of the
calibration process, the researchers used data from only 35 out of 254 céunties, he models

are cmstrained to as-shape and several distresses do not follow such form.

1.4.2. CRCP Models

The recalibrating process for CRCP was conducted usingimear multiregression across the

25 TxDOT Districtsfour climate and subgrade zones, and state{Rdezzi andviadanat, 2000)

The study gathered historical data from 1993 to 2010 anducted stéstical analysesThe age

of pavements for given distress was estimated by assumed antethen the first and fourth

guartiles were filtered out to eliminate outieThe data were artificially censoredtroducing

biases (Prozzi and Madanat, 2000). After conducting the regression analyses using medians for the
level of distress at each agége researcheisbtained feedback on the resulting coefficients from

district engineers and experiscorporatingt he expertsdé opi ni owas, eacl
constrainedo a certain value. The researchers then recalibrated the model with the constrained
coefficients. Table 1.1 presents the recalibration results across the dirbgr@ade zones.

The authors concluded that the lack of data at a later deterioration stage caused by immediate
repairs on CRCP makes it difficult to develop
in a later studyto improve the performance mode{Sh@araibehet al, 2012) but also introduced

some limitations. The process is fdty datadrivenbecause expert opinions impacted the models

and introduced additional biases. Also, the models are affected by censoring bias caused by
removing quartiles for outlier treamt and using only median values for regression. Furthermore,

the models do natonsiderthe effect of traffic load and treatment type. Internal evaluation of the
models by TxDOT indicated that they oymedict distresses.



Table 1.1 Recalibrated Model Coefficients for CRCP Distresses

S . Recalibrated Performance Curve Coefficients
Zone CRCP Distress a B [ R2-Median R2-Quartile
Spalled Cracks 3.000 | 230.000 9.088 0.664 0258
Zone 1 Punchouts 1.000 | 225000 16.161 1.000 0.787
ACP Patches 1.000 | 250.000 14214 0397 0375
PCC Patches 3.000 | 31930 13.648 0.844 0.466
Spalled Cracks 5.000 8.994 9.463 0.778 0.429
Zone 2 Punchouts 1.000 | 162997 14.150 0.926 0.338
ACP Patches 1.000 | 250.000 16.132 1.000 1.000
PCC Patches 2.000 | 163.899 12,187 0.712 0.395
Spalled Cracks 2.000 | 200.000 9.084 0.860 0.599
Zone 3 Punchouts 1.000 | 250.000 16.145 1.000 0992
ACP Patches - - - - -
PCC Patches 2000 12913 10.640 0.683 0.466
Spalled Cracks 1.000 | 200.000 9.090 0963 0.299
Zone 4 Punchouts 1.000 | 145397 13.192 1.000 0.099
ACP Patches - - - - -
PCC Patches 3.000 | 11.805 9691 0.760 0434

1.4.3. JCP Models

As with the ACP model procesduring the 86386 studyJCP dataveregrouped into two JCP
types,four climatic zonesthreetraffic levels, andour treatment typesAfter aggregating groups

to attainstatistically significant differences in distress scorefan@gach distress, 66 new models
were generatedut of 432 possible models. Boundaries for the model coefficients were determined
to conformto the logical performance orders. Because information regarding pavement age and
treatment typesvasnot available, the pavement agas estimatetdy regression analysis with a
datasetontainng construction dated'he treatment typewere estimatethy assmptions based

on distresses and distress seorethe historical data. Figure 1.3 shows models for failed joints
and cracks in zone 1. As the researchers intended, the performancefolioveshe logical
order®) for instancethe curve folPM and high taffic predicts the worst performance over all
ages. The study concluded thatterms ofroot mean square errdhe new models improveate
original modeldy 27.72 percentn average Gharaibelet al, 20139.
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Figure 1.3 Performance Models for JCP Failed Joints and Cracks



The 06386 study attempted to obtain the best estimates despite missing inforniatveever,

some significant shortcomingemained The main weakness is that the assumptions to estimate
treatment typesvere basedn average distress score per section. This estimation overlooked the
effect of deterioration raten performance.

1.5. Latest Performance Models for IRI Developed by UT Austin

Recentlyresearchers at the University of Texas at Ausdure developed performance models for
ride quality on ACP, CRCRindJCP to be implemented inBA. This was initiated because the
models developed under Projec6886 were ovepredicting ride qality loss, resulting in low
condition scoredUT Austind sew models aimed at developing accurate performance models for
predicting rooughness.

1.5.1. ACP Models

Theresearcherstilized fifteen years of historical PMIS data from 2002 to 201@&ydetermined

that the sshape curve did not capture the actual data accurately. A linear model explains roughness
more accurately and produces a simpler model. As construction work history was not available, a
set of rules to estimate when a treatment vpgdied had to beet upbased on visual analysis of

the data section by section. Hundreds of random samples of ACP sections dntevirggional
Roughness Index (IRI¥ondition score, and distress scover the yearaszere manually inspected

by multipleresearchers and a TxDOT panel separately (Figure 1.4) to establish relevant criteria
and the corresponding threshold values.

station = 2152 | district = 10 | BUOO79FK | Pvmt. Fmly. = A | avg_dIRI = 1.68 | sd = 21

[diri_req=76/

slope=NA slope=7.6 slope=NA slope=NA

year

Figure 1.4 An Example of Estimation of Construction Work History



For all availab¢ sections, work history and a rate of change in IRI per géar)(were estimated.
The resultingdIRIs per PMIS data collection section (Ohiiles) was averagedver a project.
Pavement family was categorized iritaur levels by ACP thickness and typagére 1.5 shows
the comparison between predictions and observations.

600 1

4004

count

2001

0 5 10 15
diri_pj_reg

Figure 1.5 Comparison of Observations (grey) vs. Predictions (red) of the dIRI Models

1.5.2. CRCP Models

An exhaustive descriptive data anatysias conductedbn CRCP data followed bthe data
cleaning and modeling procesdRIswere estimated by regression analysis. The proposed CRCP
models use dIRI atependenvariable andhreeindependent variables: district, roadbed type, and
highway type. Becauseonly®6T x DOTdés 25 di stricts have CRCP
15 districts were estimated. For the ottesrdistricts, coefficientsvere calculatedby taking an
averageof neighboring districts. The models user highway type8d InterstateHighway (IH),

United States HighwaguS), State Highway(SH), and Farmto-Market Road(FM)d to capture

the effect of structural capacity.

1.5.3. JCP Models

Theprocedure used tevelop IRI madels for JCP wasxactly the samas that for ACP. In Figure

1.6, correlations between dIRI and some explanatory variabbepresentedAs the left figure
showsit is unclear whethe¥CP type (reinforced/plain) hasignificanteffect on dIRI; however,

the JCP type is a statistically significant factor. On the other hand, roadbed type and highway type
clearlydemonstrated significantdifference in dIRJwhich agrees with engineerimgfuition. As

the middle figuredepicts frontage roads tend to hageeaer dIRI value$ that is,the IRI of
frontage roads deterioratiasterin terms ofroughness. As for highway types, IH is the least prone

to develop roughness, but FM is the weakest type of highway. Thesebmigtitibutedo factors

such as traffidoad, traffic speedandpavement design.
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Figure 1.6 Boxplots for the Effects of Explanatory Variables on dIRI

These new models have several advantages. The linear model framework makes it easy to interpret
the model parameters and predictions. For example, dIRI represents the IRI change per year. The
models were derived from datathout applying any constraintsxdhe coefficients. These are
preliminary models that still need estimate the effect of treatment types. In summary, the new
models developed ByT Austinachieved a series of technical objectives that could not be reached
before:

1 They were based on detailed sectioiby-section analysis of the data to capture
construction work history.

1 They were estimated using linear regressgmthey produced the best linear unbiased
estimators for the parameters.

1 The data was not grouped but poglsd it producd estimates with minimum variance
and, therefore, smaller standard errors.

1.6. Modelling Methodology: Advantages and Disadvantages

The objective of pavement performance modelling is to use the best available tools to capture as
much as possible the evolutioh distresses with time. The two main techniques are traditional
statistical modelling and artificial intelligenc8tatistical modeling is a field of mathematitst

deals with finding relationshgbetween variables to predict an outcoidificial intelligence is

a field of computer sciendbatbuilds systemgapable ofearring from data, instead of explicitly
programmed instructions. Bayesian statistics and simulation techniques, such as-Gtakov
Monte-Carlo simulations, can be consider somewlretgetween. While statistical modeling has

been used for centurieartificial intelligencé in particular machine learnidgis a very recent
development. It came into existence in the 1990s as advances in digitization and computing power
enabled data sciéists to train computers tbuild models, instead of having to build them
manually The volume and complexity of big data have increased the potential of machine learning.

Statistical modeling works oseveralassumptions (Srivastava, 2015). For instaracdinear
regression (continuous variables) assumes homoscedasticity, mean of error at zero, independence
of observations, etc. Similarly, choice analysis (discrete variables) comes with its own set of
assumptions. Machine learning algorithms do assunmavaof these things but in general are
spared from most of these assumptions. The biggest advantage of using a machine learning



algorithm is that there might not be any continuity of boundary. Also, we need not specify the
distribution of dependent or indepdent variabkein a machine learning algorithm.

Machine learning algorithms akgide-rangng tools. These tools are capable of learning from
trillions of observations one by one. They make predistaond learn simultaneously. Machine
learning does welkith wide (high number of attributes) and deep (high number of observations)
data setsStatistical modeling is generally applied for smaller dagswith fewer attributes.
However, statistical modeling can be controlled by developing a specifidationthat makes
engineering sense. Machine learning (and other artificial intelligence techniques) pseate

bl

ack

b osxomvedimntiee datae Howevenltimately statistical modeling and machine

learningaresimply differentversionsof thesame technique. Table 1.2 shows the terminolisgg
by both approaches to refer to basically the same principles.

Table 1.2 Equivalent Nomenclature between Statistics and Machine Learning

Statistics Machine Learning
Model Network, graphs
Parameters Weights

Fitting Learning

Test set operformance

Generalization

Regression (continuous, discrete)

Supervised learning

Density estimation, clustering

Supervised learning

Even when the end goal for batfachine learning and statistical modeling is same, the formulation
of the two is significantly different. In a statistical model, we basically try to estimate the function
as follows: Y fependent ar i abl e)

In contrast machine learning a k e s

away

f

[ Xs
t he

( d epe erbefunttionv ar i ab
deterministic fun

simply becomes: Output (¥} Input (X). It will try to find pockets oK in n dimensions (where
nis the number of attributes), where occureenty is significantly different.

The fewer the assumptions in a predictive model, theeaer the predictive power. Machine
learning needs minimal human effort and works on iterations where the computerittegifp
patterns hidden in data. Becatise algorithmdoes this work o comprehensive datetand is
independent of all assumpt®grihe predictive power is generally very strong for these models
However, these models dend tooverfit the training data set and may not beeffective at
makingpredictonsoutside these training data.

Statistical models are mathematically intensive and based on coefficient estifiadanodeler
must understand the relatiships between variabke Therefore statistical modelinghas some
clear advantageshen representing phenomena that respondglieestablisked physical law8
e.g, greatewheel loads antighertemperature createnore rutting.



Despite these contrasting approachesmchine learning and statistical modelihgve more
similarities thardifferences The difference have decreasegignificantly over past decade. Both
branches have learned from each other andileélly convergeurtherin thefuture.
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Chapter 2. Data Compilation

2.1. Data Preparation

Data are the most important component for updatimg calibrating the new pavement
performance models. Therefore, the research team developed a database and performed statistical
analyses of the data that was later used to develop the final models. This database combined data
from the old PMIS and the nefRA systemand was used to update and calibrate the current
models. The team developed two sets of models: 1) updated models that follow the same
specification form as the current models and 2) alternative models that consesanties-

s h a p e d dation fopendout Eorrect some of the issues identified with the current models.

TxDOT historically stored, retrieved, and managed their data with PditBpgradedo PA. The

research team created data sesimga series of data mining techniques and gssing, such as

guerying data tables, selecting variables, combining data sets, and so forth, to calibrate and update
the model s. The original data can be divided
measurement methodology and storage strategythEoemainderof this report, we will refer to

PMIS dataasthe data collected from 2002 to 2016 when visual surveys were carried out; the data
collected from 2017 to 201@%hen automatic data collection was implementetl be referred to

asPA data

2.2. PMIS Data from 2002 to 2016

TxDOT providedto the research team 15 yearP®fllS data in Microsoft Access formétom

2002 to 201B To conduct the research tasits research team needed to comlibeseparate
database files into one data set, so dataddmeikasily utilized for modeling purposes. The research
team used MS Access and R to query the necessary tables and fields, and to compile them into one
data set.

The original MS Access database consists of multiple tables and each table containsief@sous

of information. Because not all the tables and fields were required in this project, appropriate
guerying was essential. Firstly, the query prc
Coll ection Secti ono, awhi @ilCioverdon tand pavemsni surfeger y
datg were joined. Then, we selected necessary fiblaicould potentially be used as variables in

the model updating. These variables include inventory variables as well as condition and
performance data. The resudiiguery tables were exported into d@dmmaseparated (csv) text

files. Those files were imported into R to create a data file by combining them. The data were
processed to facilitate the data analysis and were saved into a single fitlaia ®rmat, whih

is compatible with any version of R. Table 2.1 shows the numbealbmile roadway sections

for which datawas collected per fiscal year. The list of variables included in the data set is
presented in Table 2.2.
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Table 2.1 Number of Roadway Sections per Fiscal Year from 2002 to 2016

Fiscal Year n Fiscal Year N Fiscal Year N
2002 185,035 2007 188,110 2012 192,151
2003 185,431 2008 189,178 2013 192,939
2004 185,914 2009 189,771 2014 192,997
2005 186,733 2010 190,457 2015 193,612
2006 187,008 2011 191,248 2016 183,561
Table 2.2 Variables Included in the Compiled Data Set

No. | Variable No. | Variable

1 FISCAL _YEAR 26 | ACP_ALLIGATOR_CRACKING _PCT

2 RESPONSIBLE_DISTRICT 27 | ACP_LONGITUDE_CRACKING_PCT

3 COUNTY_NBR 28 | ACP_TRANSVERSE_ CRACKING_QTY

4 SIGNED_HIGHWAY_RDBD ID 29 | ACP_RAVELING_CODE

5 BEG_REF _MARKER_NBR 30 | ACP_FLUSHING_CODE

6 BEG_REF_MARKER_DISP 31 | ACP_RUT_AUTO_SHALLOW_AVG_PCT

7 END_REF_MARKER_NBR 32 | ACP_RUT _AUTO DEEP _AVG PCT

8 END_REF_MARKER_DISP 33 | ACP_RUT_AUTO_SEVERE_AVG _PCT

9 PVMNT_TYPE_BROAD_ CODE 34 | ACP_RUT_AUTO_FAILURE_AVG_PCT

10 | SECT_LNGTH_RDBD_NEW_MEAS 35 | CRCP_SPALLED_CRACKS_QTY

11 | SECT_LNGTH_RDBD OLD MEAS| 36 | CRCP_PUNCHOUT QTY

12 | CURRENT_18KIP_MEAS 37 | CRCP_ACP_PATCHES QTY

13 | AADT_CURRENT 38 | CRCP_PCC_PATCHES_QTY

14 | SPEED_LIMIT_MAX 39 | CRCP_AVG_CRACK_SPACING_QTY

15 | FUNCTIONAL_SYSTEM 40 |JCP_FAILED JNTS CRACKS QTY

16 | NUMBER_THRU_LANES 41 | JCP_FAILURES QTY

17 | RURAL_URBAN_CODE 42 | JCP_SHATTERED_SLABS QTY

18 | TRUCK AADT PCT 43 | JCP_LONGITUDE_CRACKS QTY

19 | ATHWLD_100 LBS 44 | JCP_PCC_PATCHES_QTY

20 | DISTRESS_SCORE 45 | JCP_APPARENT_JNT_SPACE_MEAS

21 | CONDITION_SCORE 46 | VISUAL LANE_CODE

22 | RIDE_SCORE 47 | VISUAL_DATE

23 | ACP_PATCHING_PCT 48 | LAST_CHANGE_DATE

24 | ACP_FAILURE_QTY 49 | IRI_LEFT_SCORE

25 | ACP_BLOCK CRACKING_PCT 50 | IRI_RIGHT_SCORE

2.3. PA Data from 2017 to 2019

Since TxDOT started outsourcing thask of measuring roughness and various pavement
distressegsuch asrutting and crackingin 2017 the datasetsbefore and after 2017 are not
compatible for modeling purposes. Furthermore, more detailed information is now available
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because TxDOT beg to store theneasurementsased ord.1-mile sectios rather tharD.5-mile

sectiors. Initially the research team treated data from 2017 to 2019 separately to avoid any
compatibility issue during modeling. During the first stages, PMIS data was used for model
development and PA data was used for model calibration and validation. At a later stage, both
datasets were combined.

2.3.1. Combining PA and PMIS Data Sets

To obtain a complete data set ttve project, the researchers usleeltwo data sets provided by
TxDOT: 1) PA data and 2PMIS data The more detailed datdfrom PA contains thevarious
measurementfcluding roughness and pavement distregag&en in0.1-mile sectios. ThePMIS
datatalle encompasses inventory datllected forthe traditional hakmile sectios. In addition,
work history data,which allows usersto identify which sections have experiencBt&R
treatmerg and when, was also included in tR#IS data. The work history dat were not as
accurate as was expectedusingsome significant delays during the project. The research team
encountered multiple instances where the data showed work perftrat@cas not actually done

or, alternatively, work was done but the work higtile did notreflect it Themost frequent errors
concerned thdates on which work was performed.

The data processing began with matching idenfickimile sections for three years using the
detailed dataThe research team neededcbnnect sectionBom different yearsvith location
information, which was available in the formtbé distancdrom-origin (DFO)metric The DFO
locations where the data collection happened were recorded up to three decimals. One issue during
data processing was that Ofef a0.1-mile section did not necessarily match each year, so exact
DFO locations could not be used to combine data for a section. Therefore, we developed a set of
rules to merge three years of data as fatlow

1 Round up DFO to one decimal point, and
1 Eliminate sections that were duplicated or did not match.

Using the above rules, approximately 95 percent of the sections could be jesgite the

remaining mismatcheslowever, aother issuarose inassocidabn with the vendors that collect

the dataln 2017, two different vendors collected ddtawever, after 2018, only one vendor did.

Some i ncompatibil ity whsddungasesmownimFigure 2Indor sd dat &
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Rut Depth
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factor(year) [] 2017 {_} 2018 same_vendor FALSE | | TRUE

Figure 2.1 Rut Depth Incompatibility between Vendors

The blue lines in Figur2.1 represent the density function of rut depth density of sections measured
by one vendor, while the red lines represent the rut depth distribution of the sections measured by
the other vendaduring 2017 and 2018. The red lines hageeater gap in rut depth between 2017

and 2018 meaninghe measuremesbf thetwo vendors are not compatible. Although only the

rut depth is presented hetbe research team recommendsg caution when compng data

from different vendors.

After processing the detailed data, the inventory and the work history data were merged to
complete a data set for 201ffrough2019. Note that there was inevitable discrepancy in the
procedure because the data sets siafedmation in different section lengths (i.6.1 mie versus

0.5 mie). We decided taisethe middle point ofthe 0.1-mile sectios to identify whether the
section falls into a specific Osile section

2.4. Project Finder Algorithm

The low reliability of the work history data motivated the developnoérthe Project Finder
Algorithm (PFA)to identify work performed andpdatecurrentpavement performance models
and other statistical models used for pavement management purposesmolets typically
requi Age df tiegavément asprediction variable, where the age is the number of years
since thdastM&R treatmentwas performedThe Design and Construction Information System
(DCIS) databasstores work history data bwas rot designed to archive the history of treatments
in every sectioninstead it storesonly the most recent work performed on a section. lirhigation
presentxhallenggeswhen trying to analyzthe historical impact of M&R treatmentsn pavement
performarce. Hencepn many occasionsjisual inspectionof the data wasequired to decide
whether work has been done on a highway section, but such an apmoladiecoverwhelming,
biased and inefficient when looking at a network as large as the one in TEx@®FA offeeda
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way to quickly look at large sets of data and objectively find sections wherewhsige high
likelihood of M&R work, based on pavement performance measures and engineering judgement.

The PFA is an automated tool coded in R that identifies, flags, and reports sections within the
Texas highway network that have experienced a noticeable improvement in multiple performance
measures a givenyear. Due to the drastic improvement withingasections over such a short
period of time, the algorithm can tentativelentify M&R projects across the network usmgy
condition dataand geographical data found within thexasPMIS.

2.4.1. Stage 1: Initial Filtering

Toinitiatethe PFA, one must firsteed it with a subset of the fyghvement managemerdtdbase
that containgnventory variables (district, countyDFO); route specific variables (route name,
pavement type); performance measures (palemenscore); distress types; (rutting, cracking
flushing); traffic variables ghnual average daily trafficARDT], equivalent single axle load
[ESAL]); and the fiscal yeawhenthe data wre collected. Once thelata are loaded onto a
dedicated database, tlagorithm compute the length of each sectiousing the DFO and
categorize highways into four major groups: IH, US, S&hd FM. It should be noted that there
are more highway class but those were grouped as shown in Table 2.3.
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Table 2.3 Major Highway Classification Breakdown

Major Highway

Classification Group Hi ghway Classificatic

I nterstate Highway (I
Business Interstate Highway (BI)
United States Hi ghwa)
Business U.S. Highway (BU)

U.S. Highway Alternative Roadway (UA)
U.S.Highway Spur (UP)

State Highway ( SH)
Business State Hi ghw:
State Highway Loop (SL)

State Highway Spur (SS)

Fartnar ket Road ( FM)
BusikhadmMar ket Road (
Farmto-Market Road Spurs (FS)
Ranchto-MarketRoad(RM)
Ranchto-MarketRoad Spur (RS)

Ranch Road (RR)

I H

usS

SH

FM

The PFA was designed to apply fCP; hence it filters out any data relating to concrete or
composite pavements. Once it is applied, the algorithm requires the user to select the range of years
to be used in the analysis. In this case two sets of yearused: 1) from 2002 to 2016, where

the mehod used to collect rut and IRI datansll-documented and consistent, and 2) from 2017

to 2018, once PA was implemented and data is available everyl@ihsteéad of 0.5 nié as was

the case for PMIS.

Next the algorithm redefines the value of certzamniables to avoid inaccuracies in the analysis.
This is necessary because often when data could not be collected in a pavement section due to
construction or other circumstances, a value of O is stored for variables such as AADT, IRI, and
pavement condibin scores. The algorithm changes those zeroes to a null or blank to prevent them
from introducing a bias when computing averagaereover, it is known that those variables
cannot be equal to zero. Next, the algorithm sums up the lengths of every sébiioa Wghway

and filters out any highway whose total length is less than 10 miles. The reason for this filtering is
solely for statistical purposes, as every data point within this dataset is collected everle 0.5 mi
and it is desired that every highwegntributes at least 20 data points to the performance models
to be able to obtain robust parameter estimates. A summary of the filtering process in terms of
highway mileage is presented in Table 2.4.
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Table 2.4 Yearly Breakdown of Highway Mileage Before and After Initial Filtering

Fiscal Mile_k&g[;an‘i“ete Milgagbﬂte .Percaegret
i n il es i mi ¢s fi | t-eute d(
2002 81,590 60,000 26.5
2003 82,010 60,210 26.6
2004 82,460 60,340 26.8
2005 82,880 60,520 27.0
2006 83,080 60,400 27.3
2007 83,866 60,890 27.4
2008 84,586 61,470 27.3
2009 85,060 61, 730 27 . 4
2010 85,490 61,890 27 . 6
2011 85,980 62,150 27 . 7
2012 86, 700 62,630 27 . 8
2013 87,400 63,080 27 . 8
20114 87,770 63,120 28.1
2015 89, 050 64,090 28. 0
2016 89, 823 64, 400 28. 3
2017 89,900 64,370 28. 4
2018 89,970 64,060 28. 8

2.4.2. Stage 2: Section Flagging

Once the initial filtering is completed, the algorithm groups sections based on their route name,
district, county and DFQ and assigngachgroup of sections that share those same attributes a
unique ID. Then, for every unique ID, the algorithm takes the difference of all performance and
distress measures from one year to the next as per the following equation:

YO QI Q61 A @WEWMUE T AOD@D Q1 a e 0 Q

wherei indicates the year of the analysiis difference is defined such that a significant negative
difference in distress measures such as rutting, IRI, or cracking is g sttbcator that M&R

work was performedn contrastfor performance measures such as the condition, distrasde
score, significant positive differences are indicators of work performed. The probability
distributions of these differences were anatyzo determine threshold values that could be used
for determining when a difference was significant enough to be an indicator of work. After multiple

trials and discussions with personnel from Tx

the ride sore should not be used as a work indicasrit highly correlated to IRI. Furthermore,
using the condition and distress scores could be consideuddecounting as they are computed
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using other distresses already being used as indiceemse, onlfRI and distress measures were
used as work indicators.

The threshold values that were used for each performance measure typically correspond to the
lower 5th, 18, or 15th percentile of the distribution. The decisasntowhich percentile is used

is sibjective but depends on the variance or spread of the data. Figure 2.2 shows a graphical
example of the histogram that is generated by using the data on the difference in IRI on the left
wheel path and the threshold value being used.

PMIS Delta IRI Left

0.4 I

Lower 150
Percentile

o
w

Relative Frequency

o

0.0

-1;]3 -E‘D é E.D 16:-
Detta IRI Left (in/mi)

Figure 2.2 Histogram of the Difference in IRI on the Left Wheel Path over 15 Years

Something to be noted is that there are no rut depth measurement®dabase from 2002
to 2011. Therefore, to compensate for this, airariate linear regression analysis was conducted
using the Arut bucketo values to estimate the

YOoOQmwQe f & T d T T ®
where
b1234 :parameters for shallow, deep, sevarg] failure rutting, respectively.
X1234 :rut bucket value for shallow, deep, severe, and failure rutting, respectively

Note that the regression equation was forced to explicitly haveiitercept at zero. This is

because, intuitively, if all the tibuckets have a value of zetbat implies that the pavement
section haslmndoderumstiomgrut measurements, Ano I
in the section is less than 0.25 in. Results of the multivariate regression analysesantegk in

Table 2.5. From the regression analysis it is concluded that all four regression parameters in the
equation are significant in the estimation of the rut depth. This implies that the impact of the rut
buckets on the prediction of average rut daptnotnegligible Furthermore, the regression does

a fair job at predicting average rut demfven that it accounts for 71p@rcentof the variability

in the data.
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Table 2.5 Multivariate Regression Results for the Estimation of Average Rut Depth

Parameter Estimate Standard error  T-statistic P-value
1 6.1611 1.1071 1 561 0*
f TSFTYoep T vg v pTr 75 o*
f CoopTm X mpT 37 0*

f P8O Xp TT d o p1r 227 0.023
Residual standard error 0.074 Adjusted. R 0.716

* The value is so small that for practical purposes it can be assumed to be zero.

Once the regression equation is used to estimate the rut depth for fiscal years 2002 to 2016 and all
threshold values for each distress type Haeen established, a relative weight is assigned to each

of them based on the on how reliable those measurements have been in the past to determine
whether work has been done. Weights of 1.5, 1.0, and 0.5 correspond to the highest, amedium
lowest levelof perceived reliability of the data. For example, IRl and rut depth measurements for
either wheel path are assigned a weight afdvBrage rut depth, number of failures, patchamgl
longitudinal crackingare assigned weight of 1.©0and all other disess measuresre givena

weight of 0.5. However, these weights can be changebaftarinformedset of criteria could be

made available.

The thresholds and weights are set into the algorithm. Once done, the algorithm searches the entire
database anithgs any section repamng a difference that is equi or less than the threshold value

for each performance measure. Next, the algorithm selects those sections whose total weighted
score was at least four. This implies that these sections show &siginihprovement in multiple
performance measures over gpanof one year and, therefore, have a high likelihood of having
received M&R treatment. The current percentiles and threshold values for all indicators being used
are shown in Table 2.6.

Table 2.6 Threshold Values Currently Used in Algorithm

Performance PercerPMI'S Thresh PA Thresho

IRI Left 20" -10 in/mi -8 in/mi

IRI Right 20" -13 in/mi -11 in/mi
EstimatedAverage Rut 15" -0.010 in ~

Rut Left 15N ~ -0.010 in

Rut Right 15" ~ -0.019 in
Alligator Cracking 5t -5% cracked -5% cracked
Longitudinal Cracking 10n -10 ft per station -14 ft per station
Transverse Cracking 3 -5% cracked -5% cracked
Block Cracking 18t -5% cracked -5% cracked
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Perf ormance
Number of Failures
Patching Percentage
Raveling

Flushing

PercerPMI

3rd
5th
1t
5th

-4 failures
-5% patched
-2

-2

-4 failures
-5% patched
-2

-2

2.4.3. Stage 3: Finding Projects

In the previous stage, the algorithm selected a group of seetitina high likelihood of having

received M&R work. Now, the algorithm needs to identify which of those sections are part of the
same project. For the algorithm, a project is defined as a groapleast five PMIS highways
sections (that jsapproximately 2.5 miles in length) that are contiguous to one another and share
the same route name, where contiguous means there is a distance smaller than 1.0 mile between
one section and the one adjaceémit. By using this procedure, the algorithm can distinguish
between groups of sections that are likely to be a project and isolated sections that happen to have

spikes in their performance measu@sshown in Figure 2.3.
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However, if there is a sudden drop in the improvement of performance along the sections, using
this procedure might yield cases where there are two projects that atelesiles from each
another. In reality, these two projects are more likely to be one long project instead of two short
ones. Hence, the algorithm performs a small correction if the gap in between two projects is less
than or equal t@ miles (six data points)lhe algorithm will bridge the gap and treat everything

Figure 2.3 Examples of Merging Sections into Projects

as one longer project. Figure 2.3 presents a graphical example of how the algorithm bridges this

gap

be

t ween t wo
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the red | iinl® hanee, far &ng of heeperforménce measures kaiadyzedby the

algorithm, if the red line lies significantly below the blue line, then that is an indicator of work

being done.

Next, the algorithm defines the project limitomputes the project lengtind assigns an ID to
every projectThenit outputs a table with the total highway mileage (all pavement types, treated
or untreated), the total highway mileage that was treatetithe percentage of mileage treated per
year. Table 27 shows a summary of the treated sections found by the algorithm.

Table 2.7 Yearly Breakdown of Maintenance Work Captured by Algorithm

Fi scal Ye .

2002
2003
2004
2005
2006
2007
2008
2009
2010
2011
2012
2013
2014
2015
2016
2017

2.4.3.1. Accuracy of the PFA

Hi ghway
Mi | eage

81,590
82,010
82,460
82,880
83,080
83,866
84,586
85,060
85,490
85,980
86,700
87,400
87,770
89,050
89,823
89,900

Hi ghway
Treated

1,453
2,806
1,144
1,355
1,636
1,308
1,345
1,048
839

1,048
1,310
1,211
1,353
1,363
2,112

8,978

Mi |

Per cTernetat e

1.78
3.42
1.39
1.63
1.97
1.56
1.59
1.23
0.98
1.22
151
1.39
1.54
1.53
2.35
9.99

Although the algorithm was developed to be conservative for identifying potential projects, it is

still possible

for

It

t o

capture

nfal se

posi ti

show significant improvement but with no record of rerg maintenance in either the work
history kept by TxDOT or any other database used in previous studies with a work history
database. Hence, a cres=ification process was used to check the accuracy of the algorithm by
analyzing how many of the projedtaind by algorithm have a match in the work history databases

kept by TxDOT.
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The first database used was the most recent work history dataset, which stores the most recent
treatment that has been performed on a given section. This work history films@mtgects that

range from the 1990s all the way to 2018. The second file is a database that was manually filtered
to archive and show all the different projects that were performed on a large set of thick asphalt
concrete pavements (TACPs). Unlike tirstfwork history database, the second file does include

the history of projects in a section spanning from the 1990s to 2018, instead of having only the
most recent one.

The crossverification consisted of matching the projects found by the algorithnmstgaiose in

the two work history databases based on the year when work was done, the highway name, and
project |limits in terms of DFO. I n this scenart
limits of the projects found by the algorithm owgriwith those in the work history dataset.

The crossverification processapturenot only the number of projects that have a match in the

work history, but also the mileage/erlapsbetween the two. Once those two quantities are

determined, the accuracy the algorithm is quantified in terms of the percentage of projects that
has a match and the percentage of mileage that overlaps with the work history databases.

The dates used to test the accuracy of the algorithm are the final construction dagenfosth

recent work history and the last revision date for the TACP work history databases. However, these
dates have some uncertainty associated with them given that the treatments can experience
construction delays or the data that reflects the eftddtse treatment is not collected until the
following fiscal year. Therefore, the cregerification was also implemented with a time buffer of

+1 and +2 years to account for this uncertainty. A summary of the-eeo$igation results is
provided in Table2.8 through 2.11. Tables 28 and 29 were generated by verifying the results

from the algorithm using the PA and PMIS databases with the work history file that has only the
most recent projects. Tabled@and 2.1 compared the algorithm results witrettvork history
database on solely TACPs.
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Table 2.8 PMIS Algorithm Output Cross-verification with Work History Database

Algorithm and work history summary

Number of projects found by algorithm 4,039
Mileageof projects found by algorithm (mi) 21,333
Number of projects in work history 5,224
Mileage of projects in work history (mi) 32,527
Matching with £2-year buffer

Projects Matched 1,122
Mileage Matched (mi) 3,962
Percent of Projects Matched 28%
Percent of Mileage Overlapped 19%
Matching with +1-year buffer

Projects Matched 990
Mileage Matched (mi) 3,699
Percent of Projects Matched 25%
Percent of Mileage Overlapped 17%
Matching with no buffer

Projects Matched 561
Mileage Matched (mi) 2,000
Percent of Projects Matched 14%
Percent of Mileage Overlapped 9%
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Table 2.9 PA Algorithm Output Cross-verification with Most Recent Work History Database

Algorithm and work history summary

Numberof projects found by algorithm 1,398
Mileage of projects found by algorithm (mi) 8,990
Number of projects in work history 3,512
Mileage of projects in work history 24,416
Matching with +2-year buffer

Projects Matched 712
Mileage Matched (mi) 1,774
Percent of Projects Matched 51%
Percent of Mileage Overlapped 20%
Matching with +1-year buffer

Projects Matched 712
Mileage Matched (mi) 1,774
Percent of Projects Matched 51%
Percent of Mileage Overlapped 20%
Matching with no buffer

ProjectsMatched 368
Mileage Matched (mi) 724
Percent of Projects Matched 26%
Percent of Mileage Overlapped 8%
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Table 2.10 PMIS Algorithm Output Cross-verification with TACP Work History Database

Algorithm and work history summary

Number of projects found by algorithm 172
Mileage of projects found by algorithm (mi) 912
Number of projects in work history 658
Mileage of projects in work history (mi) 3,411
Matching with +2-year buffer

Projects Matched 92
Mileage Matched (mi) 97
Percent of Projects Matched 53%
Percent of Mileage Overlapped 31%
Matching with +1-year buffer

Projects Matched 64
Mileage Matched (mi) 72
Percent of Projects Matched 37%
Percent of Mileage Overlapped 22%
Matching with no buffer

Projects Matched 30
Mileage Matched (mi) 32
Percent of Projects Matched (%) 17%
Percent of Mileage Overlapped (%) 13%
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Table 2.11 PA Algorithm Output Cross-verification with TACP Work History Database

Algorithm and work history summary
Number of projects found by algorithm 28
Mileage of projects found by algorithm (mi) 141

Number of projects in work history 374
Mileage of projects in work history (mi) 2,003
Matching with +2-year buffer

Projects Matched 23
Mileage Matched (mi) 19
Percent of Projects Matched 86%
Percent of Mileage Overlapped 74%
Matching with +1-year buffer

Projects Matched 23
Mileage Matched (mi) 19
Percent of Projects Matched 86%
Percent of Mileage Overlapped 74%
Matching with no buffer

Projects Matched 10
Mileage Matched (mi) 8
Percent of Projects Matched 36%
Percent of Mileage Overlapped (%) 25%

It was noted that, dlbugh the algorithm captes multiple projects and mileage of treated
highways it is not accurate as it was expected. It seems that if a buffer of two years is given, the
algorithm tends to have an accuracy ofpggdcentin terms of projects, and close to 2ércentin

terms of mileage. However, it seems that in the cases wher&h mdound, only a fraction of

the total project mileage is captured. This phenomenon might occur because the algorithm is not
sensitive enough to capture the effect of ligtkrtreatments such as seal coats. Neverthedess,
visual inspection of a randn sample ofprojects captured by the algorithm that had no match in
either of the two work history databasdows that significant improvement can be visually seen

in the dataAn exampleof this shown inFigure 2.4, where the condition was improvedemts

of IRI, alligator crackingand longitudinal cracking.

26



#80 FM0281 K in 2005-2006

200 S 4 o
s b alnt bl . = e, e e -
% 100 ¥ WUl AR W ¥ L S
r 0 -
= 300 350
Road Mile Marker
=500
£
€ 400
o 300 S s e,
= 200 N ) 1 . y oy, T
saANao s el oo ORI et -
X 100 ¢ B SO M TR e, ‘v P
e o
300 350

Road Mile Marker

.
- e

300 - 350
Road Mile Marker

(=]

= N W B
o o & o
o © © ©

Long. Crack

o
i
|
i

{
1

I
13
|
’
i
3
I
i

Road Mile Marker

o o
2 o

Rut Depth (in)
o
M

o tm aatat a e e A A, i W Pt s e i s St oy
300 350
Road Mile Marker

§

Years ® 2005 . 2006

Figure 2.4 Potential Projects Found in IH 35 by Algorithm with No Match in Work History

2.5. Incorporating Treatment Type

Another issue identified witthe current models was that the models for different treatment types
could cross over a period of timeor example, a pavement that was subjectedRab could,

after some yearshow pooreperformancé as if it had beemprovided withonly PM. From a
pavement management and a planning and programming point of view, this is not acceptable.
Furthermore, this also caused some more practical issues associated with the calculation of
treatment effectiveness.

In this section, we show how the diféat treatment types could be incorporated into the models
in a manner that will ensure that higher level treatments will resodttter longterm performance.
The treatmerstconsidered are PM, LRhb, MRhndHRhb. For example, the following equation
denonstrates how the variodd&R activities could be incorporated into Model One (or logit
model):

f
p I QoRt | 00 | 0@ | 0Y® | O QQ

0

where
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L . distress density,
Age :independent variable that accounts for the ageeopélvement section,
bo : asymptote parameter that captures the maximum dévistress

b1 : regression parameteshich could be specified as a function of traffic, environmental
conditions, subgrade, locaticemd any other relevant variables.

b2 . regession parameténat captures the rate of the deterioration process,

Ui 2,34 : regression parameters that captures the effect of PM, LRhb, MRhb or HRhb in
slowing down the deterioration process.

In this model, PM, LRhb, MRhlandHRhb are dummy varides that capture the type of M&R
work that has been performed on the specific section. By applying this model specificatiom and
constrainthatth > 2% 38 4 lthis model ensures that the performance curves will never cross
each other. Figure Rrepresentshis approach to theodel.

100%

90%
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70%
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Figure 2.5 Incorporation of M&R Activities into Alternative Models
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Chapter 3. Calibration and Update of Current
Pavement Performance Prediction Models

3.1. Introduction

This chapter documents thpdating anaalibration ofpavement performance models A&CP.

The objective of the calibration process was to improve the current models by incorporating
updated data. Performance curves were recalibrated for ACP distressisypg PMIS and PA

data from years from 2002 to 2019. The calibration process of the ACP performance models was
conducted using nonlinear mixed effect regression with variables, such as functional class, traffic,
pavement type, climate, and age. Appergligontains the calibrated coefficients for the ACP
performance prediction modedgveloped in this project

3.2. Development of Analysis Database

The database usddr updating the models was extractesin TxDOT6 PMIS and PA system

dating from 2002 to 2019. To establish an analysis data set for model development, a series of
variables associated with structural and environmental fastersalsoextracted. Additionally,

the distributions of various distresses were also investigatasisist the model estimation in the
following stefs.

3.2.1 Variable Preparation

Pavement deterioration is affected by various factors. In the PMIS and PA systeimbles
related to functional, structural, and traffic informateme storecand can beasily queriecand
retrievedas model variable$lowever, &though weather conditionalso play a significant role in
pavement performanceanly very limited environmer information is available in PA To
address this issue, the research team turnedhdéoNational Oceanic and Atmospheric
Administration (NOAA) databaseextractingenvironmental factors, including temperature and
precipitation, and incorporang these factoras variablesin the models Because highway
pavemerd deteriora¢é under thecumulative effect of traffic and environmahtconditions
pavement age was computed as another vartablee used in the model. In the following
paragraphs the model variables are introduced and described.

3.2.1.1. Functional Class

In Texas,highwaysare categoized into seven groups based on their function, and each group
contains suigroups. The seven main groups are numbered from 1 to 7 and stored in column
APMI S _HI GHWAY SYSTEMO of t {greupsdcan ke xdraceed fromwh i | e
col umn AROUT Hhe NunbEE of .recofids and the corresponding percentages for
different groups in the PMIS and PA databases can be fouFabie3.1 As shown, most of the

highways fall ito groups 2, 3, 6, and 7, which corresponds to more thgpeB8&ntof all the

records As a result, in this pwaspgreatedthaomansfaur i abl e
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level® FM, SH, US, and IH. These four levels correspond to gr@uie, 7, and 3 specified in
respectivel y.

col umn

APMI S_HI GHWAY_SYSTEMO,

Table 3.1 Distribution of Functional Class

PMIS HIGHWAY SYSTEM Description Count Percentage
BF 297 0.0%

L BS 8,277 0.3%
Bl 11,191 0.3%

BU 22,015 0.7%

RS 73 0.0%

RR 250 0.0%

2 FS 2,254 0.1%
RM 108,728 3.3%

FM 1,409,299 43.1%

3 IH 433,262 13.2%
4 PA 1,032 0.0%
5 RE 3,002 0.1%
PR 9,952 0.3%

SS 21,339 0.7%

6 SL 59,372 1.8%
SH 579,407 17.7%

UP 438 0.0%

7 UA 9,750 0.3%
us 591,636 18.1%

3.2.1.2. Traffic
In this project,

the 20 years projected ESALs,
ATX CURRENT_18KI P_MEASO,

which was stored

wa s

used

t o

in ctiiemn

represe

pavement section. The average 20 years projected ESALs for each pavement section was firstly
computed to keep the traffic characteristic consistent across the armdyisid Next three
thresholdé 200,000 750,000 and 3,000,008 were used to divide traffic into four categories,
including low, medium, highand heavy. The distribution of the traffic and the three thresholds
(vertical dash line) were plotted in FigBel. Since these thresholds are selected approximately
around the quartiles of the data, the number of records were roughly evenly distributed across the

four traffic categories.
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Figure 3.1 Distribution of 20 Years Projected ESALs

3.2.1.3. Pavement Type

Of theten different types of pavements in the PA system, saveACPs(Table 3.2). In this
project, based on the similarity of characteristics, these FeUerypes were grouped into three
categories:

1 Thick ACP: Type 4, PMIS Type 5, and Type 9
1 Thin ACP: Type 6 and Type 10
1 Composite ACP: Type 7 and Type 8

Table 3.2 Pavement Types

Pavement Type | Description
CRCP

Continuously Reinforced Concrete Pavement

Jointed Concrete Pavemamwinforced

Jointed Concrete Pavemantreinforced

Thick Asphalt Concrete Pavement (>5.5" thick)

Intermediate Asphalt Concrete Pavement-2%' thick)

Thin Asphalt Concrete Pavement (<2.5" thick)

Composite Pavement (asphalt surfaced concrete pavement)

Overlaid or Widened Old Concrete Pavement

Overlaid or Widened Old Flexible Pavement

Thin-surfaced Flexible Base Pavement (surface treatment or seal coat)

JCP

ACP

© 00 |N|O |01~ (W]|N (k-

=
o
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3.2.1.4. Climate

The climate informationvas obtained from the NOAA database. Froim databasewe selected

30 yearf normal annual average temperature and precipitation as representative of the climate.
The NOAA data is collected from weather statidng, some counties do not have thesgiens.

For thosecounties, the average information from the adjacent counties was-asedunties with
multiple weather stations, the average information of these weather stations was used. After
acquiring the temperature and precipitation statisticedch county, thresholds of 61.25 and70
degrees for temperatuasd B and 38 inches for precipitation were used to group counties into
different climate zones. After nom adjustmentsa climate map with five zonegas obtained
representing thevest east, north, south, and central regions.

The distributions of temperature and precipitation along with the boundaries of different climate
zonesare depicted in Figure8.2 As shown, in general, an increasing trend can be found in
temperature from nortto south, and in precipitation from west to east. Moreover, the climate
zones defined are reasonable enough to represent the general climate distribution in Texas.

Precipitation

Zone

WEST (ML)
NORTH (LM)
CENTRAL (MM)
SOUTH (HM)
EAST (MH)

Climate Zones

Figure 3.2 Climate Distribution and Climate Zones

32



3.2.1.5. Pavement Age

Pavemenage plays a key rola condition score becaupavement deteriorates with time even in

the absence of traffiand harsh climates, simply duett® charactertgs of the materialsThe

age of a pavement section at a specific year can be computed by computing the length of time
sincethe last maintenance, rehabilitatipor construction work. In this project, because of the
quality of the work history dataignificantresourcediad to be diverted to thdevelopment of
algorithms to identify the work history. After developing the work history, the work history data
was combined witlPA data to compute the age variable.

3.2.2. Identification of Correlated Variables

The design of pavement is a systematic decision procesgtimatnts for multiple design variables
including, but not limited tg structure, traffic, and environment. As a result, intrinsic correlations
can be found among different variables during theetbgment of pavement performance models.
For example, for atH with heavy traffic, normallyathick asphalt concrete surfadesign would
prevail instead o thin surface layerlin contrastfor FM routes with low traffic volume, agencies
would bemore lkely to apply a thin pavement design instead of a thick pavement design.
Considering this, in this project, a preliminary correlation analysis was conducted. As shown in
Table 3.3, significant linear correlationsouald be found among the functional clapsvement

type, and traffic. Therefore, a decision was made to combine thesedktegericavariables.

Table 3.3 Correlation Matrix

Functional Class| Pavement Type| Traffic

Functional Class 1.00 0.35 0.57
Pavement Type 0.35 1.00 0.49
Traffic 0.57 0.49 1.00

Theoretically, four highway functional classes, three pavement types, and four traffic levels would
result in 48 groups. However, due to the limited data with work history information, it was found
that after combining work history data, only @Bthese 8 groups have enough data to develop
performance models. For the re$thegroups, their performance models were determined from
similar groups with enough datén this regard a conservative approach was followed. For
example, if a model for a specifotombination of variables was missing data, the model from a
Ahi gher deteriorationd was assigned.

3.2.3. Distribution of Pavement Distresses

IntheTXDOT Ra t eMaidual, a set of maximum values have been assigned to different distresses,
which is reasonable to gle raters to conduct the distress evaluation. However, in reality, when a
certain type of distress reaches a certain level, maintenance or rehabilitatiors worknally
performedThis, in turn, generatesextremely skewed distribution for most of the distresses and
leads tononrobust predictions if the deterioration modetethe maximum rating values as the
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asymptotic value. Consequently, in this project, the distributions of various pavement distresses
were investigated to elect reasonable asymptotic values for the deterioration models. IB.Eigure

the histograms along with various percentiles for different distresses were presented together. As
shown, for most of the distresses, though the maximdoesaf them are consistent with the
maximum rating values, even the 998ercentiles can significantly diverge from the maximum
values specified in thRa t eMalual. Accordingly, when performing model estimation, instead

of using the maximum rating kees in theRa t eMadusal, we made corresponding adjustments

of the asymptotic values based on the 9@&rcentiles for each type of distresses.

25 50 75 100
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probs 10.0% 25.0% 50.0% 750% 950% 99.0% 999% 100.0%
percentile o 0 1 4 17 36 66 100
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25 50 75 100
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Figure 3.3 Distribution of Flexible Pavement Distresses

3.2.2 Limitations of Analysis Data

During the preparation dhe databasehe research team addresseany challenges, including
insufficient observation length, nancreasingdeteriorationtrends, presence of outliers, rut
buckets models, and limited treatment type information. The causes of thesanskukesithe
data collectionprocess, missing or erroneous information unobserved heterogeneities. To
handle these issues, the following approaches fo#osved.

3.2.3.1. Insufficient Observation Length

A significantnumberof pavemensections in the databasedif@wer thanthreeobservatios, and

most ofthe corresponding records were aged one or two years after previous maintenance or
rehabilitation work. Since at earlier ages, pavements generally exhibit extremely low severity of
distresses, incorporating these t&ets would substantially undermine the predictions for old
pavements. Consequently, in this projé¢t84 sectionsoutof 13378 (48 percent with less than
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three years abbservationsvere removed from the analysis data, widohresponds to 1840 out
of 54,151 records (2percent).

3.2.3.2. Non-increasing Trend

Another issue washat between two consecutive maintenance or rehabilitation works, some
distress observations exhiit lower values than preceding years, which compromised the
assumption that distressancrease with time if no maintenance or rehabilitation work is applied.
To address this issue, cumulative maximum adjustments were implemented for each unique
pavement section. As shown in Figure 3.4 (on the left), before the adjustment, three measuremen
are lower than preceding measuremeAplying the cumulative maximum adjustment, which
consised of replacing a measurement at a given age by the maximum preceding measurement
yielded the results depictedkingure 3.4 on the right.

distress
distress_cmx

== = Q
= @— : = O T
( —a ( —a
r - r < v - T - T v - - = v - T - T
0.0 25 50 5 10.0 0.0 25 50 5 10.0

age age

Figure 3.4 Cumulative Maximum Adjustment

To illustrate the impact of this approach, the scaitets and boxplots of longitudinal cracking

along with the deterioration curves (gray lines) for each pavement section are presented in Figure
3.5.Before the adjustment, even though there is an overall increasing trend in the data, the trend
was not significanand there is a sharp decreasing trend between ages 15 and 16. This is most
likely due to missing work history data. Furthermore, the deterioration curves are very scattered
with no consistent increasing trend. In contrast, after the adjustment, nadamdthe overall
increasing trend of the data get more reasonable, but also the deterioration curves exhibit
increasing trends.
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Figure 3.5 Longitudinal Cracking Distribution Before and After Adjustment
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3.2.3.3. Outliers

Figure 3.6 provides an example of the change of longitudinal cracking for a set of pavement
sections grouped by the same functional class, traffic, pavement type, and climate zone. As shown
outliers can be found at almost every age, most likelgaxhby data collection errors or inaccurate
pavementM&R history information. Incorporation of these outliers into the model development
could substantially hinder the model performartberefore, when performing model estimation,
outliers due to measuremt error for each group of data at each age were removed.

Longitudinal_Cracking_cmx

—T

5

il -
| LT

AGE

Figure 3.6 Example of Group Longitudinal Cracking Changes

3.2.3.4. Rut Bucket Models

In PA, rutting i s cat asgdon diffeeemburfacerat deptli fangeskhesé s o
buckets areno-rut, shallow rut, deep rut, severe rut, and failure rut. Each pavement section was
evaluated by the percentages of area for each rut bucket, which requires the sumedbtioids
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to be100 percent.In the current rut models, all the rut buckets were modeledsiesge curves
with asymptotic values of 100ercent These models are physically incorrect because these rut
buckets are not independent amidl not increase continuously, with tlexcepton of failure rut,
which will increase all the time. For instance, starting fromzage with the increase of rut depth,
the shallow rut will increase initiallyHowever after a certain period, the rut depths of some
locations will exceed the threshold betwelea shallow rut and deep ris a result, the shallow

rut will start to decrease. This can also happen between the deep rut and seamcsauere rut

and failure rut. Nevertheless, the current rut modelshot account fothese transitions, and
becaise 10(percentwas used as the asymptotic values for all the rut bucketgossiblehat at
somepoint, the sum of predictions of rut bucketsildexceed 10@ercent

Regarding the issues with the rut bucket model, the research team has propeErsedlsewnatives

to TXxDOT. However, because of the constrapused on thénplementatiorof the models into

PA, the development of rut bucket models using a formulation different from other distresses is
not practicad Therefore, in this projectollowing TXxDOT guidancenly an interim approach by
limiting the asymptotic values was adopted.

3.2.3.5. Limited Treatment Type Information

In Texas, based on work intensity, treatments intended to improve pavement performance are
generally divided into four categorieBM, LRhb, MRhb, and HRb. It is expected that if a
pavement section receives Hii it will perform better thaiif it receivesMRhb, LRhb, or PM.
However, in this project, very limited information about treatment typeawvasableand these
datawere highy variable and did not show any reasonable trends.elxample, preliminary
analysis indicated that for pavements with similar characteristics, performance curves of these four
treatment types crossed each other, and in some cases, pavements treatedrog\R perform

better tharLRhb or even NRhb. As a result, performance models developed usiisgtreatment

type informationwould result in inconsistennodelsand induce podv&R decisions.

Because of thaigh variability oftreatment type informatig this project adopted prdoabilistic

approach to supplement the treatment type informafi@neach group of pavement sections with

the same functional class, traffic pavement typed climate zone at each age, the bottom 25
percenbf the data weressigned tdHRhb, the bottom 5@ercenbf the data were treated & hb,

and the bottom 7@ercentof the data were assigned lt&hb. The data between 15and 7%’
percentiles were allocated®d. Moreover, all the dataaboveper cent i | e were gr c
n ot h(DN)grbese values were adopted through a-arraderror iterative approach so that all
models representing each type of treatment was reasonable and matched the corresponding data.
In this way, five separate datd®es for each type of distress were created and then combined to
develop performance models, and it is expected that the results will follow the order of
performance for different treatment types.
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3.3. Model Specification

One of the main technical objectivestloifs project was taalibrate the current model coefficients

for the existing model and to incorporate treatment tyfjperefore, the research team used the
same model specification as presented in the
models (Gharaibeh et al., 2012), which was slightly modified from the original model (Stampley,
1995). The current prediction models of the level of distress have a specificasioovmasin the
following equation.

. 0

0 |A@D =00

where,
0 : level d distress in a pavement section.
| : horizontal asymptote factor that represents the maximum range of distress growth.
I : a slope factor that controls how steeply utility is lost in the middle of the curve.

0: multiplication of four parameters definadthe original model’, ..,7 , and, .

" . prolongation factor that controls the time it takes before significant increases in distress
occur.

... the traffic weighting factor that controls the effect of arkIBSAL on performance.

T : climate weightig factor that controls the effect of rainfall and fredfzaw cycles on
performance.

» . subgrade weighting support factor that controls the effect of subgrade strength on
performance.

age: pavement age of section, in years.

Sincethe four parameters othe numerator in the original model specificat{én..,7 , and, )
cannot be estimateskparatelyherethe parameteA replaces them and acts as a prolongation
factor.

3.3.1. Model Specification for This Study

In thispart of the projecithe samapecification of the current model was used. However, instead
of parametes & andf , 0° andf “ were estimated because the research team incorporated the
differences between variable groups in the paramétemnd incorporated the differences between
treatment levels in the parametér Here} ° is the sum of a coefficient represents all data (fixed
effects ) and coefficients represent variable groups (random effett3 he difference between

the fivetreatment leved DN, PM, LRhb, MRhb, and HRhbd wereincorporatedn the parameter
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0° so that there are five different coefficients for each distress. The following equation is the model
specification used in the study.

z
z

s
0 Agb —
L TADD =500

with,

where,

0%: 0 with 'Ct treatment leels

I : fixed effects coefficients
¢ : random effects coefficients for variable gro@p

The estimation of the parameters of thieafication wasnadepossible byapplyingnonlinear
mixed effects modednd bypulling togetheataall instead of estimating models for each variable
group with partial data.This produces a more efficient model and resultbetter parameter
statistics.The nonlinear mixed effect model and the estimation proaessxplained inmore
details inthe nextsection.

3.4. Model Estimation

3.4.1. Nonlinear Mixed-effects Models

The research team used nonlinear mixed effects models, also known as nonlinear multilevel
models and nonlinear hierarchical mogéds the calibration process. Mixesffects models are
generallyuse when data consi st of -effectspagasnetersddesorives er v a
the overall patterns of the data. On the otieend randome f f ect s par amet er s de
groups. If the model is nonlinear in the parameters, it is called a nantmeed-effects model

(Davidian & Giltinan, 2003).

Growth data where the change is nonlinsartypical type of data modeled with nonlinear mixed

effect models. In thiproject thelevel of distress increases ovene (@ge in anonlinear fashion.
Insuch a situati on, the yxed effect sthekrtiecr i be
network, whereas the random effects represent variability between variable. grbapss, it
differentiates the effects on groups ¢, thick pavement, heavyaiffic, and central climate zone

from that on groups of FM road, thin pavement, low traffic, and north climate andeso on

The general model for a mixed effects model is

~

®w Qo hw Q
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with,
® I i

where & is the dependentvariable for individualQ pFe&E measured repeatedly at timies

pf8 R, following the functional formiQ which depends on the parametérsfor Q pFsshQ
anda . The random effects, and the error terff2 , have means of 0, and are typically assumed
to follow a normal distribution (Pinheiro & Bates, 2000). In this stindyerm is age and isf *

as described in the previous section.

3.4.2. Estimation Process

For estimating the nonlinear mixed moddlsh e r esearch team used the
program language R (R Core Team, 2®i@heiro et al., 209)7The nlme package of R is capable

of y ting nonlinear mixed effects models using an algorithm developed by Lindstrom and Bates
(1990). This iterave algorithm alternates between two steps: a penalized nonlinear least squares
(PNLS) step and a linear mixed effects (LME) step. In the PNLS step, the current estimate of the
random effects is yxed, and t hemimnnszingtmd@PNlLSs of t
function. On the other hand, the LME step uses the current estimates of the fixed effects to estimate
the random ef f-erdetTaylobsariesexpansion. Irathey MEsstep, a hybrid method
mixing expectatiormaximization (B1) algorithm and the NewteRaphson algorithm is used.

This hybrid method is beneficial becauseombines theadvantagouscharacteristicof each

algorithm. The EM algorithm does not suffer from poor starting points, whereas the Newton
Raphson algorithrdoes but is much faster (Lindstrom & Bates, 1990).

I n the estimation process, the researchers yr
section. There were three parameters to be estimated in the model specification. However, they
were reducedo two parameters because Hsymptotevalue| was estimated from data directly

usingthe distribution of the actual data rather than a preselected Tdekesearchers selected

99.9 percentile of each level of distress using the entire network datal893 to 2019 as an

value as Table 3.shows By doing so, the models excluded extreme outliers that hinder the
convergence of the model estimation process.

The research team smedtanedd spkei yrddt hifetbe an s on
incorporate the variability between variable groups. The researcheedt@sgecify the starting

val ues for e a c h found that the agorithm auge@ ithe nime&/@ackagevas

sensitive to the starting points. Therefore, if appropriateistavalues were not provided, the

model wouldeithernever converge or produce poor estimates. To select a proper set of starting
values, the researcheisllowed an iterativeestimationprocess. We first set a range of each
parameter, then pickedrandomvaluefrom the uniform distribution of the parameter range. We
estimated a model using those random selections amgtaoints and checked if the model
converged. This process iterated for sevieualdredimes untilthe modelsonvergedIin the case

of multiple convergng models for a distress type, AkaikdormationCriterion (AIC) values were
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compared to evaluate the goodnesdit of the variousmodels. The model with thewer AIC
value among the multiple convémg models was selected as the b#shodel.

3.4.2.1. Treatment Level

The effect of the treatment levels wiagorporatedinto the parameted. Due to the lack of
sufficient accuratelata that contains treatment level information, the researchers determined the
coefficients for each treatment E\rom the datéollowing a probabilistic approacfihe cetailed
proceduras explained in the next chapter whigne alternative modelare presented

3.5. Estimation Results

As a result of the nonlinear mixed effects model estimation, the reseagshiaratel the model
parameterfor eight different distresses. The outcomes consist of fixed effects and random effects.
The fixed effect®utcomes shown in Table &. In the table, the fixed effects model coefficients

| ,T, ando are presented with their sidard errors and-palues.

Table 3.4 Summary of the Fixed Effects Models

Distress alpha effect term estimate std.error df statistic p.value

fixed A 1366 10.63| 42222 12.8 < 0.00001

Shallow Rut 63 -
fixed beta 0.2453 0.0120| 42222 20.4 < 0.00001
fixed A 1,679 349.2 | 42222 4.8 < 0.00001

Deep Rut 23 -
fixed beta 0.2143 0.0102| 42222 21.0 < 0.00001
fixed A 1048 7.417 | 42222 14.1 < 0.00001

Patching 100 -
fixed beta 0.4590 0.0196 | 42222 234 < 0.00001
fixed A 21.82 0.6936 | 42222 315 < 0.00001

Failure 10

fixed beta 1.891 0.1651| 42222 11.4 < 0.00001
. fixed A 22.17 0.6495| 42222 34.1 < 0.00001

Block Cracking 70 -
fixed beta 3.597 0.3460| 42222 104 < 0.00001
. . fixed A 23.97 0.3815| 41796 62.8 < 0.00001

Alligator Cracking 73

fixed beta 1.242 0.0760| 41796 16.3 < 0.00001
o . fixed A 17.38 0.1905| 42222 923 < 0.00001

Longitudinal Cracking 230 -
fixed beta 0.9497 0.0871| 42222 10.9 < 0.00001
. fixed A 23.45 0.5030 | 42222 46.6 < 0.00001

Transverse Cracking 12 -
fixed beta 1.106 0.0809 | 42222 137 < 0.00001

As for the random effects, there are 81 different estimates for each variable group. That is because
in the database, we have 81 groups out of 160 possible variable comigjnagipmighway
function(4) x traffic level (4) x pavement type (2) x climate zone (4). As shown in Figtréha.

sample data with 81 groups has very strong correlations with population with respeeanotims

of data. Thus, the researchers concluded that those 81 grodpsaafasonably represent the
entire network.
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Figure 3.7 Correlation between Population and Sample in Terms of the Number of Data

In addition, the following criteria was used to obtain models for other gfoupghich data was
not available or insufficient:

(1) If highway function, traffic class, and pavement type tlieesame, use the model for

fcentral o. climate zone

(2) If highway function, pavement type, and climate zondlesame, use models fahigher
traffic class

These criteriare explained in Figure&.The shaded rows indicate the 81 grofgosvhich data
were available and a model westimated. In the caf the firstfive rows, none of the rowsave

an estimated model, so the models of thigher traffic classwere assignedfollowing a
conservative approacln another casewhen theras no estimated model for a certain climate
zone, the model of cema climate zone is assigneddoother climate zone group. In this manner,
all the models for 160 variable groupsreobtained. AppendiB contains all model coefficients
for all groupsand distresses
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combo  highway_fun  pavement_typ traffic cls climate_zone n percentage n_record

136 FM thick heavy central 656 0.3% NA
137 FM thick heavy east 620 0.3% NA
138 FM thick heavy north 35 0.0% NA
139 FM thick heavy south 215 0.1% NA
140 FM thick heavy west 186 0.1% NA
131 FM thick high central 1272 0.7% 496
132 FM thick high east 2511 13% 2070
133 FM thick high north 186 0.1% 42
134 M thick high south 851 0.5% 791
135 FM thick high west 96 0.1% 27
121 FM thick low central 1152 0.6% 25
122 M thick low east 2718 1.4% 126
123 M thick low 461 0.2% 6
124 FM thick low south 405 0.2% 109

125 FM thick low 52 0.0% NA

Figure 3.8 Criteria to Obtain Models for Other Groups Outside of the Sample Data

3.5.1. Figures of the Estimated Models

In this section, e resultingnetwork levelmodels were plotted to assessitlgpodness of fit
visually. For each distss type, fixed effects models for the entire datand the final models for
81 individual groups are presentedhkigures 3.9 through 3.24ote that each plot has data
represented by points and boxplot, and model predictions in lines for each trdatraent
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Figure 3.9 Fixed Effect Models: Shallow Rut
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Figure 3.11 Fixed Effect Models: Deep Rut
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Figure 3.12 Individual Models for 81 Variable Groups: Deep Rut
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Figure 3.13 Fixed Effect Models: Patching
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Figure 3.14 Individual Models for 81 Variable Groups: Patching
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Figure 3.15 Fixed Effect Models: Failure
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Figure 3.16 Individual Models for 81 Variable Groups: Failure
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Figure 3.17 Fixed Effect Models: Block Cracking
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Figure 3.19 Fixed Effect Models: Alligator Cracking
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Figure 3.20 Individual Models for 81 Variable Groups: Alligator Cracking

Figure 3.21 Fixed Effect Models: Longitudinal Cracking
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https://cran.r-project.org/package=nlme
https://cran.r-project.org/package=nlme
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