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CHAPTER 1. INTRODUCTION 1 

In the Volume 1 report [1] of this project, a bridge-level AI decision-support tool is developed to 2 

offer adaptive and proactive life-cycle sequential maintenance decisions aiming at reducing the 3 

expected cumulative direct and indirect costs. Despite their decision-support performance 4 

compared to other conventional condition-based maintenance policies; it is yet to be studied how 5 

to further implement the bridge-level AI policies into asset management for a network of bridges. 6 

With the rising costs of repairs and the growing demands of aging bridge networks, it is important 7 

to design maintenance, rehabilitation, and reconstruction programs that make the most out of the 8 

limited resources over the long term [2–4]. In this regard, asset managers face significant 9 

challenges in considering and quantifying cost-effectiveness when prioritizing maintenance 10 

projects and evaluating strategies for fund allocation on a large and aging bridge inventory. This 11 

task is made even more complex by the limited budget and resources available for network-level 12 

infrastructure maintenance, along with the uncertainties in asset performance over a prolonged 13 

planning horizon [5–7].  14 

A significant amount of research has been dedicated to network-level bridge maintenance 15 

decision making under multiple and often competing performance goals and constraints. The 16 

majority of the research has framed the network-level decision-making problem as a multi-criteria 17 

prioritization/ranking problem [8–11]. Among these studies, utility scores and weights for each 18 

individual performance measure are assigned, and a final aggregated utility score is obtained by 19 

weighted summation. Individual bridge maintenance projects are then ranked or prioritized based 20 

on their respective utility scores. This approach has been widely adopted due to its ease of 21 

implementation. However, the way the utility scores and weighting factors are designed is usually 22 

subjective, and it is difficult to estimate the associated long-term asset management performance.  23 

Several other studies [12,13] framed the decision-making problem as a multi-objective 24 

optimization problem (e.g., using Mixed-Integer Programming methods or other meta-heuristic 25 

optimization techniques). Compared with the previous multi-criteria ranking based solutions, the 26 

optimization-based approaches can better incorporate the physics (e.g., deterioration, effects of 27 

maintenance actions) of bridge assets, and capture the long-term cumulative effects. Nevertheless, 28 

the computational expenses tend to increase dramatically as the size of the bridge network 29 

increases, hindering their scalability and applicability to large-scale bridge networks.  30 
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In order to develop a bridge network-level asset management approach that can offer bridge-31 

level proactive maintenance decisions while maximizing the network-level long-term asset 32 

performance, this task will further couple the AI-based bridge-level maintenance policies 33 

developed in Volume 1 of this project with a Pareto Frontier ranking approach for network-level 34 

bridge asset management under budget and resource constraints. 35 

  36 
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CHAPTER 2. NETWORK-LEVEL BRIDGE ASSET MANAGEMENT 37 

METHODOLOGY 38 

The bridge-level AI policy developed in Volume 1 was trained based on a virtual simulation 39 

environment consisting of an integrated aging deterioration module, life-cycle cost analysis 40 

module, and practical action constraints. In each year, the bridge-level AI policy takes inputs 41 

including current bridge component-level conditions along with other bridge-specific parameters 42 

such as deck area and ADT and outputs the suggested component-level maintenance actions. 43 

Although the bridge-level AI agent aims to minimize the weighted summation of direct costs 44 

(including maintenance and seismic retrofitting) and indirect costs (encompassing factors such as 45 

vehicle operation costs, time loss costs, and safety costs), it did not explicitly account for the actual 46 

budget and resource constraints over the network level. When it comes to network-level decision 47 

making, the actual budget and resource constraints should be explicitly considered, and hence the 48 

suggested maintenance actions from the bridge-level AI policy may not always be fulfilled for all 49 

the individual bridges.  50 

To further integrate the bridge-level decision policy into network-level bridge asset 51 

management, a hierarchical framework is proposed herein for optimal budget allocation at the 52 

network-level as shown in Figure 1, where the bridge-level maintenance decisions are largely 53 

delegated to the bridge-level policies (i.e., the AI or condition-based policies) in Volume 1, 54 

followed by a network-level project prioritization and budget/resource allocation module. Within 55 

this hierarchical framework, maintenance decisions are still made on a yearly basis with the 56 

following steps. 57 
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  58 

Figure 1. Overview of the proposed network-level bridge maintenance management framework 59 

2.1. Step 1: Updating the annual budget and number of projects 60 

In the proposed framework, two types of constraints are considered. The first constraint is related 61 

to the annual available budget. It is assumed that a constant budget (expressed as a constant user-62 

specified percentage of the total bridge network reconstruction value) will be allocated annually. 63 

Moreover, depending on whether a cumulative budget is considered, two budget accumulation 64 

scenarios are further considered, including (1) non-cumulative budget: any unspent annual budget 65 

cannot be rolled over to the following years; (2) cumulative budget: the unspent annual budget will 66 

be rolled over to the following years. In each year, the implemented bridge maintenance projects 67 

should not exceed the available budget of that year. 68 

In addition to the budget constraints, real-world maintenance planning is also constrained by 69 

the availability of construction crews, specialized labor, and necessary equipment. To reflect these 70 

practical resource constraints, an upper limit on the number of maintenance projects that can be 71 

executed within a given year is enforced. This constraint prevents excessive projects implemented 72 

Year = i+1

Bridge network

Year = i

Step 2: Initial project assembly

Step 3: Pareto Frontier based 

project ranking

Step 4: Budget allocation and 

resource constraints enforcement 

Step 1: Updating the annual 

budget and number of projects
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in a short time period to ensure that the selected projects can be realistically executed within 73 

operational limits. 74 

In Step 1, the available annual budget will be updated, and the number of ongoing projects will 75 

be reset to zero (as it is assumed that all the maintenance projects can be completed within each 76 

decision step) at the beginning of each year. 77 

2.2. Step 2: Initial projects assembly 78 

At each decision timestep (i.e., year), the maintenance decision-making process begins with 79 

collecting the proposed maintenance actions for each of the bridges within the network. These 80 

actions are suggested from a given bridge-level maintenance policy (e.g., AI-based or condition-81 

based policies). For each bridge in the network, the suggested maintenance actions from a given 82 

policy, along with the associated direct costs, are systematically compiled to represent a candidate 83 

bridge project. Note that if an AI-based policy is considered, the Q values corresponding to the 84 

optimal actions for each bridge will also be gathered. This process results in an initial set of 85 

maintenance projects, which will undergo further ranking and prioritization process in the 86 

subsequent steps.  87 

2.3. Step 3: Pareto Frontier based project ranking 88 

In this study, the Pareto Frontier method is implemented for project ranking. The Pareto Frontier 89 

method for multi-attribute bridge project ranking incorporates multiple distinct decision variables 90 

into a single ranking metric. To effectively combine different attributes without introducing bias 91 

through subjectively assigned weights, non-dominated sorting is introduced. Non-dominated 92 

sorting [14], is a technique that organizes sets of attributes into various tiers of non-domination 93 

according to their Pareto optimality. This approach avoids biases introduced by subjectively 94 

chosen weights. The algorithm works by comparing each set of attributes with every other set and 95 

assigning it a level of non-domination based on its Pareto optimality. This approach has found 96 

extensive application in fields like engineering, finance, and computer science. It is effective in 97 

addressing complex optimization problems with multiple objectives. Alternatives to this method 98 

include best order sort (which improves computational efficiency), rank-based non-dominated 99 

Sorting (which eliminates costly dominance comparisons), crowding distance (which fosters 100 

diversity), hypervolume indicator (which assesses convergence and diversity), and strength Pareto 101 
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evolutionary algorithm (SPEA) (which ranks solutions based on dominance strength) [15–19]. 102 

Non-dominated sorting was selected over these alternatives in this study due to its ability to 103 

maintain a diverse set of high-quality solutions. This technique excels in problems with multiple 104 

conflicting objectives by ranking solutions based on Pareto dominance, ensuring no solution in a 105 

given rank is dominated by any other in the same rank. 106 

 107 

Figure 2. Overview of the Pareto Frontier ranking methodology 108 

In the context of ranking of multiple bridges where each bridge has a set of 𝑛 attributes, for 109 

each individual bridge 𝐵𝑖, its corresponding attributes are represented as 𝑥1𝑖
, 𝑥2𝑖

, … , 𝑥𝑛𝑖
. Here the 110 

attribute value maximization scenarios are considered (i.e., bridges with higher overall attribute 111 

values are ranked higher). A Pareto-optimum front is determined by identifying the set of non-112 

dominated bridges, using the attributes for each bridge. In this process, first, an empty set is created 113 

for these non-dominated bridges. Then the attributes for each bridge are compared against the 114 

attributes of all the other bridges. A bridge 𝐵𝑖 is considered to dominate another bridge 𝐵𝑘 , if each 115 

attribute 𝑥𝑟𝑖
 is no worse than 𝑥𝑟𝑘

 and is strictly better in at least one of the attributes. If a bridge is 116 

not dominated by any other, it is added to the non-dominated set. Otherwise, any bridge that is 117 
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dominated by another is not included in the non-dominated set. This process continues until all 118 

bridges have been examined, ensuring that no bridge in the non-dominated set is dominated by 119 

any other. The final set of non-dominated bridges represents the Pareto-optimal front. This is 120 

schematically illustrated in Figure 3, where a Pareto-optimal front for bridges with two attributes 121 

is shown on the red dashed line. 122 

 123 

Figure 3. Pareto-optimal front for a two-dimensional set of attributes 124 

Once the Pareto-optimum front is determined, the bridges in the front are given individual 125 

ranks based on their proximity to other bridges in the same front. For this purpose, the Euclidean 126 

distance is calculated based on each data point’s attributes from each data point to every other data 127 

point. The sum of all such distances is calculated for each data point. Equation (1) shows the 128 

calculation of the summation of distances for bridge 𝐵𝑖.  129 

𝑑𝑖 =  √∑ (x𝑚𝑖 − x𝑚𝑗)
2𝑀

𝑚=1                   (1) 130 

The bridges with the lowest distance sum are assigned the highest rank. This is because those 131 

data points will be closer to the middle of the Pareto-optimum front and will offer a good balance 132 

among all the attributes. Meanwhile, data points with a higher distance sum will be further away 133 

from the middle and may have extreme values for some of the attributes while having relatively 134 

low values for others. The most important data point in the network will have a rank value starting 135 

with 1, the next one will be 2, and so on.  136 
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Once all bridges in the current Pareto-optimum set have been assigned a rank, the data points 137 

of the Pareto-optimum front are removed from the overall bridge set. Then, the procedure is 138 

repeated on the remaining bridges to identify the next Pareto-optimum set and assign rank values 139 

to them. These rank values begin from where the rank values end in the previous set. For example, 140 

if the previous set of values ended with a rank value k, The current set would begin with rank 𝑘 +141 

1.  142 

In this study, the Pareto Frontier based ranking approach is introduced to systematically rank 143 

the initial set of bridge maintenance projects (from Step 2) based on multiple bridge- and project-144 

specific attributes such as Q values, bridge system-level condition ratings, centrality measures, 145 

among others. This ranking approach is computationally efficient and can incorporate any number 146 

of parameters for ranking. It is important to note that bridges where the "do-nothing" actions are 147 

initially suggested for all three bridge components (i.e., deck, superstructure, and substructure) are 148 

excluded from the ranking process, as these bridges are considered to be in a satisfactory condition 149 

without the need for immediate interventions within the current decision step. Below is a brief 150 

introduction of the different bridge and project-specific attributes considered in the Pareto Frontier 151 

ranking approach. Note that all the considered ranking attributes are normalized between 0 to 1 152 

prior to the Pareto-Frontier ranking to make sure no significant discrepancy exists in the attribute 153 

values.  154 

1. Q values: Q values are the learned action-value function in the bridge-level AI policy, 155 

representing the long-term expected cumulative reward for taking a specific action combination 156 

under the current bridge conditions. Since the reward function was designed to be negative costs, 157 

the Q values are typically negative. At the bridge level, the action combination that leads to the 158 

lowest absolute expected life-cycle cumulative cost (i.e., the lowest -Q value) is selected among 159 

all the possible actions, as the bridge-level AI agent aims to minimize the long-term cumulative 160 

costs. When it comes to ranking multiple bridge projects at the network level, where each bridge 161 

already has their own optimal action and the associated Q value from the bridge-level AI agent, 162 

the projects with a higher -Q value, which reflects higher absolute life-cycle cumulative cost 163 

among all the bridge projects, are selected to be prioritized. Intuitively speaking, bridges with a 164 

higher -Q value likely have a larger deck area, higher ADT or truck traffic ratio, longer detour 165 

length, or inferior existing conditions, or any combination of these factors, and thus their 166 
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maintenance is chosen to be prioritized. As such, in the Pareto Frontier ranking, the negative Q 167 

values of each bridge are considered, and a higher -Q value is deemed more important as it reflects 168 

higher life-cycle costs. Note that the Q values are only exclusive to the AI policy, and are not 169 

available in other condition-based policies.  170 

2. Bridge-level condition ratings: This metric quantifies the overall condition of a bridge on 171 

a standardized scale (i.e., 0–9 in the National Bridge Inventory). For any given bridge, the bridge-172 

level condition rating is taken as the minimum condition rating among the three generic bridge 173 

components (i.e., deck, superstructure, and substructure). In the Pareto Frontier ranking, bridges 174 

with lower system-level condition ratings are deemed more important. 175 

3. ADT: Average daily traffic represents the average number of vehicles passing over a bridge 176 

per day. In the Pareto Frontier ranking, bridges with higher ADT values are deemed more 177 

important. 178 

4. Centrality measures: Centrality measures evaluate the importance of a bridge within the 179 

transportation network. Common metrics include betweenness centrality (quantifies how often a 180 

node appears on the shortest paths between other pairs of nodes), and closeness centrality 181 

(quantifies the importance of a node based on its average shortest distance to all other nodes), 182 

which can be commonly derived from graph theory and network connectivity information (for 183 

more details please see Appendix A). In the Pareto Frontier ranking, bridges with higher centrality 184 

measure values are deemed more important. 185 

5. Travel time importance factor: This factor reflects the impact of closing a bridge on the 186 

overall road network travel time. Note that this factor will require detailed network-level traffic 187 

flow analyses (for more details please see Appendix A). In the Pareto Frontier ranking, bridges 188 

with higher travel time importance factors are deemed more important. 189 

It is important to note that the centrality measures are relatively easy to compute. Whereas for 190 

the travel time importance factor will need network-level traffic flow analysis, hence more 191 

complex to calculate. Sensitivity analyses will be carried out in Section 4.1 and 4.2 to investigate 192 

the efficacy of involving different combinations of attributes in Pareto Frontier ranking. 193 
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2.4. Step 4: Budget allocation and resource constraints enforcement  194 

Following the Pareto Frontier ranking process, the limited annual budget and resource are then 195 

allocated to the top ranked projects, so that those projects can be implemented as soon as possible. 196 

Specifically, the annual budget and resource allocation process proceeds as follows: 197 

1. Sequential Budget Allocation: The annual maintenance budget is distributed progressively, 198 

starting from the highest-ranking bridge maintenance project and gradually moving down 199 

the ranking list. Each project’s direct cost is deducted sequentially until the available 200 

annual budget is exhausted or insufficient to fully cover the next project. 201 

2. Selection of Top-Ranked Projects: Following the sequential budget allocation, only the 202 

highest-ranked projects that are within the annual maximum number of allowable project 203 

limit will be approved for execution. These selected projects are then scheduled for 204 

implementation in the current decision cycle. 205 

3. Revised Actions for Unfunded Projects: Any remaining projects that did not receive 206 

funding will have their maintenance actions revised to “do-nothing” for all three bridge 207 

components. This means that no intervention will be performed on these bridges for the 208 

current year, and their conditions will continue to evolve based on natural deterioration 209 

processes. 210 

Once the final set of bridge maintenance projects has been determined based on the budget and 211 

maximum allowable projects, the corresponding maintenance actions are executed within the 212 

simulation environment. This step reflects the actual implementation of the selected interventions, 213 

updating the condition of each bridge based on the performed maintenance actions. The entire 214 

decision-making process is repeated annually throughout the planning time horizon (T years).  215 

The proposed methodology introduces a robust and scalable network-level decision framework 216 

for bridge asset management, enabling efficient prioritization of interventions and optimized 217 

resource allocation. By systematically considering multiple bridge- and project-related attributes, 218 

the approach ensures that infrastructure investments yield the highest long-term benefits. 219 

Table 1 presents a pseudo-code representation of the process for a structured overview of the 220 

proposed network-level decision framework. The pseudo-code outlines the key steps involved in 221 

prioritizing and selecting maintenance actions for a network of N bridges over a planning horizon 222 

of T years, demonstrating how the budget and resources are systematically allocated. 223 
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 224 

Table 1. Pseudo code of the proposed network-level budget and resource allocation  225 

For a network of N Bridges and a planning horizon of T years 

For i = 1: T (Loop over each year of the planning horizon) 

 Reset annual available budget and number of allowable projects  

 For j = 1: N (Loop over each bridge) 

  Obtain the actions suggested by the considered bridge-level policy for bridge j  

  Store the Q value, action, and direct cost for this bridge 

 End 

 Pareto Frontier ranking of the initial set of bridge projects 

 Allocate the annual budget based on the bridge ranking and maximum allowable number 

of projects 

            Change the actions to “do-nothing” for the rest of the bridges 

 Execute the suggested actions on all the bridges and update their conditions accordingly  

End 

 226 

  227 
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CHAPTER 3. NETWORK-LEVEL CASE STUDY 228 

For demonstration purposes, a case study of 83 multi-span simply supported concrete bridges 229 

along with the backbone highway network located in Memphis, Tennessee, is considered as shown 230 

in Figure 4. It is noted that the proposed network-level decision methodology can be readily scaled 231 

to a larger number of bridges and a larger network, and can benefit from parallel computing. 232 

Based on the available NBI data for this bridge network, 4.8% (4 out of 83) bridges are in 233 

“Good” condition, 91.6% bridges (76 out of 83) are in “Fair” condition, and 3.6% (3 out of 83) 234 

bridges are in “Poor” condition as shown in Figure 5. The combined deck area of all bridges in the 235 

network (AT) is 242,144 ft², serving as the basis for calculating maintenance costs and budget 236 

resource allocation as follows: 237 

𝐴𝑛𝑛𝑢𝑎𝑙 𝑏𝑢𝑑𝑔𝑒𝑡 =  𝑟𝑏 × 𝐶𝑑  × 𝐴𝑇                  (2) 238 

where: rb indicates the constant annual budget ratio, 𝐶𝑑 is the bridge construction replacement cost 239 

per 1 ft2 of deck area. As mentioned before, in this study, the available budget is considered under 240 

two scenarios: (1) non-cumulative budget, where any unused funds from the previous year are not 241 

carried forward to the following year, and (2) cumulative budget, where unused funds from the 242 

previous year are added to the next year's budget. A 30-year planning horizon is considered with 243 

a discount factor of 0.96 as outlined in Volume 1 for the life-cycle cost aggregation. 244 

 245 

 246 
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 247 

Figure 4. Case study bridge network located in Memphis, Tennessee 248 
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 249 

Figure 5. Bridge-level condition categories (i.e., “Good”, “Fair”, and “Poor”) of bridges in the 250 

case study network 251 

To quantitatively evaluate the network-level asset management performance of various 252 

maintenance policies, several network-level performance measures are considered herein: 253 

1. Aggregated direct cost: the aggregated direct costs from all individual bridges within the 254 

bridge network each year.  255 

2. Aggregated indirect cost: the aggregated indirect costs from all individual bridges within 256 

the bridge network each year.   257 

3. Average condition rating (by count) of bridge components (deck, superstructure, and 258 

substructure) across the entire network.  259 

4. Distribution of bridges within different condition categories (“Good,” “Fair,” and “Poor”).  260 

5. Network-level traffic flow performance measured by the network-level travel time, 261 

normalized against the first year’s travel time. 262 

  263 
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CHAPTER 4. RESULTS 265 

In this section, a sensitivity analysis on the optimal Pareto Frontier ranking attributes is first 266 

conducted for the bridge-level maintenance policies (i.e., the condition-based policies and the AI-267 

based policy) in the context of network-level decision making. This is needed because the selection 268 

of different ranking attributes may lead to different project ranking and prioritization results. Next, 269 

a comparative study is performed to examine the influence of different bridge-level maintenance 270 

policies on the network-level asset management performance under various budgetary constraints 271 

and scenarios. Finally, an exemplary annual decision procedure is illustrated to help better 272 

understand how the bridge-level AI policy in conjunction with the network-level decision making 273 

can be utilized in practice. For the maximum allowable projects constraint, for demonstration 274 

purposes, it is enforced that no more than 10% of the bridges in the network can undergo 275 

maintenance actions each year throughout the subsequent analyses. All the subsequent results in 276 

Section 4.1 to 4.4 are based on statistics from 4,000 random episodes. Note that at the deployment 277 

phase, since the AI policy has already been trained, a lower number of episodes (compared to 278 

training) are needed to obtain the result statistics. 279 

4.1. Pareto Frontier based project ranking demonstration 280 

To demonstrate project ranking using the Pareto Frontier methodology, a case study network is 281 

examined to assess how this approach iteratively ranks bridges. In this analysis, two attributes, the 282 

Q-value and system-level CR, serve as inputs for the Pareto Frontier methodology to rank the 283 

selected bridges. Figure 6(a) illustrates the first iteration, where three Pareto-optimal points 284 

(bridges) are identified and ranked, while the remaining bridges are classified as dominated. In the 285 

second iteration, shown in Figure 6(b), the previously identified Pareto-optimal points are 286 

removed, and three new Pareto-optimal bridges are ranked. Pareto points represent solutions where 287 

no other solution improves one objective without worsening at least one other objective (i.e., they 288 

are not dominated by any other solution). Dominated points, on the other hand, are solutions that 289 

are inferior to at least one Pareto-optimal point across all objectives. Any point below the Pareto 290 

front is considered a dominated point, indicating that better solutions exist. The results of the first 291 

two iterations are summarized in Table 2. This iterative process continues until all bridges are 292 

assigned a rank. 293 
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 294 

    (a)                 (b)  295 

Figure 6. Pareto Frontier optimization process demonstration for the case study bridges network: 296 

(a) iteration 1, (b) iteration 2 297 

Table 2. Pareto Frontier project-based ranking demonstration 298 

Iteration number Bridge ID Within-iteration ranking Final ranking 

 

1 

14 1 1 

61 2 2 

52 3 3 

 

2 

51 1 4 

72 2 5 

1 3 6 

 299 

4.2. Sensitivity analysis of Pareto Frontier attributes selection for the condition-based 300 

policies 301 

In this section, a sensitivity analysis is conducted to evaluate different combinations of Pareto 302 

Frontier ranking attributes when the condition-based bridge-level maintenance policies are 303 

considered for network-level decision making. Without loss of generality, 𝑟𝑏 = 0.01 (1% annual 304 

budget ratio) with cumulative budget for the CB-3 policy (as outlined in Volume 1, Chapter 4) is 305 

1

2

3

1

2

3
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considered. To assess the impact of various ranking attribute combinations, five different 306 

combinations of independent bridge-level attributes are considered: 307 

1. Bridge-level condition rating (CR), average daily traffic (ADT) 308 

2. Bridge-level condition rating CR, ADT, and closeness centrality 309 

3. Bridge-level CR, ADT, and betweenness centrality 310 

4. Bridge-level CR, ADT, deck area, and closeness centrality 311 

5. Bridge-level CR, ADT, deck area, and betweenness centrality 312 

Figure 7 illustrates the impact of ranking attribute selection on the average network-level direct 313 

and indirect costs. It should be noted that the network-level direct and indirect costs are simply 314 

based on aggregating the costs from each individual bridge without considering the networked 315 

effects (e.g., traffic flow). From Figure 7(a), it is observed that the combination of “bridge-level 316 

CR, ADT, deck area, and closeness centrality” can better consume the available budget, with the 317 

smallest gap with respect to the available budget envelop. From Figure 7(b), the selection of 318 

ranking attributes has a negligible effect on the overall indirect costs, although the combination of 319 

bridge-level CR and ADT results in slightly lower indirect costs.   320 

 321 

     (a)                    (b) 322 

Figure 7. Average aggregated costs across the network under the CB-3 policy: (a) direct cost, (b) 323 

indirect cost 324 

The average component CR across the network under the CB-3 policy is compared in Figure 325 

8. It can be observed that all attribute combinations prevent the deterioration of CR for all three 326 

bridge components, following a similar trend. 327 



19 

 

 328 

     (a)               (b) 329 

 330 

(c) 331 

Figure 8. Average component condition rating across the network over the planning horizon 332 

under CB-3 policy: (a) deck, (b) superstructure, (c) substructure 333 

In addition, Figure 9 illustrates the percentage of bridges under different bridge-level 334 

conditions. Overall, the attribute combination of “bridge-level CR, and ADT” gives the best 335 

overall asset condition, with higher percentage of bridges in “Good” or “Fair” conditions, and the 336 

least amount of bridge in “Poor” conditions. A sharp decline in the number of bridges in poor 337 

condition is noticed as shown in Figure 9(c). This is because initially there are three poor-condition 338 

bridges in the network, requiring the condition-based policy to immediately take replacement 339 

maintenance actions to improve their condition ratings.  340 

 341 
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 342 

    (a)                (b) 343 

 344 

(c) 345 

Figure 9. Average percentage of bridges across different condition categories under the CB-3 346 

policy: (a) Good, (b) Good+Fair, and (c) Poor 347 

Figure 10 presents the average network-level travel time (relative to the first year) when CB-3 348 

is employed. Again, the attribute combination of “bridge-level CR, and ADT” gives the overall 349 

lowest network-level travel time among the different attribute combinations. 350 
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 351 

Figure 10. Average network-level travel time under the CB-3 policy 352 

Based on the above results, the attribute combination of “bridge-level CR, and ADT” is 353 

selected for the condition-based policies in the subsequent sections, as the centrality measure did 354 

not provide significant benefits despite requiring additional computational effort. 355 

4.3. Sensitivity analysis of Pareto Frontier attributes selection for the AI-based policy 356 

This section presents the Pareto Frontier ranking attribute sensitivity analysis when the AI-based 357 

policy is considered in network-level decision making. To this aim, the P-PERDQN AI policy 358 

developed in Volume 1, Chapter 4 is employed. Again, a 1% annual budget ratio with the 359 

cumulative budget scenario is considered. The following attribute combinations are considered: 360 

1. Q value only 361 

2. Q value, bridge-level CR 362 

3. Q value, closeness centrality 363 

4. Q value, betweenness centrality 364 

5. Q value, bridge-level CR, closeness centrality 365 

6. Q value, bridge-level CR, betweenness centrality 366 

7. Q value, bridge-level CR, travel time importance factor 367 

8. Bridge-level CR, ADT, deck area, and closeness centrality  368 

Figure 11 illustrates the associated network-level aggregated direct and indirect costs for each 369 

attribute combination. Figure 11(a) shows that the AI-based policy can effectively utilize the 370 
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available budget, regardless of the ranking attributes selection. As shown in Figure 11(b), when Q 371 

value is included in the ranking attributes, lower network-level indirect costs can be expected.  372 

 373 

      (a)                (b) 374 

Figure 11. Average aggregated costs across the network under the AI-based policy: (a) direct 375 

cost, (b) indirect cost 376 

The average component CR across the network under the AI-based policy is compared in 377 

Figure 12. It can be observed that all attribute combinations effectively improve the CR for all 378 

three bridge components, following a similar trend. 379 

  380 
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 381 

 382 

      (a)                 (b) 383 

 384 

(c) 385 

Figure 12. Average component condition rating across the network over the planning horizon 386 

under AI-based policy: (a) deck, (b) superstructure, (c) substructure 387 

In addition, Figure 13 illustrates the average percentage of bridges under different condition 388 

categories. It is observed that for the attribute combinations which include the Q value but without 389 

bridge-level CR, there are relatively lower percentages of bridges in the “Good” or “Fair” 390 

conditions, and a higher percentage of bridge in the “Poor” conditions. When both Q values and 391 

bridge-level CR are considered, a noticeable improvement in bridge conditions can be obtained. 392 

This is because the bridge-level condition ratings focus on the near-term asset performance, 393 

whereas the Q values represent the long-term cumulative effects. As such, by including both the 394 

Q values and bridge-level CR in the ranking attributes, better bridge asset conditions can be 395 

expected. Overall, the attribute combination of “Q value and CR” gives the best network-level 396 
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bridge conditions, with the highest percentage of bridges in “Good” or “Fair” conditions, and the 397 

lowest percentage of bridges in the “Poor” condition among all combinations involving Q-values. 398 

 399 

 400 

      (a)               (b) 401 

 402 

(c)  403 

Figure 13. Average percentage of bridges across different condition categories under AI-based 404 

policy: (a) Good, (b) Good+Fair, and (c) Poor 405 

Figure 14 presents the average network-level travel time under different ranking attribute 406 

combinations. It is observed that the attribute combination of “Q value and CR” performs the best 407 

among all the compared attribute combinations.  408 
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 409 

Figure 14. Average network-level travel time under the AI-based policy 410 

Based on all the previous results in this subsection and also by considering the ease of ranking 411 

attribute calculation, the attribute combination of “Q value and bridge-level CR” gives the best 412 

overall performance. Therefore, the attribute combination of “Q value, and bridge-level CR” is 413 

considered thereafter. This attribute combination holistically incorporates and balances the long-414 

term cumulative reward (Q value), and the short-term target (bridge conditions).  415 

4.4. Network-level asset management comparison 416 

In this section, the influence of bridge-level maintenance policies on network-level asset 417 

management performance is evaluated. The bridge-level maintenance policies considered include 418 

the AI-based policy (i.e., P-PERDQN) and the condition-based policies (i.e., CB-1, CB-2, and CB-419 

3), as mentioned in Volume 1, Chapter 4. According to Section 4.3, the Pareto Frontier ranking 420 

attributes of “Q value and bridge-level CR” are considered for the AI-based policy; and the ranking 421 

attributes of “bridge-level CR and ADT” are considered for the condition-based policies as 422 

discussed in Section 4.2. 423 

In this comparative study, different annual maintenance budget availability, expressed as the 424 

ratio of the total replacement value of the bridge assets, is considered. Three levels of annual 425 

budget ratio (i.e., 0.5%, 1%, and 2%) [20] are investigated, under the cumulative or non-426 

cumulative budget assumptions. This analysis assesses the effectiveness of each policy in resource 427 

allocation for maintaining bridge conditions and network performance, under budgetary and 428 

resource constraints. 429 



26 

 

4.4.1. 1% annual budget ratio with non-cumulative budget 430 

4.4.1.1. Network-level asset management performance comparison 431 

This subsection investigates the influence of different bridge-level maintenance policies on the 432 

network-level asset management performance, considering an annual budget ratio of 1% with the 433 

non-cumulative budget assumption. Figure 15(a) illustrates the aggregated direct cost comparison, 434 

demonstrating the AI-based policy can more effectively utilize the available budget with a much 435 

narrower gap to the available budget envelope, whereas the condition-based policies tend to leave 436 

a significant portion of budget unused. Note that even under this non-cumulative budget scenario, 437 

the AI policy is still able to effectively utilize most of the available budget. The difference in 438 

budget utilization can be attributed to the fact that the AI-based policy is more versatile in 439 

providing adaptive maintenance actions tailored to different bridges with varying conditions, 440 

whereas the condition-based policies only follow a prescribed decision tree with much less action 441 

variability and granularity. Figure 15(b) presents the aggregated indirect cost comparison. The AI-442 

based policy is found to lead to much less indirect costs owing to the more effective maintenance 443 

actions and hence improved overall bridge conditions, compared to the condition-based policies. 444 

 445 

     (a)                    (b) 446 

Figure 15. Average aggregated costs across the network under various maintenance policies (1% 447 

non-cumulative budget): (a) direct cost, (b) indirect cost 448 

Figure 16 compares the 25th, 50th, and 75th percentiles of aggregated direct and indirect costs 449 

for the AI-based and CB-3 policies, highlighting the superior performance of the AI-based policy 450 

compared to the condition-based policy in terms of cost dispersion across various time points. The 451 
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AI-based policy demonstrates greater consistency and reduced variability in both direct and 452 

indirect costs, underscoring its effectiveness in maintaining cost efficiency over time. 453 

 454 

     (a)                    (b) 455 

Figure 16. Percentiles of aggregated costs across the network under various maintenance 456 

policies (1% non-cumulative budget): (a) direct cost, (b) indirect cost 457 

The better budget utilization along with the more effective and optimized maintenance actions 458 

by the AI policy also contributes to better average component CR across the bridge network, as 459 

illustrated in Figure 17. A gradually increasing trend in the average component CR is observed for 460 

the AI-based policy, with average CRs above 7 toward the end of the planning horizon. In contrast, 461 

the average component CRs from the condition-based policies remain pretty much stagnant, with 462 

very limited improvement over time.  463 

 464 

 465 

 466 
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 467 

     (a)                    (b) 468 

 469 

(c) 470 

Figure 17. Average component condition rating across the network (1% non-cumulative 471 

budget): (a) deck, (b) superstructure, (c) substructure 472 

Figure 18 provides further insights into the average proportion of bridges in "Good," "Fair," or 473 

"Poor" conditions. These results clearly show that the AI policy has a much better performance 474 

compared to the condition-based policies, with the highest percentage of bridges in "Good" or " 475 

Fair" conditions, and the lowest percentage of bridges in "Poor" condition. This suggests that the 476 

AI-based policy is more effective in maintaining bridge conditions across the network.  477 
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 478 

     (a)                    (b) 479 

 480 

(c) 481 

Figure 18. Average percentage of bridges across different condition categories (1% non-482 

cumulative budget): (a) Good, (b) Good+Fair, and (c) Poor 483 

The above results only focus on the aggregated or average asset management performance 484 

across all the individual bridges in the network, whereas the bridge network functionality in the 485 

context of network topology and traffic impact is yet to be examined. Here, the influence of bridge-486 

level maintenance policy on the network travel time is further studied as shown in Figure 19. Again, 487 

the AI-based policy exhibits the best overall performance in terms of reducing the network travel 488 

time compared with other condition-based policies.  489 
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 490 

Figure 19. Average network-level travel time under various maintenance policies (1% non-491 

cumulative budget) 492 

4.4.1.2. Work type distribution comparison 493 

Addtional analysis is conducted to examine the annual distribution of work types (i.e., do-nothing, 494 

minor maintenance, major maintenance, and replacement) across the bridge network under 495 

different bridge-level maintenance policies. By evaluating the work type distributions, the 496 

efficiency and effectiveness of each policy in addressing the maintenance needs of the bridge 497 

network throughout the planning horizon is investigated.  498 

Figure 20 presents the annual work type distribution for the three bridge components with 1% 499 

non-cumulative budget scenario under the CB-1 policy. As observed, replacement (which is the 500 

only available maintenance action under the CB-1) occurs for a small portion of the bridges in the 501 

network each year, due to the high direct cost of replacement actions. 502 
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 503 

(a) 504 

 505 

(b) 506 

 507 

(c) 508 

Figure 20. Annual work type distribution for bridge components under the CB-1 policy (1% 509 

non-cumulative budget): (a) deck, (b) superstructure, and (c) substructure 510 
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Figure 21 presents the work type distribution for the CB-2 policy, where only the minor 511 

maintenance and replacement are the possible actions. As observed, minor maintenance is 512 

predominantly suggested to preserve the condition of bridge components. Additionally, a 513 

noticeable increase in the number of bridges maintained occurs every five years due to the action 514 

constraints (i.e., for a given bridge, no consecutive actions on the same bridge component within 515 

5 years) provided in Volume 1, Chapter 4. Such a clustering of maintenance projects in a single 516 

year will likely lead to shortages of maintenance crews and increased traffic congestion. 517 
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 518 

(a) 519 

 520 

(b) 521 

 522 

(c) 523 

Figure 21. Annual work type distribution for bridge components under the CB-2 policy (1% 524 

non-cumulative budget): (a) deck, (b) superstructure, and (c) substructure 525 
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Figure 22 illustrates the work type distribution for CB-3 with 1% non-cumulative budget 526 

scenario. As observed, the distribution is not uniform, with a noticeable increase in the number 527 

of maintained bridges every five years. Among the three possible maintenance actions, minor 528 

maintenance is the most frequently performed, especially on the deck component. 529 
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 530 

(a) 531 

 532 

(b) 533 

 534 

(c) 535 

Figure 22. Annual work type distribution for bridge components under the CB-3 policy (1% 536 

non-cumulative budget): (a) deck, (b) superstructure, and (c) substructure 537 
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Finally, Figure 23 presents the average work type distribution under the AI-based policy. 538 

Compared with the above condition-based policies, the AI-based policy achieves a well-balanced 539 

work type distribution, and the annual number of maintenance actions are more evenly spread 540 

across the whole planning horizon for all bridge components. It is also noticed that the AI policy 541 

tends to suggest more major maintenance and replacement actions, which are more effective in 542 

preserving or improving the asset conditions over time. This approach effectively leverages the 543 

various types of maintenance actions (minor, major, and replacement), ensuring a more 544 

consistent and proactive management strategy for bridge networks.  545 
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 546 

(a) 547 

 548 

(b) 549 

 550 

(c) 551 

Figure 23. Annual work type distribution for bridge components under the AI-based policy (1% 552 

non-cumulative budget): (a) deck, (b) superstructure, and (c) substructure 553 
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4.4.2. 1% annual budget ratio with cumulative budget 554 

4.4.2.1. Network-level asset management performance comparison 555 

In this subsection, the network-level bridge asset management performance is investigated 556 

considering an annual budget ratio of 1% with the cumulative budget assumption. The aggregated 557 

direct and indirect costs are first examined in Figure 24. Figure 24(a) indicates that the AI-based 558 

policy effectively utilizes the entire available budget, while the CB-3 policy uses slightly less than 559 

the AI-based policy but more than the other condition-based policies, which show noticeable 560 

budget underutilization. Figure 24(b) shows that the AI-based policy leads to significantly lower 561 

aggregated indirect costs compared to the condition-based policies. 562 

 563 

     (a)                  (b) 564 

Figure 24. Average aggregated costs across the network under various maintenance policies (1% 565 

cumulative budget): (a) direct cost, (b) indirect cost 566 

The average component CR over the bridge network is examined in Figure 25. It is observed 567 

that the AI-based policy leads to a continuous improvement in CR, constantly ensuring a higher 568 

bridge condition over time. In contrast, the condition-based policies lead to relatively stagnant and 569 

lower CR values, indicating their limited effectiveness in preserving or improving asset conditions.  570 
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 571 

     (a)                    (b) 572 

 573 

(c) 574 

Figure 25. Average component condition rating across the network over the planning horizon 575 

(1% cumulative budget): (a) deck, (b) superstructure, (c) substructure 576 

The bridge condition category distribution across the network is further presented in Figure 26. 577 

Figure 26(a) shows the AI-based policy demonstrates a noticeable improvement in “Good” 578 

condition, with approximately 60% of bridges reaching the “Good” condition by the end of the 579 

planning horizon. In contrast, the condition-based policies result in a much slower increase, 580 

maintaining a lower percentage of bridges in “Good” condition throughout the planning horizon. 581 

Figure 26(b) illustrates that the AI-based policy and the condition-based policies show the same 582 

performance for percentage of “Good” or “Fair” condition. Figure 26(c) demonstrates that, the 583 

condition-based policies are more effective in reducing the “Poor” condition bridges in this case. 584 

This is because a very limited annual budget (1% annual budget ratio) is considered along with the 585 

cumulative budget assumption in this subsection. When the AI-based bridge-level policy is 586 

considered, due to its higher action variability and granularity, smaller projects will more likely to 587 
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be prioritized when those higher-cost and higher-ranked projects cannot be implemented due to 588 

the insufficient budget. Therefore, it takes a longer time for the AI-based policy to save up enough 589 

budget for those larger projects. Whereas for the condition-based policies, since the ranking 590 

attributes (i.e., bridge-level CR, and ADT) used in the Pareto Frontier ranking did not include any 591 

measure related to long-term benefits, the condition-based policies will prioritize more on those 592 

“Poor” condition bridges. Moreover, since there is less action variability or granularity in the initial 593 

set of suggested projects when condition-based policies are considered, those larger projects (e.g., 594 

replacement) will have a higher chance to be implemented since the budget can be accumulated 595 

more quickly.  596 

 597 

     (a)                    (b) 598 

 599 

(c) 600 

Figure 26. Average percentage of bridges across different condition categories (1% cumulative 601 

budget): (a) Good, (b) Good+Fair, and (c) Poor 602 
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Moreover, Figure 27 compares the network-level travel time under different maintenance 603 

policies. CB-3 is found to lead to the lowest travel time among all the policies compared. This can 604 

be attributed to the fact that under this budget scenario, CB-3 is more effective in addressing the 605 

“Poor” condition bridges, which tend to have the most impact on the network-level travel time for 606 

the skeleton highway network considered in this case study. Nevertheless, the AI policy performs 607 

also reasonably well. 608 

 609 

Figure 27. Average network-level travel time under various maintenance policies (1% 610 

cumulative budget) 611 

4.4.2.2. Work type distribution comparison 612 

Figure 28 presents the work-type distribution for the three bridge components under the CB-1 613 

policy. Again, a very small portion of bridges are considered for replacement due to the high cost 614 

of replacement and constraints on budget and resources. 615 
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 616 

(a) 617 

 618 

(b) 619 

 620 

(c) 621 

Figure 28. Annual work-type distribution for bridge components under the CB-1 policy (1% 622 

cumulative budget): (a) deck, (b) superstructure, and (c) substructure 623 
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Figure 29 illustrates the average occurrence of maintenance actions under the CB-2 policy. 624 

The results indicate a higher frequency of “Minor” maintenance particularly every five years due 625 

to the action constraints provided in Volume 1, Chapter 4.  626 
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 627 

(a) 628 

 629 

(b) 630 

 631 

(c) 632 

Figure 29. Annual work-type distribution for bridge components under the CB-2 policy (1% 633 

cumulative budget): (a) deck, (b) superstructure, and (c) substructure 634 
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In addition, Figure 30 illustrates the average occurrence of maintenance actions under the CB-635 

3 policy. Again, due to action constraints, a spike in the number of maintenance actions is observed 636 

every five years.  637 
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 638 

(a) 639 

 640 

(b) 641 

 642 

(c) 643 

Figure 30. Annual work-type distribution for bridge components under the CB-3 policy (1% 644 

cumulative budget): (a) deck, (b) superstructure, and (c) substructure 645 
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Finally, Figure 31 presents the average occurrence of maintenance actions under the AI-based 646 

maintenance policy. Compared with the above condition-based policies, the AI-based policy 647 

achieves a well-balanced work type distribution, and the annual number of maintenance actions 648 

are more evenly spread across the whole planning horizon for all bridge components. It is also 649 

noticed that the AI policy tends to suggest more major maintenance and replacement actions, 650 

which are more effective in preserving or improving the asset conditions over time.  651 

 652 
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 653 

(a) 654 

 655 

(b) 656 

 657 

(c) 658 

Figure 31. Annual work-type distribution for bridge components under the AI-based policy (1% 659 

cumulative budget): (a) deck, (b) superstructure, and (c) substructure 660 
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4.4.3. 0.5% annual budget ratio with non-cumulative budget 661 

In this subsection, network-level bridge asset management performance is examined by 662 

considering an annual budget ratio of 0.5% with the non-cumulative budget assumption. 663 

Figure 32 compares the aggregated direct and indirect costs under various maintenance policies. 664 

The AI-based policy effectively utilizes most of the available budget, whereas the condition-based 665 

policies lead to budget underutilization, even when operating with a very limited annual budget 666 

ratio. Figure 32(b) further indicates that the aggregated indirect cost under the AI-based policy is 667 

significantly lower compared to the condition-based policies.  668 

 669 

     (a)                    (b) 670 

Figure 32. Average aggregated costs across the network under various maintenance policies 671 

(0.5% non-cumulative budget): (a) direct cost, (b) indirect cost 672 

The average component CR across the network is compared in Figure 33. Compared to the 673 

condition-based policies, it can be seen that the AI-based policy can more effectively enhance the 674 

CR of all three bridge components despite the limited budget. 675 
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 676 

     (a)                    (b) 677 

 678 

(c) 679 

Figure 33. Average component condition rating across the network (0.5% non-cumulative 680 

budget): (a) deck, (b) superstructure, (c) substructure 681 

Figure 34 presents the percentage of bridges in different condition categories, highlighting the 682 

superior performance of the AI-based policy in improving network-level asset conditions within 683 

the “Good” or “Fair” levels. In terms of the percentage of “Poor” condition bridges, the AI-based 684 

policy is found to be more effective under the tight budget.  685 
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 686 

     (a)                    (b) 687 

 688 

(c) 689 

Figure 34. Average percentage of bridges across different condition categories (0.5% non-690 

cumulative budget): (a) Good, (b) Good+Fair, and (c) Poor 691 

Figure 35 shows the network-level travel time comparison. Overall, the AI-based policy 692 

significantly outperforms the condition-based policies in reducing the network travel time. 693 
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 694 

Figure 35. Average network-level travel time under various maintenance policies (0.5% non-695 

cumulative budget) 696 

4.4.4. 0.5% annual budget ratio with cumulative budget 697 

In this subsection, the network-level bridge asset management performance is investigated by 698 

considering an annual budget ratio of 0.5% with the cumulative budget assumption. 699 

Figure 36 illustrates that AI-based policy and condition-based policies effectively allocate almost 700 

the entire available budget, with only a small amount remaining unutilized, while the AI-based 701 

policy leads to the lowest aggregated indirect costs.  702 

 703 

     (a)                    (b) 704 

Figure 36. Average aggregated costs across the network under various maintenance policies 705 

(0.5% cumulative budget): (a) direct cost, (b) indirect cost 706 

Figure 37 compares the average component CR across the network, again highlighting the 707 

superior performance of the AI-based policy in improving component conditions compared to the 708 

condition-based policies across all components. 709 
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 710 

     (a)                    (b) 711 

 712 

(c) 713 

Figure 37. Average component condition rating across the network over the planning horizon 714 

(0.5% cumulative budget): (a) deck, (b) superstructure, (c) substructure 715 

In terms of the proportion of bridge under different condition categories. Figure 38(a) shows 716 

that the AI-based policy is more effective in improving bridge conditions to the “Good” level. 717 

Figure 38(b) illustrates that the number of bridges in “Good” or “Fair” condition is lower for the 718 

AI-based policy compared to the condition-based policies. In addition, Figure 38(c) demonstrates 719 

that, the condition-based policies are more effective in reducing the “Poor” condition bridges in 720 

this case due to a very limited annual budget (0.5% annual budget ratio) is considered along with 721 

the cumulative budget assumption.  722 
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 723 

     (a)                    (b) 724 

 725 

(c) 726 

Figure 38. Average percentage of bridges across different condition categories (0.5% cumulative 727 

budget): (a) Good, (b) Good+Fair, and (c) Poor 728 

Figure 39 compares the average network-level travel time under different policies. Among all 729 

the policies evaluated, CB-3 results in the lowest travel time. This outcome can be attributed to 730 

CB-3's effectiveness in addressing bridges classified as “Poor,” which have the greatest impact on 731 

network-level travel time within the skeleton highway network considered in this case study. 732 

While the AI-based policy shows similar performance to CB-3 in terms of relative travel time by 733 

the end of the planning horizon, CB-3 performs better throughout the earlier stages of the planning 734 

period. 735 
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 736 

Figure 39. Average network-level travel time under various maintenance policies (0.5% 737 

cumulative budget) 738 

4.4.5. 2% annual budget ratio with non-cumulative budget 739 

In this subsection, the network-level bridge asset management performance is investigated by 740 

considering an annual budget ratio of 2% with the non-cumulative budget assumption. 741 

Figure 40 demonstrates the superiority of the AI-based policy in utilizing the budget while 742 

minimizing the network's indirect costs. The result also suggests that the available budget is more 743 

than sufficient, as the AI-based policy did not utilize all the available budget particularly toward 744 

the latter half of the planning horizon.  745 

 746 

     (a)                    (b) 747 

Figure 40. Average aggregated costs across the network under various maintenance policies (2% 748 

non-cumulative budget): (a) direct cost, (b) indirect cost 749 

Figure 41 further illustrates that condition-based policies maintain the component CR at a 750 

stagnant level, whereas the AI-based policy significantly enhances the CR of all components, 751 
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achieving higher component CR for all three bridge components. This improvement underscores 752 

the AI-based approach's effectiveness in optimizing maintenance strategies to ensure better long-753 

term infrastructure performance. 754 

 755 

     (a)                    (b) 756 

 757 

(c) 758 

Figure 41. Average component condition rating across the network (2% non-cumulative 759 

budget): (a) deck, (b) superstructure, (c) substructure 760 

The proportion of bridges under different condition categories is further compared in Figure 761 

42. Figure 42(a) illustrates that the AI-based policy significantly increases the number of bridges 762 

in “Good” condition, reaching nearly 80% of the bridges in the network by the end of the planning 763 

horizon, while this value is around only 20% for the condition-based policies. Compared to the 764 

condition-based policies, the AI-based policy also leads to a higher percentage of bridges in the 765 

“Good” or “Fair” conditions according to Figure 42(b), and a lower percentage of “Poor” condition 766 

bridges as per Figure 42(c). 767 
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 768 

 769 

     (a)                    (b) 770 

 771 

(c) 772 

Figure 42. Average percentage of bridges across different condition categories (2% non-773 

cumulative budget): (a) Good, (b) Good+Fair, and (c) Poor 774 

Figure 43 indicates that the AI-based policy contributes to a steady reduction in network-level 775 

travel time, suggesting improved network functionality. In contrast, the condition-based policies 776 

result in an increase in travel time. 777 
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 778 

Figure 43. Average network-level travel time under various maintenance policies (2% non-779 

cumulative budget) 780 

4.4.6. 2% annual budget ratio with cumulative budget 781 

In this subsection, the network-level bridge asset management performance is investigated by 782 

considering an annual budget ratio of 2% with the cumulative budget assumption. 783 

Figure 44(a) indicates the AI-based policy can more effectively utilize the available budget 784 

compared to the condition-based policies. Figure 44(b) illustrates the AI-based policy also leads 785 

to the lowest level of aggregated indirect costs. 786 

 787 

     (a)                    (b) 788 

Figure 44. Average aggregated costs across the network under various maintenance policies (2% 789 

cumulative budget): (a) direct cost, (b) indirect cost 790 

Figure 45 shows that the AI-based policy demonstrates a significant improvement in all 791 

component conditions, increasing steadily and stabilizing at a higher level. In contrast, the 792 
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condition-based policies maintain a relatively stagnant and lower CR, indicating limited condition 793 

improvements over time. 794 

 795 

     (a)                    (b) 796 

 797 

(c) 798 

Figure 45. Average component condition rating across the network (2% cumulative budget): (a) 799 

deck, (b) superstructure, (c) substructure 800 

Figure 46 shows the AI-based maintenance policy leads to a higher percentage of bridges in 801 

“Good” and “Fair” conditions compared to the condition-based policies. Moreover, the AI-based 802 

policy significantly reduces the number of bridges in “Poor” condition compared to the condition-803 

based policies, further emphasizing its advantage in asset condition preservation and improvement. 804 

 805 
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 806 

     (a)                    (b) 807 

 808 

(c) 809 

Figure 46. Average percentage of bridges across different condition categories (2% cumulative 810 

budget): (a) Good, (b) Good+Fair, and (c) Poor 811 

Figure 47 presents the average network-level travel time over the planning horizon. The AI-812 

based maintenance policy consistently demonstrates superior performance by maintaining a lower 813 

travel time with a decreasing trend over time. In contrast, the condition-based policies exhibit 814 

much higher network-level relative travel time.  815 
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 816 

Figure 47. Average network-level travel time under various maintenance policies (2% 817 

cumulative budget) 818 

All the above results in Section 4.4 highlight the benefits of integrating AI into network-level 819 

bridge asset management. The AI-based bridge-level maintenance policy in conjunction with the 820 

proposed network-level decision framework can effectively: (1) utilize the available budget, (2) 821 

reduce the aggregated indirect costs, (3) preserve or improve CR of bridge components, (4) 822 

increase the proportion of bridges in “Good” or “Fair” conditions while decreasing the number of 823 

bridges in “Poor” condition, and (5) deliver overall reduced network-level travel time.  824 

4.5. Illustration of annual decision process via the AI-based network-level decision 825 

framework 826 

In this section, a demonstration on a small-scale bridge portfolio is performed to showcase how 827 

the network-level project prioritization and decisions are made in a given year. For this purpose, 828 

ten bridges from the original case study network outlined in Section 3 are selected for analysis as 829 

shown in Table 3. In this table, bridge parameters including: deck area, detour length, ADT, truck 830 

ratio, closeness centrality, and current initial condition ratings, are provided for each bridge.  831 

 832 

 833 

 834 
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Table 3. Selected Bridges from the Case Study Network 835 

Bridge 

# 

Deck area 

(m2) 

Detour length 

(km) 

ADT Truck 

ratio 

Initial CR  

[deck, super, sub] 

B1 1082 64 12139 0.09 [6,5,6] 

B2 425 1 42038 0.09 [7,6,6] 

B3 2046 1 118031 0.08 [6,6,6] 

B4 4377 1 118031 0.08 [6,6,6] 

B5 582 26 18011 0.09 [6,6,6] 

B6 1166 1 37267 0.09 [6,7,6] 

B7 1949 1 70582 0.08 [6,7,6] 

B8 2566 1 90458 0.08 [6,8,7] 

B9 2546 1 112715 0.08 [6,8,6] 

B10 1039 8 23253 0.09 [5,6,6] 

 836 

4.5.1. Step 1: Updating the annual budget and number of projects 837 

In this step, the annual budget is set at 1% of the total construction cost, amounting to $306,544. 838 

Since 10 bridges are selected, up to 20% of the bridges are eligible for maintenance each year, 839 

indicating that most two projects can be implemented annually. Note that the maximum allowable 840 

number of projects can be determined by the users.  841 

4.5.2. Step 2: Initial project assembly 842 

In this step, the AI-based and CB-3 policies suggest maintenance actions for each bridge in the 843 

network at the bridge level for this current decision step, as detailed in Table 4. The table presents 844 

the following information for each bridge: the initial annual budget calculated in Step 1, the initial 845 

condition ratings for the three bridge components (deck, superstructure, and substructure), and the 846 

suggested maintenance actions for each component from the AI-based bridge-level and CB-3 847 

policies. The maintenance actions are annotated as follows: 0 – “Do Nothing,” 1 – “Minor,” 2 – 848 

“Major,” and 3 – “Replacement.” Additionally, the table includes the direct costs associated with 849 
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these maintenance actions. It can be seen that the AI-based and CB-3 policies initially offered 850 

maintenance suggestions for all bridges. 851 

 852 

Table 4. Initial project assembly results 853 

Year Budget ($) Bridge # Initial 

CR 

Actions Direct cost ($) 

AI CB-3 AI CB-3 

 

 

 

 

 

1 

 

 

 

 

 

306,544 

B1 [6,5,6] [2,2,2] [1,2,1] 419,901 182,143 

B2 [7,6,6] [3,3,2] [0,1,1] 650,568 24,745 

B3 [6,6,6] [3,3,2] [1,1,1] 3,129,896 158,734 

B4 [6,6,6] [3,3,2] [1,1,1] 6,696,367 339,610 

B5 [6,6,6] [2,2,2] [1,1,1] 225,628 45,125 

B6 [6,7,6] [1,0,2] [1,0,1] 229,662 64,023 

B7 [6,7,6] [1,0,2] [1,0,1] 384,030 107,058 

B8 [6,8,7] [1,0,0] [1,0,0] 49,769 49,769 

B9 [6,8,6] [1,0,2] [1,0,1] 501,580 139,827 

B10 [5,6,6] [3,3,2] [2,1,1] 1,590,299 161,306 

 854 

4.5.3. Step 3: Pareto Frontier based project ranking 855 

In this step, bridges undergo the Pareto Frontier ranking according to their Q value, and bridge-856 

level CR for AI-based policy, and bridge-level CR, and ADT for CB-3 policy, as illustrated in 857 

Table 5. This ranking method allows for systematic prioritization of bridges by considering 858 

multiple criteria simultaneously. 859 

 860 
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Table 5. Pareto Frontier based project ranking results 861 

Year Bridge # Ranking 

AI CB-3 

 

 

 

 

 

1 

B1 1 4 

B2 5 8 

B3 8 2 

B4 7 3 

B5 3 10 

B6 4 9 

B7 6 7 

B8 9 6 

B9 10 5 

B10 2 1 

 862 

4.5.4. Step 4: Budget allocation and resource constraints enforcement 863 

In this step, the budget is allocated to the bridges based on their ranking, budget availability and 864 

the maximum allowable number of projects. Note that up to 2 bridges can be selected for 865 

maintenance annually due to the maximum number of allowable projects. The budget allocation 866 

for the bridges in the case study is shown in Table 6, illustrating how the funds are utilized. The 867 

AI-based policy allocated budget to the second-ranked bridge, B5, then AI-based policy allocated 868 

the remaining budget to B8 as the third-ranked. While, the CB-3 policy allocates the budget to 869 
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B10, and then to B9. As only two bridges can be selected for maintenance within the given budget, 870 

no additional bridges are funded, and the budget allocation process is terminated for the year.  871 

Table 6. Budget allocation 872 

Year Budget 

($) 

Bridge 

# 

Ranking Applied actions Applied cost Remained budget 

($) 

AI CB-3 AI CB-3 AI CB-3 AI CB-3 

 

 

 

 

 

1 

 

 

 

 

 

 

306,544 

B1 1 4 [0,0,0] [0,0,0] 0 0  

 

 

 

 

 

31,147 

 

 

 

 

 

 

5,411 

B2 5 8 [0,0,0] [0,0,0] 0 0 

B3 8 2 [0,0,0] [0,0,0] 0 0 

B4 7 3 [0,0,0] [0,0,0] 0 0 

B5 3 10 [2,2,2] [0,0,0] 225,628 0 

B6 4 9 [0,0,0] [0,0,0] 0 0 

B7 6 7 [0,0,0] [0,0,0] 0 0 

B8 9 6 [1,0,0] [0,0,0] 49,769 0 

B9 10 5 [0,0,0] [1,0,1] 0 139,827 

B10 2 1 [0,0,0] [2,1,1] 0 161,306 

 873 

 874 

 875 

 876 

  877 
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CHAPTER 5. CONCLUSION 879 

In Volume 2 of this project, a network-level bridge maintenance decision-making and planning 880 

framework is developed by coupling the bridge-level AI decision policy (developed in Volume 1 881 

of this project) with a multi-criteria project ranking and prioritization approach. The bridge-level 882 

AI policy provides an initial set of suggested maintenance actions for each individual bridge within 883 

the bridge network. Note that other conventional condition-based policies can also be considered 884 

at the bridge level. The initial set of projects are then further ranked and prioritized via a Pareto 885 

Frontier based approach by systematically balancing multiple and potentially conflicting bridge- 886 

and project-specific attributes (e.g., Q values, condition ratings, average daily traffic, among 887 

others). Practical budget and resource constraints are then enforced according to the resulting 888 

project ranking.  889 

A comparative study is carried out by comparing the efficacy of different bridge-level 890 

maintenance policies, under the proposed network-level decision framework. First, a sensitivity 891 

study is performed to investigate the influence of bridge- and project-related attributes selection in 892 

the Pareto Frontier ranking scheme. Results suggest that the optimal attribute selection should 893 

include “bridge-level CR, ADT” for the condition-based policies, and the optimal attributes are 894 

“Q value, bridge-level CR” for the AI-based policy. Next, the influence of using different bridge-895 

level policies within the proposed network-level decision framework is examined by considering 896 

multiple network-level asset management performance measures such as the overall funding 897 

usage, indirect costs, bridge conditions, and travel time, under different funding scenarios. It is 898 

observed that, under the same budgetary and resource constraints, the AI-based policy achieves 899 

superior outcomes by strategically distributing resources to maximize the effectiveness. 900 

Specifically, the AI-based policy more effectively allocates the available budget, resulting in lower 901 

aggregated indirect costs. In contrast, the condition-based policies often leave a significant portion 902 

of the budget unused, leading to substantially higher indirect costs. Additionally, the AI-based 903 

policy efficiently enhances bridge asset conditions, increasing the number of bridges classified as 904 

“Good” or “Fair” while reducing those in the “Poor” category. Conversely, the condition-based 905 

policies primarily focus on preserving bridge components with minimal condition improvement. 906 

Furthermore, the AI-based policy demonstrates superior overall performance in reducing network 907 

travel time compared to the condition-based policies. Also, from an exemplary annual network-908 
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level decision illustration, it is highlighted that the AI-based bridge-level decision policy when 909 

deployed into the network-level decision framework can offer reasonable budget and resource 910 

allocation. 911 

In conclusion, the research tools developed from this entire research project can not only offer 912 

proactive and adaptive bridge maintenance decisions under both deterioration and seismic hazard 913 

threats at the individual bridge level but can also optimize the budget and resource allocation at 914 

the network level by better utilizing the limited resources, preserving the overall asset conditions, 915 

and reducing the socioeconomic impact due to deteriorating bridge assets. Finally, the open-916 

sourced computer codes are shared and related hands-on tutorials are provided for better result 917 

dissemination.  918 

 919 

 920 

 921 

922 
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APPENDIX A. NETWORK CENTRALITY MEASURES 924 

In this study, the road network was modeled using a graph-based approach. The intersections were 925 

the nodes in the graph, and the roadway segments between the intersections were considered as 926 

links. Each node was numbered to provide a unique identification. Similarly, each link was 927 

numbered and the nodes at its beginning and end were recorded. This process resulted in the 928 

creation of an edge list, i.e., a list of edges along with the node numbers corresponding to the link’s 929 

starting and ending points. This edge list was used to create an adjacency matrix to represent the 930 

road network. An adjacency matrix (𝐴) is a square matrix with its dimension corresponding to the 931 

number of the nodes in the network. Element 𝐴𝑖𝑗 was assigned a value of one if there exists a link 932 

connecting nodes 𝑖 and 𝑗, else it was assigned a value of zero. Herein, all links were assumed as 933 

two way links, i.e., all roadway segments carry two-way traffic. So, if 𝐴𝑖𝑗 = 1, then 𝐴𝑗𝑖 = 1.  934 

Using this mathematical representation of the road network, detailed modeling such as bridge 935 

centrality measure calculation, and traffic flow analysis can be performed. Network centrality 936 

metrics are often used to understand the importance of nodes (e.g., intersections) based on network 937 

topology information, without detailed traffic flow analysis. Many centrality measures have been 938 

proposed in the literature for nodes and links prioritization in a road network [21,22]. Herein, the 939 

following commonly used centrality metrics were used to determine the nodal importance of 940 

bridges in the road network.  941 

(1) Closeness centrality: it quantifies the importance of a node based on its average shortest 942 

distance to all other nodes. It shows how quickly all nodes in the network can be reached 943 

from a given node. A low closeness centrality would indicate that a node is near the 944 

periphery of the network and is away from most of the other nodes. A high closeness 945 

centrality value would indicate a well-connected node located in the center of the network 946 

with closer distances to all other nodes. The following equation demonstrates how to 947 

calculate closeness centrality: 948 

𝐶𝐶𝑖 =
𝑛−1

∑ 𝑑(𝑖,𝑗)𝑛
𝑗=1

              (A-1) 949 

where: 𝐶𝐶𝑖 is the closeness centrality of node 𝑖, 𝑛 is the number of nodes in the network, 950 

𝑑(𝑖, 𝑗) is the distance between nodes 𝑖 and 𝑗. 951 
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(2) Betweenness centrality: it quantifies how often a node appears on the shortest paths 952 

between other pairs of nodes. To calculate this centrality measure mathematically, for each 953 

node pair, the number of shortest paths that connect the two nodes and pass through the 954 

node of interest are determined and divided by the total number of shortest paths between 955 

the two nodes. This ratio is summed for all node pairs. A high value of betweenness 956 

centrality will indicate that the node is crucial for maintaining connectivity in the network. 957 

Conversely, a low betweenness centrality value would indicate that the node is not 958 

important for maintaining connectivity in the network. The following equation shows how 959 

to calculate betweenness centrality: 960 

𝐵𝐶𝑖 = ∑
𝑟𝑝,𝑞(𝑖)

𝑟𝑝,𝑞
𝑖≠𝑝≠𝑞               (A-2) 961 

where 𝐵𝐶𝑖  is the betweenness centrality of node 𝑖 , 𝑟𝑝,𝑞  is the number of all paths 962 

connecting nodes 𝑝 and 𝑞, and 𝑟𝑝,𝑞(𝑖) are the number of paths connecting nodes 𝑝 and 𝑞 963 

that pass through the node 𝑖. 964 

Herein, bridges were assigned to links (i.e., roadway segments) that they are a part of. So, to 965 

determine the centrality value for each bridge, the average of the centrality value corresponding to 966 

the start and end nodes of the bridge’s link was used. 967 

  968 
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APPENDIX B. TRAFFIC FLOW ANALYSIS 969 

In addition, traffic flow analysis was conducted to evaluate the performance of the road network 970 

in the Memphis region under different maintenance policies. For this purpose, Memphis MPO’s 971 

travel demand model was used, which covered eight counties in Tennessee, Arkansas, and 972 

Mississippi. Detailed discussion on the implementation of the Travel Demand Model is provided 973 

in Vishnu et al. [23]. The 8 county MMA region was divided into 798 transportation analysis zones 974 

(TAZ). Using the travel demand model, the number of passenger car trips from each to all other 975 

TAZs (O-D matrix) was obtained for various times of the day.  976 

For the development of the O-D matrix, a high resolutions road network, which consisted of 977 

primary, secondary, and tertiary roads were considered. However, the road network used in this 978 

study only consisted of the primary roads (i.e., the highways). Therefore, the O-D matrix was 979 

condensed to match the resolution of the road network used in this analysis following the procedure 980 

outlined by Zhou et al. [24]. The first step in the O-D matrix condensation process involves 981 

generating Thiessen polygons around each node of the road network used in this study. Since 982 

Thiessen polygons ensure that any point within a given polygon is closest to its corresponding 983 

node, trips originating from or ending at TAZs were assigned to the road network node associated 984 

with the Thiessen polygon containing the TAZ’s centroid. This resulted in the O-D matrix which 985 

was used for traffic flow analysis. 986 

In this study, an iterative user equilibrium solution was used for traffic flow analysis. 987 

According to the user equilibrium principle, the network reaches a state where no traveler can 988 

reduce their travel time between a given origin-destination (O-D) pair by choosing a different route. 989 

This approach as implemented following the steps outlined in Vishnu et al [23]. This traffic flow 990 

analysis provided the traffic volume on each link. Using the traffic volume, the total distance 991 

traveled in the network (𝐷𝑡𝑜𝑡) was calculated as: 992 

𝐷𝑡𝑜𝑡 = ∑ 𝐿𝑖𝑗𝑉𝑖𝑗∀𝑖,𝑗 𝑝𝑎𝑖𝑟𝑠               (B-1) 993 

where, 𝑉𝑖𝑗 are the final traffic volumes on each link and 𝐿𝑖𝑗 is the length of the link between nodes 994 

𝑖 and 𝑗. The total travel time in the network was determined by summing the total travel time on 995 

each link (𝑇𝑐𝑖𝑗
), which was calculated as: 996 

𝑇𝑡𝑜𝑡 = ∑ 𝑇𝑐𝑖𝑗∀𝑖,𝑗 𝑝𝑎𝑖𝑟𝑠                (B-2) 997 
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The above process was used for the network shown in Chapter 3. In this process, to model the 998 

effects of deterioration in the bridges’ condition, the traffic flow capacity of bridges was reduced 999 

based on their conditions, as mentioned in Volume 1, Chapter 3. Correspondingly, using the 1000 

bottleneck assumption, the traffic flow capacity of the link containing the deteriorated bridge was 1001 

reduced to the capacity of the bridge. The reduced capacities of links were used in the above-1002 

mentioned traffic flow analysis to determine the effects of bridge deterioration on travel time and 1003 

distance in the road network.  1004 

The above-mentioned process is computationally intensive and integrating it directly into the 1005 

framework presented in section 2 would be prohibitively expensive. Therefore, a surrogate model 1006 

was developed to determine the travel time using the level of functionality of each of the bridges 1007 

in the network. To train the surrogate model, a training data set was created where it was assumed 1008 

that approximately 1-12% of bridges will be closed, 30-50% of the bridges would have reduced 1009 

capacity due to deterioration. For bridges with reduced capacity, the remaining capacity was varied 1010 

between 75 to 100% of the original capacity. With these assumptions, for each of the 83 bridges 1011 

in the road network, a traffic flow capacity was assigned. Using this process, a set of 10,000 1012 

different random realizations of network-level bridge capacities was generated. For each of these 1013 

bridge capacity combinations, the traffic flow analysis was conducted, and total network-level 1014 

travel time was determined. 90% of the data was used to train a machine learning model that can 1015 

predict the total travel time for given bridge capacity values. For this purpose, several machine 1016 

learning models were considered, such as random forests and neural networks. Based on 1017 

preliminary analysis, neural networks were observed to perform the best. Herein, based on trial 1018 

and error, a neural network with 3 hidden layers (each with 240, 160, 80 neurons) and CeLU 1019 

activation function, was determined to provide maximum accuracy in predicting the total travel 1020 

time. The performance of this model was tested on the remaining 10% of the data and was found 1021 

to have a median error of 5%. 1022 

  1023 
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APPENDIX C. COMPUTER CODES INSTRUCTIONS 1024 

Tutorials and instructions on how to access and use the open-source computer codes for deploying 1025 

the proposed network-level asset management framework are provided herein. GitHub, a free web-1026 

based platform, is used for web-based code storage and sharing. Below is the GitHub repository 1027 

link: https://github.com/AlirezaGhavidel70/AI-based-bridge-network-analysis/ 1028 

 1029 

Figure C- 1. GitHub repository page 1030 

In the above link, you will find all the necessary codes and files required to execute the program. 1031 

You can download five pre-trained bridge-level AI policies named “Agent1, Agent2, Agent3, 1032 

Agent4, and Agent5” from the provided link for testing or deployment purposes. Here multiple AI 1033 

policies trained under the same settings were considered (instead of relying on a specific policy) 1034 

to offer more stable and robust results, due to the stochastic nature of AI model training. These AI 1035 

policies were trained using the AI algorithm presented in Volume 1 and are dedicated for the multi-1036 

span simply-supported concrete girder bridge class for the case-study region in Memphis. For other 1037 

use cases, the users will need to train dedicated AI models using region- and asset-specific data. 1038 

Additionally, an Excel file named "bridge_parameters" contains the necessary user inputs on 1039 

the detailed bridge-specific data for each of the bridges involved in the network-level analysis, as 1040 

shown in Figure C- 2. This file includes various bridge parameters such as deck area, detour length, 1041 

average daily traffic (ADT), truck ratio, initial condition ratings for bridge components, centrality 1042 

measures, and the coordinates of bridges within the network (see Table C-1). 1043 

https://github.com/AlirezaGhavidel70/AI-based-bridge-network-analysis/


75 

 

 1044 

Figure C- 2. Bridge parameters input file 1045 

Moreover, you will find two “.ipynb” files named "Bridge_Network_Analysis" and 1046 

"Network_Analysis_AI", were developed based on the proposed framework in this study. These 1047 

files incorporate aging deterioration modeling through Markov chains, seismic risk analysis, 1048 

maintenance effects, and cost estimations, as outlined in Volume 1. Additionally, the trained 1049 

bridge-level AI-based policy and condition-based policies are incorporated to suggest maintenance 1050 

actions, as mentioned in Volume 1. Finally, the proposed framework for network-level decision 1051 

making in Volume 2 is implemented.  1052 

The "Bridge_Network_Analysis" code as illustrates in Figure C- 3 conducts a comparative 1053 

study, evaluating the AI-based policy against the condition-based policies on the overall network-1054 

level bridge asset management performance. It analyzes the aggregated direct and indirect costs, 1055 
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component conditions, and the distribution of bridges across different condition categories 1056 

throughout the planning horizon, presenting the results in both graphical and tabular formats as 1057 

shown in Section 4.3. 1058 

 1059 

Figure C- 3. “Bridge_Network_Analysis” file in the GitHub repository 1060 

The "Network_Analysis_AI" code (see Figure C- 4) suggests optimal actions for a given year 1061 

while considering the annual budget and resource constraints.  1062 

 1063 

Figure C- 4. "Network_analysis_AI" file in the GitHub repository 1064 

 1065 
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The results include: 1066 

• A map visualizing the network and the condition of bridges after the suggested actions, 1067 

such as Figure C- 5. 1068 

 1069 

Figure C- 5. Map visualizing the network 1070 

• An Excel file as shown in Figure C- 6 containing: 1071 

The suggested actions and associated costs before enforcing budget and resource 1072 

constraints, and the suggested actions and associated costs after enforcing budget and 1073 

resource constraints. 1074 
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 1075 

Figure C- 6. Excell file for suggested actions by AI-based policy 1076 

To run the code, first, click on the desired notebook, either "Bridge_Network_Analysis" or 1077 

"Network_Analysis_AI", from the provided GitHub link. In the newly opened window, select the 1078 

"Open in Colab" button to be redirected to Google Colab, which is an online coding and computing 1079 

platform for code running and execution. To run the codes, the users need to have access to use 1080 

Google Colab, where a Gmail account is required. In Google Colab, it is possible to run the codes 1081 

either on your local computer or using the free cloud computing resources (i.e., virtual machine) 1082 

provided by Google. 1083 

To use a virtual machine, select the “Runtime > Change runtime type” option from the top 1084 

menu bar in Colab as shown in Figure C- 7: 1085 
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 1086 

 1087 

Figure C- 7. Change runtime type in Colab 1088 

In the pop-up window, you can choose either CPU or GPU from the hardware acceleration 1089 

options based on your preference. If you want to run the codes on your local computer, select the 1090 

drop-down menu in the top-right corner of the code script (next to the small RAM and Disk 1091 

performance charts). 1092 

Additionally, the users will need to download the pre-trained AI agents and the Excel file, and 1093 

upload them to their Google Drive as illustrates in Figure C- 8. To do this, follow these steps: 1094 

• Open your Google Colab account. 1095 

• Go to File > Drive > My Drive. 1096 

• Upload the pre-trained models and the Excel file to your Google Drive 1097 
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 1098 

Figure C- 8. Upload files into Google Drive 1099 

Now you can easily run the codes. The codes are open-source so can be modified depending 1100 

on the specific use cases. If the users wish to change any parameters, the parameters that can be 1101 

modified, along with the default values used in this study, are provided for your reference below: 1102 

 1103 

  1104 
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Table C- 1. User inputs for codes 1105 

ID User inputs Description Default value(s) 

1 num_statistic Number of episodes 4,000 

2 Years Lifetime horizon 30 

3 Times Years to print tabular results [0,5,15,25] 

4 budget_ratio Ratio respect to total construction cost of bridges 0.010 

5 cumulative_budget Rolling the remaining budget each year to the next year (True or 

False) 

True 

6 workforce_ratio Man-power constraint that shows how many bridges can be 

maintained each year within the total bridge network 

0.10 

7 deck_area Deck areas of bridges in the network (m2) Case study (83 

bridges) 

8 Detour_length Detour length of bridges in the network (km) Case study (83 

bridges) 

9 ADT Average daily traffic of bridges in the network Case study (83 

bridges) 

10 Truck_ratio Truck ratio of bridges in the network Case study (83 

bridges) 

11 initial_state (CRs) Initial (current) condition rating of bridges in the network Case study (83 

bridges) 

12 Start_x , Start_y Bridge location coordinates Case study (83 

bridges) 

13 centrality_parameter Centrality measure parameter related to the network topology Case study 

(closeness) 

14 Hazard Curve Hazard curve for city/location for risk analysis Memphis 

  1106 



82 

 

REFERENCE 1107 

[1]  Ghavidel A, Du A and Kameshwar S Risk-Based Multi-Threat Decision- Support 1108 

Methodology for Long- Term Bridge Asset Management Volume 1: AI-Based Bridge-Level 1109 

Decision Support (The University of Texas at San Antonio). 1110 

https://rosap.ntl.bts.gov/pdfjs/web/viewer.html?file=https://rosap.ntl.bts.gov/view/dot/80941111 

3/dot_80943_DS1.pdf  1112 

[2]  Ellis R M 2024 Bridge management–past, present, and future Bridge Maintenance, Safety, 1113 

Management, Digitalization and Sustainability (CRC Press) pp 40–9 1114 

[3]  Le B and Andrews J 2016 Petri net modelling of bridge asset management using 1115 

maintenance-related state conditions Structure and Infrastructure Engineering 12 730–51 1116 

[4]  Jiang Y, Yang G, Li H and Zhang T 2023 Knowledge driven approach for smart bridge 1117 

maintenance using big data mining Automation in Construction 146 104673 1118 

[5]  Yanev B and Richards G 2011 Bridge maintenance in New York City: Network-and project-1119 

level interaction Transportation research record 2220 28–37 1120 

[6]  Frangopol D M and Bocchini P 2019 Bridge network performance, maintenance and 1121 

optimisation under uncertainty: accomplishments and challenges Structures and 1122 

Infrastructure Systems 30–45 1123 

[7]  Frangopol D M and Liu M 2019 Maintenance and management of civil infrastructure based 1124 

on condition, safety, optimization, and life-cycle cost Structures and infrastructure systems 1125 

96–108 1126 

[8]  Allah Bukhsh Z, Stipanovic I, Klanker G, O’Connor A and Doree A G 2019 Network level 1127 

bridges maintenance planning using Multi-Attribute Utility Theory Structure and 1128 

infrastructure engineering 15 872–85 1129 

[9]  Dong Y, Frangopol D M and Sabatino S 2015 Optimizing bridge network retrofit planning 1130 

based on cost-benefit evaluation and multi-attribute utility associated with sustainability 1131 

Earthquake Spectra 31 2255–80 1132 

[10]  Kabir G, Sadiq R and Tesfamariam S 2014 A review of multi-criteria decision-making 1133 

methods for infrastructure management Structure and infrastructure engineering 10 1176–1134 

210 1135 

[11]  Zhang W and Wang N 2017 Bridge network maintenance prioritization under budget 1136 

constraint Structural safety 67 96–104 1137 

[12]  Orcesi A D and Cremona C F 2010 A bridge network maintenance framework for Pareto 1138 

optimization of stakeholders/users costs Reliability Engineering & System Safety 95 1230–1139 

43 1140 



83 

 

[13]  Liu M and Frangopol D M 2005 Multiobjective maintenance planning optimization for 1141 

deteriorating bridges considering condition, safety, and life-cycle cost Journal of Structural 1142 

Engineering 131 833–42 1143 

[14]  Deb K, Pratap A, Agarwal S and Meyarivan T 2002 A fast and elitist multiobjective genetic 1144 

algorithm: NSGA-II IEEE transactions on evolutionary computation 6 182–97 1145 

[15]  Prakash V and Mishra S 2024 Hierarchical non-dominated sort: analysis and improvement 1146 

Genetic Programming and Evolvable Machines 25 1–31 1147 

[16]  Deeb A, Khokhlovskiy V, Prokofiev V and Shkodyrev V 2024 Optimizing Multi-Level 1148 

Industrial Systems through Archive-Based Data-Driven Configuration 2024 International 1149 

Russian Automation Conference (RusAutoCon) (IEEE) pp 252–9 1150 

[17]  Feng D, Li Y, Liu J and Liu Y 2024 A particle swarm optimization algorithm based on 1151 

modified crowding distance for multimodal multi-objective problems Applied Soft 1152 

Computing 152 111280 1153 

[18]  Li M and Zhan D 2024 A Fast Hypervolume Contribution Strategy for Evolutionary Multi-1154 

Objective Optimization 2024 6th International Conference on Data-driven Optimization of 1155 

Complex Systems (DOCS) (IEEE) pp 271–8 1156 

[19]  Liang M, Shavazipour B, Saini B, Emmerich M and Miettinen K 2024 A Modified 1157 

Preference-Based Hypervolume Indicator for Interactive Evolutionary Multiobjective 1158 

Optimization Methods International Joint Conference on Computational Intelligence 1159 

(SCITEPRESS Science and Technology Publications) 1160 

[20]  Council F F 1996 Budgeting for Facilities Maintenance and Repair Activities vol 131 1161 

(National Academies) 1162 

[21]  Stamos I 2023 Transportation networks in the face of climate change adaptation: A review 1163 

of centrality measures Future Transportation 3 878–900 1164 

[22]  Rodrigues F A 2019 Network centrality: an introduction A mathematical modeling approach 1165 

from nonlinear dynamics to complex systems 177–96 1166 

[23]  Vishnu N, Kameshwar S and Padgett J E 2022 Road transportation network hazard 1167 

sustainability and resilience: correlations and comparisons Structure and Infrastructure 1168 

Engineering 19 345–65 1169 

[24]  Zhou Y, Banerjee S and Shinozuka M 2010 Socio-economic effect of seismic retrofit of 1170 

bridges for highway transportation networks: a pilot study Structure and Infrastructure 1171 

Engineering 6 145–57 1172 

 1173 


