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Abstract: The United States National Bridge Inventory (NBI) records element-level condition ratings on a scale of 0 to 9, representing failed to excellent conditions. Current bridge management systems apply Markov decision processes to find optimal repair schemes given the condition ratings. The deterioration models used in these approaches fail to consider the effect of structural age. In this study, a condition-based bridge maintenance framework is proposed where the state of a bridge component is defined using a three-dimensional random variable that depicts the working age, condition rating, and initial age. The proportional hazard model with a Weibull baseline hazard function translates the three-dimensional random variable into a single hazard indicator for decision-making. To demonstrate the proposed method, concrete bridge decks were taken as the element of interest. Two optimal hazard criteria help select the repair scheme (essential repair, general repair, or no action) that leads to minimum annual expected life-cycle costs.
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1. Introduction
Maintenance management plays an essential role in bridge life-cycle engineering. Prior to 1970, bridge managers performed need-based maintenance schemes, relying on expert opinions from experienced engineers [1]. Lessons from bridge failures brought the need for condition-based preventive maintenance to the forefront. Evaluating bridge maintenance policies requires temporal deterioration models. Deterministic deterioration models rely on physics-based calculations or experimental results. Chloride-induced corrosion models for reinforcement bars, for example, use the deterministic approach [2-4]. Compared with probabilistic models, deterministic models provide more details about structural deterioration and allow engineers to consider specific failure modes [5, 6]. Nevertheless, such models often require various bridge-specific variables, determined through testing and meticulous analysis [7, 8]. Therefore, probabilistic models, where the Markov property is used to describe the temporal condition rating of bridges, are more suitable for bridge fleet management [9-11]. Condition ratings such as those recorded in the U.S. National Bridge Inventory (NBI) comprise the initial input parameters in probabilistic models. 
The NBI records component-level condition ratings based on routine inspections conducted every two years [12]. The Federal Highway Administration primarily makes bridge maintenance and budgeting decisions based on the NBI data. In the 1980s, bridge management systems, such as Pontis and BRIDGIT [13], emerged as viable tools for planning and optimizing bridge management decisions, which use qualitative approaches [14, 15]. The NBI condition ratings are integers ranging from 9 (excellent) to 0 (failed) [16], which can be grouped into three categories – good (7 ~9), fair (5 ~ 6), and poor (0 ~ 4) conditions. Bridge decks, for example, are in relatively worse conditions in the northern states than in southern states (Figure 1), probably due to harsher climate conditions and corrosion-induced deterioration. 


Figure 1. Bridge deck condition ratings for key U.S. states; an illustrative example of component-level NBI data based on inspections performed in 2020 [17]
Lower condition ratings signify poor structural condition, resulting in higher failure probabilities and higher expected operational costs. Both Pontis and BRIDGIT adopt discrete Markov chains [18]. These systems formulate a reinforcement learning algorithm via Markov decision processes (MDP) to find optimal maintenance policies given Markov chain models of the bridge degradation. The outcomes confirm that each condition state has a unique optimal maintenance scheme [19]. Ideal maintenance policies seek to minimize the expected annual cost while maintaining the bridge in acceptable conditions.
Real bridge deteriorations, however, violate the Markov property. Discrete Markov chains have constant transition probabilities between different states, which fail to consider the effect of time and factors such as traffic volume, structural type, and environmental conditions that may affect the bridge degradation rate [20]. The use of a constant transition probability matrix implies that the deterioration rate does not vary with time. Yet, aging bridges tend to have higher degradation rates despite regular maintenance. To overcome this limitation, previous studies have developed alternative models based on Markovian assumptions. Scherer et al. [21] used an augmented bridge states approach by combining current and previous-year condition ratings to predict future bridge states. Madanat et al. [22] developed a Markov chain with condition ratings obtained through linear regression of associated environmental variables. Lee et al. [23] presented a back-propagation neural network model to establish correlations between condition ratings and historical environmental variables from a small inspection database. Zhang et al. [24] used random transition probabilities in their Markov chain. Morcous [25] applied Bayes’ rule to adjust the transition probability matrices for single-span highway bridges based on inspection data. In lieu of bridge condition ratings, Bocchini’s Markov chain [26] simulated the in/out-of-service and maintenance states throughout the bridge lifetime. Several researchers [27-29] investigated the time a bridge is expected to spend at a state before transitioning to another state (i.e., sojourn time). They created semi-Markov models by including sojourn time in the calculation of transition probabilities [27, 30]. Other studies [28, 29] argued that Weibull distribution is a better fit for sojourn time distributions. However, all previous methods fail to incorporate the temporal increase in the rate of structural deterioration.
The method presented here uses compound states, defined by a three-dimensional variable that combines time and condition rating, to describe the condition of a specific bridge component. This study is based on the NBI data and focuses specifically on concrete bridge decks due to their important role in supporting traffic loads and their susceptibility to deterioration. We expect the general procedure to be very similar using other condition rating databases and for other bridge components. The decision-making process is based on bridge deck hazard levels, calculated using a proportional-hazard model with a Weibull baseline hazard function (WPHM) [31]. The paper is organized as follows: Section 2 proposes the Markov model defined by time and condition rating compound states; Section 3 introduces the proportional-hazard model (PHM); Section 4 derives the methodology for optimizing bridge maintenance policies based on the WPHM; Section 5 demonstrates the methodology using an illustrative example of a bridge deck in New York state; and finally, Section 6 summarizes key findings.

2. [bookmark: _Hlk48126175]Compound states
[bookmark: _Hlk48126917]Since time is a continuous variable, it must be discretized to match the proposed discrete Markov model. In the U.S., routine inspections are conducted every two years, which means in a given planning horizon (denoted by N), the bridge deck age at the nth inspection is its age at the beginning of the planning horizon, denoted by IA, plus 2n. The compound state space of bridge decks can then be defined as S = S1∪S2, where:
· S1 = {(n, CR, IA)| n ∈ ℤ ≥ 0, CR∈{3, 4, …, 9}, IA∈ℤ ≥ 0} is the set of states for in-service decks. n means the nth inspection. CR is deck condition rating at the nth inspection. Initial age, IA, is the age at the beginning of the planning horizon and accounts for the bridge history effect. IA would be zero if the deck has just been replaced.
· S2 = {F | CR∈{0, 1, 2}} is the deck failure state. In this model, we consider the deck to have effectively failed if it must be replaced, which corresponds to a CR of 0 (failure), 1 (imminent failure), or 2 (critical condition) [16].

3. The proportional hazard model (PHM)
[bookmark: _Hlk48134621]Direct use of compound states is an ineffective way to convey maintenance policies to bridge managers and decision makers. For example, existing bridge management methods recommend performing preventative repairs for a bridge deck if its condition rating is equal to 5. The equivalent recommendation using compound states would involve specifying a series of states (for instance, perform repairs at states (0, 5, 10), (1, 5, 10) and (2, 5, 10)), which is confusing and overwhelming. A clearer approach to interpreting the optimal policy is to use a model to combine the three parameters in compound states into a single index.
The probability of a structure surviving beyond time t is given by its survival function , where the non-negative value  is the survival time (or the time of failure). The probability of failure is higher for older structures. The hazard function, h(t), describes the temporal failure rate of a structure, and is defined as the instantaneous failure probability conditional on the structure surviving beyond time t [32]:
	
	(1)


where  is the failure probability density function. However, this definition only reflects the time factor. Factors such as design specifications, structural health condition, and maintenance history also affect hazard levels [33].
PHM uses a more realistic and holistic definition of hazard, which combines the effects of time and other factors [34]:
	
	(2)


In this definition, x is the vector of covariates; γ is the vector of regression coefficients; h0(t) is the baseline hazard function (i.e., sans the effect of covariates). Covariates can be constants, random variables or time-dependent values [35]. Fully parametric PHMs specify h0(t) parametrically (e.g., the Weibull hazard function), whereas semi-parametric PHMs do not specify h0(t) [36]. Maximum likelihood estimation (MLE) can obtain the parameters of both fully parametric and semi-parametric PHMs [37]. The Kolmogorov–Smirnov test can examine the goodness-of-fit [38]. Replacing S(t) in Equation (1) by S(t,x), the corresponding PHM survival function becomes:
	
	(3)


This survival function serves as a single indicator that combines the three parameters of the compound states, which simplifies the decision-making policy recommendations.

4. The Weibull proportional hazard model (WPHM)
[bookmark: _Hlk48134590][bookmark: _Hlk48137519]Owing to its flexibility, the Weibull distribution is widely used in reliability engineering [39-41]. Shape (β) and scale (η) parameter adjustments allow it to take on the characteristics of a diverse range of distributions including exponential distributions and bell-shaped curves. We use the WPHM (i.e., PHM with a Weibull distribution as the baseline hazard function) with two covariates - deck condition rating (CR) and initiation age (IA) - to describe the temporal hazard of a bridge deck:
	
	(4)


The condition rating, CR, is modeled as a random variable by a Markov chain with transition probabilities pij. The initial age, IA, becomes zero if CR ≤ 2.
Given that CR decreases over time, we use a two-dimensional random variable denoted by zt = (t, CR). The joint annual transition probability of zt from year k with CR of i to year (k+1) with CR of j is given by:
	


	(5)


Given that CRs remain constant each year and can take on values between 3 and 9 for in-service bridges, the annual transition probabilities Λij(k) can be denoted by a 7×7 matrix Λ(k). For an in-service bridge deck in year k of the planning horizon N, with a current CR of i, the failure probability in year (k+1) is:
	
	(6)


The transition probability matrix, D, of zt over the planning horizon N is given by [42]:
	
	(7)


Summarizing the matrix D as having four components:
	
	(8)


[bookmark: _Hlk48173877]Hence, for an in-service bridge deck in year k of the planning horizon N, with a current CR of i, the survival probability in the next r years is:
	
	(9)


[bookmark: _Hlk48173887][bookmark: _Hlk69254246]where π(k,i) is a row vector with length 7×N, and the (7k+(10-i)) element is equal to one and all other elements are zero. R(r|k,i) will play an essential role in the content presented in the following sections.

5. [bookmark: _Hlk34830333]Maintenance optimization framework
5.1.  Simplifying assumptions
Bridge deck maintenance involves various inspections and repair schemes. We made the following simplifying assumptions: (1) inspections take negligible time and cost less than the required repairs; (2) condition ratings provided by inspectors are accurate; (3) deck repair schemes can be roughly simplified into two categories – general repair and essential repair – depending on their effects and unit costs (justified in Section 6.2); (4) decisions are made immediately after each inspection and maintenance commences shortly after; (5) failed decks must be replaced; and (6) no action is required if the deck condition rating is 9 (excellent).

5.2.  Decision-making logic
The proposed maintenance management process is similar in concept to a control chart (Figure 2). Δ is the routine inspection interval. Each inspection results in a deck hazard value, represented by small crosses. The two hazard thresholds, L1 and L2, help decision makers identify the optimal repair scheme, minimizing total costs for the remaining planning horizon. 
The maintenance scheme is denoted by a ∈ A = {1 (no action), 2 (general repair), 3 (essential repair), 4 (replacement)}. Table 1 summarizes the associated costs. The costs of bridge deck inspections, general repairs, essential repairs, and replacement are denoted by CI, CGR, CER, and CF, respectively. General repairs increase the deck CR to a random positive integer. Essential repairs restore the deck CR to 8 or 9 through major retrofitting or preventative replacement of partial components. Out-of-service decks (CR < 3) become new (CR = 9) once replaced. Deck failure usually leads to bridge closure, which causes traffic detours that prolong travel time and increase fuel consumption [43]. Also, essential repairs require more resources and time than general repairs. Therefore, CF > CER > CGR> CI.

[image: ]
Figure 2. The proposed optimal maintenance management scheme resembles a control chart
Table 1. Relevant costs within the decision-making framework
	Bridge Deck State
	Hazard Threshold
	Required Maintenance Scheme
	Cost

	[bookmark: _Hlk79233417]S1
	h(t, CR, IA) ≤L1
	No action (a = 1)
	CI

	
	L1< h(t, CR, IA) ≤L2
	General repair (a = 2)
	CI + CGR

	
	h(t, CR, IA) > L2
	Essential repair (a = 3)
	CI + CER

	S2
	Not in service
	Replacement (a = 4)
	CF



5.3. [bookmark: _Hlk69255275] Transition probabilities between compound states
At the nth inspection,transition probabilities between compound states, from state iS∈S to state jS∈S conditional on maintenance scheme a are obtained as follows:
For in-service bridge decks, where iS = (n, i, ζ):
1) If the corresponding hazard is h(t, x) = h(nΔ, CR = i, IA = ζ)≤L1, no action is performed, and: 
i. If the bridge deck does not fail before the next inspection, the probability that its state will transition to state jS = (n+1, j, ζ) is:
	
	(10)


ii. If the deck fails before the next inspection, the transition probability to the failure state is:
	
	(11)


2) If L1＜h(nΔ, CR = i, IA = ζ)≤L2, a general repair is performed, and:
i. If the deck does not fail before the next inspection, then, the deck state will transition to jS = (n+1, j, ζ) with probability:
	
	(12)


where rij is the probability that the deck condition rating is increased from i to j as a result of the general repair. 
ii. If the deck fails before the next inspection, the transition probability to the failure state is:
	
	(13)


3) If h(nΔ, CR = i, IA = ζ) > L2, an essential repair is performed, and the deck state will transition to jS = (n+1, j, ζ) with probability 1:
	
	(14)


4) For out-of-service decks, where iS = F, the deck must be replaced, and:
	
	(15)


The remaining transition probabilities are equal to zero.

5.4. [bookmark: _Hlk48173096] Costs associated with compound states
For each bridge deck state iS, the expected cost of maintenance scheme a (denoted as ) comprises the expected maintenance and inspection costs.
1) [bookmark: _Hlk48147410]For in-service bridge decks in state iS = (n, i, ζ), if the corresponding hazard is h(nΔ, CR = i, IA = ζ)≤L1, the expected cost in the next inspection interval is:
	
	(16)


2) If iS = (n, i, ζ) and L1< h(nΔ, CR = i, IA = ζ)≤L2, the expected cost in the next inspection interval is the sum of the general repair cost and the inspection cost, which is denoted as:
	
	(17)


3) If iS = (n, i, ζ) and h(nΔ, CR = i, IA = ζ) >L2, the expected cost is the essential repair cost and the inspection cost:
	
	(18)


For out-of-service decks, where iS = F, the expected cost is the replacement cost:
	
	(19)



5.5. [bookmark: _Hlk69255115] The optimal maintenance schemes
MDPs enable optimal decisions on maintenance policies. The proposed compound state Markov chains have a much larger state space than the traditional Markov chains of condition ratings only. To solve the resulting MDP, Dynamic Programming - including Policy Iteration and Value Iteration - was used, which is faster and more efficient than linear programming. Policy Iteration usually handles infinite-horizon problems, whereas Value Iteration can deal with both finite and infinite-horizon problems [44]. Maintenance of a bridge fleet has a finite planning horizon. Hence, the Value Iteration is more consistent with this scenario. We obtain the minimal total expected maintenance cost by iteratively solving the following backward Bellman equation [44]:
	

	(20)


where Vm(iS), associated with the optimal action, is the minimal total expected cost with m periods left in the planning horizon when the current deck state is iS∈S; V0(jS) is the terminal cost incurred when the deck state becomes state jS∈S; and δ is the discount factor. The minimal annual expected maintenance cost is Vm(iS)/(mΔ). The hazard thresholds L1 and L2 (see Figure 2) correspond to minimum hazard levels for which the optimal actions are general repair and essential repair, respectively. 

6. Illustrative example
This section demonstrates the proposed framework using an example bridge in New York state. The 2020 NBI lists 15,847 bridges located in New York state [17]. 62% of New York bridges are made of steel (mainly stringer/multi-beam or girder bridges), 84% of which have concrete decks (Figure 3). Therefore, we focused on concrete decks on steel bridges. A unique Markov model describes the deterioration process of this type of deck, but each bridge has its own maintenance policy.

Figure 3. The illustrative example focuses on steel bridges with concrete decks as this is the most prevalent bridge type in New York state

6.1. [bookmark: _Hlk69287882] Estimating and validating model parameters
[bookmark: _Hlk48145970]We model the deck deterioration process by estimating the transition probabilities of deck condition ratings, pij, and the parameters of the WPHM. In New York state, there are 8162 steel bridges with concrete decks. To evaluate the deterioration model, we randomly split the bridges into training and testing sets with a split ratio of 9:1 and then performed a 10-fold cross validation as shown in Figure 4. The testing set, which is “unseen” by the model, evaluates the model accuracy. Each fold was used exactly once as the testing set, and the results average was used as a single validation estimate.


Figure 4. Cross validation of deterioration and cost models

MLE was used to determine transition probabilities and the WPHM parameters. Table 2 shows the transition probabilities, pij, of transitioning from deck conditions in a given year (CR = i) to that of the next year (CR = j). The WPHM parameters are: β = 1.55, η = 0.61, γ1 = -2.81, and γ2 = 0.03. In Weibull hazards, η must be positive, and β > 1 means that the hazard function monotonically increases with time, which is consistent with the increasing hazard of aging structures. The negative γ1 successfully confirms that a higher deck condition rating corresponds to a lower hazard, and the slightly positive γ2 correctly implies that a higher initiation age leads to a higher hazard, but that its impact is relatively small.


Table 2. Transition probability matrix of deck condition ratings, pij
	      j
  i
	9
	8
	7
	6
	5
	4
	3

	9
	0.861
	0.106
	0.028
	0.004
	0.001
	
	

	8
	
	0.892
	0.086
	0.018
	0.004
	
	

	7
	
	
	0.930
	0.059
	0.011
	
	

	6
	
	
	
	0.941
	0.055
	0.004
	

	5
	
	
	
	
	0.959
	0.040
	0.001

	4
	
	
	
	
	
	0.982
	0.018

	3
	
	
	
	
	
	
	1



Figure 5a illustrates the process of evaluating the transition probabilities. For each bridge in the testing set (blue), the observed condition rating sequence was broken into sub-sequences at maintenance interventions. For the example in Figure 5a, the improved condition rating in 2006 implies that there must have been a repair in 2005, so the sequence was split at the beginning of 2006. For each sub-sequence, the first condition rating was taken as given information and the rest were predicted. Figure 5b presents the histogram of discrepancies between predicted and observed condition ratings for the entire testing set. Smaller differences imply more accurate pij estimates. The narrow and symmetric histogram confirms reasonable (±1 for 89.4% of the bridges) accuracy when predicting future deck condition ratings using the estimated transition probabilities.

[image: Timeline
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(a)


(b)
Figure 5. For each bridge in the training set, the observed condition rating sequence was (a) broken into sub-sequences at maintenance interventions and the transition probabilities, pij, were evaluated by calculating the (b) difference between predicted and observed condition ratings.

Figure 6 compares WPHM-based failure predictions with observed failure records. The Kaplan–Meier curve (solid blue line) [45], describing the relation between cumulative failure probability and time, was obtained using the observations prior to failure, of which there were 17 instances in the testing set. The cumulative failure probabilities for the bridge deck testing set obtained through the WPHM are within the 95% confidence interval (dotted blue line), calculated by Equation (4) with the parameters estimated in Section 6.1.


Figure 6. Cumulative failure probability calculated by the WPHM fits observed failure records

6.2. [bookmark: _Hlk69288437] Determining the effects and costs of repairs
NBI records, for steel bridges in New York with concrete decks, indicate 4,316 instances of deck rehabilitation (NBI item 75 - Type of Work: Code 36 [16]). Histograms of upgraded deck conditions after rehabilitation (repair) measures given prior CRs of 3, 4, 5, 6 or 7 (Figure 7) have obvious bowl-shaped profiles: two peaks appear at condition ratings i+1 and 9. These polarized repair effects imply that there are at least two repair types – general repair and essential repair. Essential repairs significantly restore the CR (to 8 or 9), whereas general repairs only slightly improve the CR. We summarized the effects of general repair (Table 3) and essential repair (Table 4) based on the following qualitative classification drawn from Figure 7:
· If the prior condition rating i is 3 or 4, the post-general repair condition rating j can be i+1 to 7, whereas an essential repair can restore the condition rating to 8 or 9.
· If i equals 5, 6, or 7, only j = 9 is attributed to essential repair, and the rest are attributed to general repair.

Figure 7. Survey of upgraded deck condition rating j, conditional on prior condition rating i

Table 3. Effects of general repair on deck condition rating
	 j
 i
	9
	8
	7
	6
	5
	4

	9
	
	
	
	
	
	

	8
	
	
	
	
	
	

	7
	0.2
	0.8
	
	
	
	

	6
	
	0.12
	0.88
	
	
	

	5
	
	0.12
	0.17
	0.71
	
	

	4
	
	
	0.04
	0.14
	0.82
	

	3
	
	
	0.01
	0.02
	0.13
	0.83






Table 4. Effects of essential repair on deck condition rating
	   j
 i
	9
	8

	5 — 8
	1
	-

	4
	0.72
	0.28

	3
	0.84
	0.16



Both general and essential repairs may involve several types of work with different costs. Two approaches can help determine the repair costs:
· Expert opinion - Experienced engineers can estimate average costs for different repair procedures and decide which ones to use in the planning horizon.
· Data-driven estimations - The NBI records indicate that the costs of deck rehabilitation have an approximately linear relation to the total deck area under repair. Figure 8 shows the linear regression of repair costs for decks with CR = 4, expressed as c = φA where c is the cost of repair (general or essential), φ is the unit repair cost, and A is the deck area under repair. We applied linear regression on the training sets (dark blue) and then calculated R2 values of the testing sets with respect to the linear fits of the training sets (c = 1.3A for general repair and c = 3.7A for essential repair). The orange R2 values are reasonably high (0.849 for general repair and 0.877 for essential repair). Table 5 lists the unit repair cost for each condition rating. This estimation approach may be used in the absence of real cost information or expert opinion, which was the case in this study.

                     a)                                          b)
[bookmark: _Hlk67959227]Figure 8. Both a) general repair and b) essential repair costs are approximately proportional to deck area under repair

Table 5. Unit repair cost φ when prior condition rating is i
	i
	7
	6
	5
	4
	3

	General repair cost ($/m2)
	1190
	1080
	1190
	1300
	1140

	Essential repair cost ($/m2)
	3560
	3530
	3780
	3710
	3500



[bookmark: _Hlk69291367]Deck failure costs include deck replacement cost ($4500 per m2 obtained from linear regression on NBI records of replaced decks) and indirect costs owing to traffic detour. The annual detour cost, DC, was determined as:
	
	(22)


where, ADT is the average daily traffic volume on the bridge (NBI item 29); αc and αt represent the percentage of cars and trucks, respectively (NBI item 109); FCc is the average fuel consumption of a car, assumed to be 10 L/km; FCt is the average fuel consumption of a truck, assumed to be 40 L/km; DL is the detour length in km (NBI item 19); and, FP is fuel price, assumed to be $2.25 per gallon (https://www.nyserda.ny.gov).

6.3. [bookmark: _Hlk69291403][bookmark: _Hlk48146466]Evaluating past decisions
In this section, we explore the consequences of past decisions in hindsight through cost comparisons with hypothetical scenarios had the proposed model been implemented. For a given bridge, this evaluation involved three steps (Figure 9): (I) establishing the deterioration model (Section 5.3) as well as the repair and failure costs (Section 5.4); (II) obtaining the optimal maintenance actions a* for each year of the (past) planning horizon; and, (III) comparing the costs associated with actual (a0) and optimal (a*) maintenance decisions.
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Figure 9. Three-step evaluation of past maintenance policies

[bookmark: _Hlk48146347][bookmark: _Hlk48146409]The following demonstrates the evaluation procedure using an example steel bridge in New York (Figure 10). The selected bridge (# 000000001000240), built in 1933, spans 11.3 m and has a 10.1 m wide concrete cast-in-place deck, carrying two lanes of traffic. The latest inspection (in May 2020) rated the deck condition rating as 5 (fair condition); the average daily traffic volume is 4322 veh/d, 7% of which are trucks; the detour length for this bridge is 34 km long [17]. Using Table 5 and the bridge deck area, average general and essential repair costs were estimated at $135K and $413K, respectively. Deck replacement cost and the annual fuel cost due to traffic detour during replacement were estimated at $515M and $389M, respectively. The inspection cost was assumed to be $7K [46].
[image: A road with trees on the side
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Figure 10. Photograph of the bridge investigated (retrieved from https://www.google.ca/maps)

Table 6 summarizes the evaluation results for the years between 1992 and 2020 as the planning horizon. The first three columns from the left of the table are associated with the deck compound states, columns (4) and (5) present actual maintenance actions (a0) and optimal actions based on the proposed method (a*), respectively, followed by their corresponding costs in columns (6) and (7). The expected total life-cycle costs (ETLCC) in the remaining planning horizon are obtained from Equation (20) and include any corresponding repair costs. The expected annual life-cycle cost (EALCC) in the remaining planning horizon, calculated as ETLCC/(mΔ), are provided in columns (8) and (9) for the actual and optimal decisions, respectively. The average annual inflation rate was assumed to be 2.3%, and the costs in Table 6 are inflation-adjusted values in 2020. The actual and optimal maintenance actions differ in 8 out of 15 years in the selected planning horizon. Although the deck was already in poor conditions in 1992, no remedial repairs were performed until 1998. In this period, although the deck condition rating remained at 4, the EALCC increased by over 50%, denoting a significant age effect. The deck condition rating from 2004 to 2012 remained at 6, indicating fair conditions. General repair was the optimal choice, but no action was taken as the current bridge management system does not take the 59-year initiation age into account. Note that the EALCC did not rise significantly during this period, implying that for better deck conditions, the effect of age is less pronounced. Figure 11 shows the ETLCC between 1992 and 2020; costs were notably higher when necessary repairs were not implemented in a timely manner.
Table 6. Analysis of costs when taking real action and optimal action
	(1)
	(2)
	(3)
	(4)
	(5)
	(6)
	(7)
	(8)
	(9)

	Year
	Deck CR
	Deck IA
	Real action a0
	Optimal action a*
	Cost of taking a0 ($K)
	Cost of taking a* ($K)
	EALCC of taking a0 ($K)
	EALCC of taking a*($K)

	1992
	4
	59
	1
	3
	0
	424
	62.8
	20.9

	1994
	4
	59
	1
	3
	0
	424
	81.7
	22.2

	1996
	4
	59
	1
	3
	0
	424
	101
	23.4

	1998
	4
	59
	3
	3
	424
	424
	24.9
	24.9

	2000
	9
	59
	1
	1
	0
	0
	5.43
	5.4

	2002
	8
	59
	1
	1
	0
	0
	6.73
	6.7

	2004
	6
	59
	1
	2
	0
	123
	17.4
	16.4

	2006
	6
	59
	1
	2
	0
	123
	18.6
	17.4

	2008
	6
	59
	1
	2
	0
	123
	20.2
	18.6

	2010
	6
	59
	1
	2
	0
	123
	21.3
	20.4

	2012
	6
	59
	1
	1
	0
	0
	21.7
	21.7

	2014
	6
	59
	1
	1
	0
	0
	22.1
	22.1

	2016
	6
	59
	1
	1
	0
	0
	22.4
	22.4

	2018
	6
	59
	1
	1
	0
	0
	22.7
	22.7

	2020
	5
	59
	1
	2
	0
	0
	-
	-





Figure 11. Expected total life-cycle costs (ETLCC) of real and proposed maintenance scenarios (a0 and a*) between 1992 and 2020

[bookmark: _Hlk84363834]To investigate the cost implications had the maintenance policies recommended by the proposed method been implemented since 1992, we employed Monte Carlo simulations to generate 10,000 trajectories of the deck condition ratings and then calculated associated inspection and repair costs. Figure 12 depicts the expected annual maintenance costs during the 28 years, and implies that had repairs been performed in 1992, the expected annual inspection and repair budgets would have been between $8K and $21K until 2020. Two main points can be drawn from this analysis. The first is that given a condition rating in 1992, the model was able to project annual inspection and repair costs (until 2020) that are in the same range as those of the real actions but expected the 1998 repair actions to have taken place sooner (in 1992). Secondly, while the costs associated with the model-proposed actions were slightly higher than those of real actions, the expected condition ratings as a result of the proposed actions were also almost always higher than the real condition ratings. 
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Figure 12. Expected annual inspection and repair costs had bridge managers implemented the recommended policy since 1992

6.4. Planning future maintenance 
In this section, we present the projected optimal maintenance policies for the bridge deck over the next 30 years following 2020. During the 30-year planning horizon, there will be a total of 16 routine inspections, with the first in 2020. For in-service bridges, the deck condition rating (CR) may be one of 7 values (3 ~ 9), and for failed decks, the initiation age (IA) changes to zero. Thus, the total number of possible compound states (t, CR, IA) is 16×7×2+1 = 225. The formulas in Sections 4.3 and 4.4 calculate the transition probabilities between these 225 states and the maintenance costs for each state. Solving Equation (20) iteratively provides the hazard thresholds L1 and L2 at each inspection time.
Figure 13 shows a sequence of simulated compound states given an initial deck condition rating of 5 in 2020. Deck hazards are calculated by the WPHM. In the 30-year period, the proposed method recommends general repairs in 2020, 2034, and 2048. Note that hazard thresholds are time-variant, meaning the same hazard level may result in different maintenance schemes in different years. For example, the deck hazard in 2050 is 2.0 ×10-5, which is higher than 1.4×10-5 in 2034, but no general repair is required in 2050.


Figure 13. The example bridge in the next 50 years: a sequence of simulated deck inspection results with updated compound states (t, CR, IA) following the proposed maintenance management scheme

7. Summary and concluding remarks
A condition-based bridge maintenance management approach for determining optimal repair schemes based on inspection data was proposed. The novelty of the proposed framework over previous research is considering the effect of age on deterioration by defining compound states for bridge components that account for working age, condition ratings and initial age. The proportional hazard model with a Weibull baseline hazard function (WPHM) translates the three-dimensional random variable into a single hazard value. Two temporal hazard thresholds, for general repair and essential repair, are the basis for a straightforward and practical decision-making approach. After each routine inspection, deck hazards calculated using the WPHM are compared against these thresholds to determine which maintenance scheme is the most cost-effective: no maintenance, general repair, or essential repair. 
The modeling procedure was explained for bridge deck components and demonstrated using New York state’s steel bridges with concrete decks. The validated WPHM showed that bridge age negatively impacts structural safety, confirming the need to include age in decision-making strategies for bridge maintenance. Evaluating past maintenance policies revealed that the time effect is significant if the bridge condition rating is low. Failing to perform a timely repair will cause a substantial increase in the expected annual life-cycle cost (EALCC) despite saving on immediate repair costs.
The proposed method can also be used for other bridge components. When managing a bridge fleet using the maintenance management framework, bridge managers should: 1) determine the optimal maintenance policy for each bridge component of every bridge and the associated budgets; 2) calculate the total budget for each bridge; 3) calculate the total budget for the bridge fleet. Future research will focus on multi-objective optimization, where environmental impact indices such as total carbon emissions are considered in addition to cost.
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R² = 0.776
R² = 0.877
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Essential repair cost ($M)
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