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ABSTRACT

Due to the tighter budget for pavement management, schedules of inspection activities should be
jointly optimized with the maintenance and reconstruction (M&R) plans for pavement systems.
Conducting inspections every year is unnecessary and will decrease the budget for M&R activities,
while infrequent inspections may lead to suboptimal M&R planning due to the lack of accurate
information. This paper presents a methodology for jointly optimizing the inspection scheduling
and M&R planning for pavement systems, considering model uncertainty and facility-specific
heterogeneity. The problem is defined as a Partially Observable Markov Decision Process
(POMDP) model, accounting for the tradeoff between the information value and inspection costs.
Moreover, a statistical learning method is used to update the prediction of pavement conditions
using the collected inspection data. This "belief update" process can gradually reduce the model
uncertainty as the dataset size increases. We demonstrate the proposed stochastic optimization
framework through a numerical example with a system of fifty heterogenous pavement facilities
under a combined budget for inspection and M&R activities. Several managerial insights and
implications are discussed. For example, the optimal inspection frequencies are less sensitive to
the budget; and the agency should perform fewer reconstructions and more rehabilitations when

the budget is limited.

Keywords: pavement management systems; uncertainty; heterogeneity; inspection; M&R;

POMDP; belief update.
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1. INTRODUCTION

Pavement systems play a vital role in national economies and people's daily lives. The healthy
operating condition of pavement systems is essential for satisfying the daily transportation demand
and ensuring traffic safety and comfort (Levenberg et al., 2016; Mack et al., 2018; Richmond et
al., 2018). For example, the United States alone has over 4 million miles of pavement serving 3
trillion vehicle-miles per year (ASCE, 2017). However, in recent decades, the rapidly growing
vehicle demand has accelerated the deterioration and aging of pavements. On the other hand, the
government budgets for pavement management rise at consistently lower rates than needed (ASCE,
2017). As a result, the poor pavement conditions induce lower vehicle fuel efficiencies and more
damage, including tire wear and suspension breakdowns. The ensuing user cost is huge (Islam and
Buttlar, 2012). This dilemma makes efficient management of pavement systems under a limited
budget increasingly important.

Optimal pavement maintenance and reconstruction (M&R) strategies have been widely
studied under deterministic scenarios where the future pavement states in response to deterioration
and M&R activities are assumed to be predictable (Chu and Chen, 2012; Lee and Madanat, 2015;
Qiao et al., 2017; Zhang et al., 2017; Chu and Huang, 2018). Unfortunately, the real pavement
deterioration process cannot be accurately predicted due to multiple stochastic factors, including
epistemic uncertainty, utilization levels, and environmental conditions (Madanat, 1993; Durango-
Cohen, 2004; Swei et al., 2018). Erroneous predictions would lead to inappropriate M&R policies
and higher total lifecycle costs for the pavement system. Thus, it is imperative to model the
uncertainties and incorporate inspection scheduling into the pavement management problem.

This paper will model the optimal inspection and M&R strategies for pavement systems
considering inherent uncertainties in the deterioration process. Inspections will be included in the
decision process to provide accurate data for: (i) optimal M&R planning and (ii) updating the
management agency's knowledge about the uncertainties. The schedule of inspections is jointly
optimized to ensure more effective utilization of the limited budget.

We next review the literature in the realm of pavement management optimization.

2. LITERATURE REVIEW
Research on pavement management problems has a long history, with some earliest studies dated

40 years ago (Friesz and Fernandez, 1979; Fernandez and Friesz, 1981). A variety of optimization
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models in this realm have thenceforth been developed. They can be characterized by the
deterioration process (memoryless or history-dependent; deterministic or stochastic), the number
of treatment types (single or multiple), and whether the time or facility states are discretized. To
stay focused, we next review the models and techniques considering stochastic deterioration
processes.

To capture the uncertainty in pavement deterioration, pavement management models
usually rely on stochastic control and optimum sequential decisions. The most basic form is the
Markov Decision Process (MDP) framework (Thompson et al., 1998; Durango-Cohen, 2004).
However, a fundamental assumption of MDP is that inspections can always reveal the true system
state with certainty, i.e., perfect inspections. Another limitation is that an inspection is assumed to
be performed at every decision period to make M&R-related decisions. In reality, pavement
inspections incur costs, and frequent inspections may further increase the financial burden of
management agencies. To address these limitations, MDP is extended to Partially Observable MDP
(POMDP) (Madanat, 1993; Papakonstantinou and Shinozuka, 2014a, 2014b; Memarzadeh et al.,
2016; Schobi and Chatzi, 2016; Papakonstantinou et al., 2018). In the framework of POMDP, the
evolution of pavement management systems is still represented by an underlying stochastic
process with Markovian dynamics. However, the decision-makers can choose actions only based
on the probability distribution of actual pavement system states at any specific time, namely
"system state belief." Thus, POMDP does not require the inspection intervals to be predetermined.
The inspection data will be used to update the system belief and improve the accuracy of the
stochastic deterioration model (Durango-Cohen and Madanat, 2002; Madanat et al., 2006; Swei et
al., 2017).

For simplicity, many earlier studies assumed that the facilities in a pavement system are
homogeneous. This type of pavement management problems can be solved via the so-called "top-
down" approach, also known as single-dimensional MDP or POMDP. Given this premise, the
optimal policy can be determined by a linear programming (LP) method. The LP-based approach
provides a randomized optimal policy to accommodate budget constraints when making M&R
decisions (Beutler and Ross, 1985; Ross and Varadarajan, 1989; Feinberg and Shwartz, 1996),
wherein the optimal action for a facility in a given state is defined as a probability distribution over
a set of candidate actions. Consequently, it cannot give any facility-specific recommendations due

to the probabilistic nature of the solution. Moreover, much of the facility-specific information (e.g.,
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structure, environmental factors, and construction history) is ignored in a homogeneous system.
Top-down approaches are thus unrealistic and unsuitable for real-world implementations.

Hence, recent studies have focused on more realistic and facility-specific policies derived
via the bottom-up approaches for a heterogeneous pavement system, known as multi-dimensional
MDP or POMDP (e.g., Ouyang, 2007; Yeo et al., 2013; Donev and Hoffmann, 2020). These
problems belong to a special type of resource allocation problems, termed the weakly coupled
dynamic problems. Such a problem consists of multiple sub-problems that are independent of each
other, except for a set of linking constraints imposed on the controls (i.e., the agency budget
constraint in our model). These problems are often solved by dualizing the linking constraints
through Lagrange relaxation and decomposing a large-scale system-level problem into smaller,
facility-level problems, i.e., lower-dimensional MDP or POMDP (Ohlmann and Bean, 2009; Yeo
et al., 2013; Torres-Machi et al., 2014; France-Mensah and O'Brien, 2018 and 2019a; Shi et al.,
2020; Naseri et al., 2020). The solution time is often greatly reduced as a consequence.

The pavement management problem examined in this paper is also a weakly coupled
dynamic problem in a POMDP framework where the inspection and M&R activities are subject to
a limited budget constraint. Thus, the pavement's inspection schedules should be jointly optimized
with the M&R decisions. A delayed inspection may cause postponed M&R activities, as the major
role of inspection is to provide the information required for making optimal M&R decisions. On
the other hand, frequent inspections may drain the agency's funding for M&R activities. All these
interactions make it necessary to optimize inspection and M&R planning jointly under the POMDP
framework. However, the size of a solution space may increase greatly due to the joint optimization
of pavement inspection and M&R decisions, making the problem more complex, especially for
large-scale systems. This also explains why many previous studies have assumed that inspections
were performed periodically (i.e., the so-called time-based inspection scheme). To our best
knowledge, only a handful of facility-level and small-sized system-level problems incorporated
inspection decisions in pavement management (Madanat, 1993; Durango-Cohen and Madanat,
2002). Recently, Shon and Lee (2021) proposed a computationally efficient bottom-up solution for
real-scale pavement networks. Regrettably, they also assumed a time-based inspection policy (i.e.,
periodic inspections independent of the current conditions of pavements). Such an inspection
policy would be inferior to the optimal condition-based policy that offers variable inspection

periods depending on the present facility states.
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Given the above research gap, this paper will present a scalable POMDP pavement
management framework for selecting condition-based optimal inspection and M&R policies under
model uncertainties. The model specifies that the inspection and M&R decisions are made on the
basis of the pavement condition states (i.e., the condition-based management scheme). Meanwhile,
we use a statistical learning approach to improve the accuracy of the deterioration model. Our
methodological contributions are briefly presented as follows:

Q) To our best knowledge, we are the first to develop a joint optimization framework of
condition-based inspection and M&R activity planning for heterogeneous facilities.
Compared to the conventional time-based inspection scheme, our model allows the
management agency to better utilize the limited budget and reduce user costs. Moreover,
we proposed an efficient approach to solve the joint optimization problem with added
complexity. The approach incorporates a decomposition of the system-level problem via
the Lagrange multiplier method and a tailored dynamic programming method for solving
the facility-level problems.

(i) We are also the first to incorporate belief updates of model uncertainties into the rolling-
horizon-based M&R planning framework. This can further save the user cost considerably,
as will be shown momentarily.

In addition, our numerical case studies unveil managerial insights that can assist agencies
in planning inspection and M&R activities more effectively.

The rest of the paper is organized as follows. Section 3 presents the overall decision-
making procedure. Section 4 proposes a bottom-up solution methodology. Numerical case studies
are furnished in Section 5. Findings and potential extensions of the present work are discussed in

Section 6.

3. DECISION PROCEDURE

We first introduce the decision procedure. Notations used in this paper are summarized in
Appendix A. A decision-making framework for the pavement management problem is represented
by selecting the optimal inspection and M&R schedules under the model uncertainty over the
planning horizon. This joint optimization model guarantees that an inspection or M&R activity is

made only if the expected future cost reduction offsets its cost.
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Conventionally, decision-makers are more interested in available actions at present (e.g.,
selecting which facilities to perform inspections or M&R activities on in the current decision
period) than future plans. This is because the effects of future actions are associated with higher
uncertainties. However, in long-term planning, the optimal policies applied in the current period
should be chosen based on the expected costs hinged on future action plans. We denote 7 the
current time and t the future time index (or relative time index) elapsed from the current time, both
in years; t = 0 and t = T indicate the current period and the end of the current planning horizon,
respectively. Note that the planning horizon is rolling in time.

For illustration, the decision-making processes at two consecutive time points, T and T +
1, are presented in Figure 1. At 7 (the upper half of the figure), we aim to find the optimal
inspection and M&R actions implemented at ¢ = 0 (see the dark gray box). This is done by
calculating and comparing the expected discounted future costs associated with each candidate
action plan at t = 0. The expected future cost will be computed considering the optimal stochastic
(i.e., mixed) inspection and M&R strategies over the rest of the current planning horizon, i.e., t €
{1,2,...,T — 1} (see Arrow 1) under the available budget known at 7, B”, and the best belief of the
deterioration model at 7, denoted by d” (see Arrow 2). Deterioration model d? is estimated based
on the historical data collected until 7 (see Arrow 3), while the true deterioration process is denoted
by d, which is unknown to us. The probability distribution of each facility's current condition is
estimated based on the latest available condition, either observed by an inspection or achieved by
an M&R activity (see Arrow 4).

Next, we move to time point T + 1. After the actions are applied at time 7, the decision
process described above will be repeated to identify the optimal inspection and M&R action plan
at T + 1, with the planning horizon rolled ahead by one unit of time (i.e., now t = 0 indicates time
T + 1); see Arrow 5. In other words, the policies will be optimized on a period-by-period basis.
This is because the estimated deterioration processes and available budget are updated at each 7 in
a feedback optimization framework. Other changeable factors such as costs, inspection

technologies, and M&R activities are also updated in every decision period.
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Figure 1. Graphical representation of the rolling-horizon procedure.

In detail, the pavement deterioration model d**?

will be improved by adding extra training
data collected from the inspections (if any) conducted in year 7. The model's accuracy gradually
improves as the inspection dataset grows during the rolling-horizon procedure. Moreover, the
expected budget at T + 1, B**1, can be adjusted to reflect the actual agency expense in period T
and the perceivable political and financial situations in the future; see Arrow 6.

It is worth noting that, in the decision process of year 7, the optimal stochastic action plans
are also determined for years T+ 1 to T+ T — 1. However, in year T + 1, with the updated
deterioration model and budget, the action plan of year T + 1 must be re-optimized.

The rest of this section elaborates on the decision-making process in a typical decision

period. Sections 3.1 and 3.2 present the concept of condition-based decision and the mathematical

program formulation, respectively.

3.1 Condition-based decision process
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At the decision-making time point 7, the system-level decision for N facilities, indexed by n =
1, ..., N, is comprised of N facility-level decisions. The facility-level decision along the planning
horizon T includes the current action at t = 0 and the future actions in periods t =1, ...,T — 1.
For clarity, we specify that an inspection will only be performed at the beginning of a period,
immediately followed by an M&R activity. Specifically, we divide each period t €
{0,1,...,T — 1} into three stages, Stage I, II, and III, and their beginning timestamps are denoted
by tf, t, and t'" respectively, with t! < t/f < t!!!. The inspection and M&R activities will be
decided and conducted in Stages I and II, respectively. Stage I at t! is for making the decision or

application of inspection to be conducted; Stage II at t!!

is the time stage immediately after the
decision is made or the application of inspection (if necessary) is conducted. It is also the stage to
decide whether an M&R action will be taken. Stage III at t'! is the time stage after the M&R
activity is performed, where the deterioration is realized.

The overall facility-level decision-making process for the current action at 7 is depicted in
Figure 2 and described in detail in the rest of Section 3. Specifically, decision processes in Stages
I and II are detailed in Sections 3.1.1 and 3.1.2, respectively, including the condition-based
decisions in each stage and the corresponding mathematical programming function. Section 3.1.3

describes the facility condition achieved after M&R activities in Stage III. Section 3.1.4 furnishes

the deterioration model.

3.1.1 Stage I: Stochastic-Condition-Based inspection

For decision-making time point 7, the initial condition of facility n at t = 07 is denoted by S5 (07).
For simplicity, the superscript "7" is omitted hereafter in the above notation. Since the last
inspection was performed before 07, condition S,,(0') is a random vector associated with the true

stochastic deterioration process d and the latest inspection results:
Prob(S,(0") = sp|d) 2 0, ¥g,es, Prob(5,(07) = sp|d) = 1, 1)

where S,, denotes the set of all possible conditions for facility n.
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The true probability distribution of the initial condition is technically unknown due to

epistemic uncertainty. Instead, we do know the best available prediction, i.e., the belief of

deterioration process, achieved at T based on the data collected until 7, d7, i.e.,
Prob($,(0") = s,|d%) = 0, YsneS,, Prob($,(0") = s,|d?) = 1, 2

where the estimated condition is distinguished from the truth by adding a "~". To further simplify
the notation, we use p(S,,(0") = s,,) and p*(S,(0") = s,,) instead of Prob(S,,(0") = s,|d) and
Prob($,(0") = s,|d¥), respectively, to represent the probabilities and use p(S,(0")) and
p?(S,(0")) to represent their distributions. We call p7(S,,(0)) the belief of the current condition
before inspection, which is the set of the probabilities of $,,(07).

The belief p7(S,(0")) (see the red circle in Figure 2) is used for the inspection decision.

Thus it is termed "Stochastic-Condition-Based (SCB) Inspection.” The inspection strategy is

denoted by:
Stochastic-Condition-Based (SCB) Inspection at t: x,, (O’|;§T(Sn(0’))). (3)

The binary decision variable x,,(07) equals 1 if an inspection will be performed at 0 and
0 otherwise. Note that the decision variables are denoted by bold letters to distinguish them from
other variables and parameters. Once an inspection is conducted, we observe an accurate current
condition denoted by S,(0""). For simplicity, it is assumed that perfect and nondestructive
inspections are performed, meaning that an inspection always measures the true condition without

affecting the pavement, i.e.,
Prob($5,(0") = 5,|5,(0") = s, x,(01) = 1) = 1. (4)

From above, S, (0") = S, (0"). Note that Prob (S, (0") = 5,|5,(0") = s, x,(07) = 1)

is not always equal to one due to the difference between the measured and predicted conditions.

3.1.2 Stage II: Deterministic-Condition-Based M&R

11
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An M&R activity to apply at t = 07, denoted by y,(0"), can be determined based on the
observed condition S,,(0'") after an inspection at t = 0. Thus, we call it “Deterministic-
Condition-Based (DCB) M&R.” It requires a preceding inspection, x,,(0") = 1. The DCB M&R
is mathematically defined as (5) regarding the options for M&R activities, y,,(0'") € M,,.

Deterministic-Condition-Based (DCB) M&R at z: y,,(0”]S,,(0") = s, x,(0") = 1).  (5)

M&R actions range from preventive maintenance to reconstruction, rendering different
improvements on the pavement condition. The performance and cost of a specific M&R action
usually depend on its intensity (Gu et al., 2012). Note that 'do-nothing' is also one of the actions.

The underlying assumption is that knowledge of the facility condition is required for the
M&R decision-making. In other words, no M&R activity can be performed unless an inspection
precedes it; i.e., y,(0"]x,(0") = 0) must be 'do-nothing' as described in Figure 2. Moreover,

once the condition state is revealed as s, by the inspection, the DCB M&R strategy,
¥, (0115, (0") = s, x,(0) = 1), is applied.

3.1.3 Stage III: Condition achieved after M&R

Given the condition before the M&R decision, S,,(0"), we assume the improved condition after
an M&R activity, denoted by S, (0""), is known and deterministic. This is because the M&R
procedure is controllable. For instance, a reconstruction, usually enforced by quality standards via
forms of maintenance codes by DOTs, will renew the facility to its best achievable condition. Since
S,(0") is a deterministic function of S,(0") and y,(0") , we write S,(0"") =

f (§n(O”),yn(O”)). If y,,(0™) is 'do-nothing' after an inspection, S, (0'") = §,,(0'). Lastly, if

no inspection is carried out at t = 0’ (x,,(0") = 0), S,,(0"") = §,,(0").

3.1.4 Deterioration Model
Equation (6) presents the stochastic model for the progression of pavement deterioration during

Stage II1:

P (Sn((t + D) = 5n1S, (") = 57) = §7 (50, 57, X7, O, €7, 7). (6)

12
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where £7(-) denotes the probabilistic deterioration progress between S, (t'"") and S,,((t + 1)1);
X7 the set of facility-specific influential factors (e.g., traffic loading, structural number); @7 the
set of systemwide parameters; &7 the set of systemwide model uncertainties; and @F the set of
facility-specific uncertainties. The model parameters O° and uncertainties, £¥ and ¢, are updated
sequentially at every decision-making time step, T, based upon the inspection data collected until
T from all N facilities.

To calculate the probability of the initial condition in the current period, p*(S,(0)) = s,)
(which will be used in Formula (3)), we need to trace back to the last inspection or M&R activity
before 7. Suppose that inspection or M&R activity occurred in a period 72 earlier than the current

period. Then the belief of the initial condition in period 7, S,,(0), is calculated based on the latest

0
condition S, (0"'):

0
p7(Sn(0) = s,IS5H(0"") = 57,) =

Zsfl_leSn Zs'fl_ZESn ZST%+1E§ ' (sn; 57‘5_1; X;fl_lx 0°, £, ¢1‘€) X (7
n

n

0 0
1 —2 -2 AT ~T & Tnt+l 4 Th AT ~T 1
£ (51, S5 2, X172, 07, €%, ) x - x € (s, 57, X2F, 07, €7, 6,

where s;, is the deterministic condition either observed by inspection or achieved by an M&R

activity at 72 before the current time point .

3.2 Optimization formulation
The objective of the optimization problem at the current decision-making time 7 is to minimize
the discounted sum of the expected user costs Jj ) under the combined agency budget constraint

for all the pavement facilities n = 1,2, ..., N over the planning horizon [0,T]. We present the

objective function in Section 3.2.1 and the budget constraint in Section 3.2.2.

3.2.1 Objective function
The objective function, Jjo 1) (S (of )) (= Znno (Sn(OI ))), comprises the discounted user costs

duringall t =0, ...,T — 1 as shown in Equation (8). The user cost during period t consists of two

13
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components: (i) the cost due to pavement serviceability, u = },,—; .y Uy, where u,, is a function
of the pavement condition S,,(t!!"); and (ii) the cost due to the work-zone impact of M&R activities,
W = Y n=1..n Wn, Where w, is a function of the M&R activity y, (¢t'") and the pavement condition
before M&R, S, (t'1). We define S(t!") = {S,,(t'"),vn}, S(t™) = {S,,(t"1),vn}, and y(t!) =
{y,.(t"),vn}. Then we have:

Jor(S(0D) = Zi=g a* - {u(SE"™) + w(sE™), y(")} (8)

where the initial condition S(0') = {S,,(0), vn}; and a € (0,1] stands for the discounting factor.
Note that S(t!'") is a function of S(t!') and y(t''); see Section 3.1.3.

However, we do not know the true conditions S(t'), and even S(¢") and S(t'!') when no
inspection is performed in a period. Thus, our best effort is to use the belief d* estimated using
historical inspection data and the belief ﬁT(Sn(t’)) derived based on the belief d*. We then

minimize the predicted total discounted costs instead, which is represented by Jjo 1 (S(O’)) or

f[O,T] as shown in Equation (9). The condition-based forms of x,, and y,, (see Formulae (3) and

(5)) are used in the objective function.

Sa(t)), %y (t’

T-1 N
Jion = min E, [Z -y {un (5,67) + v (Sn(t"),yn (e ﬁ’(Sn(t’)))))}l, (©)

vn,t t= n=1

where S, (t') and S,,(t'"") represent the best estimates of pavement conditions at t' and ¢!,

respectively®; x(t') = {x,,(t"), vn}; and operator E[-] takes the expected value.

3.2.2 Agency budget constraint
It is reasonable to assume that flexible budget allocation and transfer are allowed within a planning
horizon under a given average annual budget. Thus, the budget constraint is presented in

Constraint (10).

1With a slight abuse of notations, we specify that S,,(t"') and $,,(t"") in Equation (9) are equal to the true conditions
S, (") and S,,(t''"), respectively, if an inspection is performed in period t.
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A[O,T] = E [ZZ:;Ol at- Zg=1 {Cin "Xn (tl

Sp(th,vnt
AT
ﬁT(Sn(t’))))>}l <=~ pT,

cmy, (yn (t”

where Ajo71(= Yn=1,.nAnjor)) is the expected total discounted agency cost for the entire

P(Sa(tD)) +
(10)

S.(tH), x, (t’

pavement system over a given planning horizon [0, T] at the current time 7; B* is the annual
average budget for the planning horizon known at t; ci, is the unit inspection cost for facility n,
which must vary with the facility's characteristics, e.g., the lane length; and cm,,(+) is the M&R
cost for facility n under the DCB M&R option y,,. Under certain operating conditions, the
inspection method and cost would depend on the predicted pavement condition $,,(t!). For

example, a severely damaged facility may need to be inspected via more intensive methods. In this
case, the unit inspection cost ci,, is not a constant value but a function of $,,(t1), i.e., ci,, (§n (t! )).

It is also stochastic since the input $,,(¢!) is stochastic. Nevertheless, we choose to use a constant

ci,, as in Shon and Lee (2021) for simplicity.?

4. SOLUTION METHODOLOGY

This section proposes a bottom-up solution methodology for the stochastic system-level
optimization problem, which can handle facility-specific features and the influence of future
budget on the current inspection and M&R decisions. We first decompose the system-level
problem into multiple facility-level problems by introducing a Lagrange multiplier in Section 4.1.
The solution method for each facility-level problem is presented in Section 4.2. Finally, Section

4.3 solves the Lagrange problem presented in Section 4.1.

4.1 System-level problem decomposition
We decompose the weakly coupled system-level problem, defined by the objective function in

Equation (9) and Constraint (10), into N facility-level subproblems by relaxing the budget

2 With modest modifications, our optimization framework can incorporate stochastic and condition-based inspection
cost models if they are available or can be calibrated by available data. (Unfortunately, those models and data are rare
in the literature.) We believe our main findings would still hold if more complicated inspection cost functions were
used, since the inspection cost only takes up a small portion of the system cost, as we shall see momentarily.
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constraint. To this end, we introduce the non-negative Lagrange multiplier, A, and the

corresponding Lagrange function is shown below:

~ ~ 1— T
LG yIA) = flor () + 4+ (Ao (2, y) — == B7). (1)
The original system-level optimization problem can be converted into its Lagrange dual

problem, defined as:

L= sgpL A= sgp i‘,‘y‘ﬁL("'y"U' (12)

In Equation (12), the decision variables are {4; x, y}. A bi-level approach can be used to
find the optimal solution. In the lower-level problem, we optimize the Lagrange function for the
management policy x and y as shown in Equation (13) when 4 is given. In the upper-level
problem, we find the optimal Lagrange multipliers 4" for maximizing L*|A. The lower-level
problem is separable since the interdependence among facilities is removed by relaxing the budget
constraint. For any given A, the optimal dual policy {x*, y*|4} is the combination of the facility-

level optimal dual policies {x;,, y5,|4} for all n:

{x*, y*|2} = {argmin L(x,yll)} = {argmin H,(x,, ynlA), Vn}, (13)

X,y XnYn
where Hn,[O,T] (xn' ynll) = jn,[O,T] (xn' yn) +1- An,[O,T] (xn' yn)' vn.

4.2 Facility-level solution method

Given A, the objective of Equation (13) at the current time 7 is to find the optimal policies at t =
0; ie., for each facility n, find x;(0/[p7(5,(0") =s,),Vs, €S,) and y;(0"5,(0") =
Sp X (01) = 1) for all s,,. We propose a 3-step dynamic programming algorithm detailed as

follows to solve this facility-level problem:

16



391

392

393

394

395

396

397

398

399

400

401

402

403

404

405

406

407

408

409

410

411

412

Step 1. Solve the Bellman equation by backward induction fromt = T — 1 to t = 0. At each step,
find the optimal DCB M&R action and the optimal time of the next SCB inspection for all possible
states s,, € S,,. This step is detailed as follows.

The Bellman equation at time t is presented in Equation (14). At this step, we aim to find

t! given that an inspection was conducted at t’ (i.e.,

the optimal expected cost-to-go starting from
x,(t!) = 1) and the current pavement condition is revealed as s,. The decisions include the
optimal M&R action at t'!, y, (7S, (t") = sp, x,(¢!) = 1) (simplified as y,(¢'") in what
follows) and the optimal time of the next inspection, t + A, (t), where A,,(t) is a positive integer

and indicates the time gap between time t and the time of the next inspection if x,,(t/) = 1. The
inspection decision is based on the stochastic belief of S, ((t + An(t))l).

The RHS of the Bellman equation consists of the following components:

e The user costs occurring in period t: uy, (f(sn, y(t”))) + wy (s, y(E);

Ap(O)-1 _p
w=1 @

e The expected discounted user costs from period t +1to t + A, (t): X
Uy (ﬁ((t + u)’)), which is zero if an inspection is carried out at t + 1, i.e., A, (t) =
L

e The agency costs, including the M&R cost applied at t and the discounted inspection
cost applied at t + A, (t), multiplied by 2: A - {cmy, (v, (t') + a®2® - ci, };

e The expected discounted cost-to-go at t+A(t) atn® .

o [Hissom (52 (04 2200)) 1 (e + 2,0)') = 1)

$n((t+ An(®)
As an exception, at the last step t = T — 1, no future inspection will be considered. This

special case is modeled using Equation (15).

H, 71 (St = splxn(t) = 1) = ty (f (50 yn(E™M) ) +

(tr}ll)irAl ®)
Yn An (14)

Wa(sm yn (@) + 207 B [ (S04 0]+ A fema(a () +
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aln® . i 1 4 gAn(O). E Hf, S ((t+a,e)))|x, ((t+
n) sul(er An(t)),,>[ [t+ An(t),T]( n(( () )I n((

A, (1)) = 1)]},vSn €S, t=T—2..0;

Hiy 11 (S = splx, (¢ =1) = yir%itg) {un (f(sn, yn(t”))) + Wy (Sp Y (1) + 2

(15)
1 ) S —T_
{ema(yn @)} +a- E |7c (Sn(T))]},VSn €S, t=T-1.
where TC (ﬁn (T)) refers to the terminal cost under condition S, (T").
The following constraint applies to A, (t):
t+A,(t) <T—-1,Vt=T—2,...,0. (16)

Step 2. Consider the case where no inspection is performed at t = 0/ (i.e., x,,(07) = 0). This leads
to a different Bellman equation for calculating the expected future cost under a specific condition
of $,,(0') = s,,Vs, €S,,; see Equation (17). Without the inspection at t = 0!, the following
M&R action must be "do-nothing," and the only decision variable is the time of the next inspection,
A,,(0). The work-zone-related cost and M&R cost att = 0, are also removed from the RHS of
Equation (17).

« ~ _ _ _ . An(o)_l .
Ho11(8n(0™) = s5,]2,(0") = 0) = min {un (f (sn, yn(O”))) o2 B [“”

Un (SAn(‘uI))] 4+ 1 aAn(O) . Cin + aAn(O) . (17)

¢ wE oy [Hian@71 (52 (Bn (@12, (B0 = D]}, Vs, €5,

Step 3. Now the only remaining decision variable is x,,(0"), i.e., whether to perform an inspection

att = 0 or not. The model is shown in Equation (18).
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x,(07) = armin{E HE (8,01 = s, |x,(00) =1
() xn(o%e{o,u ﬁn(of)[ fo.r1(5n (0 = sy % (0) = 1)] 5

+ Cin, S‘nF()I)[H[*O’T] (SAn(OII) = Snlxn(OI) = O)] }

The first term in the braces is the expected value of Equation (14) at t = 0 plus the
inspection cost at t = 0; see Equation (19). The second term is the expected value of Equation

a7).

s B [Hiom($a(0") = 5120 (0) = 1)] + cin = Eyes, 77 (5(01) =

(19)
sn) * Hio 11 (82(0") = s,]x,(07) = 1) + ci;.

$ EI [HEO,T](SAn(OH) = Snlxn(ol) = 0)] = anESn ﬁT(SAn(OI) = Sn) 'H[*O,T] (SAn(OII) =

snl|2,(01) = 0).

Note that p7($,,(07) = s,,) is estimated using Equation (7).

Equation (18) determines the optimal inspection strategies for all N facilities with a given
A. The above dynamic programming algorithm guarantees a globally optimal solution. However,
its computational cost is polynomial to the size of the system, i.e., O(N - T - |S,|). For better
computational tractability, we can solve the problem in Step 1 (Equations (14-16)) using
Approximate Dynamic Programming (ADP). The details of the ADP solution algorithm are
presented in Appendix B.

4.3 Numerical algorithm for the Lagrange problem
With the solutions to every facility-level problem, the Lagrange dual problem (Equation (12)) is

reduced to searching for the optimal Lagrange multiplier, i.e.,

L* = supL*|4
2
(21)

1-a

* (& 1-aT
st s o) 2225
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Computing the derivatives of L*|A with respect to 4 is often computationally inefficient
due to the complicated mathematical forms of M&R effectiveness and cost models. Hence, we
update the Lagrange multiplier using a gradient approximation algorithm. The algorithm is
relegated to Appendix C.

The above solution procedure produces the optimal inspection and M&R actions for all
facilities in the current period 7. If an inspection is performed, the deterioration model will be
updated using the new inspection data before repeating the optimization for the next period t + 1.
Many statistical learning methods can be used to update the deterioration model p*. A maximum
likelihood method will be used to update the specific deterioration model used in Section 5. The

method is relegated to Appendix D (Zhang, 2019).

5. NUMERICAL STUDY

We consider a pavement system consisting of 50 heterogeneous facilities. Each facility exhibits
several characteristics, including structural number, traffic loading, and initial condition states. All
the numerical cases presented in this section are carried out by Matlab R2016a on a PC with Inter®
Xeon® 3.60 GHz CPU, 32.0GB RAM, and Windows 10 Pro 64-bit. The facility-level problem is
solved by ADP. The specific deterioration model is presented in Section 5.1. The cost and M&R
performance models are furnished in Section 5.2. Parameter values used in the case studies are

introduced in Section 5.3. Section 5.4 presents and discusses the numerical results and findings.

5.1 Deterioration model

The facility-level condition state S, (t) is defined as a bi-dimensional vector consisting of the
pavement surface roughness R, (t) and pavement age Age,(t), i.e., S, (t) = {R,(t),Age,(t)}.
Here Age, (t) € {0,1, ..., h"™**} is counted from the year of pavement construction or its last
reconstruction, where h™** is the maximum allowable age. Equation (22) describes the
roughness and age progression model from t!/! to (t + 1)! (recall that the durations of t! and t!!

are negligible), which has been commonly used in the literature (Paterson, 1990).

7 ((t+ 1) = 1, (t1)e® + 821, (1 + SN,,)P20tAgen(t™+1) | g, (22a)
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Age, ((t + 1)) = Age,, (t") + 1. (22b)

where 1, (t) € [r™W,r™%*] is a continuous roughness value at t. The facility-specific influential
factor X7 in Equation (6) consists of the traffic loading [,, and structural number SN,, in (22a);
the systemwide parameter set OF in (6) includes O, 62 and O3 in (22a); &7 represents the
systemwide random error term in deterioration from t to ¢ + 1, with zero mean and variance of
62; the facility-specific uncertainty term ¢Z in (6) does not apply here. We assume that the error
terms for different periods are independent and identically distributed random variables.

To discretize the roughness index, we divide its range [r™€%,r™%*] into M equal-sized bins

rmax_rnew

indexed by m = 1,2, ..., M. The size of each bin is denoted by § = — The midpoint of

the m-th bin, denoted by r™ = r™®" 4+ (m — 0.5)4, is used to represent the roughness index that
falls in this bin. Thus, the size of the state set |S,,| = M - (1 + h™%¥).
The discrete deterioration probability, p(S,((t + 1)) = s,|S,(¢"')) = s;,), where s, =

™ h},s;, = {r™, h'}, is calculated as:

PT(Ra((t + 1)) = 1™, Age, ((t + DY) = kR, (t") = ™, Age,(t"")) = h') =
, , (23a)
Prob (r™ e®% + ©31,(1+ SN, )% %W +1) 4 £ € [r™ — 0.58,™ + 0.58)) ,if b = I’ + 1

A

p* = 0, otherwise. (23b)

Equation (23b) specifies that the pavement age must increase by one from t// to (t + 1)’.
If a reconstruction activity is conducted at '/, the age will be reset to zero. This would be captured
in the reconstruction performance model; see the next section.

Based on a known distribution of €%, p* is found for M? - (1 + h™3*)2 pairs of S, (t"!)
and S,,((t + 1)!). The model parameters, O}, B2, O3, and 62, are updated sequentially at every
decision-making time step, 7, based upon the inspection data that have been collected before 7. A

maximum-likelihood method used for updating these parameters is furnished in Appendix D.

5.2 Cost and performance models

3In our numerical cases, [,, and SN,, are assumed to be known constants for each facility n; i.e., they will not be
updated.
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Two types of M&R activities are considered: rehabilitation and reconstruction. The associated
decision variables are ¥, (t"") = {@, ¢, X% X2}, where the binary variables y% . and x2, are
equal to 1 if a rehabilitation or reconstruction activity is executed in period t for facility n,
respectively, and 0 otherwise; and @, ; denotes the rehabilitation intensity. The 'do-nothing' option
is represented by {‘wn,t =0,xn: =02, = O}. The full facility-level cost and performance

models are borrowed from previous studies (e.g., Ouyang and Madanat, 2006) and presented below:

Un (Sn(t"D) = Ly(cn1Rn(®) + cn2); (242)
wn() = Xht " Bulws (24b)
e (¥ (™) = X0 (Vn1®ne + Vnz2) + Xac(Zna + Znaln); (24c)
Rn(t") = f(Rn(t"), @, X0 X)) (24d)
= Ry (t") = x3e - G(Ra(t"™), @) + XA - (P — R (t™));
G(Ry(t"), @) = gzg;?;,()t 1293 @yt (24¢)
0 <@y, < g*Ru(t'") + g% (241)
Xne+Xre <1 (249)
Age,(t"") = Age,(t") (1 — X7 r); (24h)
rt <R,(t) <r¥; (241)
0 < Age,(t) < h™me*, (24))

The models for user cost and agency costs for M&R activities in period t for facility n are
described in Equations (24a-c), where ¢y, 1, €y 2, Bns Vn1) Vn2s Zn,1 and z, , are non-negative cost
coefficients. We assume the work-zone cost for rehabilitation is zero. Constraint (24d) provides
the function f (see Section 3.1.3) that governs the roughness reduction from a rehabilitation or
reconstruction activity.* Function G represents the rehabilitation effectiveness as defined in
Equation (24e), where g', g2, and g3 are model coefficients. Constraint (24f) stipulates the
upper bound for the rehabilitation intensity @, .. Constraint (24g) ensures that at most one

activity is applied in one period. Constraint (24h) ensures that the pavement age is reset to 0 after

4 With a slight abuse of notation, the same notation f is used in (24d) to denote the change of roughness index, while
in Section 3.1.3, f represents the change of pavement state.
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a reconstruction. Constraints (24i-j) specify the upper and lower bounds of the roughness level

and the pavement age.

5.3 PARAMETER VALUES

Table 1 summarizes the parameter values used in our numerical cases, which are extracted
from empirical studies and real-world experiments (Shon and Lee, 2021; Zhang et al., 2017;
Ouyang and Madanat, 2006; Gu et al., 2012; Lee and Madanat, 2015; Lee et al., 2016). To account
for the heterogeneity among facilities, we generate the traffic loading, structural number, and cost
coefficients of each facility using predefined distributions as presented in Table 1, where U[a, b]
denotes a uniform distribution from a to b, and I'[a, b] a uniform distribution of integer random
variables from a to b. Additionally, the time of the last M&R activity conducted on facility n

before the present time (t = 0), 72, is randomly generated from I'[—1, —3]. The roughness index
and pavement age at time 72 are also generated from uniform distributions: Rfl%(O)~U[1, 3], and

Ageig(0)~F[0,30], vn=12,-,NJ5

TABLE 1. Parameter values.

Parameter Value Unit Description

E:; U[6.5E3,O7.2E3] $/IRI/km/Iane{miIIion ESAL User cost rates due to serviceability
;’;: gﬁigi ;ggi} $/§/T$T;/r:zne Rehabilitation cost rates

ciy U[1.1E3,1.3E3] $/km/lane Inspection cost rate

SN, r[7,11] SN Structural number

gt 0.66 -

g° 7.15 mm/IRI Rehabilitation effectiveness model coefficients

g°® 18.3 mm

a 0.9524 - Discount rate

Zl ;ggggg $-year/I;$r/nk/m/ill?inoen ESAL Reconstruction cost rates

L, U[0.4,0.9] million ESAL/year/lane  Traffic loading
::lneat 0.67 5 :2: Bounds of pavement roughness level
pmax 60 year Maximum lifecycle length

5 Uniform distributions have been commonly used to generate facility-specific parameters of a pavement system (ref.)
when real operation data are unavailable.

23



533

534

535

536

537

538

539

540

541

542

543

544

545

546

547

548

549

550

551

552

553

554

555

556

557

558

T 20 year Planning horizon

N 50 - Number of facilities

M 21 - Number of discretized bins for roughness level
ot 0.04 -

6% 930 - Deterioration model coefficients

63 -5 -

a? 0.25 - Variance of the deterioration model's error term

5.4 OPTIMIZATION RESULTS

We first examine the solution of the condition-based joint optimization of inspection and M&R
policies for T = 20 years. Section 5.4.1 presents the optimal user and agency cost components
against the budget obtained for a one-off optimization at 7 = 0. Section 5.4.2 applies our method
to 20 consecutive years (i.e., T = 0,1, ...,19) and plots the trajectories of inspection and M&R
actions for selected individual facilities. Since the belief updating process and the condition-based
inspection scheduling are two methodological novelties of this paper, their effects on the system
cost are examined in Sections 5.4.3 and 5.4.4, respectively. A sensitivity analysis of the unit
inspection cost is furnished in Section 5.4.5. Finally, Section 5.4.6 examines the computation

efficiency of our solution method for a one-off optimization at T = 0.

5.4.1 Effects of budget on user and agency costs

At T = 0, the optimal expected user cost (the objective) and agency cost components are plotted
against the combined annual budget B® € [4.5 X 10%,7.5 x 10°] $/year in Figure 3. Note here
that the optimal cost includes the discounted future cost for T = 20 years, given the present
uncertainty belief.

As expected, the optimal user cost (the dashed curve with triangle markers) decreases as
the budget grows. The reconstruction cost (the dot-marked solid curve) clearly increases with the
budget, indicating that more frequent reconstructions will be applied to improve the serviceability
if the budget permits. However, the rehabilitation cost (the square-marked solid curve) exhibits a
different trend. Though it increases with B® when the budget is sufficiently large, a decreasing
trend is observed when the budget is small (which is more likely the case in the near future). It
turns out that more frequent rehabilitations will be performed to postpone the costly recontructions
when the budget is highly limited (Zhang et al., 2017). Also note that the reconstruction cost under

the minimum budget in Figure 3 is quite low, and it grows rapidly as the rehabilitation cost
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diminishes for B® < 5.25 x 10° $. Regarding the inspection cost (the diamond-marked solid
curve), it is found to be fairly insensitive to the budget. Relatively larger inspection costs are
observed at the two ends of the budget range. This is because more inspections are needed to guide

more frequent M&R activities (more rehabilitations when the budget is low) in those cases.
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Figure 3. Effects of the combined agency budget on system-level optimal costs.

5.4.2 Effects of budget and initial condition on the optimal policies of individual facilities

To examine how the budget affects the optimal inspection and M&R plans for individual facilities,
we compare realizations of the optimal policies under two annual budget values: (i) B* = B =
7 X 105 $/year (adequate budget) (Figure 4a) and (ii) B* = B = 5 X 10° $/year (inadequate
budget) (Figure 4b), V7. Under each budget, we repeat the optimization for 20 consecutive years,
i.e, T €{0,1,...,19}. Three facilities are selected for analysis: a good and new facility with initial
condition (R3(0), Age2(0")) = (0.76,2), a moderate facility with initial condition (2.6, 8), and
a poor and old facility with initial condition (2.7, 20). In both figures, the length and color of an
arrow represent the interval between two consecutive inspections and the M&R type (green for

do-nothing, yellow for rehabilitation, and red for reconstruction), respectively. The figures show
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that inspections are not performed every year. Instead, the gap between two consecutive
inspections varies from 1 to 4 years. This indicates the difference between the condition-based and
the conventional time-based inspection scheduling methods. Although most inspections do not
lead to immediate M&R actions, frequent inspections are still necessary because, if a facility's
M&R action is overdue due to the lack of inspection, the ensuing user cost would be huge.
Moreover, fewer rehabilitation and reconstruction activities are performed under a lower budget,
while the inspection frequencies are similar for the two budget cases. This is consistent with the
findings revealed by Figure 3. Comparison between the three trajectories in each figure also

unveils that the initial pavement condition significantly affects the optimal policy.

w0 nothing = do nothing
rehabilitation rehabilitation

Facility | ~ N . - reconstruction Facility 1 . TECOTSLTUCTHIM
(0.76, 2) (0,76, 2)
Facility 2 - — — ——— Facility 2 . ——
(2.6, §) (2.6, 8) i i 11
Facility 3 S g Facility 3 L " " .
(2.7, 200 (2.7, 20)

01 234 5673 910101 121314151617181920

o

1 23 45678 2I10111213141531617181920

Decision-making time, T (vear) Decision-making time, © (year)

(@) B = 7 x 10° $/year (b) B =5 x 10° $/year

Figure 4. Realizations of optimal policies.

5.4.3 Convergence of the updating process and its impact on the user cost
We now examine the convergence of deterioration model parameter estimates. The updating
trajectories of two parameters, O and H2, are selected and plotted in Figures 5a and 5b. The two
figures present identical systems with an annual budget B* = B = 6 x 10° $/year, V1. The true
parameter values are @1 = 0.04, 2 = 930, as shown by the black dot in each figure. Figure 5a
uses 100 historical data records before the initial decision-making time T = 0, while Figure 5b
uses 300. Each arrow in a trajectory represents five updates, and the cumulative number of updates
is displayed near the arrowhead in red.

With 100 historical data records, the initial estimation at T =0 gives (@1, @2) =

(0.051,835), while those estimates are more accurate at (0.042,970) with 300 historical data
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records. This is expected. As more inspections are performed, the parameter estimates quickly
approach the ground truth through our model updating process, as illustrated in Figures Sa and Sb.
With the same number of updates, the improvement over the initial estimates is greater when the
historical dataset is more limited. It is worth noting that during each update, the deterioration model
parameters are updated using the inspection data collected from all the inspected facilities.
Finally, we investigate how the model updating process affects the user cost. The same
numerical instances as in Figures 5a and 5b are used. For the instance in Figure 5a, we compare
the total user cost for 20 years with and without model updating. If model updating is performed,
the deterioration model will be updated 17 times in 20 years. Results show that the model updating
process can reduce the user cost by 10.7%. For the instance in Figure Sb, the user cost reduction
is 5.9% for a total of 20 years with 16 model updates. This manifests the sizeable benefit of
updating the agency's beliefs on pavement deterioration via inspections. The benefit is greater

when the initial belief is less accurate (i.e., in the case of Figure 5a).
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Figure 5. Convergence of the estimated deterioration model parameters.

5.4.4 Benefit of condition-based inspection scheme

To examine the benefit of the condition-based inspection scheme, we compare the optimal total
user cost at T = 0 against that of a benchmark model with a time-based inspection scheme. For
conservativeness, the inspection period of each facility is optimized in the benchmark model. The
percentage of user cost saving of condition-based inspection is plotted against the budget in Figure
6. It reveals that the saving decreases as the budget increases, ranging from 4.3% to 1.9%. Note
that although these percentage savings are modest, the dollar values of the savings resulting from

the condition-based inspection could be huge, given that poor pavement conditions cost motorists
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622  hundreds of billion of US dollars annually (ASCE, 2017). This manifests the considerable benefit

623  of incorporating a condition-based inspection scheme, especially when the budget is meager.

) .
S 4
2
£,
S5
0 s . A A J
4 45 b 55 6 6.5 7 7.5
v ar Ve *10)5
624 Budget per year (*10°§)
625 Figure 6. Effect of budget on user cost saving

626

627  5.4.5 Sensitivity analysis of unit inspection cost

628  We still use two annual budget values: (i) B* = B = 7 x 10° $/year (Figure 7a) and (ii) B* =
629 B =5 X 10° $/year (Figure 7b). In each figure, the optimal expected user and agency cost
630  components are plotted against the mean unit inspection cost varying from 3E2 to 2.1E3 $/km/lane
631  (a seven times increase). For a given mean unit inspection cost ci, the facility-specific unit

632  inspection cost ci, is generated from a uniform distribution U[ct — E2, €1 + E2].
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634 Figure 7. Effect of the unit inspection cost on cost components
635
636 The two figures reveal that all the cost components save for the inspection cost are fairly

637  insensitive to the unit inspection cost. Specifically, rehabilitation and reconstruction costs diminish
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as the unit inspection costs grow, indicating that fewer M&R activities are performed due to the
increased inspection cost and reduced inspection frequency. As a result, the user cost increases.
The slowed model updating process also has an adverse effect on the optimal M&R planning and

user cost. The resulting user cost growth is more prominent when the budget is meagerer.

5.4.6 Computational efficiency

We perform numerical experiments for systems consisting of N = 50, 100, 150, 200, 250, and 300
facilities. For each N, the average computation time of 20 numerical instances for a one-off
optimization at T = 0 with T = 20 years is calculated and plotted in Figure 8. The figure exhibits

a polynomial relationship between the computational time and the system size.
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Figure 8. Average computation time for the proposed algorithm

6. CONCLUSIONS

In this paper, we formulate a stochastic model for the joint optimization of inspection and M&R
policies for heterogeneous pavement systems under model uncertainties. An algorithm is
developed on a rolling-horizon basis. At each time step, the algorithm uses a Lagrange multiplier
approach combined with dynamic programming to solve the system-level problem. Meanwhile,
we utilize a statistical learning approach for updating the deterioration prediction whenever new

inspection data is collected from the pavements.

29



659

660

661

662

663

664

665

666

667

668

669

670

671

672

673

674

675

676

677

678

679

680

681

682

683

684

685

686

687

688

689

We summarize the main contributions of our work as follows:

(iii)  To our best knowledge, this is the first paper to develop a joint optimization framework of
condition-based inspection and M&R activity planning for heterogeneous facilities. This
allows the management agency to utilize the limited budget more effectively than the
conventional time-based inspection scheme by reducing unnecessary inspections (see
Section 5.4.4). The integration of inspection scheduling adds another dimension to the
solution space compared to previous studies (e.g., Zhang et al., 2017; Shon and Lee, 2021).
Despite the added complexity, the problem can be solved by our proposed approach within
a moderate runtime (see Section 5.4.6).

(iv)  We are also the first to incorporate belief updates of model uncertainties into the rolling-
horizon-based planning framework. This allows the agency to exploit the inspection data
timely to understand pavement deterioration better. Numerical results show that the
ensuing cost reduction in the long term is substantial (see Section 5.4.3).

(V) Our numerical case studies unveil managerial insights that can enhance agencies'
understanding of inspection and M&R planning practices. Examples of these insights
include: (a) under an inadequate budget, perform more rehabilitations but fewer
reconstructions; and (b) it is beneficial to maintain a certain frequency of inspections even
under a highly-limited budget.

Admittedly, our research still has limitations. For example, the network-level impacts of
pavement conditions and M&R activities on traffic redistribution and the associated costs (Mack
et al., 2018) are not properly modeled in this study. This problem may be addressed by formulating
a bi-level program, with the lower level developing the traffic assignment equilibrium and the
upper level optimizing the M&R schedules. However, the difficulty lies in how to decompose the
system-level problem in this case. Also ignored are the environmental impacts of M&R activities
(Mack et al., 2017; Santos et al., 2020), which can be incorporated as either part of the system cost
or a constraint.

A specific functional form of the pavement deterioration model may result in prediction
biases. Non-parametric models and reinforcement learning techniques can be employed to
overcome this shortcoming. Moreover, the brief updates of model uncertainties can be integrated

into the optimization framework, resulting in more cost-effective inspection schedules. Lastly, we
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ignored the uncertainty in imperfect inspection measurements, which also has significant lifecycle

cost implications (Shon et al., 2022). The above issues will be addressed in our future work.
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Appendix A. List of notations
TABLE Al. List of notations.

Notation I Description
Sets and Indices

set of facilities

facility index

set of all possible conditions for facility n
condition index of facility n

set of M&R activities on facility n

facility age

roughness level index

planning horizon

current time index

future time index

time stage for making the inspection decision
th time stage for making the M&R action decision
! time stage for deterioration (after the M&R activity has taken place)

LN NYTIZY 03 =
S

Decision variables
x,(th € {0,1} I equals one if an inspection is conducted at t’ on facility n, and zero otherwise
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x(tl) set of x,,(t1), vn
AL (D) tim.e. gap between time t and the time of the next inspection if x,,(t!) = 1 for
n facility n

vt M&R activity decision applied on facility n at £

Wyt rehabilitation intensity of facility n at t

xi:€{0,1} equals one if rehabilitation is conducted at ¢ on facility n, and zero otherwise

X121't € {0,1} equals one if reconstruction is conducted at t on facility n, and zero otherwise

Parameters and other variables

B* annual average long-term budget known at time ©
true deterioration model

AT belief of the deterioration model, the best estimate of deterioration model

d available at time T
belief of the current condition before inspection, the set of probabilities of the

p* condition of facility n at t! estimated by the belief of the deterioration model
available at time T

S, (thH true condition of facility n at t’

S, (th estimated condition of facility n at t

S, (" true condition of facility n at t'/ if an inspection was conducted at t’

S, (™) observed condition of facility n at t! if an inspection was conducted at ¢

S, (t"H improved condition of facility n at t'/ after an M&R activity

R,(t) roughness level of facility n at t

rrev best achievable roughness level

rmax upper bound of pavement roughness level

L, traffic loading of facility n

SN, structural number of facility n

Age,(t) age of facility n at t since its construction or the last reconstruction

I HO) deterioration process at decision time point T

Xt set of facility-specific influential factors in model &7 (-)

o set of systemwide parameters in model 7 (-)

&r set of systemwide model uncertainties in model 7 (-)

bt set of facility-specific model uncertainties in model £7(-)

Jiom) total discounted user cost over planning horizon [0, T]

f[o,T] predicted total discounted user cost over the planning horizon [0, T']

fn,[o,T] predicted discounted user cost of facility n over planning horizon [0, T']

A [07] predicted total discounted agency cost over the planning horizon [0, T

An[ or] predicted discounted agency cost of facility n over planning horizon [0, T']

Hn,[O,T] defined as jn,[O,T] (oY) + 4 An,[O,T] (en Yn)

u user cost associated with pavement serviceability

Uy user cost of facility n associated with its serviceability

w user cost resulting from work-zone impact of M&R activities

wy user cost of facility n resulting from work-zone impact of its M&R activities
discounting factor

Ciy, unit inspection cost for facility n

cm, (1) M&R cost for facility n

y! Lagrange multiplier

TC() terminal cost

£,(t) number of basis functions for facility n in period t in the ADP framework

1 Cn2 Y Vn2 Ina ) oo coefficients for facility n

,Zn2,and B,

g, g% and g3 coefficients for the rehabilitation effectiveness model

711

712 Appendix B. Approximate dynamic programming method for the facility-level problem
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For a better tradeoff between the solution quality and computational tractability, we solve the
POMDP problem (Equations (14-16)) using ADP. The details are outlined as follows: an
approximation of the value function is presented in Section B.1; the learning process of updating
the approximate value function based on the simulated sample path is furnished in Section B.2;

and finally, the tradeoff between exploration and exploitation is discussed in Section B.3.

B.1 Value function approximation
We approximate the value function as a linear combination of basis functions shown in Equation
(B1). This technique was commonly used in the ADP literature (Sutton and Barto, 1998; Kuhn,
2010; Medury and Madanat, 2013):

QL(Sn(t™), ¥ (™), An(D)ID) = T i (£12) - EL(Sp (™), ¥u (D), An(2)), (B1)

where Q% (S, (t"), y, ('), A, (t)|2) is an approximation of the expected cost-to-go from period
t +A,(t) to T —1 when M&R action y,(t/') and inspection x,((t + A,,(t))!) are applied to
facility n with state S, (t'"), termed as the Q-function; &;(S,(t'), ¥, (t"),A,(t)) is a basic
function capturing important attributes of facility conditions, available M&R actions, and
inspection options, termed the Q-factor; p) (t|4) is the weighting factor associated with basic
function &5 (S, (t'D), ¥,,(t'), A,,(t)), which will be refined within the ADP framework; and #,,(t)
is the total number of basic functions for facility n during period t.

Given the O-function, QL (S, (t'), y,(t'), A, (t)|4), the optimal M&R and inspection

actions at period t can be obtained as follows:

.o (t){Rn(Sn(t"):yn(t”)tAn(t)) + QR (Sn (™), yn ("), A (D)1 D)}, (B2)

where

Ra(Sa(t™), ya(t™), B,(0)) = Acry (yu(t™)) + w (F(Su ("), yu (")) +

Wo (Sp (), yu () + XDt B [y (Su((¢ + w)))] + Aabn® - iy
u=1 Sp(t+p)!
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is termed the step reward. Equation (B2) shows that once we know the estimated Q-function, the
optimal management actions can be obtained directly, where the step reward
R, (S, (t"), y,,(t'"), A,(t)) can be obtained by Monte Carlo simulation. This can largely reduce
the complexity caused by computing the expectation of future cost, especially when the outcome

space is large.

B.2 Updating the approximate value function

At the k-th ADP iteration, denote the current condition state of facility n by Sy, ; (t"'). The optimal

action {,, (¢, A, ()} is selected according to Equation (B3):

{yn,k (t”): En,k (t)} = argmin {Rn (Sn,k (tu): yn,k (t”): An,k (t)) +
}’n,k(tn):An,k(t) (Bg)

Qrje—1 (S ("), Y (E'), Ay i (0)12)},

where the Q-function QF x_1 (S (8™, ¥ i (¢1), Ay (£)|2) is obtained during the previous
iteration. Once action ¥, (t'") has been performed and A, ;(t) is determined, a sample
realization of the future state Sn,k(t + En,k(t)) is generated by a Monte Carlo simulation
procedure following the stochastic deterioration process, p*(*).

Once a sample state of period t + A, ; (t) is ascertained, the optimal action for period t +
A, (t) can be selected by repeatedly applying Equation (B3). The procedure is repeated until the

end of the planning horizon. Then we get a sequence of state-action pairs:

[(Suc(E), T (B, By i (81)), (S (B2, T e (62, By e (£2)), -+ (B4)
(Sn,k (tg): yn,k (tg): En,k (tz))' Sn,k (té{kl)]'

where t/4; — t]' =Dy (6),0<i<z—1,t; =0,t}; =Tand t}}; — tll <A, (L.
The state-action sequence (B4) is termed a sample path. We will repeat the above process
for K iterations. We always assume that the current Q-function is the best estimate of future cost-

to-go at each iteration.
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We next use the TD (@) method to update the parameters of the approximate value function

backward recursively based on the realized sample path. The error term is defined as:

An,k(ti”) = Zj_i(aa_))tT_ti(R ( nk(tr+1) ynk(t +1) An k(tr+1))

+a Qi Sk (t2 1), Tk (¢4 1), B (b1 1) (B5)
nk 1(Snk(t”) ynk(tu) Ank(tr)la)) vie{1,2,:,z}

where @ € [0,1] is the artificial discount factor. Once the temporal difference error A, x(t) is
calculated for a given period t in the k-th ADP iteration, the weighting factors can be updated
using a stochastic gradient algorithm:

Fori € {1,2,-,2},j € {1,2, -, ,(t)}

j j 090,k ()
p,ﬂ,k(tilzl) = p,{,k_l(tilzl) + Yk ap,’;(lzu) A (t) (B6)

where
ﬁn,k (t) = Rn (Sn,k (t”): yn,k (t”), An,k (t)) + Qrtl,k—l (Sn,k (t”)r yn,k (t”)' An,k (t) |)l)

The following basic conditions should be satisfied for the step-size parameter y; to

guarantee convergence:

Ve =0,Vk=1,2,-, (B7)
Yk=1Vk = ®, (B8)
Yie1Vie < . (B9)

The proposed ADP framework for solving the facility-level problem over a finite time

horizon is summarized as follows:

Algorithm B.1
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Step 0: Initialization:
Step 0.1: Initialize Q% o(Sy0(t"), ¥no(t'), At|2), VS, o(t") € Sp, ¥no(t!) € My, t =
0,--T—-1.
Step 0.2: Choose an initial state S,, o(0").
Step 1: Do for k = 1,2, -+ K (record the index of iteration in the ADP framework):
Step 1.2: Initialize z = 0,t; = 0 and Do for t,,; < T:
Step 1.2.1: Set z « z + 1.

Step 1.2.2: Solve 9,,.(t,) = min
P oV n,k( Z) J’n.k(ty ’An,k(tz)

Qrtl,k—l (Sn,k (tg): Ynk (tg): Ap g (t2) M') , and denote {yn,k (tél)r En,k (tz)} the

corresponding optimal solution.

Rn (Sn,k (tél): yn,k (tél)' An,k (tz)) +

Step 1.2.3: Get a sample realization of the future state Sn,k(tz + En,k(tz)).
Step 1.2.4: Set t,,1 « min{t, + 4, (¢,), T}.
Step 1.3: Initialize A, (t)) = 0, 9, (T) « TC(Sp(T)|4).
Step 1.4: Dofori =z,z—1,---,1:
Step 1.4.1: Set 6, (t) « D e(tinn) — Oy (S (), Fae(E), B (£12)).
Step 1.4.2: Set Ay, (611 « A (t7) + ¢, (2.

DI (6)
3pL (1)

Step 1.4.3: Update p). (t:12) « pl (t:1A) + vy At for s j€

{1!2! Y ‘fn(t)}
Step 1.4.4: Set Ay, (t11)) « @@y, (t1) fori > 1.

B.3 Exploration versus exploitation

One of the challenges in ADP is the tradeoff between exploration and exploitation. The decision-
maker must exploit what is already known to obtain the lowest cost, but she also needs to explore
in order to obtain more information. In this paper, an e-greedy policy is employed. With a small
probability &, the policy will randomly select the maintenance action among all the options,

independent of the action-value estimates. The policy is formulated as follows:

Fork=12-Kt=12-T, (B10)
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1—¢+ i, ifyn,k(t") = yn,k(t”): An,k(t) = En,k(t)
Prob(yn‘k(tll)|Sn,k(tll)) — A P . )
o otherwise

VSn,k(t”) € Sn; yn,k(t”) € IMln
where A denotes the size of the available action set.

APPENDIX C. Updating the Lagrange multiplier
In the following numerical algorithm, the Lagrange multiplier in the k-th iteration is denoted by
A¥. The algorithm is based on the assumption that the Lagrange function L*(x, y|1) is a pseudo-

convex envelope with respect to A (Lee et al., 2016).

Algorithm C.1
Step 0: Initialization:
Step 0.1: Initialize A° = 0 and find {x°(07), y°(0')} = {x*(0"), y*(0'))|A°}.
Step 0.2: If {x°(0"), y°(0™)} satisfies the budget constraint, then stop. Otherwise, go to
Step 1.
Step 1: Randomly select A* > 0 and find {x*(0"), y*(0")} = {x*(0"), y*(0")|A*}; set k = 1.
Step 2: If the budget constraint is not satisfied, do the following:
Step 2.1: Set k « k + 1.
Step 2.2: Update A* using the gradient approximation method:
Ak = Q=1 — gh=1. k=1 /(=1 _ Jk=2) \yhere
ok~ = L(x*"1(0"),y*"1(0M)) — L(xk‘Z(O’),yk‘z(O”)) and @;_, is a positive step
size.

Step 2.3: Find {x*(0"), y*(0")} = {x*(0"), y*(0'")|A¥}.

Appendix D. Updating deterioration model

We assume that the true error term &, follows a normal distribution denoted by N (0, 52). The data

associated with a new inspection are presented in the form of (rb%}lore(t’”), ra%é?er(t’”),

hgg}ore(t”’ ), hgﬁer(t’")), where t and t" denote the times of two consecutive inspections on
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facility n, t < t'; Tyusore (¢111) and 7, (t""") denote the roughness levels of facility n at time

t1 and t'", respectively; h%™  and h*™ __ are the facility ages at t// and ¢, respectively; and

before after

d is the data index. In what follows, notation (rbde?ore(t’”) fter(t’”) hafore (),

after(tlu)) is simplified as ( befores after, hbefore, after) As more inspections are

performed, the data size increases, and so does the accuracy of our deterioration model. We denote
D the number of data records available by time 7. Since the error terms are independent and

identically distributed random variables, we can derive the following:

an dn 0z(h,’ -h 2
(rafter rbeforee T( after before) Qfl (hafter before) (1+

(D1)
ol
SN. )913 v after) NN(O (hafter before)o-l'z)
1e.,
1 dn dn _einm%n —p®n 2
dn dn (rafter rbeforee ©-after Thefore” — @Tl (hafter hbefore) )
hafter_hbefore
1,,4n (D2)
(1 + SN,)9% % "after) ~N(0, 52).
We define:
1 dn
G( efore' after' hbefore'hafter) - dn dn (Tafter -
after_hbefore (D3)
d, 0(ndn —n o1
rbe}lo‘r'ee ( after before) — n (hafter before) (1 + SN )Qre T afte‘r)_
Then the likelihood function is:
T 1 2 3 2Y D
L(@r; @r» @r; Ur) =1lg=1P (G( efore' after'hbefore'hafter)) (D4)
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where p(+) denotes the probability density function of a normal distribution with zero mean and
variance of 2.

We define:

[(67,62,067,02) = 1ogL(07,07,67,07)

D =2(..dn dn dn dn D5
D D 2 z:d=1G (Tbefore'rafter'hbefore'hafter) ( )
=—;log2n—zlogar — o2 .

T

The values of parameters 01, 02, 3, o, are updated by solving the following equations:

I D
al — _i G_( dn an hd,n hd,n )
i 2 rbefore'rafter' before’ "*after
6(% (o= d=1
(D6)
(..dn dn dn dn
. aG(‘rbefore"rafter’.hbefore'hafter) — 0’ Vi = 1’ 2’ 3’
20
_ D & an dn an an
1 — _2 + Zd:l GZ(Tbefore'raf;er'hbefore’hafter) — O (D?)
dog o o3
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