
Generalized clusterwise regression for simultaneous estimation of 

optimal pavement clusters and performance models 

This paper focuses on clusterwise regression (CR) approach for modelling of 

pavement performance. CR simultaneously clusters the data and estimates the 

associated models. Previous studies using CR approach have a few limitations: 1) 

the explanatory power of variables used in the analyses was not tested; 2) the 

approach could not find the optimal number of clusters; 3) the objective function 

was to minimize the sum of squared errors, which is not the best to seek for the 

optimal number of clusters; 4) the model functional form was restricted to be either 

linear or nonlinear. To address these limitations, this paper proposes a generalized 

mathematical program and solution algorithm within the CR framework. Bayesian 

Information Criteria was used as the objective function. The proposed approach 

explored all possible combinations of potential significant explanatory variables to 

select the best model specification. The potential multicollinearity issues in the 

models were addressed if required. Both, linear and nonlinear, functional forms 

were estimated using a large dataset in Nevada. Predictive accuracy of the resultant 

models was evaluated using root-mean-square error (RMSE), normalized RMSE, 

and mean absolute errors. The results showed that the nonlinear models were more 

accurate than the linear models in estimating present serviceability index. 
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Introduction 

Pavement Management Systems (PMS) involve methods and tools that provide 

information to make cost-effective decisions for maintaining and improving pavement 

conditions. Pavement performance models (PPMs) are essential components of any PMS. 

Highway engineers and managers use PPMs to estimate future pavement conditions, 

which are the basis for selecting appropriate maintenance and rehabilitation (M&R) 

treatments. In addition, PPMs are used to evaluate the significance of M&R treatments 

on future conditions during the life-span of a pavement (George et al. 1989, Li et al. 

1997). Hence, accurate predictions of pavement performance are critical for an efficient 



PMS. The objective of this study was to develop a generalized framework to estimate 

accurate PPMs for any PMS.  

A variety of modelling approaches including Empirical, Mechanistic, and 

Mechanistic-Empirical have been investigated and implemented for pavement 

performance modelling (George et al. 1989, Li et al. 1997, Zheng 2005, Hong and Prozzi 

2006, Bardaka et al. 2014, Chen and Mastin 2015). Empirical modelling approaches are 

commonly used to estimate PPMs using historical pavement data and appropriate 

statistical techniques (Prozzi and Madanat 2003). Model specifications such as, 

functional form and potential explanatory variables, are chosen based on physical 

considerations, estimation error, and experience (George et al. 1989, Madanat et al. 

2008). Mechanistic models relate the structural responses of a pavement, such as stress, 

strain, and deflection with the physical causes, such as traffic loads and other 

environmental factors (Lytton 1987, Ali 2005, Schmitt et al. 2008). However, exact 

quantification of mechanistic behavior of a pavement is challenging because of various 

factors such as varying traffic loading and environmental conditions as well as their 

interactions (Prozzi and Madanat 2003). Given that existing pavement response models 

are not capable to represent actual pavement behaviors (Ali 2005), mechanistic-empirical 

approaches evolved with empirical components added to complement mechanistic 

models. Usually, the empirical components include performance prediction models that 

use the calculated stresses, strains and deflections to predict pavement distresses (Ali 

2005). 

Empirical models can be categorized into deterministic and probabilistic. A 

deterministic model is a mathematical function that can be used to estimate future 

pavement conditions using both current and historical pavement data (Abaza 2004, 

Bekheet et al. 2008, Chen and Mastin 2015). A probabilistic model provides the 



probability that a pavement undergoes deterioration from one state to another (Bekheet 

et al. 2008, Abaza 2004, Chen and Mastin 2015). Typically, deterministic models are 

developed using a two-step approach. First, pavement segments with similar 

characteristics are grouped into clusters using a few critical factors, such as pavement 

type, roadway functional class (e.g. interstate, arterials, local roads, etc.), geographic 

region, and traffic levels. Then, PPMs for each of the clusters are developed using 

appropriate statistical techniques, such as multiple regression, panel data (random-and 

mixed-effect models), or logistic regression. The primary assumption behind these 

models is that all pavements in a cluster exhibit similar performance behaviors. In 

practice, the performance of pavement segments within a cluster could differs 

significantly because pavement clusters are created using only a few critical factors (Luo 

and Yin 2008). Any missing factors that are significant may affect the cluster 

membership. If all significant factors are included, more homogeneous clusters can be 

identified. Typically, some missing factors are unobserved or difficult to measure. 

In the context of Pavement Management, the existing literature proposes 

Clusterwise Regression (CR) to simultaneously determine pavement clusters and 

associated PPMs using a single objective function. Within the CR framework, pavement 

segments that have similar regression effects on the response variable (i.e. performance 

measure) are assigned to a cluster such that the overall sum of squared errors (SSE) is 

minimal. The underlying regression models, PPMs, are estimated by searching an 

unknown number of clusters that can be formed with the available data (Kang and Ghosal 

2009). CR provides a valid statistical approach to incorporate cluster analysis into 

regression analysis (Luo and Chou 2006, Kang and Ghosal 2008, Hsu 2015). 

In the field of Pavement Management, Luo and Chou (2006) introduced CR to 

model pavement deterioration. A sigmoidal (S-shaped) functional form was used to relate 



a pavement condition rating to age. Later, Luo and Yin (2008) extended their study to 

model the development of pavement distresses in flexible pavements. In both studies, 

only pavement age was used as an explanatory variable. These studies did not investigate 

the combined effect of multiple explanatory variables within the CR framework. Other 

variables that are proven as critical factors on pavement deterioration, such as traffic 

loading conditions, pavement structure, and environmental conditions, were not 

investigated. Zhang and Durango-Cohen (2014) addressed this limitation by including 

multiple explanatory variables within the CR framework to estimate pavement 

serviceability. A nonlinear model specification was used to model present serviceability 

index (PSI) with explanatory variables - structural number, frost gradient and cumulative 

as well as incremental traffic. The study used data collected during the AASHO Road 

Test (Highway Research Board 1962), which was performed in a single site with a 

relatively controlled environment. The results indicated that pavement segments under 

similar traffic loading and environmental conditions showed heterogenous performance. 

In addition, the study confirmed that the CR framework is effective to capture such 

heterogeneity in the effect of explanatory variables while minimizing the overall 

estimation error. 

All previous studies using CR for pavement performance modelling suffer 

limitations. First, the explanatory power of variables used in clustering and the regression 

analyses was not tested. All user-defined variables were assumed as significant and 

included in final models. Second, the proposed mathematical programs did not seek the 

optimal number of clusters for the given data. Hence, time consuming “hit-and-trial” 

methods were required to find this optimal number. Third, the objective function was to 

minimize the sum of squared errors of prediction (SSE). Given that SSE decreases 

monotonically as a function of the number of variables in the model, the optimum number 



of clusters with minimum SSE is always the total number of data points available 

(Kodinariya and Makwana 2013). Therefore, minimization of SSE is not the best 

objective function to use for seeking an optimal number of clusters. Fourth, the PPMs 

were restricted to be either linear or nonlinear irrespective of which functional form 

provided the best results. The existing CR framework does not investigate the adequacy 

of potential functional forms to minimize the estimation error. 

To address these limitations of the previous studies, this paper proposes a 

mathematical programming framework within the CR approach to determine 

simultaneously 1) an optimal number of pavement clusters, 2) assignment of pavement 

segments into clusters, and 3) associated significant PPM parameters. The explanatory 

power of the variables was tested to include only significant explanatory variables in the 

final models. A comprehensive solution algorithm was utilized to solve the proposed 

problem. The proposed approach could identify variables that cause multicollinearity 

issues in the models, and addressed the problems if required. The mathematical program 

and solution algorithm were designed to explore all possible combinations of potential 

significant explanatory variables to select the best model specification. The Bayesian 

Information Criteria (BIC) (Schwarz 1978) was used as the objective function to obtain 

models that balance the goodness of fit and complexity in terms of number of clusters 

and explanatory variables. The relevance of the nonlinear functional form within the 

proposed framework was investigated using pavement data from the entire state of 

Nevada. The results were expected to illustrate the advantage of using a framework that 

investigates potential functional forms to minimize the estimation errors while solving 

simultaneously for the three types of parameters listed above. 



Methodological framework 

Problem formulation 

This section provides notation and definitions, details about the performance measure 

used to evaluate pavement condition, functional form chosen to estimate PPMs, and the 

proposed mathematical program and solution algorithm. 

Notation and definitions 

The following variables were used to formulate the mathematical program: 

I = Number of pavement samples in the network; 

i = Subscript for a pavement sample in the network, 𝑖𝑖 ∈ 𝐼𝐼; 

𝑇𝑇𝑖𝑖 = Number of observation periods for a pavement sample i; 

t = Subscript for an observation period for a pavement sample, 𝑡𝑡 ∈ 𝑇𝑇𝑖𝑖; 

O = Total number of observations = ∑ 𝑇𝑇𝑖𝑖
𝐼𝐼
𝑖𝑖  ∀ i ∈ I; 

J = Number of continuous explanatory variables; 

j = Subscript for a continuous explanatory variable including an intercept, j = 0,…,J; 

H = Number of categorical explanatory variables; 

h = Subscript for a categorical explanatory variable, h ∈ H;  

𝑥𝑥𝑖𝑖𝑖𝑖𝑖𝑖
𝑘𝑘  = Measurement of a continuous explanatory variable j for a sample 𝑖𝑖 at observation 

period t that is assigned to a cluster k ∀ i ∈ I, j ∈ J, t ∈ Ti; 

𝑥𝑥𝑖𝑖ℎ𝑖𝑖
𝑘𝑘  = Measurement of a categorical explanatory variable h for a sample 𝑖𝑖 at observation 

period t that is assigned to a cluster k ∀ i ∈ I, h ∈ H, t ∈ Ti; 

𝑦𝑦𝑖𝑖𝑖𝑖
𝑘𝑘  = Measurement of dependent variable for a sample 𝑖𝑖 at observation period 𝑡𝑡 that is 

assigned to a cluster k ∀ i ∈ I, t ∈ Ti; 

K = Optimum number of clusters (1 ≤ k ≤ Kmax); 



k = Subscript for a cluster, ∀ k ∈ K; 

𝐾𝐾𝑚𝑚𝑎𝑎𝑥𝑥 = Maximum number of potential clusters that could be formed; 

n = Minimum number of observations required in a cluster; 

𝐶𝐶𝑘𝑘 = Set of pavement samples that are assigned to cluster k ∀ k ∈ K; 

δ = Total number of significant explanatory variables including intercepts in all clusters; 

𝑣𝑣𝑖𝑖𝑘𝑘 = Binary indicator to represent significance of a continuous explanatory variable 

including an intercept in a cluster k ∀ j = 0,…,J, k ∈ K; 

𝜔𝜔hk = Binary indicator to represent significance of a categorical explanatory variable in a 

cluster k ∀ h ∈ H, k ∈ K; 

𝑝𝑝𝑖𝑖𝑘𝑘 = Cluster membership of a pavement sample 𝑖𝑖 to a cluster k, ∀ i ∈ I, k ∈ K; 

𝛽𝛽𝑖𝑖𝑘𝑘 = Estimated regression coefficient for a continuous explanatory variable j including 

an intercept in cluster k ∀ j = 0,…,J, k ∈ K; 

ϑℎ𝑘𝑘= Estimated regression coefficient for a categorical explanatory variable h in cluster 

k ∀ h ∈ H, k ∈ K; 

Pavement performance measure 

Pavement performance is defined as an overall assessment of the serviceability pattern of 

a pavement (Highway Research Board 1962). Serviceability represents the degree of 

service a pavement is intended to provide in the existing conditions (Namakura and 

Michael 1963, Garcia-Diaz and Riggins 1984). Recently, Hong and Prozzi (2010) defined 

pavement performance as the ability to provide a smooth, safe, and comfortable ride over 

time. A variety of pavement performance indices were developed to evaluate pavement 

performance considering various aspects, such as structural, functional, and safety 

(Garcia-Diaz and Riggins 1984, Hand et al. 1999, Li 2005). Structural performance 

indicates the ability of pavement structure to resist deterioration, and is typically 



measured in terms of extent and severity of the visible distresses, such as cracking or 

rutting. Functional performance indicates pavement condition in terms of ride quality of 

the pavement surface and roughness. Even though safety is an important aspect of 

pavement performance, it is not measured directly. Usually, pavement safety is dictated 

by skid resistance and friction.  

Some indices were proposed to evaluate an individual aspect of pavement, 

whereas, others were developed to characterize a combination of aspects (Zhang et al. 

1993). For example, the International Roughness Index (IRI) is commonly used to 

measure the riding quality of a pavement surface, whereas, Overall Condition Index used 

by the Utah Department of Transportation (Reza et al. 2005) measures the combination 

of functional and structural aspects of pavement performance. 

In this study, the PSI was used as the pavement performance measure because it 

1) measures functional as well as structural performance of pavements, 2) serves as a 

unified standard to measure the riding comfort from the driver’s point of view (Shoukry 

et al. 1997, Garcia-Diaz and Riggins 1984, Terzi 2006, Attoh-Okine and Adarkwa 2013), 

and 3) is easily understood by road users and legislators (Hudson et al. 2015). Eq. 2 was 

used to calculate the PSI in this study (NDOT 2011): 

 PSI=5*e(0.0041*a)-1.38*b2-0.03*√c  (1) 

where, a is the IRI, b is the rut-depth, and c is the sum of non-wheel path, transverse, 

block, and fatigue cracking extents as well as patching. 

Model functional form  

Identification of the potential functional form is the most important step in formulating a 

modelling approach (Darter 1980, Sadek et al. 1996). The selected functional form must 

represent the actual physical phenomenon (deterioration trend in this study) and provide 



the best fit with the given data. In addition, the selected functional form must satisfy all 

boundary conditions (Wolters and Zimmerman 2010). Both, simple and complex 

functional forms have been utilized to develop PPMs (Sadek et al. 1996, Li et al. 1997, 

de Melo Silva et al. 2000, Luo and Yin 2008). The simple model forms are easy to 

develop and interpret. However, simple models may not always provide an adequate level 

of accuracy because they may not satisfy all boundary conditions and/or explain the wide 

range of data. To overcome these limitations, complex model forms that can incorporate 

a larger number of explanatory variables and their interaction terms are required 

(Shekharan 2000). Typically, complex models require nonlinear functional forms. 

Considering that pavement deterioration is likely to be a nonlinear phenomenon, 

nonlinear models are more appropriate to model pavement performance (Yang et al. 

2003, Hong and Prozzi 2006). Various functional forms have been proposed and 

implemented for pavement performance modelling. Nonlinear functional forms including 

exponential, sigmoidal, and polynomial have been used by many state department of 

transportations (DOTs). Sigmoidal models initially developed by the Texas DOT 

overestimated distress scores (Gharaibeh et al. 2012). Gharaibeh et al. (2012) calibrated 

these models to obtain better results using recent pavement data. The North-Carolina 

DOT investigated seven different model forms to fit their pavement performance data. A 

sigmoidal model provided the best fit for the deterioration trends (Chen et al. 2014). 

Wolters and Zimmerman (2010) developed linear as well as sigmoidal models to estimate 

ride quality index (RQI) for the Minnesota DOT. First, a linear RQI model was 

developed. When the linear model did not fit the data well (based on the R-squared value), 

sigmoidal models were developed. The City of Cincinnati adopted power and exponential 

performance models to predict pavement condition of its major roads (Rajagopal 2006). 

The developed models have R-squared value equal to 0.51, which is considered as 



moderate correlation. Similarly, power functional forms were used by the Arizona DOT, 

Washington State DOT, Oklahoma DOT, and Louisiana DOT to develop PPMs as a 

function of pavement age (Kay et al. 1993, Khatta et al. 2008, Wolters and Zimmerman 

2010). All these models were developed using the two-step approach, which limitations 

are discussed in the Introduction section. 

The property of the power functional form is suitable for describing historical 

trend of the pavement deterioration (Chan et al. 1997). Hence, this study investigates the 

appropriateness of using a power functional form in the context of CR to estimate PPMs. 

The functional form proposed for the PPMs can be expressed by Eq. 2. 

 yit
k =β0k* ∏ �xijt

k �
βjk  * ∏ exp�𝜗𝜗hk* xiht

k �𝐻𝐻
h=1

J
j=1  (2) 

The model parameters can be estimated in two ways. The model can be linearized 

by performing logarithmic transformation so as to use the Ordinary Least Squares 

method. Alternatively, the model parameters are estimated using nonlinear regression 

techniques. Considering that the direct estimation of the nonlinear regression models 

requires high computational time, this study pursued the estimation using the 

transformation. The linearized functional form used in the proposed CR analysis is 

expressed by Eq. 3. 

  ln�yit
k �=ln�β0k�+ ∑ βjk*ln�xijt

k �J
j=1 + ∑ �𝜗𝜗hk* xiht

k �H
h=1  (3) 

Mathematical program 

The objective function involves minimization of BIC as illustrated by Eq. 4. Decision 

variables to be determined included the optimum number of clusters, K; coefficients for 

cluster-specific significant explanatory variables, 𝛽𝛽0𝑘𝑘, 𝛽𝛽𝑖𝑖𝑘𝑘, and ϑhk; and cluster 

memberships, 𝑝𝑝𝑖𝑖𝑘𝑘. 



  Min. BIC = O+O*ln(2π)+O*ln �SSE
O

� +(δ+K-1)*ln(O)  (4) 

where, SSE is the total sum of squared errors expressed by Eq. 5, and the quantity (δ + K 

-1) is the total number of free parameters to be estimated for K CR models (DeSarbo and 

Cron 1988). 

  SSE = ∑ ∑ ∑ �ln�β0k�+ ∑ βjk* ln�xijt
k �J

j=1 + ∑ �ϑhk* xiht
k �H

h=1 - ln�yit
k ��

2

∀ i ∈ I, t ∈ Ti, j ∈ J, h ∈ H, k ∈ K

Ti
t=1

I
i=1

K
k=1 (5) 

The proposed mathematical programming includes the following constraints: 

 𝛿𝛿 = ∑ �∑ vjkj + ∑ ωhkh �k ∀ j = 0,…,J, h ∈ H, k ∈ K  (6) 

 𝑣𝑣jk = �
1, if βjk is significant; 
0, Otherwise

∀ j = 0,…,J, k ∈ K (6) 

 𝜔𝜔hk = �1, if 𝜗𝜗hk is significant; 
0, Otherwise ∀ h ∈ H, k ∈ K (8) 

 ∑ pik=1k ∀i ∈ I, k ∈ K (9) 

 𝑝𝑝ik = �1, if  sample i is assigned to cluster k;  
0, Otherwise ∀ i ∈ I, k ∈ K (10) 

 Ck= �i�pik=1∀i ∈ I, k ∈ K� (11) 

 Ck'∩Ck'' = null  ∀k' ≠ k'', k' and k''∈ K (12) 

 ⋃ |Ck|k ∈ K = I (13) 

 ∑ Ti ≥ n ∀i∈Ck Ck (14) 

 1≤ k ≤ Kmax (15) 



  Kmax=F(I, Ti, n) (16) 

Constraint (6) provided the total number of significant explanatory variables 

including intercepts for all clusters. In Constraint (7), 𝑣𝑣𝑖𝑖𝑘𝑘 equaled 1 if coefficient βjk was 

significant; otherwise, 𝑣𝑣𝑖𝑖𝑘𝑘 equaled 0. Similarly, in Constraint (8), 𝜔𝜔ℎ𝑘𝑘 equaled 1 if 

coefficient 𝜗𝜗ℎ𝑘𝑘,  was significant; otherwise, 𝜔𝜔ℎ𝑘𝑘 equaled 0. Significance was determined 

using p-value and α. Constraints (9 and 10) were used to assign cluster memberships to 

samples. Indicator, 𝑝𝑝𝑖𝑖𝑘𝑘 equaled 1 if and only if sample, 𝑖𝑖 was in cluster k; 𝑝𝑝𝑖𝑖𝑘𝑘 equaled 0 

otherwise. The sets of samples assigned to K clusters were provided by Constraint (11). 

Assignment of a sample to multiple clusters was restricted by Constraint (12). Constraint 

(13) ensured all available samples assigned to clusters. The minimum number of 

observations required for statistical significance was defined by Constraint (14). 

Constraint (15) stated a range of feasible clusters for the available data. The maximum 

number of clusters (15) is a function, F of I, Ti, and n. Table 1 provides the step-by-step 

procedure to calculate this number. 

[Insert Table 1] 

Solution Algorithm 

This section provides the description of the solution algorithm utilized to find the optimal 

solution for the proposed mathematical programming problem. The exiting literature does 

not provide an exact algorithm to solve this type of combinatorial problem efficiently 

(Meneses and Ferreira 2012). In addition, no single approach is known to be superior to 

other methods (Marler and Arora 2004). Hence, the selection of an appropriate solution 

approach is problem-specific and depends on user preferences, such as the availability of 

software and trade-off between computational time and quality of results. 



In this study, Simulated Annealing (SA) integrated with Function All Subsets 

Regression (ASR) was utilized to solve the proposed mathematical problem. The ASR 

sought for the best model parameters that provide a balance between goodness of fit and 

model complexity. The criteria used to select the best model were BIC and α. All potential 

model specifications were tested. In addition, the ASR took care of potential 

multicollinearity present in the models. Table 2 provides an algorithmic description of 

the function ASR. 

[Insert Table 2] 

 

The SA portion of the solution algorithm determined the cluster memberships of 

pavement samples and called function ASR to estimate the optimal solution. SA was 

chosen because it 1) can escape from local optima (occasionally) by accepting moves that 

degrades solutions, 2) is a simple and efficient search algorithm to solve combinatorial 

optimization problems, and 3) is easy to implement. SA has been successfully used to 

solve similar problems (DeSarbo et al. 1989, Selim and Alsultan 1991, Sun et al. 1994). 

Table 3 provides the master algorithm utilized to solve the proposed mathematical 

problem. 

[Insert Table 3] 

Numerical experiment and results 

Experimental research data 

Experimental research data were extracted from the pavement management system 

database of the Nevada Department of Transportation. The data included pavement 

condition and roadway inventory data, collected for a 12-year period (from 2001 to 2012, 

inclusive) for the entire state of Nevada. A total of 17,642 observations of flexible 



pavements were available for the experiments. Out of this, 14,637 observations (2001 to 

2010) were used to develop PPMs, and 3,005 observations (2011 and 2012) were used 

for validation. The detailed description on the data and its preparation are described by 

Khadka and Paz (2017a). 

A total of 14 potential explanatory variables that were collected by NDOT as a 

part of its PMS were used in this study. Based on the characteristics of observations, the 

explanatory variables were divided into continuous and categorical. For example, 

pavement age, average daily trucks and PSI provide the quantitative measurements in a 

continuous scale; hence they are grouped as continuous. Whereas variables, number of 

lanes and functional class provide the qualitative information about the pavement 

segment; hence, they are grouped as the categorical. The potential continuous variables 

and their descriptive statistics are illustrated in Table 4. In addition, Table 4 provides 

descriptive statistics of the dependent variable used in this study. The potential categorical 

variables and their descriptive statistics are illustrated in Table 5. 

[Insert Table 4 and Table 5] 

Optimization parameters 

Several optimization parameters are required to initiate and utilize the proposed solution 

algorithm. It is very important to select appropriate starting values of the parameters 

because the convergence rate of the algorithm largely depends on them. Hence, 

experience from previous research (Paz et al. 2015a, 2015b, Khadka and Paz 2017b) and 

results from sensitivity analysis guided the selection of the optimization parameter values 

used in the experiments. Sensitivity analysis involved analyzing estimation results and 

trends to fine tune the initial set of optimization parameters to achieve adequate results. 

This process is standard in heuristic optimization because there is not a general algorithm 

that can solve any problem. Minor sensitivity analysis was required given that the initial 



set of parameters were relatively closed to the final values. Table 6 provides the final 

values of the optimization parameters specified in the experiments. 

[Insert Table 6] 

Experimental results and discussion 

Function F determined 16 as the maximum number of feasible clusters for the data used 

in this study. The solution algorithm explored all the feasible number of clusters (i.e., K 

= 2 to 16) to seek for the optimum number of clusters. Figure 1a shows the optimum 

values of BIC (the objective function) and the number of iterations used to establish them 

for each of the feasible number of clusters. The algorithm returned five-cluster models 

with the lowest BIC as a part of the optimum solution. Figure 1b visualizes the 

convergence curve of BIC for the five-cluster models. Initially, BIC was -26,955; and 

after 1,437 iterations, the algorithm found the optimal solution with BIC of -30,010. 

[Insert Figure 1] 

 

The estimated parameters for five-cluster models are presented in Table 7 

Explanatory variables identified and included in the models were ln(age), ln(adt), 

ln(rut_depth), ln(precip), ln(min_temp), and all dummy variables for number of lanes, 

prioritization category, and functional class. In the pavement modelling literature, these 

variables have been considered as critical factors that affect pavement performance (Saraf 

and Majidzadeh 1992, Prozzi and Madanat 2004, Salama et al. 2006). Only two variables, 

ln(age) and ln(rut_depth) were included in all five models. Variable, ln(precip) was 

significant only in the model for Cluster #3. Other variables were common in a few 

models. For example, ln(adt) was included in models for Clusters #1, #2, and #4. 

[Insert Table 7] 



Other explanatory variables were excluded from the resultant models because 

they were either causing multicollinearity in models or statistically insignificant (α = 

0.05). Variance-inflation factor (VIF) was used as a criterion to investigate the potential 

multicollinearity in the models. As models included a few categorical explanatory 

variables that had more than one level, generalized variance-inflation factors (GVIF) 

suggested by Fox and Monette (1992) were calculated. The explanatory variables with 

GVIF greater than the limiting VIF were dropped from a model, one at a time, starting 

with the one that had the largest GVIF. Table 7 includes the GVIFs of the significant 

explanatory variables included in the final models. The GVIF values were less than the 

limiting VIF, which indicated the models were free from serious multicollinearity. 

As the model parameters were estimated after logarithmic transformation was 

performed, the normality of the residuals was investigated. The Anderson-Darling test 

was performed using R-package ‘nortest’ (R Core Team 2015). Table 8 includes the 

results of the test, which indicated the residuals were non-normal and the estimated p-

values of the regression coefficients were inaccurate. Hence, bootstrap (Efron 1979, Efron 

and Tibshirani 1993) was used to calculate 95% confidence intervals (CI) of all the 

estimated coefficients. Table 7 includes the lower and upper bounds of the 95% CIs. Table 

7 shows that the bootstrap results confirm the significance of all explanatory variables in 

the model. For example, the coefficient for f_class = 3 in the case of Cluster #3 is 0.01 

with a p-value of 0.02, and the bootstrap CI (0.002, 0.018) falls to the right of 0, i.e., 

f_class = 3 is positive and significant. 

[Insert Table 8] 

 

It was observed that models for Cluster #1 and #2 included the same significant 

explanatory variables. In addition, the coefficients of the corresponding variables were 



nearly equal and with the same signs. These similarities suggested that these two clusters 

could be merged. However, the objective function of the resultant model would increase 

slightly. This can also be observed in Figure 1b, where the BIC for number of clusters 

equal to 4 is slightly higher than for 5. 

The models had different cluster-specific explanatory variables. That is, each 

model had a unique set of explanatory variables. In addition, the associated coefficients 

were different among the resultant models. These differences indicated that average 

performance behaviors of pavement samples across clusters were different. 

Model performance 

The proposed algorithms discussed in the section Solution Algorithm were also utilized 

to estimate the optimal number of clusters and associated model parameters using a linear 

functional form expressed by Eq. 17. 

 yit
k =β0k+ ∑ βjk*J

j=1  xijt
k + ∑ ϑhk* xiht

kH
h=1  (17) 

Six-cluster linear models were found as a part of the optimum solution. The 

estimated model parameters are provided in Table 9. The primary observation was that 

variables, min_temp and precip – which were significant in the nonlinear models – were 

not included in any of the linear models. As expected, the intercepts and the coefficients 

of the corresponding explanatory variables were different across models. 

[Insert Table 9] 

 

The performances of the resultant nonlinear and linear models were compared. 

Both models were applied to the test dataset to estimate PSIs for 2011 and 2012. For 

nonlinear models, the predicted PSIs were transformed back to the original scale by taking 



exponential. The scatter plots of observed versus predicted PSIs for both models are 

shown in Figure 2. The figure shows that the nonlinear models have less scattered data 

points beyond the ±15% error lines. About 81% of the total data points were within a 

±15% range of error. In the case of the linear models, approximately 74% of the total data 

points were within a ±15% error lines. 

[Insert Figure 2] 

 

Prediction accuracy of the models was measured using root-mean-square error 

(RMSE), normalized root-mean-square error (NRMSE), and mean absolute errors 

(MAE). The overall RMSE, NRMSE, and MAE values for the entire nonlinear models 

were 0.41, 0.15, and 0.33; whereas for the linear models were 0.47, 0.17, and 0.36, 

respectively. All three metrics for nonlinear models were less than that for the linear 

models. This indicated that the nonlinear models were more accurate than the linear 

models in estimating PSIs of pavement samples. Table 10 provides the RMSE, NRMSE, 

and MAE values for the entire models as well as individual nonlinear and linear models. 

[Insert Table 10] 

Conclusions and recommendations 

This paper discussed some of the modelling approaches that are used in the pavement 

performance literature. Clusterwise regression (CR) was then introduced as the existing 

state-of-the-art approach to estimate PPMs. In addition, this paper outlined some of the 

limitations of the existing state-of-the-art approach. To address these limitations, a 

comprehensive mathematical programming approach and solution algorithm were 

proposed. 

The proposed mathematical programming approach used a single objective 

function to simultaneously divide the pavement samples into an optimum number of 



clusters and estimate the corresponding model parameters. Bayesian Information Criteria 

was used as the objective function. Simulated Annealing integrated with All Subsets 

Regression was utilized to solve the mathematical problem. During the optimization 

process, the algorithm sought for the potential explanatory variables that were posing 

serious multicollinearity issues in a model. The variables that posed the largest 

multicollinearity effect in the models were dropped individually until all models were 

free from serious multicollinearity issues. All possible linear and nonlinear model 

specifications were examined to seek for the best model for each cluster. A power 

functional form was used to estimate nonlinear PPMs. 

Five-cluster nonlinear models were found as the optimum solution. Variables 

ln(age), ln(adt), ln(rut_depth), ln(precip), ln(min_temp), and all dummy variables for 

number of lanes, prioritization category, and functional class were identified as the 

significant and have realistic coefficients. All these variables are considered as critical 

factors affecting pavement performance. Linear PPMs were estimated using the same 

algorithmic framework discussed in this paper. The variables, min_temp and precip – that 

were significant in the nonlinear models – were not included in any of the linear models. 

Similar to nonlinear models, the estimated coefficients and associated sign were as 

expected and realistic. 

The performance of the nonlinear and linear models was compared through 

validation of the prediction capabilities. In addition, RMSE, NRMSE, and MAE were 

used to further compare the explanatory power of the models. Results showed that the 

nonlinear models were more accurate than the linear model in estimating PSIs. However, 

the resultant nonlinear models overestimated the PSIs for a few pavement samples. 



Future Work 

This study investigated the appropriateness of the power functional form within the 

clusterwise regression framework. Various other functional forms have been used to 

explain pavement performance behavior. Hence, it is worth to expand the proposed 

framework to consider all potential functional forms to find the best models with minimal 

estimation error. In addition, as pavement condition data is panel data, varieties of panel 

data models, such as fixed-effect, mixed-effect, and random-effect models can be 

explored. 

This study was focused on partitioning the pavement data such that the resultant 

PPMs have minimum estimation error. However, it did not investigate the resulting 

distribution of the pavement samples across the clusters to identify the most critical or 

dominant variable in each cluster. That is, this study did not provide the justification of 

whether the assignment of pavement samples to the clusters truly represented the 

underlying clustering structure. Hence, this study can be expanded to validate the 

assignment of pavement samples to the clusters. 

Due to unavailability of data, a few potential explanatory variables that were 

proven to be significant in previous studies were not used. For example, the effect of 

pavement structure was not considered in the analysis. Structural number of pavement 

could be used to study the effect of the pavement structure on its performance. This study 

accounted for the effect of historical maintenance activities by setting pavement age to 

zero when a new maintenance activity was performed. However, routine maintenance 

works were ignored. In addition, the effects of different types of the maintenance 

activities were assumed to be the same. To address this limitation, maintenance types 

could be used as an extra explanatory variable in the analysis. 

As indicated before, optimization parameters were obtained using experience and 

sensitivity analysis. However, the existing literature (Park and Kim 1988, Johnson et al. 



1987) includes a few standard methods to determine such parameters. Future research can 

be directed using the optimization parameters determined from these proven techniques. 

Simulated Annealing was primarily used for clustering. As clustering methods are 

highly sensitive to the choice of algorithms, different algorithms can be investigated to 

select the best. For example, genetic algorithms (Shekharan 2000), artificial neural 

networks (Attoh-Okine 1999), particle swarm optimization (van der Merew and 

Engelbrecht 2003), and combination of them can be explored. 

Pavement performance is governed by such factors as environmental, subsurface, 

and load-related. The effects of these factors are not independent from one another, but 

potential interactions of various factors largely affect the performance. For example, 

extensive rutting and shoving on a flexible pavement can occur due to heavy traffic and 

high temperatures (Huang 2003, Aguiar-Moya and Prozzi 2011). Hence, the adequate 

PPMs should also capture the effects of the potential interactions of governing factors. In 

such circumstance, the PPMs could have significantly large number of predictors, and 

estimation of model parameters becomes very challenging. A non-parametric modelling 

approach can be utilized to estimate model parameters accurately. This study did not 

consider the effects of potential interactions of explanatory variables. Future research is 

recommended as well as the use of a non-parametric modelling approach, which is 

flexible enough to handle large numbers of predictors. Details about non-parametric 

modelling can be found in the previous studies (Kang and Ghosal 2008, Attoh-Okine et 

al. 2009, Ghahramani 2013). 
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Table 1. Function F to calculate Kmax 

Inputs: I, Ti, and n 
Output: Kmax 
If (Total observations < n) then 
 Kmax = 0 
else 

Create a matrix, M of size (𝜏𝜏𝑚𝑚𝑎𝑎𝑥𝑥  x 2): 
• 𝜏𝜏𝑚𝑚𝑎𝑎𝑥𝑥 is the maximum number of observations of a pavement sample in the dataset 
• 𝑚𝑚𝜏𝜏,1 includes all integers from 1 to 𝜏𝜏𝑚𝑚𝑎𝑎𝑥𝑥 in an ascending order 
• 𝑚𝑚𝜏𝜏,2 includes the number of samples that have 𝜏𝜏 observations 

 If (𝑚𝑚𝜏𝜏,1 ≥ n) then 
  𝐾𝐾𝑚𝑚𝑎𝑎𝑥𝑥 = ∑ 𝑚𝑚𝜏𝜏,2𝜏𝜏≥𝑛𝑛   
  Update 𝑚𝑚𝜏𝜏,2 with 0 for all τ ≥ n  
 else 
  Repeat 
  If ∑ 𝑚𝑚𝜏𝜏,2𝜏𝜏 = 0 then 
   Update Kmax 
  else 
   Remove rows with 𝑚𝑚𝜏𝜏,2 = 0 from M 
   Initialize counters: ѱ = γ = the number of rows in M 
   M’ = M 
   If ∑ �𝑚𝑚𝜏𝜏,1 ∗ 𝑚𝑚𝜏𝜏,2� < 𝑛𝑛𝜏𝜏  then 
     Update Kmax 
   else 
    S = 𝑚𝑚ѱ,1; 𝑚𝑚ѱ,2 = 𝑚𝑚ѱ,2 − 1 

  Repeat 
 If (𝑚𝑚𝛾𝛾,2 = 0) then 
  γ = γ -1 
   If (γ = 0) then M = M’, γ = the number of rows in M; n = n + 1; S = 0 end 
else 

  If (S > n) then 𝑆𝑆 = 𝑆𝑆 − 𝑚𝑚𝛾𝛾,1; 𝑚𝑚𝛾𝛾,2 = 𝑚𝑚𝛾𝛾,2 + 1; γ = γ -1 end 
   If (β = 0) then M = M’, γ = the number of rows in M; ѱ = ѱ – 1; S = 0 end 
    If (ѱ = 0) then 
     ѱ = γ = the number of rows in M, n = n+1ѱ 
    else  
     S = 𝑚𝑚ѱ,1; 𝑚𝑚ѱ,2 = 𝑚𝑚ѱ,2 − 1 
    end 
  𝑆𝑆 = 𝑆𝑆 + 𝑚𝑚𝛾𝛾,1; 𝑚𝑚𝛾𝛾,2 =  𝑚𝑚𝛾𝛾,2 − 1 
end 

  Until S = n 
    Kmax = Kmax + 1 
   end 

end 
Until no sample is available for clustering 

end 
Update Kmax 

end 
 

  



Table 2. Function All Subsets Regression 

Inputs: K, cluster memberships, observations of all explanatory variables and dependent 
variable 
Outputs: Models parameters and set of significant explanatory variables 
1. Set k =1 
2. Repeat  

2.1.  Calculate GVIFs for all explanatory variables used in the model 
2.2.  Remove the explanatory variable with the largest GVIF and recalculate GVIFs with 

the remaining variables 
Until all explanatory variables have GVIF less than VIFmax. Let 𝐽𝐽 is the number of such 
variables 

3. Generate all possible subsets of 𝐽𝐽 
4. For all subsets, estimate model parameters and BIC using OLS 
5. Select the model parameters that has minimum BIC and all variables with p-value < α 
6. If k < K, go to Step 7; otherwise, Step 8 
7. Set k = k + 1 and go to Step 2 
8. Return the model parameters and associated significant explanatory variables of the best 

models selected for all K clusters in Step 5 
9. End 

 

  



Table 3. Master Algorithm: SA integrated with ASR 

Inputs: Matrix of observations of all explanatory variables and a dependent variable for 
pavement samples 
Outputs: Kmax, Models parameters, cluster memberships, and set of clusters-specific 
significant explanatory variables 
1. Set K =2, initial temperature = θ0, and final temperature = θmin, BICmin = ∞ 
2. Call Function F to calculate Kmax 
3. Repeat 

3.1. Randomly generate a valid K initial clusters of pavement samples, 𝐶𝐶𝑘𝑘
′  

3.2. Call Function ASR to estimate the best model parameters 
3.3. Evaluate the objective function, BIC (𝐶𝐶𝑘𝑘

′ ) using Eq. 4 
3.4. Set current temperature, θ = θ0 
3.5. Repeat the following steps for Nmax times 

a. Randomly generate valid K neighborhood clusters, 𝐶𝐶𝑘𝑘
′′ 

b. Call Function ASR to estimate the best model parameters 
c. Evaluate the objective function, BIC (𝐶𝐶𝑘𝑘

′′) using Eq. 4 
d. Calculate ΔBIC = BIC (𝐶𝐶𝑘𝑘

′′) - BIC (𝐶𝐶𝑘𝑘
′ ) 

e. If ΔBIC < 0, let BICK = BIC (𝐶𝐶𝑘𝑘
′′) and 𝐶𝐶𝑘𝑘

′ = 𝐶𝐶𝑘𝑘
′′, and go to Step 3.6. Otherwise, 

do the following: 
• Generate a random number 𝑢𝑢~𝑈𝑈(0,1). Calculate acceptance probability, 

𝑝𝑝𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑖𝑖 = exp �−∆𝐵𝐵𝐼𝐼𝐵𝐵
𝐵𝐵∗𝜃𝜃

�, where B is a Boltzmann’s constant 
• If 𝑝𝑝𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑖𝑖 > 𝑢𝑢, let BICK = BIC (𝐶𝐶𝑘𝑘

′′) and 𝐶𝐶𝑘𝑘
′ = 𝐶𝐶𝑘𝑘

′′, and go to Step 3.6. 
Otherwise, go back to Step 3.5 

3.6. If θ < θmin then 
• Update θ = λ * θ, where λ is the cooling rate 
• Go back to Step 3.5 

else 
• Go to Step 3.7 

end 
3.7. If BICK < BICmin then  

• Update BICmin = BICK and Koptimal = K 
else 
• If K < Kmax then set K = K+1; otherwise go to Step 4 

end 
4. Return Koptimal, cluster, 𝐶𝐶𝑘𝑘

′ , model parameters, and set of clusters-specific significant 
explanatory variables 

5. End 
 

  



Table 4. Descriptive statistics for the continuous variables 
Variable Description Minimum Maximum Mean Std. deviation 
psi Present serviceability index 1.60 4.57 4.01 0.41 
age Age of the last pavement 

maintenance treatment 
0.00 8.00 2.24 2.01 

adt Average daily traffic (single 
bound) 

20.00 132000.00 4844.45 9812.57 

trucks Average daily trucks (single 
bound) 

1.00 7731.00 862.29 1082.20 

elevation Midpoint elevation (m) 228.60 2667.00 1368.25 415.19 
precip Average annual precipitation 

(cm/year) 
3.94 89.28 19.33 10.10 

min_temp Annual average minimum 
temperature (0C) 

-6.67 13.33 3.20 4.00 

max_temp Annual average maximum 
temperature (0C) 

7.78 31.67 20.31 4.22 

wet_days Number of wet days in a year 11.00 81.00 42.14 15.67 
freeze_thaw Number of freeze-thaw 

cycles in a year 
0.00 230.00 136.75 51.51 

rut_depth Average ride rut depth (cm) 0.00 1.60 0.14 0.14 
 

 

Table 5. Descriptive statistics of categorical explanatory variables 

Variable Category Dummy variable Number of 
observations Percent 

System ID IR - 4,622 31.6 
NHS sys_id =2 5,063 34.6 
STP sys_id =3 4,952 33.8 

Number of Lanes 1 - 8,450 57.7 
2 lane=2 5,612 38.3 
≥ 3 lane≥3 575 3.9 

Prioritization  
Category 
 

1 - 5,004 34.2 
2 category =2 3,181 21.7 
3 category =3 3,118 21.3 
4 category =4 1,558 10.6 
5 category =5 1,776 12.1 

Functional 
Class 
 

1 - 4,695 32.1 
2 f_class = 2 107 0.7 
3 f_class = 3 5,106 34.9 
4 f_class = 4 2,604 17.8 
5 f_class = 5 1,830 12.5 
6 f_class = 6 251 1.7 
7 f_class = 7 44 0.3 

Note: IR - Interstate Route, NHS - National Highway System, STP - Surface 
Transportation Program 

 

  



Table 6. Estimation parameters used in the experiments 

Parameter Value Remarks 
𝜃𝜃0 10 Initial temperature 
𝜃𝜃𝑚𝑚𝑖𝑖𝑛𝑛 10e-17 Final minimum temperature 
B 80 Boltzmann constant 
λ 0.97 Cooling rate 
𝑁𝑁𝑚𝑚𝑎𝑎𝑥𝑥 5 Number of neighborhood solutions generated at each 

temperature level 
𝑛𝑛 800 Minimum number of observations required in a cluster 
𝑁𝑁𝑎𝑎𝑝𝑝 80 Number of pavement samples, which memberships were 

changed to generate a neighborhood cluster 
𝑉𝑉𝐼𝐼𝑉𝑉𝑚𝑚𝑎𝑎𝑥𝑥 5 Limiting VIF  
α 5% Level of Significance 

 

  



Table 7. Estimated parameters of five-cluster nonlinear models (α = 0.05) 
Clusters, k Variables, j Coefficients, βjk p-value Bootstrap 95% CI GVIF 

1  
(2,818) 

Intercept 1.464 <0.000 (1.438, 1.490) - 
ln(age) -0.021 <0.000 (-0.026, -0.017) 1.01 
ln(adt) -0.007 <0.000 (-0.011, -0.003) 1.89 
ln(rut_depth) -0.104 <0.000 (-0.134, -0.074) 1.07 
lane=2 -0.067 <0.000 (-0.080, -0.053) 1.54 
lane≥3 -0.155 <0.000 (-0.178, -0.132) 
f_class=2 -0.034 0.041 (-0.067, -0.001) 1.13 
f_class=3 -0.049 <0.000 (-0.061, -0.038) 
f_class=4 -0.084 <0.000 (-0.097, -0.071) 
f_class=5 -0.149 <0.000 (-0.164, -0.134) 
f_class=6 -0.305 <0.000 (-0.337, -0.274) 
f_class=7 -0.359 <0.000 (-0.467, -0.251) 

2 
(2,968) 

Intercept 1.568 <0.000 (1.540, 1.596) - 
ln(age) -0.027 <0.000 (-0.032, -0.022) 1.02 
ln(adt) -0.007 0.001 (-0.010, -0.003) 2.06 
ln(rut_depth) -0.060 <0.000 (-0.090, -0.03) 1.08 
lane=2 -0.052 <0.000 (-0.067, -0.038) 1.58 
lane≥3 -0.114 <0.000 (-0.137, -0.091) 
f_class=2 -0.040 0.015 (-0.072, -0.009) 1.16 
f_class=3 -0.056 <0.000 (-0.068, -0.044) 
f_class=4 -0.128 <0.000 (-0.142, -0.114) 
f_class=5 -0.393 <0.000 (-0.411, -0.375) 
f_class=6 -0.465 <0.000 (-0.498, -0.432) 
f_class=7 -0.490 <0.000 (-0.579, -0.401) 

3 
(2,962) 

Intercept 1.922 <0.000 (1.776, 2.067) - 
ln(age) -0.021 <0.000 (-0.026, -0.016) 1.01 
ln(precip) -0.027 <0.000 (-0.042, -0.013) 1.95 
ln(min_temp) -0.116 <0.000 (-0.15, -0.082) 1.91 
ln(rut_depth) -0.149 <0.000 (-0.177, -0.121) 1.02 
f_class=2 -0.046 0.004 (-0.076, -0.015) 1.02 
f_class=3 0.010 0.020 (0.002, 0.018) 
f_class=4 -0.051 <0.000 (-0.060, -0.042) 
f_class=5 -0.166 <0.000 (-0.176, -0.155) 
f_class=6 -0.257 <0.000 (-0.282, -0.232) 
f_class=7 -0.051 0.010 (-0.090, -0.012) 

4 
(2,942) 

Intercept 1.536 <0.000 (1.466, 1.607) - 
ln(age) -0.010 <0.000 (-0.015, -0.005) 1.01 
ln(adt) -0.046 <0.000 (-0.050, -0.043) 1.60 
ln(min_temp) -0.121 <0.000 (-0.142, -0.101) 1.17 
ln(rut_depth) -0.210 <0.000 (-0.24, -0.179) 1.02 
lane=2 -0.037 <0.000 (-0.047, -0.027) 1.25 
lane≥3 -0.152 <0.000 (-0.173, -0.131) 

5 
(2,948) 

Intercept 1.876 <0.000 (1.803, 1.949) - 
ln(age) -0.021 <0.000 (-0.026, -0.016) 1.01 
ln(min_temp) -0.091 <0.000 (-0.111, -0.071) 1.14 
ln(rut_depth) -0.170 <0.000 (-0.202, -0.138) 1.05 
lane=2 -0.079 <0.000 (-0.092, -0.065) 1.49 
lane≥3 -0.137 <0.000 (-0.156, -0.118) 
category=2 -0.072 <0.000 (-0.085, -0.059) 1.21 
category=3 -0.102 <0.000 (-0.117, -0.088) 
category=4 -0.181 <0.000 (-0.198, -0.164) 
category=5 -0.254 <0.000 (-0.271, -0.238) 

Note: number in parenthesis represents the number of observations in a cluster 
  



Table 8. Anderson-Darling normality test (nonlinear models) 

Clusters A-value p-value 
1 92.876 < 2.2e-16 
2 113.85 < 2.2e-16 
3 102.96 < 2.2e-16 
4 75.497 < 2.2e-16 
5 58.248 < 2.2e-16 



Table 9. Estimated parameters of six-cluster linear models (α = 0.05) 
Variables, j Clusters, k Coefficients, βjk p-value Bootstrap 95% CI GVIF Clusters, k Coefficients, βjk p-value Bootstrap 95% CI GVIF  
Intercept 1 

(2,376) 
4.393 <0.000 (4.362, 4.423) - 6 

(2,583) 
4.401 <0.000 (4.374, 4.428) - 

age -0.040 <0.000 (-0.045, -0.034) 1.0 -0.037 <0.000 (-0.042, -0.031) 1.0 
adt† -0.013 <0.000 (-0.015, -0.012) 1.1 -0.014 <0.000 (-0.015, -0.012) 1.2 
rut_depth -0.200 <0.000 (-0.285, -0.115) 1.0 -0.355 <0.000 (-0.432, -0.278) 1.0 
f_class=2 -0.186 0.002 (-0.303, -0.069) 1.0 0.468 <0.000 (0.350, 0.586) 1.0 
f_class=3 -0.111 <0.000 (-0.140, -0.081) -0.086 <0.000 (-0.113, -0.060) 
f_class=4 -0.259 <0.000 (-0.293, -0.226) -0.258 <0.000 (-0.289, -0.228) 
f_class=5 -1.052 <0.000 (-1.092, -1.012) -0.864 <0.000 (-0.905, -0.823) 
f_class=6 -1.182 <0.000 (-1.265, -1.098) -1.288 <0.000 (-1.365, -1.211) 
f_class=7 -0.284 0.006 (-0.492, -0.076) -0.634 <0.000 (-0.811, -0.457) 
Intercept 2 

(2,483) 
4.552 <0.000 (4.496, 4.608) - 4 

(2,414) 
4.605 <0.000 (4.548, 4.661) - 

age -0.022 <0.000 (-0.028, -0.016) 1.0 -0.033 <0.000 (-0.038, -0.027) 1.0 
adt† -0.012 <0.000 (-0.014, -0.01) 1.3 -0.006 <0.000 (-0.008, -0.005) 1.3 
rut_depth -0.436 <0.000 (-0.527, -0.346) 1.0 -0.574 <0.000 (-0.667, -0.482) 1.1 
lane=2 -0.191 <0.000 (-0.24, -0.141) 1.6 -0.213 <0.000 (-0.266, -0.160) 1.6 
lane≥3 -0.202 <0.000 (-0.294, -0.111) -0.405 <0.000 (-0.484, -0.326) 

 

category=2 -0.202 <0.000 (-0.248, -0.156) 1.2 -0.263 <0.000 (-0.311, -0.215) 1.2 
category=3 -0.323 <0.000 (-0.38, -0.266) -0.326 <0.000 (-0.383, -0.268) 
category=4 -0.664 <0.000 (-0.73, -0.599) -0.650 <0.000 (-0.716, -0.584) 
category=5 -1.149 <0.000 (-1.216, -1.083) -0.808 <0.000 (-0.874, -0.742) 
Intercept 3 

(2,442) 
4.674 <0.000 (4.612, 4.736) - 5 

(2,340) 
4.557 <0.000 (4.496, 4.618) - 

age -0.028 <0.000 (-0.034, -0.022) 1.0 -0.028 <0.000 (-0.034, -0.021) 1.0 
adt† -0.008 <0.000 (-0.010, -0.006) 1.5 -0.005 <0.000 (-0.006, -0.003) 1.5 
rut_depth -0.517 <0.000 (-0.618, -0.417) 1.0 -0.510 <0.000 (-0.607, -0.413) 1.1 
lane=2 -0.358 <0.000 (-0.414, -0.302) 1.7 -0.260 <0.000 (-0.317, -0.203) 1.7 
lane≥3 -0.289 <0.000 (-0.391, -0.187) -0.294 <0.000 (-0.394, -0.195) 
category=2 -0.325 <0.000 (-0.376, -0.273) 1.2 -0.194 <0.000 (-0.247, -0.141) 1.2 
category=3 -0.465 <0.000 (-0.529, -0.401) -0.287 <0.000 (-0.348, -0.226) 
category=4 -0.684 <0.000 (-0.756, -0.613) -0.639 <0.000 (-0.709, -0.569) 
category=5 -0.808 <0.000 (-0.881, -0.735) -1.130 <0.000 (-1.203, -1.057) 

Note: † = variable value in thousands, - = Not applicable, and quantity in parenthesis represents the number of observations in a cluster 



 

Table 10. Overall and individual RMSE, NRMSE, and MAE 

Clusters Five-cluster nonlinear models Six-cluster linear models 
No. of Obs. RMSE NRMSE MAE No. of Obs. RMSE NRMSE MAE 

1 567 0.41 0.19 0.32 474 0.47 0.18 0.37 
2 560 0.39 0.16 0.31 525 0.46 0.18 0.37 
3 610 0.42 0.17 0.34 507 0.49 0.18 0.37 
4 621 0.41 0.18 0.33 495 0.47 0.17 0.35 
5 647 0.42 0.16 0.33 494 0.48 0.18 0.36 
6 - - - - 510 0.49 0.19 0.38 

Overall 3005 0.41 0.15 0.33 3005 0.47 0.17 0.36 
 
  



Figure 1. BIC versus number of clusters (a), and convergence of BIC for five-cluster 

models (b). 

Figure 2. Observed versus prediction PSI: a) linear models, and b) nonlinear models 
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