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Chapter 1.  Background and Introduction  

1.1. Background 

Recently, the Texas Department of Transportationôs (TxDOT) Pavement Management 

Information System (PMIS) was 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, managing, and mapping data; reporting performance prediction; 

conducting optimization analysis for decision-making, etc. Furthermore, a web-based system 

allows any users within the TxDOT network to access pavement management data and analytics 

based on over 30 years of experience. Pavement performance models comprise a key component 

of PA; these models quantify pavement deterioration for the planned horizon and predict the effect 

of maintenance and rehabilitation (M&R) actions on pavement performance (Hong et al., 2017). 

The accurate prediction of pavement performance is important for efficient management of the 

transportation infrastructure (Prozzi and Madanat, 2003; Hong and Prozzi, 2013). By reducing 

errors in predictive models of pavement deterioration, agencies can obtain significant savings 

through timely intervention and accurate planning (Madanat and Prozzi, 2002). Accordingly, the 

current performance models, which are mostly inherited from the original performance models 

(Stampley et al., 1995) developed two decades ago, were in need of improvement to meet the needs 

of TxDOTôs new PA system. The research team reviewed the current performance models, 

calibrated them, and updated them in a manner compatible with their implementation into PA. 

Extensive data analysis was conducted using traditional and advanced data analysis techniques. 

Specifically, the models developed addressed the following technical objectives: 

¶ The existing models were calibrated using sound techniques and correcting for biases and 

inefficiencies; 

¶ The models were updated to incorporate historical construction data; 

¶ The models were updated to incorporate the effect of preventive maintenance (PM); light 

rehabilitation (LRhb), medium rehabilitation (MRhb), or heavy rehabilitation (HRhb); and 

¶ Alternative models were proposed that are free of some of the limitations of the existing 

models but are simple and straightforward enough to incorporate into PA.  

1.2. Pavement Performance Modeling 

Pavement performance models describe changes in pavement conditions over time and are 

essential tools for agencies to plan cost-effective M&R actions. Based on a model assumption, 

pavement performance models can be divided into two types: deterministic and stochastic. 

Deterministic approach assumed that pavement deterioration and improvements in pavement 

conditions are known with complete certainty (Prozzi and Madanat, 2004). Clearly, the assumption 

of determinism is not reasonable in practice since pavement behavior depends on factors that are 
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not completely known, such as environmental conditions, traffic loading and the structural 

properties of the pavement. On the other hand, stochastic approaches typically use Markov 

Decision Processes (MDP) to take into account uncertainty of pavement performance deterioration 

with time. The output of most MDP-based models specifies only the fraction of pavement sections 

in a particular state to which a certain M&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, age, or environmental conditions are related to the dependent 

variable. Mechanistic models are based on the physical representation of the pavement 

deterioration process. Material behavior and pavement response models are used to estimate 

responses such as stains, stresses, and deflections in the pavement structure under the combined 

actions of traffic and the environment (Aguiar and Prozzi, 2014). These responses are used to 

predict performance in terms of cracking, rutting, ride quality, etc. Mechanistic-empirical models 

use pavement responses determined by the mechanistic approach and correlations between the 

response and pavement performance (Hong and Prozzi, 2010). 

1.3. Original PMIS Models 

The original performance models in PMIS were developed in the 1990s (Stampley et al., 1995). 

The models do not predict performance directly but the level of distress incurred or ride quality 

lost (variable Li) as a function of pavement age (variable Age), climate region, traffic load, and 

subgrade conditions. The level of distress is obtained in the original models by normalizing the 

rating for each distress type. The performance model for all distresses is an s-shaped curve. 

Elements that affect performance models depend on pavement types, M&R types, and distress 

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 

judgment of experts played a significant role in determining the model specification form and its 

parameters, which lead to the inaccurate prediction of performance, biased parameters, and 

inefficient estimation; therefore, their standard error is larger than what it should be. The following 

section summarizes 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 generate M&R ñneeds estimateò more reasonably. As part of 

TxDOT Project 0-6386, the researchers reviewed the original performance prediction process and 

concluded that the process was conceptually sound, but the models needed improvement because 

they over-predict distresses (Gharaibeh et al., 2012). The 0-6386 project yielded revised 

performance models for asphalt concrete pavements (ACP), continuously reinforced concrete 

pavement (CRCP), and jointed concrete pavement (JCP), produced using historical data to predict 
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a slower rate of distress development (Gharaibeh et al., 2012). More recent studies by Prozzi and 

Kim for the TxDOT Maintenance Division demonstrated that the new models do not make optimal 

use of available data, and the parameters are biased and inefficient due to the stepwise estimation 

method applied. 

1.4.1. ACP Models 

Given the many model coefficients in the original process and a large amount of data, the 0-6386 

study grouped data by categories, including climate, subgrade quality, pavement type, M&R 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 separately. This approach 

made the parameter estimation quite simple and straightforward but resulted in biased and 

inefficient estimation. 

 
Figure 1.1 Data Grouping for ACP Models (Gharaibeh et al., 2012) 

A new set of parameters was estimated by minimizing the difference between predicted and 

observed performance. To conduct the calibration process, the 0-6386 researchers set a constrained 

optimization problem with the objective function to minimize the total error and the constraints to 

ensure treatment types were recommended for distresses in logical order. To solve the problem, a 

genetic algorithm was implemented. Figure 1.2 shows one of the resulting models compared with 

the original model.  

Based on the calibration results, the 0-6386 study concluded that its new models overcame the 

over-prediction issue and reduced error from 19.9 percent to 8.3 percent (Gharaibeh et al., 2012) 

as compared to the original models. While artificial intelligence methods (such as generic 

algorithms) work well for matching the data (over-fitting), they are challenging to use for 

predicting. 
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Figure 1.2 Example of the Calibrated Models on Distress Score (Gharaibeh et al., 2012) 

Although the 0-6836 project yielded an improvement on the original models, these models still 

presented several limitations and constraints. Because of the computational complexity of the 

calibration process, the researchers used data from only 35 out of 254 counties. Further, the models 

are constrained to an s-shape and several distresses do not follow such form. 

1.4.2. CRCP Models 

The recalibrating process for CRCP was conducted using non-linear multi-regression across the 

25 TxDOT Districts, four climate and subgrade zones, and statewide (Prozzi and Madanat, 2000). 

The study gathered historical data from 1993 to 2010 and conducted statistical analyses. The age 

of pavements for given distress was estimated by assumed rules, and then the first and fourth 

quartiles were filtered out to eliminate outliers. The data were artificially censored, introducing 

biases (Prozzi and Madanat, 2000). After conducting the regression analyses using medians for the 

level of distress at each age, the researchers obtained feedback on the resulting coefficients from 

district engineers and experts. Incorporating the expertsô opinions, each model coefficient was 

constrained to a certain value. The researchers then recalibrated the model with the constrained 

coefficients. Table 1.1 presents the recalibration results across the climate-subgrade 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 performance models. Expertsô feedback was used 

in a later study to improve the performance models (Gharaibeh et al., 2012) but also introduced 

some limitations. The process is not fully  data-driven because expert opinions impacted the models 

and introduced additional biases. Also, the models are affected by censoring bias caused by 

removing quartiles for outlier treatment and using only median values for regression. Furthermore, 

the models do not consider the effect of traffic load and treatment type. Internal evaluation of the 

models by TxDOT indicated that they over-predict distresses. 
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Table 1.1 Recalibrated Model Coefficients for CRCP Distresses 

 

1.4.3. JCP Models 

As with the ACP model process, during the 0-6386 study JCP data were grouped into two JCP 

types, four climatic zones, three traffic levels, and four treatment types. After aggregating groups 

to attain statistically significant differences in distress score and for each distress, 66 new models 

were generated out of 432 possible models. Boundaries for the model coefficients were determined 

to conform to the logical performance orders. Because information regarding pavement age and 

treatment types was not available, the pavement age was estimated by regression analysis with a 

dataset containing construction dates. The treatment types were estimated by assumptions based 

on distresses and distress scores in the historical data. Figure 1.3 shows models for failed joints 

and cracks in zone 1. As the researchers intended, the performance curves follow the logical 

ordersðfor instance, the curve for PM and high traffic predicts the worst performance over all 

ages. The study concluded that, in terms of root mean square error, the new models improved the 

original models by 27.72 percent on average (Gharaibeh et al., 2012). 

 
Figure 1.3 Performance Models for JCP Failed Joints and Cracks 
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The 0-6386 study attempted to obtain the best estimates despite missing information; however, 

some significant shortcomings remained. The main weakness is that the assumptions to estimate 

treatment types were based on average distress score per section. This estimation overlooked the 

effect of deterioration rate on performance.  

1.5. Latest Performance Models for IRI Developed by UT Austin 

Recently, researchers at the University of Texas at Austin have developed performance models for 

ride quality on ACP, CRCP, and JCP to be implemented into PA. This was initiated because the 

models developed under Project 0-6386 were over-predicting ride quality loss, resulting in low 

condition scores. UT Austinôs new models aimed at developing accurate performance models for 

predicting rooughness.  

1.5.1. ACP Models 

The researchers utilized fifteen years of historical PMIS data from 2002 to 2016. They determined 

that the s-shape 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 was applied had to be set up based on visual analysis of 

the data section by section. Hundreds of random samples of ACP sections showing International 

Roughness Index (IRI), condition score, and distress score over the years were manually inspected 

by multiple researchers and a TxDOT panel separately (Figure 1.4) to establish relevant criteria 

and the corresponding threshold values. 

 
Figure 1.4 An Example of Estimation of Construction Work History 
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For all available sections, work history and a rate of change in IRI per year (dIRI) were estimated. 

The resulting dIRIs per PMIS data collection section (0.5 miles) was averaged over a project. 

Pavement family was categorized into four levels by ACP thickness and type. Figure 1.5 shows 

the comparison between predictions and observations.  

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

1.5.2. CRCP Models 

An exhaustive descriptive data analysis was conducted on CRCP data followed by the data 

cleaning and modeling process. dIRIs were estimated by regression analysis. The proposed CRCP 

models use dIRI as dependent variable and three independent variables: district, roadbed type, and 

highway type. Because only 15 of TxDOTôs 25 districts have CRCP sections, coefficients for those 

15 districts were estimated. For the other ten districts, coefficients were calculated by taking an 

average of neighboring districts. The models use four highway typesðInterstate Highway (IH), 

United States Highway (US), State Highway (SH), and Farm-to-Market Road (FM)ðto capture 

the effect of structural capacity. 

1.5.3. JCP Models 

The procedure used to develop IRI models for JCP was exactly the same as that for ACP. In Figure 

1.6, correlations between dIRI and some explanatory variables are presented. As the left figure 

shows, it is unclear whether JCP type (reinforced/plain) has a significant effect on dIRI; however, 

the JCP type is a statistically significant factor. On the other hand, roadbed type and highway type 

clearly demonstrated a significant difference in dIRI, which agrees with engineering intuition. As 

the middle figure depicts, frontage roads tend to have greater dIRI valuesðthat is, the IRI of 

frontage roads deteriorates faster in terms of roughness. As for highway types, IH is the least prone 

to develop roughness, but FM is the weakest type of highway. These might be attributed to factors 

such as traffic load, traffic speed, and pavement 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 data without applying any constraints on the coefficients. These are 

preliminary models that still need to estimate the effect of treatment types. In summary, the new 

models developed by UT Austin achieved a series of technical objectives that could not be reached 

before: 

¶ They were based on a detailed section-by-section analysis of the data to capture 

construction work history. 

¶ They were estimated using linear regression, so they produced the best linear unbiased 

estimators for the parameters.  

¶ The data was not grouped but pooled, so it produced 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 evolution of distresses with time. The two main techniques are traditional 

statistical modelling and artificial intelligence. Statistical modeling is a field of mathematics that 

deals with finding relationships between variables to predict an outcome. Artificial intelligence is 

a field of computer science that builds systems capable of learning from data, instead of explicitly 

programmed instructions. Bayesian statistics and simulation techniques, such as Markov-Chain 

Monte-Carlo simulations, can be consider somewhere in between. While statistical modeling has 

been used for centuries, artificial intelligenceðin particular machine learningðis a very recent 

development. It came into existence in the 1990s as advances in digitization and computing power 

enabled data scientists to train computers to build 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 on several assumptions (Srivastava, 2015). For instance, a linear 

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 assume a few of these things but in general are 

spared from most of these assumptions. The biggest advantage of using a machine learning 
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algorithm is that there might not be any continuity of boundary. Also, we need not specify the 

distribution of dependent or independent variables in a machine learning algorithm. 

Machine learning algorithms are wide-ranging tools. These tools are capable of learning from 

trillions of observations one by one. They make predictions and learn simultaneously. Machine 

learning does well with wide (high number of attributes) and deep (high number of observations) 

data sets. Statistical modeling is generally applied for smaller data sets with fewer attributes. 

However, statistical modeling can be controlled by developing a specification form that makes 

engineering sense. Machine learning (and other artificial intelligence techniques) operates as a 

ñblack boxò and tends to over-fit the data. However, ultimately statistical modeling and machine 

learning are simply different versions of the same technique. Table 1.2 shows the terminology used 

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 of performance Generalization 

Regression (continuous, discrete) Supervised learning 

Density estimation, clustering Supervised learning 

 

Even when the end goal for both machine 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 (dependent variable) = f [Xs (dependent variables), ɓ (parameters)] + error function. 

In contrast, machine learning takes away the deterministic function ñfò out of the equation. It 

simply becomes: Output (Y) -> Input (X). It will try to find pockets of X in n dimensions (where 

n is the number of attributes), where occurrence of Y is significantly different. 

The fewer the assumptions in a predictive model, the greater the predictive power. Machine 

learning needs minimal human effort and works on iterations where the computer tries to identify 

patterns hidden in data. Because the algorithm does this work on a comprehensive data set and is 

independent of all assumptions, the predictive power is generally very strong for these models. 

However, these models do tend to over-fit the training data set and may not be as effective at 

making predictions outside these training data.  

Statistical models are mathematically intensive and based on coefficient estimation. The modeler 

must understand the relationships between variables. Therefore, statistical modeling has some 

clear advantages when representing phenomena that responds to well-established physical lawsð

e.g., greater wheel loads and higher temperatures create more rutting.  
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Despite these contrasting approaches, machine learning and statistical modeling have more 

similarities than differences. The differences have decreased significantly over past decade. Both 

branches have learned from each other and will likely converge further in the future.  
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Chapter 2.  Data Compilation  

2.1. Data Preparation 

Data are the most important component for updating and 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 new PA system, and 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 conserve the same ñs-

shapedò specification form but correct some of the issues identified with the current models.  

TxDOT historically stored, retrieved, and managed their data with PMIS, but upgraded to PA. The 

research team created data sets using a series of data mining techniques and processing, such as 

querying data tables, selecting variables, combining data sets, and so forth, to calibrate and update 

the models. The original data can be divided into two sets due to the change of TxDOTôs 

measurement methodology and storage strategy. For the remainder of this report, we will refer to 

PMIS data as the data collected from 2002 to 2016 when visual surveys were carried out; the data 

collected from 2017 to 2019, when automatic data collection was implemented, will be referred to 

as PA data. 

2.2. PMIS Data from 2002 to 2016 

TxDOT provided to the research team 15 years of PMIS data in Microsoft Access format (from 

2002 to 2016). To conduct the research tasks, the research team needed to combine 15 separate 

database files into one data set, so data could be easily 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 contains various fields 

of information. Because not all the tables and fields were required in this project, appropriate 

querying was essential. Firstly, the query process was done in MS Access. Two major tables, ñData 

Collection Sectionò and ñCondition Summary,ò which contain inventory and pavement surface 

data, were joined. Then, we selected necessary fields that could potentially be used as variables in 

the model updating. These variables include inventory variables as well as condition and 

performance data. The resulting query tables were exported into 15 comma-separated (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 file in R-data format, which 

is compatible with any version of R. Table 2.1 shows the number of half-mile roadway sections 

for which data was 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 the task of measuring roughness and various pavement 

distresses (such as rutting and cracking) in 2017, the data sets before and after 2017 are not 

compatible for modeling purposes. Furthermore, more detailed information is now available 
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because TxDOT began to store the measurements based on 0.1-mile sections rather than 0.5-mile 

sections. Initially the research team treated data from 2017 to 2019 separately to avoid any 

compatibility issues 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 for the project, the researchers used the two data sets provided by 

TxDOT: 1) PA data and 2) PMIS data. The more detailed data from PA contains the various 

measurements, including roughness and pavement distresses, taken in 0.1-mile sections. The PMIS 

data table encompasses inventory data collected for the traditional half-mile sections. In addition, 

work history data, which allows users to identify which sections have experienced M&R 

treatments and when, was also included in the PMIS data. The work history data were not as 

accurate as was expected, causing some significant delays during the project. The research team 

encountered multiple instances where the data showed work performed that was not actually done 

or, alternatively, work was done but the work history file did not reflect it. The most frequent errors 

concerned the dates on which work was performed.  

The data processing began with matching identical 0.1-mile sections for three years using the 

detailed data. The research team needed to connect sections from different years with location 

information, which was available in the form of the distance-from-origin (DFO) metric. The DFO 

locations where the data collection happened were recorded up to three decimals. One issue during 

data processing was that DFO of a 0.1-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 follows: 

¶ Round up DFO to one decimal point, and 

¶ Eliminate sections that were duplicated or did not match.  

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

remaining mismatches. However, another issue arose in association with the vendors that collect 

the data. In 2017, two different vendors collected data; however, after 2018, only one vendor did. 

Some incompatibility between two vendorsô data was found, as shown in Figure 2.1. 
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Figure 2.1 Rut Depth Incompatibility between Vendors 

The blue lines in Figure 2.1 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 vendor during 2017 and 2018. The red lines have a greater gap in rut depth between 2017 

and 2018, meaning the measurements of the two vendors are not compatible. Although only the 

rut depth is presented here, the research team recommends using caution when compiling data 

from different vendors. 

After processing the detailed data, the inventory and the work history data were merged to 

complete a data set for 2017 through 2019. Note that there was inevitable discrepancy in the 

procedure because the data sets stored information in different section lengths (i.e., 0.1 mile versus 

0.5 mile). We decided to use the middle point of the 0.1-mile sections to identify whether the 

section falls into a specific 0.5-mile section.  

2.4. Project Finder Algorithm 

The low reliability of the work history data motivated the development of the Project Finder 

Algorithm (PFA) to identify work performed and update current pavement performance models 

and other statistical models used for pavement management purposes. These models typically 

require the ñAgeò of the pavement as a prediction variable, where the age is the number of years 

since the last M&R treatment was performed. The Design and Construction Information System 

(DCIS) database stores work history data but was not designed to archive the history of treatments 

in every section; instead, it stores only the most recent work performed on a section. This limitation 

presents challenges when trying to analyze the historical impact of M&R treatments on pavement 

performance. Hence, on many occasions, visual inspection of the data was required to decide 

whether work has been done on a highway section, but such an approach could be overwhelming, 

biased, and inefficient when looking at a network as large as the one in Texas. The PFA offered a 
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way to quickly look at large sets of data and objectively find sections where there was a 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 in a given year. Due to the drastic improvement within those sections over such a short 

period of time, the algorithm can tentatively identify M&R projects across the network using only 

condition data and geographical data found within the Texas PMIS. 

2.4.1. Stage 1: Initial Filtering 

To initiate the PFA, one must first feed it with a subset of the full pavement management database 

that contains inventory variables (district, county, DFO); route specific variables (route name, 

pavement type); performance measures (IRI, pavement scores); distress types; (rutting, cracking, 

flushing); traffic variables (annual average daily traffic [AADT], equivalent single axle load 

[ESAL]); and the fiscal year when the data were collected. Once the data are loaded onto a 

dedicated database, the algorithm computes the length of each section using the DFO and 

categorizes highways into four major groups: IH, US, SH, and FM. It should be noted that there 

are more highway classes 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 
Highway Classifications 

IH 
Interstate Highway (IH) 

Business Interstate Highway (BI) 

US 

United States Highway (US) 

Business U.S. Highway (BU) 

U.S. Highway Alternative Roadway (UA) 

U.S. Highway Spur (UP) 

SH 

State Highway (SH) 

Business State Highway (BS) 

State Highway Loop (SL) 

State Highway Spur (SS) 

FM 

Farm-to-Market Road (FM) 

Business Farm-to-Market Road (BF) 

Farm-to-Market Road Spurs (FS) 

Ranch-to-Market Road (RM) 

Ranch-to-Market Road Spur (RS) 

Ranch Road (RR) 

 

The PFA was designed to apply to ACP; 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 years were used: 1) from 2002 to 2016, where 

the method used to collect rut and IRI data is well-documented and consistent, and 2) from 2017 

to 2018, once PA was implemented and data is available every 0.1 mile instead of 0.5 mile as was 

the case for PMIS.  

Next the algorithm redefines the value of certain variables 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 0 is stored for variables such as AADT, IRI, and 

pavement condition scores. The algorithm changes those zeroes to a null or blank to prevent them 

from introducing a bias when computing averages; moreover, it is known that those variables 

cannot be equal to zero. Next, the algorithm sums up the lengths of every section within a highway 

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 every 0.5 mile 

and it is desired that every highway contributes 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 Year 
Mileage before filtering 

(in miles) 

Mileage after filtering 

(in miles) 

Percentage 

filtered-out (%) 

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 

2014 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 DFO, and assigns each group 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:  

ЎὖὩὶὪέὶάὥὲὧὩὖὩὶὪέὶάὥὲὧὩ ὖὩὶὪέὶάὥὲὧὩ 

where i indicates the year of the analysis. This difference is defined such that a significant negative 

difference in distress measures such as rutting, IRI, or cracking is a strong indicator that M&R 

work was performed; in contrast, for performance measures such as the condition, distress, or ride 

score, significant positive differences are indicators of work performed. The probability 

distributions of these differences were analyzed to 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 TxDOTôs Maintenance Division, it was decided that 

the ride score should not be used as a work indicator, as it highly correlated to IRI. Furthermore, 

using the condition and distress scores could be considered double-counting, as they are computed 
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using other distresses already being used as indicators. Hence, only IRI and distress measures were 

used as work indicators.  

The threshold values that were used for each performance measure typically correspond to the 

lower 5th, 10th, or 15th percentile of the distribution. The decision as to which percentile is used 

is subjective 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. 

 
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 measurements in the PA database from 2002 

to 2011. Therefore, to compensate for this, a multivariate linear regression analysis was conducted 

using the ñrut bucketò values to estimate the rut depth in inches, as per the following equation: 

Ὑόὸ ὈὩὴὸὬ ὭὲȢ ‍ὢ ‍ὢ ‍ὢ ‍ὢ 

where, 

ɓ1,2,3,4 : parameters for shallow, deep, severe, and failure rutting, respectively. 

X1,2,3,4 : rut bucket value for shallow, deep, severe, and failure rutting, respectively 

Note that the regression equation was forced to explicitly have its y-intercept at zero. This is 

because, intuitively, if all the rut buckets have a value of zero, that implies that the pavement 

section has ñno rutting.ò In terms of rut measurements, ñno ruttingò implies that the average rutting 

in the section is less than 0.25 in. Results of the multivariate regression analysis are presented 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 depth is not negligible. Furthermore, the regression does 

a fair job at predicting average rut depth, given that it accounts for 71.6 percent of 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 6.161Ĭ10ī3 1.10Ĭ10ī5 561 0* 

‍ τȢπψφρπ υȢτυρπ 75 0* 

‍ ςȢφσσρπ χȢρπρπ 37 0* 

‍ ρȢωσχρπ ψȢυσρπ 2.27 0.023 

Residual standard error 0.074 Adjusted. R2 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 have been 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, medium, and 

lowest level of perceived reliability of the data. For example, IRI and rut depth measurements for 

either wheel path are assigned a weight of 1.5; average rut depth, number of failures, patching, and 

longitudinal cracking are assigned a weight of 1.0; and all other distress measures are given a 

weight of 0.5. However, these weights can be changed if a better-informed set of criteria could be 

made available.  

The thresholds and weights are set into the algorithm. Once done, the algorithm searches the entire 

database and flags any section reporting a difference that is equal to 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 a significant improvement in multiple 

performance measures over the span of 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 Measure Percentile  PMIS Threshold Value PA Threshold Value 

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

IRI Right 20th  -13 in/mi -11 in/mi 

Estimated Average Rut 15th -0.010 in ~ 

Rut Left 15th  ~ -0.010 in 

Rut Right 15th  ~ -0.019 in 

Alligator Cracking 5th -5% cracked -5% cracked 

Longitudinal Cracking 10th -10 ft per station -14 ft per station 

Transverse Cracking 3rd  -5% cracked -5% cracked 

Block Cracking 1st  -5% cracked -5% cracked 
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Performance Measure Percentile  PMIS Threshold Value PA Threshold Value 

Number of Failures 3rd  -4 failures -4 failures 

Patching Percentage 5th -5% patched -5% patched 

Raveling 1st -2 -2 

Flushing 5th -2 -2 

 

2.4.3. Stage 3: Finding Projects 

In the previous stage, the algorithm selected a group of sections with a 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 group of at least five PMIS highways 

sections (that is, approximately 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 adjacent to it. 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 measures, as shown in Figure 2.3. 

 
Figure 2.3 Examples of Merging Sections into Projects 

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 are less than 2 miles 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 to 3 miles (six data points). The algorithm will bridge the gap and treat everything 

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

gap between two projects. In Figure 2.3 it is assumed that the blue line is an arbitrary year ñiò and 
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the red line is the year ñi+1ò; hence, for any of the performance measures being analyzed by 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 limits, computes the project length, and assigns an ID to 

every project. Then it outputs a table with the total highway mileage (all pavement types, treated 

or untreated), the total highway mileage that was treated, and the percentage of mileage treated per 

year. Table 2.7 shows a summary of the treated sections found by the algorithm. 

Table 2.7 Yearly Breakdown of Maintenance Work Captured by Algorithm 

Fiscal Year 
Highway 

Mileage 

Highway Mileage 

Treated 
Percent Treated 

2002 81,590 1,453 1.78 

2003 82,010 2,806 3.42 

2004 82,460 1,144 1.39 

2005 82,880 1,355 1.63 

2006 83,080 1,636 1.97 

2007 83,866 1,308 1.56 

2008 84,586 1,345 1.59 

2009 85,060 1,048 1.23 

2010 85,490 839 0.98 

2011 85,980 1,048 1.22 

2012 86,700 1,310 1.51 

2013 87,400 1,211 1.39 

2014 87,770 1,353 1.54 

2015 89,050 1,363 1.53 

2016 89,823 2,112 2.35 

2017 89,900 8,978 9.99 

2.4.3.1. Accuracy of the PFA 

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

still possible for it to capture ñfalse positivesò or, in other words, contiguous highway sections that 

show significant improvement but with no record of receiving maintenance in either the work 

history kept by TxDOT or any other database used in previous studies with a work history 

database. Hence, a cross-verification process was used to check the accuracy of the algorithm by 

analyzing how many of the projects found 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 file contains projects 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 the first work 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 cross-verification consisted of matching the projects found by the algorithm against those in 

the two work history databases based on the year when work was done, the highway name, and 

project limits in terms of DFO. In this scenario, a ñmatchò is considered any case where the project 

limits of the projects found by the algorithm overlap with those in the work history dataset.  

The cross-verification process captures not only the number of projects that have a match in the 

work history, but also the mileage overlaps between the two. Once those two quantities are 

determined, the accuracy of 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 date for the most 

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 effects of the treatment is not collected until the 

following fiscal year. Therefore, the cross-verification was also implemented with a time buffer of 

±1 and ±2 years to account for this uncertainty. A summary of the cross-verification results is 

provided in Tables 2.8 through 2.111. Tables 2.8 and 2.9 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. Tables 2.10 and 2.11 compared the algorithm results with the work 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 

Mileage of 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  

Number of 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  

Projects Matched 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% 

  



 26 

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, although the algorithm captures 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 of 50 percent in terms of projects, and close to 20 percent in 

terms of mileage. However, it seems that in the cases where a match is found, 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 lighter PM treatments such as seal coats. Nevertheless, a 

visual inspection of a random sample of projects captured by the algorithm that had no match in 

either of the two work history databases shows that significant improvement can be visually seen 

in the data. An example of this shown in Figure 2.4, where the condition was improved in terms 

of IRI, alligator cracking, and longitudinal cracking. 
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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 with the current models was that the models for different treatment types 

could cross over a period of time. For example, a pavement that was subjected to HRhb could, 

after some years, show poorer performanceðas if it had been provided with only 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 different treatment types could be incorporated into the models 

in a manner that will ensure that higher level treatments will result in better long-term performance. 

The treatments considered are PM, LRhb, MRhb, and HRhb. For example, the following equation 

demonstrates how the various M&R activities could be incorporated into Model One (or logit 

model):   

ὒ
‍

ρ ‍ȢὩὼὴ‍ ‌ὖὓ ‌ὒὙὬὦ ‌ὓὙὬὦ ‌ὌὙὬὦȢὃὫὩ
 

where, 
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L : distress density, 

Age : independent variable that accounts for the age of the pavement section, 

ɓ0 : asymptote parameter that captures the maximum level of distress, 

ɓ1 : regression parameter which could be specified as a function of traffic, environmental 

conditions, subgrade, location, and any other relevant variables.  

ɓ2 : regression parameter that captures the rate of the deterioration process,  

Ŭ1,2,3,4 : regression parameters that captures the effect of PM, LRhb, MRhb or HRhb in 

slowing down the deterioration process.   

In this model, PM, LRhb, MRhb, and HRhb are dummy variables that capture the type of M&R 

work that has been performed on the specific section. By applying this model specification and the 

constraint that Ŭ1 > Ŭ2 > Ŭ3 > Ŭ4, this model ensures that the performance curves will never cross 

each other. Figure 2.5 represents this approach to the model.  

 
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 the updating and calibration of pavement performance models for ACP. 

The objective of the calibration process was to improve the current models by incorporating 

updated data. Performance curves were recalibrated for ACP distress types using 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. Appendix B contains the calibrated coefficients for the ACP 

performance prediction models developed in this project. 

3.2. Development of Analysis Database 

The database used for updating the models was extracted from TxDOTôs PMIS and PA systems 

dating from 2002 to 2019. To establish an analysis data set for model development, a series of 

variables associated with structural and environmental factors were also extracted. Additionally, 

the distributions of various distresses were also investigated to assist the model estimation in the 

following steps. 

3.2.1 Variable Preparation 

Pavement deterioration is affected by various factors. In the PMIS and PA systems, variables 

related to functional, structural, and traffic information are stored and can be easily queried and 

retrieved as model variables. However, although weather conditions also play a significant role in 

pavement performance, only very limited environmental information is available in PA. To 

address this issue, the research team turned to the National Oceanic and Atmospheric 

Administration (NOAA) database, extracting environmental factors, including temperature and 

precipitation, and incorporating these factors as variables in the models. Because highway 

pavements deteriorate under the cumulative effect of traffic and environmental conditions, 

pavement age was computed as another variable to be used in the model. In the following 

paragraphs the model variables are introduced and described.  

3.2.1.1. Functional Class 

In Texas, highways are categorized into seven groups based on their function, and each group 

contains sub-groups. The seven main groups are numbered from 1 to 7 and stored in column 

ñPMIS_HIGHWAY_SYSTEMò of the database, while the sub-groups can be extracted from 

column ñROUTE_NAMEò. The number of records and the corresponding percentages for 

different groups in the PMIS and PA databases can be found in Table 3.1. As shown, most of the 

highways fall into groups 2, 3, 6, and 7, which corresponds to more than 98 percent of all the 

records. As a result, in this project, a variable ñHIGHWAY_FUNò was created that contains four 
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levelsðFM, SH, US, and IH. These four levels correspond to groups 2, 6, 7, and 3 specified in 

column ñPMIS_HIGHWAY_SYSTEMò, respectively. 

Table 3.1 Distribution of Functional Class 

PMIS_HIGHWAY _SYSTEM Description Count Percentage 

1 

BF 297 0.0% 

BS 8,277 0.3% 

BI 11,191 0.3% 

BU 22,015 0.7% 

2 

RS 73 0.0% 

RR 250 0.0% 

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% 

6 

SS 21,339 0.7% 

SL 59,372 1.8% 

SH 579,407 17.7% 

7 

UP 438 0.0% 

UA 9,750 0.3% 

US 591,636 18.1% 

 

3.2.1.2. Traffic 

In this project, the 20 years projected ESALs, which was stored in the column 

ñTX_CURRENT_18KIP_MEASò, was used to represent the traffic characteristic of each 

pavement section. The average 20 years projected ESALs for each pavement section was firstly 

computed to keep the traffic characteristic consistent across the analysis period. Next, three 

thresholdsð200,000; 750,000; and 3,000,000ðwere used to divide traffic into four categories, 

including low, medium, high, and heavy. The distribution of the traffic and the three thresholds 

(vertical dash line) were plotted in Figure 3.1. 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 the ten different types of pavements in the PA system, seven are ACPs (Table 3.2). In this 

project, based on the similarity of characteristics, these seven ACP types were grouped into three 

categories: 

¶ Thick ACP: Type 4, PMIS Type 5, and Type 9  

¶ Thin ACP: Type 6 and Type 10 

¶ Composite ACP: Type 7 and Type 8 

Table 3.2 Pavement Types 

Pavement Type Description 

CRCP 1 Continuously Reinforced Concrete Pavement 

JCP 
2 Jointed Concrete Pavement-reinforced 

3 Jointed Concrete Pavement-unreinforced 

ACP 

4 Thick Asphalt Concrete Pavement (>5.5'' thick) 

5 Intermediate Asphalt Concrete Pavement (2.5-5.5'' thick) 

6 Thin Asphalt Concrete Pavement (<2.5'' thick) 

7 Composite Pavement (asphalt surfaced concrete pavement) 

8 Overlaid or Widened Old Concrete Pavement 

9 Overlaid or Widened Old Flexible Pavement 

10 Thin-surfaced Flexible Base Pavement (surface treatment or seal coat) 
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3.2.1.4. Climate 

The climate information was obtained from the NOAA database. From this database, we selected 

30 years of normal annual average temperature and precipitation as representative of the climate. 

The NOAA data is collected from weather stations, but some counties do not have these stations. 

For those counties, the average information from the adjacent counties was used. For counties with 

multiple weather stations, the average information of these weather stations was used. After 

acquiring the temperature and precipitation statistics for each county, thresholds of 61.25 and 70.0 

degrees for temperature and 16 and 38 inches for precipitation were used to group counties into 

different climate zones. After minor adjustments, a climate map with five zones was obtained, 

representing the west, east, north, south, and central regions.  

The distributions of temperature and precipitation along with the boundaries of different climate 

zones are depicted in Figure 3.2. As shown, in general, an increasing trend can be found in 

temperature from north to south, and in precipitation from west to east. Moreover, the climate 

zones defined are reasonable enough to represent the general climate distribution in Texas. 

 
Figure 3.2 Climate Distribution and Climate Zones 

  

 

Temperature 

Climate Zones 

Precipitation 
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3.2.1.5. Pavement Age 

Pavement age plays a key role in condition score because pavement deteriorates with time even in 

the absence of traffic and harsh climates, simply due to the characteristics of the materials. The 

age of a pavement section at a specific year can be computed by computing the length of time 

since the last maintenance, rehabilitation, or construction work. In this project, because of the 

quality of the work history data, significant resources had to be diverted to the development of 

algorithms to identify the work history. After developing the work history, the work history data 

was combined with PA data to compute the age variable. 

3.2.2. Identification of Correlated Variables 

The design of pavement is a systematic decision process that accounts for multiple design variables 

including, but not limited to, structure, traffic, and environment. As a result, intrinsic correlations 

can be found among different variables during the development of pavement performance models. 

For example, for an IH with heavy traffic, normally a thick asphalt concrete surface design would 

prevail instead of a thin surface layer. In contrast, for FM routes with low traffic volume, agencies 

would be more likely 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 correlations could be found among the functional class, pavement 

type, and traffic. Therefore, a decision was made to combine these three categorical variables.   

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 19 of these 48 groups have enough data to develop 

performance models. For the rest of the groups, their performance models were determined from 

similar groups with enough data. In this regard a conservative approach was followed. For 

example, if a model for a specific combination of variables was missing data, the model from a 

ñhigher deteriorationò was assigned. 

3.2.3. Distribution of Pavement Distresses 

In the TxDOT Raterôs Manual, a set of maximum values have been assigned to different distresses, 

which is reasonable to guide raters to conduct the distress evaluation. However, in reality, when a 

certain type of distress reaches a certain level, maintenance or rehabilitation work is normally 

performed. This, in turn, generates an extremely skewed distribution for most of the distresses and 

leads to non-robust predictions if the deterioration models use the 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. In Figure 3.3, 

the histograms along with various percentiles for different distresses were presented together. As 

shown, for most of the distresses, though the maximum values of them are consistent with the 

maximum rating values, even the 99.9th percentiles can significantly diverge from the maximum 

values specified in the Raterôs Manual. Accordingly, when performing model estimation, instead 

of using the maximum rating values in the Raterôs Manual, we made corresponding adjustments 

of the asymptotic values based on the 99.9th percentiles for each type of distresses. 

 
(a) Shallow Rut 

 
(b) Deep Rut 
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(c) Severe Rut 

 
(d) Failure Rut 

 
(e) Patching 
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(f) Failures 

 
(g) Block Cracking 

 
(h) Alligator Cracking 
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(i) Longitudinal Cracking 

 
(j) Transverse Cracking 

Figure 3.3 Distribution of Flexible Pavement Distresses 

3.2.2 Limitations of Analysis Data 

During the preparation of the database, the research team addressed many challenges, including 

insufficient observation length, non-increasing deterioration trends, presence of outliers, rut 

buckets models, and limited treatment type information. The causes of these issues included the 

data collection process, missing or erroneous information, or unobserved heterogeneities. To 

handle these issues, the following approaches were followed. 

3.2.3.1. Insufficient Observation Length 

A significant number of pavement sections in the database had fewer than three observations, and 

most of the 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 sections would substantially undermine the predictions for old 

pavements. Consequently, in this project, 6,484 sections out of 13,378 (48 percent) with less than 
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three years of observations were removed from the analysis data, which corresponds to 11,840 out 

of 54,151 records (22 percent). 

3.2.3.2. Non-increasing Trend 

Another issue was that between two consecutive maintenance or rehabilitation works, some 

distress observations exhibited lower values than preceding years, which compromised the 

assumption that distresses increase 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 measurements 

are lower than preceding measurements. Applying the cumulative maximum adjustment, which 

consisted of replacing a measurement at a given age by the maximum preceding measurement, 

yielded the results depicted in Figure 3.4 on the right. 

  
Figure 3.4 Cumulative Maximum Adjustment 

To illustrate the impact of this approach, the scatter plots 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 significant and 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, not only does the 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 

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 likely caused by data collection errors or inaccurate 

pavement M&R history information. Incorporation of these outliers into the model development 

could substantially hinder the model performance; therefore, when performing model estimation, 

outliers due to measurement error for each group of data at each age were removed. 

 
Figure 3.6 Example of Group Longitudinal Cracking Changes 

3.2.3.4. Rut Bucket Models 

In PA, rutting is categorized into ñbucketsò based on different surface rut depth ranges. These 

buckets are no-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 sum of the five buckets 
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to be 100 percent. In the current rut models, all the rut buckets were modeled as s-shape curves 

with asymptotic values of 100 percent. These models are physically incorrect because these rut 

buckets are not independent and will not increase continuously, with the exception of failure rut, 

which will increase all the time. For instance, starting from age zero, with the increase of rut depth, 

the shallow rut will increase initially. However, after a certain period, the rut depths of some 

locations will exceed the threshold between the shallow rut and deep rut. As a result, the shallow 

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

and failure rut. Nevertheless, the current rut models do not account for these transitions, and 

because 100 percent was used as the asymptotic values for all the rut buckets, it is possible that at 

some point, the sum of predictions of rut buckets could exceed 100 percent. 

Regarding the issues with the rut bucket model, the research team has proposed several alternatives 

to TxDOT. However, because of the constraints posed on the implementation of the models into 

PA, the development of rut bucket models using a formulation different from other distresses is 

not practical. Therefore, in this project, following TxDOT guidance only 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 categories: PM, LRhb, MRhb, and HRhb. It is expected that if a 

pavement section receives HRhb, it will perform better than if it receives MRhb, LRhb, or PM. 

However, in this project, very limited information about treatment type was available and these 

data were highly variable and did not show any reasonable trends. For example, preliminary 

analysis indicated that for pavements with similar characteristics, performance curves of these four 

treatment types crossed each other, and in some cases, pavements treated by PM can even perform 

better than LRhb or even MRhb. As a result, performance models developed using this treatment 

type information would result in inconsistent models and induce poor M&R decisions. 

Because of the high variability of treatment type information, this project adopted a probabilistic 

approach to supplement the treatment type information. For each group of pavement sections with 

the same functional class, traffic pavement type, and climate zone at each age, the bottom 25 

percent of the data were assigned to HRhb, the bottom 50 percent of the data were treated as MRhb, 

and the bottom 70 percent of the data were assigned to LRhb. The data between 15th and 75th 

percentiles were allocated to PM. Moreover, all the data above 15th percentile were grouped as ñdo 

nothingò (DN). These values were adopted through a trial-and-error iterative approach so that all 

models representing each type of treatment was reasonable and matched the corresponding data. 

In this way, five separate databases 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 objectives of this project was to calibrate the current model coefficients 

for the existing model and to incorporate treatment type. Therefore, the research team used the 

same model specification as presented in the TxDOTôs research study for calibrating the original 

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 specification as shown in the 

following equation. 

ὒ ‌ÅØÐ
ὃ

ὥὫὩ
 

where, 

ὒ: level of distress in a pavement section. 

‌: horizontal asymptote factor that represents the maximum range of distress growth. 

‍: a slope factor that controls how steeply utility is lost in the middle of the curve. 

ὃ: multiplication of four parameters defined in the original model: ”, …, ‭, and „. 

”: prolongation factor that controls the time it takes before significant increases in distress 

occur. 

…: the traffic weighting factor that controls the effect of an 18-k ESAL on performance. 

‭: climate weighting factor that controls the effect of rainfall and freeze-thaw cycles on 

performance. 

„: subgrade weighting support factor that controls the effect of subgrade strength on 

performance. 

age: pavement age of section, in years. 

Since the four parameters on the numerator in the original model specification (”, …, ‭, and „) 

cannot be estimated separately, here the parameter A replaces them and acts as a prolongation 

factor. 

3.3.1. Model Specification for This Study 

In this part of the project, the same specification of the current model was used. However, instead 

of parameters ὃ and ‍, ὃᶻ and ‍ᶻ were estimated because the research team incorporated the 

differences between variable groups in the parameter ‍ᶻ, and incorporated the differences between 

treatment levels in the parameter ὃᶻ. Here, ‍ᶻ is the sum of a coefficient represents all data (fixed 

effects ‍) and coefficients represent variable groups (random effects ‎). The difference between 

the five treatment levelsðDN, PM, LRhb, MRhb, and HRhbðwere incorporated in the parameter 
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ὃᶻ so that there are five different coefficients for each distress. The following equation is the model 

specification used in the study. 

ὒ ‌ÅØÐ
ὃᶻ

ὥὫὩ

ᶻ

 

with, 

‍ᶻ ‍ ‎ 

where, 

ὃᶻ: ὃ with Ὦ = treatment levels 

‍: fixed effects coefficients 

‎: random effects coefficients for variable group Ὧ 

The estimation of the parameters of this specification was made possible by applying nonlinear 

mixed effects model and by pulling together data all instead of estimating models for each variable 

group with partial data. This produces a more efficient model and results in better parameter 

statistics. The nonlinear mixed effect model and the estimation process are explained in more 

details in the next section. 

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 models, for the calibration process. Mixed-effects models are 

generally used when data consist of groups of observations. The ýxed-effects parameters describe 

the overall patterns of the data. On the other hand, random-effects parameters describe speciýc 

groups. If the model is nonlinear in the parameters, it is called a nonlinear mixed-effects model 

(Davidian & Giltinan, 2003). 

Growth data where the change is nonlinear is a typical type of data modeled with nonlinear mixed-

effect models. In this project, the level of distress increases over time (age) in a nonlinear fashion. 

In such a situation, the ýxed effects describe the change of the level of distress for the entire 

network, whereas the random effects represent variability between variable groups. That is, it 

differentiates the effects on groups of IH, thick pavement, heavy traffic, and central climate zone 

from that on groups of FM road, thin pavement, low traffic, and north climate zone, and so on. 

The general model for a mixed effects model is 

ώ Ὢᾀȟὦ Ὡ  
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with, 

ὦ ‍ ὶ  

where, ώ  is the dependent variable for individual Ὥ ρȟȢȢȢȟὲ measured repeatedly at times ὸ

ρȟȣȟὝ, following the functional form Ὢ, which depends on the parameters ὦ  for Ὧ ρȟȢȢȢȟὯ 

and ᾀ. The random effects, ὶ  and the error term Ὡ , have means of 0, and are typically assumed 

to follow a normal distribution (Pinheiro & Bates, 2000). In this study ᾀ term is age and ὦ  is ‍ᶻ 

as described in the previous section. 

3.4.2. Estimation Process 

For estimating the nonlinear mixed models, the research team used the ñnlmeò package of the 

program language R (R Core Team, 2019; Pinheiro et al., 2017). The nlme package of R is capable 

of ýtting nonlinear mixed effects models using an algorithm developed by Lindstrom and Bates 

(1990). This iterative 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 ýxed, and the estimates of the fixed effects are obtained by minimizing the PNLS 

function. On the other hand, the LME step uses the current estimates of the fixed effects to estimate 

the random effects based on a ýrst-order Taylor series expansion. In the LME step, a hybrid method 

mixing expectation-maximization (EM) algorithm and the Newton-Raphson algorithm is used. 

This hybrid method is beneficial because it combines the advantageous characteristics of each 

algorithm. The EM algorithm does not suffer from poor starting points, whereas the Newtonï

Raphson algorithm does but is much faster (Lindstrom & Bates, 1990). 

In the estimation process, the researchers ýrst speciýed the model as described in the previous 

section. There were three parameters to be estimated in the model specification. However, they 

were reduced to two parameters because the asymptote value ‌ was estimated from data directly 

using the distribution of the actual data rather than a preselected level. The researchers selected 

99.9 percentile of each level of distress using the entire network data from 1993 to 2019 as an ‌ 

value as Table 3.3 shows. By doing so, the models excluded extreme outliers that hinder the 

convergence of the model estimation process. 

The research team speciýed the ýxed effects ὃ and ‍ and speciýed the random effects on ‍ to 

incorporate the variability between variable groups. The researchers needed to specify the starting 

values for each ýxed parameter. We found that the algorithm used in the nlme package was 

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

model would either never converge or produce poor estimates. To select a proper set of starting 

values, the researchers followed an iterative estimation process. We first set a range of each 

parameter, then picked a random value from the uniform distribution of the parameter range. We 

estimated a model using those random selections as starting points and checked if the model 

converged. This process iterated for several hundred times until the models converged. In the case 

of multiple converging models for a distress type, Akaike Information Criterion (AIC) values were 
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compared to evaluate the goodness-of-fit of the various models. The model with the lower AIC 

value among the multiple converging models was selected as the best fit model. 

3.4.2.1. Treatment Level 

The effect of the treatment levels was incorporated into the parameter ὃ. Due to the lack of 

sufficient accurate data that contains treatment level information, the researchers determined the 

coefficients for each treatment level from the data following a probabilistic approach. The detailed 

procedure is explained in the next chapter when the alternative models are presented. 

3.5. Estimation Results 

As a result of the nonlinear mixed effects model estimation, the researchers estimated the model 

parameters for eight different distresses. The outcomes consist of fixed effects and random effects. 

The fixed effects outcome is shown in Table 3.4. In the table, the fixed effects model coefficients 

‌, ‍, and ὃ are presented with their standard errors and p-values. 

Table 3.4 Summary of the Fixed Effects Models 

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

Shallow Rut 63 
fixed A 136.6 10.63 42222 12.8 < 0.00001 

fixed beta 0.2453 0.0120 42222 20.4 < 0.00001 

Deep Rut 23 
fixed A 1,679 349.2 42222 4.8 < 0.00001 

fixed beta 0.2143 0.0102 42222 21.0 < 0.00001 

Patching 100 
fixed A 104.8 7.417 42222 14.1 < 0.00001 

fixed beta 0.4590 0.0196 42222 23.4 < 0.00001 

Failure 10 
fixed A 21.82 0.6936 42222 31.5 < 0.00001 

fixed beta 1.891 0.1651 42222 11.4 < 0.00001 

Block Cracking 70 
fixed A 22.17 0.6495 42222 34.1 < 0.00001 

fixed beta 3.597 0.3460 42222 10.4 < 0.00001 

Alligator Cracking 73 
fixed A 23.97 0.3815 41796 62.8 < 0.00001 

fixed beta 1.242 0.0760 41796 16.3 < 0.00001 

Longitudinal Cracking 230 
fixed A 17.58 0.1905 42222 92.3 < 0.00001 

fixed beta 0.9497 0.0871 42222 10.9 < 0.00001 

Transverse Cracking 12 
fixed A 23.45 0.5030 42222 46.6 < 0.00001 

fixed beta 1.106 0.0809 42222 13.7 < 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 combinations, i.e., highway 

function (4) x traffic level (4) x pavement type (2) x climate zone (4). As shown in Figure 3.7, the 

sample data with 81 groups has very strong correlations with population with respect to the amount 

of data. Thus, the researchers concluded that those 81 groups of data reasonably represent the 

entire network. 



 45 

 
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 groups for which data was 

not available or insufficient: 

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

ñcentralò climate zone. 

(2) If highway function, pavement type, and climate zone are the same, use models for a higher 

traffic class. 

These criteria are explained in Figure 3.8. The shaded rows indicate the 81 groups for which data 

were available and a model was estimated. In the case of the first five rows, none of the rows have 

an estimated model, so the models of the higher traffic class were assigned, following a 

conservative approach. In another cases, when there is no estimated model for a certain climate 

zone, the model of central climate zone is assigned to another climate zone group. In this manner, 

all the models for 160 variable groups were obtained. Appendix B contains all model coefficients 

for all groups and distresses. 
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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, the resulting network level models were plotted to assess their goodness of fit 

visually. For each distress type, fixed effects models for the entire data set and the final models for 

81 individual groups are presented in Figures 3.9 through 3.24. Note that each plot has data 

represented by points and boxplot, and model predictions in lines for each treatment level. 

 
Figure 3.9 Fixed Effect Models: Shallow Rut 
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Figure 3.10 Individual Models for 81 Variable Groups: Shallow Rut  

 
Figure 3.11 Fixed Effect Models: Deep Rut  
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Figure 3.12 Individual Models for 81 Variable Groups: Deep Rut 

 
Figure 3.13 Fixed Effect Models: Patching 
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Figure 3.14 Individual Models for 81 Variable Groups: Patching 

 
Figure 3.15 Fixed Effect Models: Failure 
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Figure 3.16 Individual Models for 81 Variable Groups: Failure 

 
Figure 3.17 Fixed Effect Models: Block Cracking  
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Figure 3.18 Individual Models for 81 Variable Groups: Block Cracking 

 
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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