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Abstract

Effective pavement repair planning is vital for sustaining performance and minimizing
lifecycle costs. At the network level, most agencies still rely on deterministic repair-
effect assumptions, where repair outcomes are defined by fixed restoration values derived
from experience or experimental averages. However, such assumptions often deviate
from actual field performance, leading to overestimated repair efficiency and suboptimal
investment decisions. This study develops a framework that integrates stochastic repair
effects estimated from historical repair data using a probabilistic model for estimating
repair effects. The effects of different repairs are represented as probability distributions
derived from the latent-variable projection of stochastic deterioration hazard functions,
which define the repair transition probabilities. These stochastic transitions are embedded
within a Markov Decision Process to optimize the selection of repair types according to
condition state, repair effect, cost, and serviceability thresholds, all within a constrained
budget. The framework’s application to Addis Ababa’s 150 km urban road network
resulted in a five-year optimal strategy that prioritized cost-effective treatments, such as
patching, leading to an improvement in network serviceability from 65.7% to 81.2% at a
total cost of USD 11.12 million. A comparative analysis of the deterministic restoration
approach, commonly used by the agency, overestimated network-level performance by
approximately 19%, as it ignored the variability of recovery captured by the stochastic
model. Hence, the proposed stochastic framework enables agencies to achieve realistic,
data-driven, and sustainable repair optimization, avoiding overestimation of repair benefits
while maintaining serviceability within budget constraints.

Keywords: pavement; stochastic repair optimization; Markov decision process;
maintenance sustainability

1. Introduction

Pavement Management Systems (PMSs) provide highway agencies with a structured
framework for optimizing maintenance and rehabilitation decisions at both the network
and project levels. A PMS is a comprehensive decision-support tool that coordinates and
prioritizes pavement-related activities by integrating data management, performance anal-
ysis, and implementation subsystems, as described by Padigo et al. [1] and Li et al. [2].
Within this framework, deterioration models quantify the progressive decline in pavement
conditions resulting from traffic loading and environmental effects. In contrast, repair-effect
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models assess the degree of improvement achieved through maintenance or rehabilitation
interventions. However, traditional repair-effect models are typically deterministic; i.e.,
they assume that each maintenance action results in a fixed level of restoration [3-5]. Such
assumptions overlook the inherent variability in repair outcomes observed in real-world
pavement performance. For instance, the Addis Ababa City Road Authority (AACRA)
employs a deterministic assumption in its Road Maintenance for Management System
(RMMS), where pavements are presumed to be fully restored to a Very Good condition
after any corrective repair. This simplification disregards the influence of environmental
variability, material quality, and execution factors on repair performance. Similar limita-
tions were identified by Durango and Madanat [6], who emphasized that deterministic
assumptions in maintenance modeling can lead to biased estimates of service life and sub-
optimal investment policies. Consequently, there is a growing need for stochastic modeling
approaches that can effectively represent the probabilistic nature of both the deterioration
and repair processes, thereby enhancing decision accuracy and long-term reliability.

At the project level, structural repairs are intended to restore or increase load-bearing
capacity. They are typically less suitable for network-level optimization, where the objective
is to sustain serviceability through surface-level, non-structural repairs [7]. These surface
treatments correct surface distress and improve ride quality without substantially enhanc-
ing structural strength [8]. Examples include patching, partial or full overlays, and light
rehabilitation—collectively defined as corrective maintenance. As discussed by Durango
and Madanat [6], the effectiveness of such treatments depends on pre-repair conditions,
treatment quality, and environmental factors, resulting in varying post-repair performance
outcomes. This variability highlights the importance of modeling repair effectiveness as a
state-dependent probabilistic process rather than assuming a fixed improvement for each
repair type.

Several studies have examined the influence of maintenance strategies and treatment
effectiveness on pavement performance and life-cycle optimization. Ahmed S. Mohamed
et al. [8] investigated the effect of corrective maintenance on pavement life-cycle perfor-
mance using a genetic algorithm (GA) optimization framework. Their study compared
maintenance policies that either included or excluded corrective treatments—such as shal-
low and deep patching, rut filling, and milling and patching—and found that including
corrective maintenance significantly improved network performance and reduced total
life-cycle costs. This finding confirmed the practical importance of reactive surface repairs
in achieving sustainable pavement management. However, their model defines repair
effectiveness deterministically, assigning fixed improvements to each treatment type.

A subsequent study by Mohamed et al. [9], intensively reviewed project-level pave-
ment management systems for the construction and rehabilitation of flexible pavements.
They observed that most decision-making frameworks still rely on deterministic representa-
tions of repair outcomes, with limited attempts to incorporate uncertainty into performance
prediction. Few studies have modeled the performance jump probabilistically, and many
continue to depend on field averages or engineering judgment to estimate post-repair
improvements. This persistent assumption of constant or fully restorative repair effects
highlights the lack of stochastic repair-effect formulations in the literature.

If untreated, surface distress progressively worsens over time. Deterioration models,
therefore, predict the evolution of pavement conditions under a scenario with no repairs.
Common indicators, such as the International Roughness Index (IRI) or the Pavement Con-
dition Index (PCI), are used to classify pavement conditions into discrete states, including
Good, Fair, and Poor, which can be represented numerically as States 1, 2, and 3. Be-
cause condition transitions occur probabilistically even under similar exposure conditions,
Markov models provide a practical framework for describing these stochastic transitions.
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Each transition probability represents the likelihood that a pavement moves from one state
to another within a given inspection period.

The Markov Transition Probability (MTP) model developed by Tsuda et al. [10] was ini-
tially formulated for bridge deterioration and has since been widely adopted for pavement
performance modeling. Subsequent studies extended this approach through hierarchical
and Bayesian formulations to capture heterogeneity and deterioration prediction accu-
racy [11-13]. These advancements laid the foundation for decision-based optimization
frameworks, where deterioration, repair, and cost components are jointly modeled to
support long-term planning and decision-making.

The Markov Decision Process (MDP) framework integrates deterioration models,
repair-effect models, and cost structures to identify optimal maintenance strategies under
budgetary and serviceability constraints. Numerous studies have demonstrated the capa-
bility of MDP-based models to support network-level optimization [14-17]. For example,
Mandiartha et al. [14] applied dual linear programming to incorporate agency constraints,
while Guignier et al. [15] developed probabilistic MDP formulations for maintenance policy
optimization. However, these studies generally relied on predetermined repair effects
derived from experience or assumed improvement ratios, which limit their ability to reflect
the stochastic variability of repair outcomes. More recently, Yao et al. [17] introduced a
deep reinforcement learning (DRL) framework for long-term pavement planning; yet, their
model remained deterministic, representing both deterioration and repair processes as
fixed transitions predicted by neural networks.

The present study addresses this research gap by conceptualizing repair effects as
probabilistic performance jumps within a Markov-based optimization framework. The
model quantifies the distributional variability of repair outcomes using historical data,
enabling the stochastic estimation of post-repair transitions and the uncertainty-aware
optimization of maintenance strategies. This work addresses the conceptual gap identified
by Mohamed et al. [9] by developing a rigorous, data-driven probabilistic foundation for
evaluating long-term pavement performance and cost-effectiveness under uncertain repair
efficacy.

The stochastic recovery estimation framework was initially introduced by Kaito
et al. [13] to evaluate deflection recovery through layer-based repairs. Their latent-variable
approach captured unobserved heterogeneity in repair effectiveness across pavement lay-
ers. The current study extends this concept to the pavement surface level, modeling surface
repair effects as stochastic transitions reflecting observed variability in field performance.
By integrating stochastic deterioration and repair processes into a unified MDP optimiza-
tion framework, this study derives optimal network-level repair policies that balance cost,
effectiveness, and uncertainty for sustainable surface-level pavement management.

The following section presents the proposed methodology, detailing the stochastic
deterioration and repair-effect models, network representation, cost structures, and policy
constraints that define the optimal repair policy for flexible pavement networks.

2. Methods

The Markov Decision Process (MDP) has been widely adopted in pavement man-
agement research as a dynamic optimization framework for determining cost-effective
maintenance and rehabilitation (M&R) policies. For instance, Wang et al. [18] developed a
network-level pavement optimization system that combined a Markov process to model
pavement condition transitions with a linear programming framework to minimize total
agency costs over a multiyear planning horizon. In the MDP-based studies [14-17], the
pavement condition state represents a node in the Markov chain, and each maintenance
action, such as do-nothing, patching, overlay, or rehabilitation, has its own determined
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transition matrix that reflects how the selected action influences future condition transitions.
Durango and Madanat et al. [6] model stochastic deterioration, action-dependent transi-
tions, and network-level constraints, demonstrating the flexibility of the MDP framework
in addressing real-world uncertainties. Their model analyzes repair as a deterministic mean
effect, while representing uncertainty through the deterioration rate, which is updated
adaptively over time.

As discussed earlier, the proposed framework integrates probabilistic deterioration
and repair-effect models to capture the stochastic nature of pavement performance over
time. The deterioration process is modeled using the Markov Transition Probability (MTP)
model developed by Tsuda et al. [10], which expresses the probabilistic evolution of pave-
ment conditions under a no-repair scenario. Kaito et al. [13] apply the stochastic repair-effect
model to the MTP concept, representing post-repair transitions for layer-based repairs.
This formulation describes repair outcomes as probabilistic transitions rather than fixed
improvements, thereby incorporating the variability observed in actual maintenance per-
formance.

These probabilistic formulations establish the analytical foundation for the repair
selection framework. The MDP framework for identifying the optimal repair actions across
the network is outlined in Figure 1.

| Collect Historical conditional and repair data and constraints. |

v

Build Transition Matrices:
Compute MTP 1r,-,-(Z)
and repair transition R
Build cost for repair per state data ¢/

v

Initialize Year Loop:
Foreach planningyear t =1...T
Set initial state vector X(t)

v

Input Parameters in MDP framework:
Initial state vector X(t)
Deterioration matrix 7r;;(t)

Repair transitions R4,

v

Evaluate State vector Repair Action cost:
Foreachstatei = 1,..., jandt =1,..., T
select a repair action to compute the expected cost for

v

Does the current action cost
result in the minimum cost
and satisfy the serviceability

yes §

Output Results:
Optimal repair strategy
The utilized budget and
The achieved desired state share
Updated state transitions x4

Figure 1. Proposed MDP optimization diagram.

The subsequent subsection presents the mathematical formulation of the MDP, defin-
ing the state transitions, cost structure, and Bellman recursion used to derive the optimal
repair policy.
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2.1. Transition Model (MTP) for Deterioration Estimation

The MTP model is a Markov-based model developed by Tsuda et al. [10], which
estimates the trend of infrastructure deterioration using two-time inspection information.
It defines the deterioration of infrastructure as the transition from its current condition to
a state h(7p) obtained at inspection time T to the state h(t,) at 7, where there is no repair
action in between the inspection time Z as presented in Equation (1).

75(Z) = Problh(z) = j |h(w0) = ] M

Deterioration transition for every state condition of the infrastructure from i to J,
where | is the absorbing state, represented by the matrix:

T ... TOj
=1 )
0 - Tg

The deterioration state transitions are estimated based on the formulations presented
in Equations (3) and (4).

i _ 0 i1 0
k
mij(z) = X, _IT5 L o :nek Hfﬂzkewim—ek exp(—0 z) 3)
where:
| o em%ek =1whenk <i+1
M gty = Lwhen k > j (4)

iy (z) = 1 - £_imj(z)
where, 0; is the deterioration hazard function formulated as a function of the explanatory
variables x and the associated parameters j, as in Equation (5).

0; = f(x: B') & B’ is the transpose of explanatory variables 3 (5)

This hazard function is later used to estimate the repair effects as latent variables just
before and after repair, as presented in Section 2.2.

The deterioration hazard parameter () must be estimated to estimate the deterioration
transition probability. One approach to (B) is using the Maximum Likelihood method.
Another approach used by Kaito et al. [12] is through the Markov Chain Monte Carlo
(MCMC) technique [19,20]. The parameter () is sampled by setting a prior distribution for
B through the Bayesian framework, as shown in Equation (6). The prior assumption must
be based on experience and knowledge. This research assumes that the parameter (§) is a
multivariate normally distributed parameter sampled until the Geweke test [21].

L(C|B)-7e(B)
(L(C|B)-c(B)dpB)

B) is the prior distribution of the parameter j3,
L(¢|B)-rt(B)dB) is the marginal likelihood.

More detailed derivations of the deterioration model and parameter estimation
methodology can be found in the work of Tsuda et al. [10].



Sustainability 2025, 17, 10464

6 of 16

2.2. Repair Transition (Repair Effect Model)

There must be no repair action on the MTP deterioration model between the first
inspection and the second inspection time. However, when a repair occurs between these
inspection time points, the complete process follows a deterioration path until the repair
is made, and the repaired pavement then deteriorates again until the next inspection.
This approach to model repair effect is developed by Kaito et al. [13]. In their research
study model, the state variables before and after repairs are the projected MTP hazard
function projections. The matrix representation for the transition due to the repair effect is
as presented in Equation (7):

My ... 0
Rj=|: - @)
TR

The time for repair is designated as 7, with repair action a, where different repair
actions, i.e., {a=1... A}, are grouped to form a probability distribution from repair historical
data. In the case of repair transition, the repairs will transition the condition state from the
pre-repair current state 7 to a better state. j. The time intervals before and after the repair
action are z; and zj respectively. At time T;, the condition projected states are modeled as
the latent trajectory variables of the deterioration hazard function. These latent variables
are designated as d and u respectively. These variables represent the repair process due to
repair action a, rgu.

Since the complete process, which occurs between inspections, includes both deterio-
ration and repair transitions, the joint probability of these two processes is formulated in
Equation (8).

Tigiy = Tigd (21)" Tuiy ((2)2)-RE} 8)

The repair transition probability has the probability form as Equation (10) where, for
different repair types fa=1... A},

1, >0 (d>u)
o j 0 (d<u) 9)
Zuzl rgu =1

The joint process of deterioration and repair transition probability of a pavement
segment transitioning from the observed state ij to i is the product of the deterioration
transition probability and the repair effect, as shown in Equation (10).

prOb[,B/ w, h | a,zp, Zl] = Z({;:io ﬂiOW(Zl ) 'Z;:?:lrgu nhiz (ZZ) (10)

where:

e T, is the deterioration transition probability from iy to the latent state w over z; to
be a state d

e 17, is the repair transition probability from the latent deterioration state w to the
post-repair latent state 1 under action a.

® T, is the deterioration the transition probability from the latent state & to i, over z;
to be a state u.

e ] is the worst possible state before repair & I = best achievable state.

The latent state variables d and u are sampled via MCMC (ip < w < I), and
(d < h <), capturing deterioration d during z; and repair effect u before the next in-
spection state ip.The repair transition due to each repair action a, rf;, is the converged
repair effect representing the probability of transitioning from the rank d (before repair) to
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rank u (after repair). For each repair type, the probability is estimated using the Dirichlet
distribution (o), which serves as a flexible prior for the probabilities of repair effects, as
presented in Equation (11).

4 0(i<j)=0 (11)

i a
=1%ij = 1

a_{%ﬁzﬁ=0

Gibbs sampling is used to assign latent variables randomly 4 and u, as formulated in
Equations (12) and (13), and iteratively update parameters conditioned on f as outlined in
Kaito et al. [13].

7 i
Problu = i|a, B,u,d,b,z_2] = L(fé, B,u',d,b,z) (12)

Z}zlL(oc, B,ul,d,b,z)

Z(oc, B, diu, b,z7)
Z]l:lZ(oc, B,dl,u,b,z,)

Probld = ila, B,u,d,b,z] =

(13)

Initially, the parameters a are assigned prior values and updates from historical
data through conditional distributions of joint probability through the Gibbs sampling
procedure. This approach is adapted from the study by Kaito et al. [13] to estimate the
effects of pavement surface repair in this study. This provides the foundational input for
the subsequent optimization process using a Markov Decision Process (MDP) framework.
Further details on the formulation and sampling of latent variables can be found in their
work.

2.3. Stochastic Deterioration and Repair Effect Integrated MDP Framework

The components of the MDP framework, illustrated in Figure 1, are grounded by the
deterioration and repair transition models described above. These models are integrated
within an MDP structure that operates at the network level to determine the optimal
repair types and treatment proportions for each pavement condition state of the network.
Thus, the subsequent sections present the formulations for network representation, state
transition processes, budget and serviceability constraints, and the optimization objective
function.

2.3.1. Network State Representation

This study conceptualizes pavement repair planning using a network-level, state-
wise decision framework. An agency inspects all pavement segments in the network at
predetermined intervals t. The segments’ condition in the network is then aggregated to
a pavement state vector X(f). This vector represents the fraction of the network in each
discrete condition state at a given time t, as formulated in Equation (14).

X(t) = [Xa(#), Xa(t), ..., Xs(1)] (14)
The proportion X(t) is calculated using the number of segments in each state as
xi(t)=—,i=12,....] (15)

where N; is the number of pavement segments in the state i at time ¢, and N is the total
number of segments in the network, and the vector satisfies:

Y (x(H) =1and 0 < x;(#) < 1 (16)
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This normalization ensures full network coverage at each time step in the planning
horizon, where, based on the inspection results, the agency selects repair types for each
state vector, aiming to optimize repair costs while improving surface riding quality.

For each state in the state vector, a repair action transforms the condition state accord-
ing to the repair transition probabilities or the natural deterioration transitions at each time
stept € {1,2,..., T} within the planning horizon (T). Repair decisions are assumed to be
applied immediately after inspection, instantly improving the condition state according to
the selected repair type.

2.3.2. Partial-Treatment Variable

To represent the partial application of each repair action within available funds, a
continuous decision variable p;(t) € [0, 1] is defined as the fraction of the state treated by
action during the year t. Thus, p;(t) = 1 means all segments in the state i are treated, while
pi(t) = 0 indicates no treatment.

2.3.3. Network Transition Process

The network evolves according to a combined deterioration-repair mechanism.
The probability of deterioration (transition from one state to another in a defined

(

transition probability under action a at time t.Then, the expected proportion of segments in

period) is 71;; when no repair is applied, and when repaired RZ‘ Y denotes the repair

the state at time ¢ + 1 is given by:

i(t
Xj(t+1) = Ty Xi(O[(1 - pi(t)) i + pi (DR (17)
where p;(t), is a portion of the network that allows each state to be partially treated.
A fraction of the network X;(t) i.e., p;(t), follows the repair transition R?]?'(t) , while the
remaining portion deteriorates naturally according to 7;;.

2.3.4. Repair Cost and Budget Constraint

The expected annual repair cost C; is computed as:

Cr = N, (Xi(t) pi(t) C(i, a;(1))) (18)

where C(i,a;(t)) is the unit repair cost for applying the action to state i , and is the total
number of pavement segments.
A rigid budget constraint restricts total expenditure in each period:

(Ct<Byt=1,2,...,T) (19)

where B; denotes the available annual budget.
This ensures that the total allocated cost does not exceed the financial limit for the
respective year.

2.3.5. Optimization Objective

The optimization problem aims to minimize total repair cost while maintaining the
share of pavements in satisfactory condition above a predefined serviceability target,
denoted as Teprpice-

Such that, Sger C {1/ e ]}/ Tservice = Z(iessg,)Xi(t) (20)

and Wspare MiIN(0, Teervice— Lo(iess,,) Xi(t) 1S the penalty term in the objective function in Equa-
tion (21).
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Objective function

p_l(\f/)[/iar_}t)th:l [NZ{:1Xi(t)pi(t) (C(ir a) (t)) + wshare'MaX(Or Tservice ™ Z(ieSser)Xi(t)] (21)

Subject to the constraints:

Xj(r+1) = [Zzlzl Xi(£) (1= pj(r)) 7tij +Pi(t)Rg(t)], Vi, t
Ci = NLP (Xi(t) pi(t) C(i, ai(t))) < By, Vit
0< Pi(t) < 1,61i(t) S {1,. . .,A}, Vi, t
Y Xip =1, Sit >0, ¥i,t

(22)

The optimization algorithm employs a one-step optimization per planning year, strik-
ing a balance between computational tractability and decision accuracy. It updates the
network state vector at each time step using transition matrices derived from deterioration
and repair models.

2.4. Empirical Application Setup

The city of Addis Ababa has a road network of more than 4800 km. The city road
authority, Addis Ababa City Road Authority (AACRA), uses a PMS, namely Road Main-
tenance Management System (RMMS), which was established in 2018 [22,23]. The road
network is divided into unit segments that are lane-wide and 100 m in length. It assesses
its road conditions segment-wise using a standardized roughness measure, the Interna-
tional Roughness Index (IRI). It conducts an annual assessment to evaluate its current road
network conditions and plan repairs for the coming budget year, i.e.,Z =t = 1 year to
analyze the deterioration transition. The RMMS manual ranks the pavement conditions
into five states, as shown in Table 1.

Table 1. Condition state rank.

Pave@fmt IRI Measure State Rank
Condition
Very Good 0> 1IRI <2 1
Good 2 > IRI <4 2
Fair 4 > IRI <6 3
Poor 6 > IRI <8 4
Very Poor 8 > IRI _ 5

Even though the Authority uses the MTP to estimate its road deterioration prediction
in RMMS, the system uses a deterministic repair effect to optimize the repair plan, assuming
pavement conditions will be restored (return to the best condition) after the repair. The
types of repairs for surface condition improvement are as follows.

1.  Spot Repair (Patching): Patching asphalt for spot repair involves cutting and removing
the damaged section, cleaning and preparing the base, and then applying a tack coat
for bonding. Hot asphalt mix is placed, compacted in layers, and leveled to match the
surrounding pavement.

2. Partial Overlay: The process involves preparing the surface layer by removing or
scarifying the areas connecting multiple damage

3. dspots. After cleaning the surface, a tack coat is applied, and a new hot mix asphalt
layer is placed and compacted over the prepared area to restore uniformity and riding
quality. This method provides a smooth, sealed surface but remains a non-structural
repair.
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4. Full Overlay: This method involves scarifying or milling the entire surface layer across
the full width of the road, cleaning it, and applying a tack coat before placing and
compacting a new hot mix asphalt layer. The overlay is relatively thin and does not
add structural thickness; its primary purpose is to restore riding quality, smoothness,
and waterproofing rather than to strengthen the pavement.

5. Light Rehabilitation: In this method, localized failures extending into the base layer
are first excavated and repaired to restore uniform support. After these base spots
are corrected, the entire surface is cleaned, a tack coat is applied, and a thin hot mix
asphalt overlay is placed over the area. The overlay enhances riding comfort and seals
the surface, but remains non-structural, as its thickness is insufficient to significantly
increase the pavement’s overall load-bearing capacity.

Other maintenance activities, such as crack sealing and cold asphalt patching, are also
practiced, addressing minor surface defects and preventing moisture intrusion. However,
these treatments are not evaluated due to the limited inspection data.

The agency uses its road maintenance guidelines, which instruct on the type of repairs
to use for each type of distress. The result of the repair (repair effectiveness) is taken
to restore the pavement to its best state (state 1) after the repairs are carried out. The
optimization framework is applied to 3014 inspected segments with repair history data
from 2019 to 2022. The agency’s desired serviceability, as outlined in the Authority RMMS
manual [23,24], is to have 85% of its roads in good condition, i.e., in State 1 and 2.

The corresponding average cost of action on each state is presented in Table 2. Based
on actual field practice and unit rates, the estimated average cost of applying that specific
repair method is calculated. For example, if patching is used to address localized distress
in State 2 pavement segments, the average repair volume is first estimated for pavements
in that state. For a representative segment, the corresponding repair cost is calculated
based on the expenses associated with patching activities, including materials, labor, and
equipment. This unit cost is subsequently multiplied by the state vector proportion to
obtain the total repair cost for all pavements in that state.

Table 2. Repair action cost per segment in US Dollars.

State Cost for No Patchin Partial Full Light
Repair 8 Overlay Overlay Rehabilitation
1 - 5.92 15.38 26.33 35.33
2 - 15.87 18.46 31.33 38.33
3 - 18.26 21.79 33.33 45.33
4 - 24.36 26.15 38.33 48.31
5 - 27.97 43.1 45.33 50.1
3. Results

The network condition state at the end of the 2022 fiscal year, as reported in the
inspection, was used to optimize the best repair policy for a five-year planning horizon, i.e.,
T =5 years. A five-year strategic planning horizon was chosen because the repair actions
are primarily based on surface conditions inspection rating (IRI). Interventions targeting
deeper structural health must be integrated after at least five years to incorporate more
substantial measures that do not rely solely on surface-level repairs.

The resulting deterioration and repair transitions, as discussed in Sections 2.1 and 2.2,
are presented in Sections 3.1 and 3.2, respectively. The repair selection optimization analysis
result is discussed in Section 3.3.



Sustainability 2025, 17, 10464

11 of 16

3.1. Deterioration Transition Result and Discussion

Addis Ababa has approximately 4800 km of road network, of which 1090 km, i.e.,
22% of the network, is flexible asphalt-paved roads. The dataset used for deterioration
estimation comprises 3034 pavement segments, representing approximately 150 km of
flexible asphalt roadway that were inspected in 2018 and 2019. The deterioration param-
eter B is obtained from 20,000 sample iterations of MCMC sampling. Subsequently, the
deterioration transition is calculated using Equations (3)—(6) as presented in Table 3.

Table 3. Deterioration transition.

Rating 1 2 3 4 5
1 0.531 0.337 0.1 0.024 0.008
2 0.532 0.308 0.109 0.051
3 0.446 0.309 0.245
4 0.325 0.675
5 1

The transition results indicate that pavement segments in Good condition states exhibit
higher resistance to deterioration, meaning they are more likely to remain in the same state
over the observation period (Z = 1 year). In contrast, segments in Poor or Bad condition
states show faster deterioration rates, reflecting their greater susceptibility to further decline
in condition within the same analysis period.

3.2. Repair Transition Result and Discussion

For the repair estimation, pavement segments with recorded repair actions were
analyzed using the repair timing (z1) and inspection intervals (z;) and as defined in
Equations (8)—(13). From the total of 3014 segments, 1577 repaired segments were utilized,
incorporating their respective repair types and timing information for this analysis. The
resulting repair transition probabilities for each repair action are summarized in Tables 4-7.

Table 4. Repair transition for patching action.

State 1 2 3 4 5
1 1 - - - -
2 0.98 0.02 - - -
3 - - 1 - -
4 - - - 1 -
5 - - - - 1

Table 5. Repair transition for Partial Overlay action.

State 1 2 3 4 5
1 1

2 -
3 - - 1 - -
4
5
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Table 6. Repair transition for Full Overlay action.
State 1 2 3 4 5
1 1 - - - -
2 0.36 0.64 - - -
3 0.25 0.64 0.11 - -
4 0.55 0.34 0.07 0.04 -
5 0.16 0.73 0.04 0.04 0.03
Table 7. Repair transition for Rehabilitation action.
State 1 2 3 4 5
1 1 - - - -
2 0.5 0.5 - - -
3 0.33 0.33 0.33 - -
4 0.58 0.16 0.13 0.13 -
5 0.66 0.1 0.08 0.08 0.08

For cases without data on Patching and Partial Overlay repairs corresponding to states
4 and 5, where no repair records were available, the non-parametric Dirichlet distribu-
tions representing the repair transitions produced equal transition probabilities across the
possible improved states, as no updating could occur due to the absence of data. These
distributions were then adjusted to a no-transition scenario by applying identity matrix
elements, implying that the pavement state remained at least unchanged after repair.

Similarly, for states 2 and 3, where Light Rehabilitation repairs were not observed, the
Dirichlet distributions yielded equal probabilities of transitioning to better states. However,
using identity matrices for these cases was considered unrealistic, as light Rehabilitation
repairs are expected to definitively improve pavement conditions, at least to the extent that
the equal transition distribution generated by the Dirichlet process is consistent.

The repair transition analysis reveals counterintuitive findings regarding the effective-
ness of different repair actions across pre-repair condition states. Interestingly, patching,
typically considered a localized and minor treatment, exhibited the most potent recovery
effect from all other repairs when the pre-repair condition was state 2, with 98% of the
segments transitioning to State 1 and only 2% remaining in State 2.

Similarly, partial overlay demonstrated its highest improvement potential compared
to Full overlay and Light rehabilitation for pavements in state 2, where 86% of the segments
were re-covered to state 1, and 14% remained in state 2.

As anticipated, Light Rehabilitation produced the most comprehensive improvement
compared to all repair types for severely deteriorated pavement states (State 3 and above).
Segments initially in state 5 exhibited substantial recovery, with 66% improving to state
1. In comparison, state 4 improved predominantly to state 1 (58%) and state 2 (16%),
confirming the high restorative capability of Light Rehabilitation treatments in restoring
severely damaged pavements to near-optimal conditions.

3.3. Optimized Repair Policy

The optimization was performed for a network of 3014 segments from inspection in
2022. The inspection condition on the network is then aggregated to give the initial state
network at time t = 0 in Table 8. The planning Horizon for optimization is taken to be
5 years.
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Table 8. Initial condition state vector.
State 1 2 3 4 5
Proportion
of the 0.16 04 0.24 0.12 0.08
network

The RMMS manual recommends maintaining road serviceability at a roughness level
below 3, thereby keeping 85% of the road network in good (state 2) or very good (state
1) condition. The proposed Markov Decision Process (MDP) for 3031 segments (1105
km road network) was executed under an annual budget constraint of $2.5 million USD,

applied through a fixed budget condition and a penalty for the shortfall in serviceability.

For each condition state 7, the repair decision R?j and treatment proportion p(X;) € [0, 1]

were selected to maximize the expected network serviceability while satisfying the budget

constraint

The solution employed a single-step lookahead optimization with a greedy contin-

uous knapsack allocation that iteratively selected repair fractions based on the marginal

improvement in serviceability per unit cost. This procedure allowed dynamic allocation of

limited funds across condition states and repair types, generating realistic percentage-based

treatment plans and cost expenditures presented in Tables 9 and 10, respectively

Table 9. Selected repair action for each year.

State Year 1 Year 2 Year 3 Year 4 Year 5
Action Action Action Action Action
1 Patching Patching Patching Patching Patching
2 Patching Patching Patching Patching Patching
3 Full Full Full Full Full
Overlay Overlay Overlay Overlay Overlay
4 Full Full Full Full Full
Overlay Overlay Overlay Overlay Overlay
5 Rehabilitation Rehabilitation Rehabilitation Rehabilitation Rehabilitation
Table 10. Budget Expenditure and improved Desired state share (state 1 and state 2).
Year 1 Year 1 Year 1 Year 1 Year 1
State Action Treated Treated Treated Treated Treated
Network Network Network Network  Network
% % % % %
1 Patching 0 0 0 0 0
2 Patching 100 100 100 100 100
3 Full 70.5 100 100 100 100
Overlay
4 Full 100 100 100 100 100
Overlay
Light
5 Rehabili- 0 65.9 100 100 100
tation
Achieved
Statel 2 Share (%) 65.7 74.9 79.7 80.9 81.2
Expenditure (USD) 2,500,000 2,500,000 2,285,107 1,954,323 1,881,088

Total 5 Years = 11,120,518 USD
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Over the five-year horizon, the optimized plan consistently prioritized patching for
state 2, full overlay for states 3 and 4, and selective rehabilitation for state 5, reflecting both
cost-effectiveness and practical implementation patterns. Network serviceability improved
from 65.7% in Year 1 to 81.2% in Year 5, with a total expenditure of approximately USD
11.12 million. The MDP model excluded the Partial Overlay action across all states due to
its low cost-efficiency, favoring treatments that delivered greater long-term benefits per
unit cost.

Integrating stochastic repair-effect estimations derived from historical data enhanced
the realism and sustainability of the optimization framework by capturing the variability
of repair outcomes observed in practice. This probabilistic representation yielded more
accurate estimates of treatment efficiency and mitigated the systematic bias inherent in
deterministic assumptions. Despite all treatable states being repaired in later years, network
serviceability stabilized at around 81%, indicating that surface-level treatments had reached
their practical limit of improvement. This stabilization highlights the inherent variability in
repair effectiveness and suggests that achieving the authority’s 85% service-ability target
would require deeper structural interventions beyond surface maintenance.

Even with full budget utilization, complete (100%) recovery remained unattainable.
This highlights the uncertainty and overoptimism inherent in the deterministic restoration
approach commonly employed by the agency, which assumes full recovery regardless
of treatment type or pre-repair condition. Under this assumption, network performance
is overestimated by approximately 19%, suggesting that the agency’s reliance on fixed
restoration effects may have resulted in inflated estimates of repair efficiency and network
achievement.

4. Conclusions

We developed a pavement management framework that integrated stochastic repair-
effect estimation within a Markov Decision Process (MDP) to optimize network-level
sustainable repair planning. Unlike most PMS approaches that assume uniform repair
outcomes, the proposed model captures the probabilistic variability of repair performance
derived from historical inspection and repair data. This probabilistic formulation enables
road agencies to assess repair outcomes more realistically, thereby improving the efficiency
of maintenance investments and extending the service life of pavement networks.

Applying the framework to the Addis Ababa urban road network demonstrated
that incorporating empirically estimated stochastic repair transitions leads to more cost-
effective and performance-consistent repair strategies. The optimized five-year repair
policy maintained up to 81% of the network in Good or Very Good condition within the
available annual budget, indicating that surface-level treatments alone cannot achieve the
full serviceability target without structural interventions. These results underscore the
importance of data-driven and evidence-based decision-making in achieving sustainable
infrastructure management through optimal resource allocation, minimizing maintenance
waste, and prolonging pavement functionality.

Overall, the primary contribution of this research lies in integrating probabilistic
repair effects and stochastic deterioration processes within an operational MDP framework,
providing an adaptive planning tool for sustainable pavement networks under financial
and performance constraints.

Author Contributions: Conceptualization, all authors. Methodology, all authors; software, all
authors; validation, all authors; data curation, B.M.A.; writing—original draft preparation, BM.A.;
writing—review and editing, all authors. All authors have read and agreed to the published version
of the manuscript.



Sustainability 2025, 17, 10464 15 of 16

Funding: This research was funded by the Japan International Cooperation Agency (JICA), Core
Human Resource Development for Road Asset Management (JFY2021-2023).

Institutional Review Board Statement: Not applicable.
Informed Consent Statement: Not applicable.

Data Availability Statement: Data used in this study are available from the corresponding author
upon reasonable request.

Acknowledgments: The authors have reviewed and edited the output and take full responsibility for
the content of this publication.

Conflicts of Interest: The authors declare no conflicts of interest.

References

1.  Pedigo, R.; Roberts, FL.; Hudson, W.R.; Haas, R.C.G. Pavement management: The network-level decision process. Transp. Res.
Rec. 1980, 766, 1.

2. Li, N; Xie, W.-C.; Haas, R. Investigation of Relationship between Deterministic and Stochastic Optimization Models for Pavement
Management. Transp. Res. Rec. 1996, 1524, 180-188. [CrossRef]

3. Labi, S.; Sinha, K.C. Life-Cycle Evaluation of Flexible Pavement Preventive Maintenance Treatments. J. Transp. Eng. 2005, 131,
644—653. [CrossRef]

4. Abaza, K.A. Performance-Based Models for Flexible Pavement Structural Overlay Design. J. Transp. Eng. 2005, 131, 149-159.
[CrossRef]

5. Peshkin, D.G.; Hoerner, T.E.; Zimmerman, K.A. Optimal Timing of Pavement Preventive Maintenance Treatment Applications; NCHRP
Report 523; Transportation Research Board: Washington, DC, USA, 2004.

6.  Durango, P.; Madanat, S.M. Optimal Maintenance and Repair Policies under Uncertain Facility Deterioration Rates: An Adaptive
Control Approach. Transp. Res. Part A Policy Pract. 2002, 36, 763-778. [CrossRef]

7. Shahin, M.Y. Pavement Management for Airports, Roads, and Parking Lots; Springer: New York, NY, USA, 2005.

8. Ahmed, S.M.; Abdel-Wahed, T.A.; Othman, A.M. Investigating the Effect of Corrective Maintenance on the Pavement Life
Cycle and the Optimal Maintenance Strategies. In Proceedings of the 19th COTA International Conference of Transportation
Professionals (CICTP 2019), Nanjing, China, 6-8 July 2019; American Society of Civil Engineers (ASCE): Reston, VA, USA, 2019;
PP- 2296-2308. [CrossRef]

9. Mohamed, A.S.; Xiao, F.; Hettiarachchi, C. Project-Level Management Decisions in Construction and Rehabilitation of Flexible
Pavements. Autom. Constr. 2022, 133, 104035. [CrossRef]

10. Tsuda, A.; Uchimura, M.; Hashimoto, H. Estimating Markovian transition probabilities for bridge deterioration forecasting.
Struct. Saf. 2006, 28, 276-287. Available online: https:/ /www.researchgate.net/publication/250149133_Estimating_Markovian_
transition_probabilities_for_bridge_deterioration_forecasting (accessed on 18 November 2025). [CrossRef]

11. Han, D.; Kaito, K.; Kobayashi, K. Application of Bayesian Estimation Method with Markov Hazard Model to Improve Deteriora-
tion Forecasts for Infrastructure Asset Management. KSCE J. Civ. Eng. 2014, 18, 2107-2119. [CrossRef]

12.  Kaito, K.; Kobayashi, K.; Le Thanh, N. A Bayesian Estimation Method to Improve Deterioration Prediction for an In-
frastructure System with a Markov Chain Model. Int. . Archit. Eng. Constr. 2012, 1, 1-13. Available online:
https:/ /namkyodai.github.io/publication/kobayashi2012/ (accessed on 18 November 2025).

13. Kaito, K.; Kobayashi, K.; Kamiya, K.; Shin, Y. Evaluation of Deflection Recovery by Layer-Based Repair Considering Deterioration
and Recovery Process. J. Jpn. Soc. Civ. Eng. Ser. A1 2022, 78, 22-00130. [CrossRef]

14. Mandiartha, P; Duffield, C.F; Razelan, .5.M.; Ismail, A.H. Pavement Maintenance Optimization Model Using Markov Decision
Processes. J. Phys. Conf. Ser. 2017, 890, 012104. [CrossRef]

15.  Guignier, F.; Madanat, S. Optimization of Infrastructure Systems: Maintenance and Improvement Policies. Transp. Res. Circ. 2007,
498, 27. Available online: https://onlinepubs.trb.org/Onlinepubs/trcircular/498V1/498V1-027.pdf (accessed on 18 November
2025). [CrossRef]

16.  Van der Weijde, A.H. Probabilistic Markov Decision Process-Based Road Maintenance Policy Optimization. Ph.D. Thesis, Delft
University of Technology, Delft, The Netherlands, 2013.

17.  Yao, L.; Dong, Q.; Jiang, J.; Ni, F. Deep Reinforcement Learning for Long-Term Pavement Maintenance Planning. Comput. Aided
Civ. Infrastruct. Eng. 2020, 35, 1230-1245. [CrossRef]

18.  Wang, K.C.P; Zaniewski, J.; Delton, J. Analysis of Arizona Department of Transportation’s New Pavement Network Optimization

System. Transp. Res. Rec. 1994, 1455, 91-100. Available online: https:/ /onlinepubs.trb.org/Onlinepubs/trr/1994 /1455 /1455-
012.pdf (accessed on 18 November 2025).


https://doi.org/10.1177/0361198196152400121
https://doi.org/10.1061/(ASCE)0733-947X(2005)131:10(744)
https://doi.org/10.1061/(ASCE)0733-947X(2005)131:2(149)
https://doi.org/10.1016/S0965-8564(01)00038-6
https://doi.org/10.1061/9780784482292.201
https://doi.org/10.1016/j.autcon.2021.104035
https://www.researchgate.net/publication/250149133_Estimating_Markovian_transition_probabilities_for_bridge_deterioration_forecasting
https://www.researchgate.net/publication/250149133_Estimating_Markovian_transition_probabilities_for_bridge_deterioration_forecasting
https://doi.org/10.2208/jsceseee.23.241s
https://doi.org/10.1007/s12205-012-0070-6
https://namkyodai.github.io/publication/kobayashi2012/
https://doi.org/10.2208/jscejj.22-00130
https://doi.org/10.1088/1742-6596/890/1/012104
https://onlinepubs.trb.org/Onlinepubs/trcircular/498V1/498V1-027.pdf
https://doi.org/10.1061/(ASCE)1076-0342(1999)5:4(124)
https://doi.org/10.1111/mice.12558
https://onlinepubs.trb.org/Onlinepubs/trr/1994/1455/1455-012.pdf
https://onlinepubs.trb.org/Onlinepubs/trr/1994/1455/1455-012.pdf

Sustainability 2025, 17, 10464 16 of 16

19.

20.
21.

22.

23.

24.

Hastings, W.K. Monte Carlo Sampling Methods Using Markov Chains and Their Applications. Biometrika 1970, 57, 97-109.
[CrossRef]

Robert, C.; Casella, G. Monte Carlo Statistical Methods, 2nd ed.; Springer: New York, NY, USA, 2004; pp. 291-315.

Geweke, J. Evaluating the Accuracy of Sampling-Based Approaches to Calculating Posterior Moments. In Bayesian Statistics 4;
Bernardo, ].M., Berger, J.O., Dawid, A.P., Smith, A.EM., Eds.; Oxford University Press: Oxford, UK, 1992; pp. 169-193.

Gelman, A.; Carlin, J.B.; Stern, H.S.; Dunson, D.B.; Vehtari, A.; Rubin, D.B. Bayesian Data Analysis, 3rd ed.; CRC Press: Boca Raton,
FL, USA, 2013; pp. 541-547.

Addis Ababa City Roads Authority. Addis Ababa City Road Asset Management Manual (RMMS); AACRA: Addis Ababa, Ethiopia,
2018; Volume 1.

Addis Ababa City Roads Authority. Addis Ababa City Road Asset Management Manual (RMMS); AACRA: Addis Ababa, Ethiopia,
2018; Volume 2.

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.


https://doi.org/10.1093/biomet/57.1.97

	Introduction 
	Methods 
	Transition Model (MTP) for Deterioration Estimation 
	Repair Transition (Repair Effect Model) 
	Stochastic Deterioration and Repair Effect Integrated MDP Framework 
	Network State Representation 
	Partial-Treatment Variable 
	Network Transition Process 
	Repair Cost and Budget Constraint 
	Optimization Objective 

	Empirical Application Setup 

	Results 
	Deterioration Transition Result and Discussion 
	Repair Transition Result and Discussion 
	Optimized Repair Policy 

	Conclusions 
	References

