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Abstract: Road–stream crossings (RSCs) are vital for the sustainability of both stream ecosys-
tems and transportation networks, yet many are aging, undersized, or failing. Limited
funding and lack of stakeholder coordination hinder effective RSC management. This study
develops a multi-objective optimization (MOO) framework utilizing the non-dominated
sorting genetic algorithm (NSGA-II) to maximize and balance diverse stakeholder interests
(i.e., environmental and transportation agencies) while minimizing management costs.
MOO was used to identify optimal RSC management scenarios at a watershed scale, using
the Piscataqua–Salmon Falls watershed, New Hampshire, as a testbed. It was found that
MOO consistently outperformed the currently used scoring and ranking method by the en-
vironmental and transportation agencies, improving the environmental and transportation
objectives by at least 19.56% and 37.68%, respectively, across all evaluated budget limits.
These improvements translate to a maximum cost saving of USD 19.87 million under a USD
50 million budget limit. Structural conditions emerged as the most influential factor, with a
Pearson coefficient of 0.60. This research highlights the potential benefits of a data-driven,
optimization-based approach to sustainable RSC management.

Keywords: sustainable road–stream crossing management; multi-objective optimization;
non-dominated sorting genetic algorithm (NSGA-II); decision support system; enhanced
ecosystem health; improved community resilience

1. Introduction
Road–stream crossings (RSCs) are engineered structures that enable roads to traverse

water bodies (e.g., rivers and streams), allowing vehicles and pedestrians to safely pass
over the water with minimal disruptions to the water bodies [1]. In the United States, there
are approximately 6.6 million RSCs [2], many of which are aged and in poor condition [3,4].
These inefficient RSCs contribute to habitat fragmentation and escalate flood risks, de-
teriorating ecosystem health and the safety of local communities [5–9]. For instance, an
RSC failure during a flood in 2005 in Alstead, New Hampshire (NH) resulted in extensive
property damage and the loss of seven lives [10]. Such risks are expected to heighten
with climate change [5,11,12]. Hence, it is critical to effectively manage RSCs to enhance
the sustainability and safety of both river and transportation networks, as well as their
surrounding communities.
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Effective and timely management of RSCs is often hindered by limited funding and
uncoordinated efforts among RSC stakeholders [13,14]. RSC management is often highly
costly [15,16], ranging from approximately USD 33,000 to over USD 1.6 million per site,
depending on factors such as size, environmental permitting, and site accessibility [17,18].
In Maine, for example, upsizing requirements under LD 1725 are projected to increase
the cost of replacing an estimated 30,000 crossings by USD 230–474 million over 20 years,
without dedicated funding currently available to meet this demand [15]. Moreover, the
limited funding for RSC maintenance is often dispersed in small amounts across stakehold-
ers with distinct interests and priorities, leading to inconsistencies in resource allocation
and inefficiencies in resource utilization [19,20]. Current RSC maintenance is typically
reactive, occurring organically without strategic planning or prioritization, which can
result in missed opportunities for more effective usage of limited funds [21]. Additionally,
stakeholders usually focus on the RSCs within their jurisdictions without considering
the broader watershed context, which can undermine efforts to manage RSCs holistically
at a larger scale [14]. To address these challenges, systematic decision support tools are
urgently needed to enhance systems understanding, facilitate stakeholder coordination,
and improve resource utilization.

Previous studies often prioritize RSC management based on a single factor, such
as flood vulnerability [22], road safety [23], or habitat connectivity [24–31]. This narrow
approach overlooks the diverse and sometimes competing interests and priorities of differ-
ent stakeholders. To accommodate the diverse interests of stakeholders, several studies
have included multiple factors in their prioritization framework, including environmental,
wildlife, road safety, land conservation, and economic considerations [32–35]. These studies
typically use a scoring and ranking (S and R) method, where RSCs are evaluated against
selected criteria and ranked according to their overall performance [36]. For instance,
Milone and MacBroom [34] rated RSCs based on four criteria: criticality to the local trans-
portation network, aquatic organism passage, geomorphic compatibility, and structural
condition. The four scores of each RSC were then combined to rank the RSC management
priority. While often regarded as a benchmark for RSC prioritization in states such as NH,
Vermont, and Massachusetts, the S and R approach remains inconsistently implemented.
The limitation of the S and R approach lies in its inability to effectively account for the
collective benefits of replacing multiple RSCs within a watershed. Other studies tackled
this issue by combining various RSC considerations into a composite score and conducted
single-objective optimization to determine RSC prioritization. For instance, Lin et al. [37]
used integer linear programming for RSC prioritization in the Lake Michigan basin, consid-
ering both connectivity restoration and erosion control. Their single-objective optimization
approach, however, requires assigning weights to individual criteria to combine multi-
ple priorities into a single objective function rather than independently optimizing each
priority. This process can obscure important trade-offs between competing objectives
and may mask poor performance in certain criteria. Furthermore, extreme scores in one
priority may overshadow the others, which diminishes the ability to balance multiple
priorities effectively.

In contrast, multi-objective optimization (MOO) independently optimizes conflicting
objectives without merging them into a single aggregate score [38]. MOO seeks to identify
a set of Pareto-optimal solutions where no single solution can outperform others across
all objectives simultaneously [39]. MOO frameworks have been widely applied across
many domains, including urban planning (e.g., skipstop train scheduling [40] and low
impact development stormwater design [41]), environmental engineering (e.g., operation
optimization of water treatment plants [42]), healthcare (e.g., healthcare facility location allo-
cation [43]), and energy management (e.g., microgrid scheduling [44]). Due to the inherent
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trade-offs among different objectives and the large number of RSCs, identifying watershed-
scale Pareto-optimal solutions requires searching a large solution space. Therefore, heuristic
and metaheuristic methods, such as evolutionary algorithms, simulated annealing (SA),
tabu search (TS), and ant colony optimization (ACO), are often more practical than exact
methods, which demand extensive computational resources [45–47]. Among these heuristic
and metaheuristic methods, the non-dominated sorting genetic algorithm II (NSGA-II), a
type of evolutionary algorithm, was selected in this study because it is inherently designed
for MOO and offers a strong balance between convergence and diversity preservation.
Its parameter-light configuration, elitist selection strategy, and crowding distance mecha-
nism make it particularly effective in maintaining a well-distributed Pareto front without
extensive tuning. These characteristics are critical for our application, where scalability,
robustness, and solution diversity are essential [48–50]. Roy et al. [14] employed NSGA-II to
evaluate the coordinated benefits of dam removal and RSC replacement, optimizing habitat
connectivity, road safety, and project cost. While their study provided valuable insights
into RSC management practices, the evaluation metrics were derived from author-assumed
equations that do not align with those employed by real-world stakeholders.

Accordingly, this study aims to develop an NSGA-II MOO framework for prioritizing
RSC replacement, incorporating evaluation metrics and prioritization schemes currently
employed by real-world stakeholders using the Piscataqua–Salmon Falls watershed in NH
as a case study. We also seek to demonstrate the differences between solutions obtained
through the NSGA-II framework and the conventional S and R method currently used
by stakeholders. This study seeks to answer the following questions: (1) How can an
effective NSGA-II multi-objective optimization framework be designed to balance model
performance with computational efficiency? (2) How do the outcomes of the NSGA-II
framework for RSC replacement prioritization compare to those of the S and R method? (3)
What RSC characteristics most significantly influence their prioritization?

2. Materials and Methods
In this section, we first present the Piscataqua–Salmon Falls watershed as our study

area (Section 2.1). We then outline the evaluation criteria for RSC prioritization adapted
from the stakeholders’ current practices (Section 2.2). Finally, we describe the design of our
NSGA-II framework, the comparison of the NSGA-II solutions with the conventional S and
R solutions, and the methods to identify the most influential RSC characteristics for their
prioritization (Section 2.3).

2.1. Study Area: The Piscataqua–Salmon Falls Watershed

The Piscataqua–Salmon Falls watershed spans 1684 square miles across the states of
NH, Massachusetts, and Maine. For this study, we focused on the NH portion of the water-
shed (Figure 1) to ensure consistency in data sources and alignment with agency-specific
prioritization schemes. This area contains approximately 2289 known RSCs, which are
owned and maintained by different entities depending on their location: the state for cross-
ings on state-owned roads, municipalities for those on local roads, and private individuals
or organizations for crossings on private roads [51,52]. The state environmental agency and
the state transportation agency are the two main stakeholders in RSC management. We
obtained the current RSC prioritization criteria and schemes directly from these agencies.
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Figure 1. The New Hampshire portion of the Piscataqua–Salmon Falls watershed, located in the state’s
coastal region, contains approximately 2300 road–stream crossings. Blue and red lines represent
rivers and roads, respectively, and green points represent road–stream crossings.

Of the 2289 RSCs in the watershed, some were excluded from the prioritization
analyses for the following reasons. (1) A total of 351 bridge RSCs were excluded, as they are
typically managed separately. (2) A total of 378 RSCs without length data were excluded
because their management costs cannot be estimated. (3) A total of 203 RSCs without
road-tier data were excluded because transportation scores could not be calculated, and
most of these are on private roads or off-road trails. (4) Nine ford RSCs, where water
flows over the road, were excluded because environmental and transportation scores are
not applicable, and they are mostly located on off-road trails. (5) Eleven additional RSCs
on private roads were excluded due to missing data. After these exclusions, a total of
1337 RSCs were included in the final analyses.

2.2. Current RSC Prioritization Criteria and Schemes

Below, we describe the calculations of management costs and RSC prioritization
criteria, reflecting the interests of state environmental and transportation agencies.

2.2.1. The State Environmental Agency’s RSC Prioritization Criteria

The state environmental agency’s RSC prioritization criteria include the following:
aquatic organism passage (AOP), geomorphic compatibility (GC), hydraulic capacity (HC),
and structural condition (SC). Data for these criteria were obtained from the NH Statewide
Asset Data Exchange System (SADES) [53], which inventories primary data collected
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through a multi-year, statewide RSC field survey effort led by the NH Stream Crossing
Initiative [54].

The average of the four scores was used as the “environmental score”, which ranges
from 0 to 1. A higher environmental score indicates greater urgency for replacements and
more substantial benefits for stakeholders. Table 1 outlines the metrics, rating categories,
and prioritization scores assigned to each criterion.

Table 1. Metrics, ratings, and prioritization scores for environmental criteria.

Criterion Description Ratings Prioritization Scores

Aquatic Organism
Passage (AOP)

AOP assesses the capacity of RSCs to facilitate
the downstream and upstream migration of
aquatic organisms. It is determined by the

vertical elevation difference at the outlet (outlet
drop), presence and depth of the downstream

pool, water depth at the outlet, number of
culverts at the crossing, outlet invert type,

presence of sediment throughout the structure,
partial obstruction, and presence of screening at

the inlet and outlet [55].

Full Passage, No Score—Not
Surveyable a 0

Reduced Passage 0.33

Passage Only for
Adult Trout 0.66

No Passage 1

Geomorphic
Compatibility (GC)

GC evaluates how well an RSC aligns with the
natural geomorphology and hydrological flow of
the stream and provides insights into stream and

infrastructure health by assessing erosion
metrics that affect water quality and width ratios
that indicate flood vulnerability [55]. It considers

erosion, sediment continuity, structure width
ratios, and slope.

Fully Compatible,
N/A Score b 0

Mostly Compatible 0.25

Partially Compatible 0.5

Fully Incompatible 0.75

Mostly Incompatible 1

Hydraulic Capacity
(HC)

HC evaluates an RSC’s ability to transport water
during storm events using hydraulic equations

and streamflow predictions. HC scores have
been calculated for flood recurrence intervals of

10, 25, 50, and 100 years based on RSC field
surveys. We used the average of HC scores for
all four flood recurrence intervals. HC ratings
are based on the shape, material, dimensions,
slope, and relative elevation of the crossing to

the road surface, as well as watershed
characteristics such as drainage area, land cover,

soil type, and precipitation [56].

Pass, No Rating—Road
Elevation c,

No Rating—Wide Span c,
No Rating c

0

Vulnerable 0.5

Overtop 1

Structural Condition
(SC)

The SC score assesses the physical state and
structural integrity of an RSC. It is based on a

visual inspection of the interior walls, surfaces,
bottom, wingwalls, and headwalls [57].

Good 0

Fair 0.5

Poor 1

a These are generally tidal or wetland crossings that do not typically have an AOP concern [53]. b The “N/A
Score” ratings indicate that the waterbody is not a stream, making GC inapplicable [53]. c “No Rating–Road
Elevation” indicates that the distance between the road surface and the RSC’s structure cannot be measured, and
“No Rating–Wide Span” signifies that the crossing has a wide span [53]. HC cannot be assessed for non-stream
waterbodies, such as wetlands, tidal waters, and surface waters. In these cases, as well as the “No Rating”
categories, we assigned an HC prioritization score of 0 due to their lower flooding risk.
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2.2.2. The State Transportation Agency’s RSC Prioritization Criteria

The state transportation agency prioritizes RSC management based on five main
criteria: (1) annual average daily traffic (AADT), (2) road tier, (3) RSC material, (4) RSC size,
and (5) RSC SC (Table 2). It is important to note that the scoring within each criterion is not
based on equal intervals, with significantly higher scores sometimes assigned to conditions
deemed “critical” by the agency. Similarly, the score range varies across different criteria.
For each RSC, the transportation score, ranging from 0 to 1, was calculated by summing the
scores in Table 2 and normalizing the total by dividing it by the maximum possible score of
91.3. We obtained data for AADT and road tier from the NH Geographically Referenced
Analysis and Information Transfer (NH GRANIT) database [58], and data for the material,
size, and SC from the SADES [53]. Notably, the SC is a shared criterion between the
transportation and environmental agencies; however, it has different numerical ratings,
reflecting the distinct priorities of the respective agencies.

Table 2. Definitions and scores for transportation criteria.

Criterion Definition Status Score

Annual Average Daily
Traffic (AADT)

The average number of vehicles passing a specific
point on a highway or road per day over a year [59].

>20,000 10.1

10,000–20,000 7.9

6000–10,000 5

4000–6000 3

2000–4000 2

<2000 1

Road Tier

Road tiers are based on the road’s function and
significance. Tier 1 consists of Interstates, Turnpikes,
and Divided Highways. Tier 2 includes Statewide

Corridors. Tier 3 covers Regional Corridors. Tier 4 is
made up of Local Connectors. Finally, Tier 5

comprises Local Roads [60].

Tier 1 5

Tier 2 4

Tier 3 3

Tier 4 2

Tier 5 1

Material
The material used in RSC construction. It can include

concrete, metal, plastic, etc.

Metal 11.3

Masonry 6

Concrete 1

Plastic 0.5

Other 5

N/A 4

Size Refers to the span (width) of the RSC, measured at the
inlet opening.

>60′′ 24.9

36′′–54′′ 16.6

24′′–30′′ 10.3

<24′′ 0

Structural Condition The physical state and structural integrity of an RSC.

Poor 40

Fair 4

Good 0

No rating 2
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2.2.3. Management Cost

In this study, we considered replacement as the primary RSC management activity.
We applied Equations (1) and (2) to estimate an RSC’s replacement cost [61–63]. A detailed
discussion of the cost estimation methodology is provided in the Supplementary Materials
(Section S1)

C =
W · L · 500 · M

0.9290304
× f (1)

W = 1.2 × BFW + 0.6096 (2)

where C is the RSC replacement cost in February 2024, measured using the USD value. L
is the length of the RSC in meters. M is the cost multiplier for different road tiers: 2 for
Tiers 1 and 2, 1.8 for Tier 3, 1.2 for Tier 4, 1 for Tier 5, and 1.1 for Tier 6, reflecting their
varying complexities [63]. W is the required width in meters, according to NH standards for
RSCs [62]. f is a conversion factor for adjusting the 2018 USD value, which was originally
reported by Equation (1), to the February 2024 USD value. It is calculated as the ratio
between the February 2024 consumer price index (CPI) of 310.2 and the 2018 average CPI
of 251.1 [64]. BFW is the bankfull width in meters. The SADES provided bankfull widths
for about 646 RSCs. For the remaining 691 RSCs [53], their bankfull widths were estimated
using Equation (3) [61].

BFW = 4.042 ·
(

DA
2.58999

)0.4459
(3)

where DA is each RSC’s upstream drainage area in square kilometers. The upstream
drainage area for each RSC is delineated using the ArcPy module within the ArcGIS Pro
environment [65] based on the USGS National Hydrography Dataset Plus High Resolu-
tion [66].

A cost score ranging from 0 to 1 was then calculated as
√

Replacement Cost

max(
√

Replacement Cost)
. The cost

score is normalized in a different way than the environmental and transportation scores
because a few RSCs with very high costs will result in a skewed cost score distribution if
taking a linear normalization approach. This adjusted normalization approach allows the
cost score distribution to resemble those of the environmental and transportation scores.

2.3. NSGA-II Multi-Objective Prioritization Framework

Our prioritization framework has the following objective function (Equation (4)):

min
X

(
−

N

∑
i=1

XiSenv,i,−
N

∑
i=1

XiStrans,i,
N

∑
i=1

XiScost,i

)
(4)

where X = (X1, X2, . . .Xi. . ., XN) is the binary decision vector, where Xi = 1 means that
the i-th RSC is selected for replacement, and Xi = 0 means that it is not selected; N is the
number of RSCs in the watershed (1337 in this study); and Senv,i, Strans,i, and Scost,i are
the environmental, transportation, and cost scores for the i-th crossing. MOO seeks to
identify a set of Pareto-optimal solutions (decision vectors), also known as non-dominated
solutions or the Pareto frontier, where no better solution can be found with respect to all
three objectives [39]. Given the extensive pool of 21337 possible solutions, the NSGA-II
approach was employed to efficiently search for the Pareto frontier.

Beginning with an initial population of replacement decision vectors (i.e., solutions),
the NSGA-II algorithm runs in iterations to steer the search toward optimal or near-optimal
solutions until a termination criterion is met [67]. Each iteration is referred to as a “gener-
ation”. The best-performing solutions from each generation are selected as “parents” to
produce “offspring” through processes including crossover and mutation. A key advantage
of NSGA-II is its incorporation of elitism, which allows the next generation to be selected
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from a combined pool of the current population and the newly generated offspring [49].
We implemented the NSGA-II algorithm using version 1.4 of the distributed evolutionary
algorithms in Python (DEAP) package [68]. Figure 2 shows the process involved in the
NSGA-II framework.
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Figure 2. Flowchart of the non-dominated sorting genetic algorithm (NSGA-II)’s prioritization
framework for road–stream crossing (RSC) prioritization. N is the length of the binary decision vector
equal to the number of RSCs. The modified inverted generational distance (IGD+) is utilized to
evaluate convergence. * We compared framework results for random, stratified, and custom seeded
initialization methods and population sizes of 0.5 N, N, 2 N, 4 N, and 8 N.

To reduce computational cost and enhance optimization effectiveness, we evaluated
various model configurations, including the initialization method and population size. The
performance of different model configurations was evaluated using the modified inverted
generational distance (IGD+), which measures the distance between an obtained Pareto
front and a reference Pareto front approximating the true Pareto front [69]. To approximate
the reference Pareto front, we first ran the NSGA-II algorithm with a large population size
(20 N = 20 × 1337) to ensure broad coverage of the solution space. A large number of
generations was used to ensure convergence to the true Pareto front. This was monitored
by using incremental IGD+ between two consecutive Pareto fronts. Further details on the
incremental IGD+ methodology are provided in the Supplementary Materials (Section S2).
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Once the reference Pareto front was identified, the IGD+ was calculated as the dis-
tance between an obtained Pareto front and the identified reference Pareto front. Because
different objectives have vastly different value ranges, objectives with larger scales would
disproportionately influence the distance metric. To resolve this, normalization of the IGD+

was conducted. The normalization follows the equation x′ =
x−min(xref)

max(xref)−min(xref)
, where x′ is

the normalized objective value; x is the original objective value; min(xref) is the minimum
value in the reference set; and max(xref) is the maximum value in the reference set. The
normalized IGD+ measures the distance on a standardized scale from 0 to 1, providing a
consistent interpretation. For instance, a normalized IGD+ of 0.01 means that the current
Pareto front is 1% away from the reference front in the normalized space. This allows
IGD+ to serve as an unbiased evaluation metric for optimization performance. We used the
“pymoo.indicators.igd_plus” function from version 0.6.1.1 of the pymoo library in Python
to calculate the IGD+ [70].

We explored the performance of various population sizes (0.5 N, 1 N, 2 N, 4 N, and
8 N, where N is the length of decision vectors) combined with three different initialization
methods. The three initialization methods compared are (1) random sampling across the
entire search space; (2) stratified sampling, where the search space was divided into 27 bins
based on the number of RSCs selected for replacement in each solution (i.e., ≤50, 51–100,
101–150, etc.), and random samples were generated for each bin [71]; (3) custom seeded
sampling, which seeds the initial population with potentially “high-quality” solutions
near the Pareto front. To identify these potentially “high-quality” solutions, we first
defined 927 cost bins, from USD 1 million to USD 927 million (the total replacement
cost of all 1337 RSCs), in USD 1 million increments. In each bin, RSCs were ranked by
environmental score and sequentially selected until the budget was exhausted, generating
one solution per bin. We repeated this process using transportation scores, yielding a pool
of 1854 potentially “high-quality” solutions. If the tested initial population size was smaller
than 1854, individuals were randomly sampled from this pool; otherwise, all 1854 were
included in the initial population, with the remainder filled via stratified sampling, as
described above [72]. Once the population size and initialization method were finalized, we
performed a grid search for mutation rates (0.001, 0.005, 0.01, and 0.05) and crossover rates
(0.6, 0.7, 0.8, and 0.9) based on established ranges [73] to identify their optimal combination.

Once all optimal NSGA-II model parameters were finalized, we compared the perfor-
mances of the NSGA-II solutions with the conventional S and R solutions under various
budget limitations. In the S and R approach, RSCs are ranked based on either their environ-
mental or transportation scores from highest to lowest and selected sequentially until the
budget is exhausted. To enable direct comparison with the S and R approach, the Pareto-
optimal solutions obtained from NSGA-II were first filtered based on the corresponding
budget limits. Within each budget limit, a refined set of Pareto-optimal solutions was then
identified with respect to environmental and transportation scores. Since Pareto-optimal
solutions are not unique, we compared their range of scores against that obtained from the S
and R approach (the solution is unique when using S and R) under each budget constraint.

We also investigated the characteristics of an RSC that may influence its selection for
replacement under the NSGA-II approach. We applied Spearman’s rank correlation to
analyze the relationship between the RSC characteristics and their frequency of selection
for replacement in the Pareto-optimal solutions, reflecting their relative importance. The
RSC characteristics selected include SC, HC, material, GC, road tier, AOP, size, and AADT.

3. Results and Discussion
In this section, we first report the results from the selection of key model param-

eters of the NSGA-II prioritization framework (Section 3.1). The NSGA-II optimized
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solutions were then compared with those derived from the conventional S and R method
(Section 3.2). Section 3.3 presents the outcomes of the correlation analysis, pinpointing the
most influential RSC characteristics in their frequency of selection for replacement in the
Pareto-optimal solutions.

3.1. NSGA-II Prioritization Model Configuration

Figure 3 further presents the performance of the three initialization methods using
the selected reference set. Custom seeded initialization was selected as a final initialization
method, given its superior coverage and faster convergence. For different population
sizes, trade-offs are observed between convergence speed and the solution quality (i.e., the
IGD+ value). Smaller populations (0.5 N and N) converge more quickly but stabilize at
higher IGD+ values, and vice versa. To obtain a balance between computational efficiency
and solution quality, we picked IGD+ = 0.01 as the convergence criterion for algorithm
termination, and thereby, a population size of 2 N (2674) was chosen as it leads to the fastest
convergence. Similarly, we determined the optimal mutation rate of 0.001 and crossover
rate of 0.7 to be used in our final optimization model as they yield the fastest convergence.
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Figure 3. The performance of various model configurations. Line style denotes different initialization
methods: random (dashed), stratified (solid), and seeded (dotted). Marker shape denotes population
size: 0.5 N (#), 1 N (□), 2 N (△), 4 N (3), and 8 N (✩), where N is the number of RSCs. IGD+
(modified inverted generational distance) values on the vertical axis indicate the normalized distance
from the reference solution set (approximately true optimal) to the Pareto solution set obtained from
each model configuration. The horizontal axis represents hours of computation.

Figure 4 presents the Pareto-optimal results obtained from the NSGA-II framework.
Figure 4b shows a near-linear relationship between environmental and transportation
scores, forming a thin band of Pareto-optimal solutions. This pattern arises from the shared
criterion of SC, which influences both objectives and the cost score minimization. Although
SC has different ratings across environmental and transportation scores, it can create an
inherent positive correlation between environmental and transportation scores. Minimizing
cost scores further reinforces this pattern by eliminating extreme solutions that heavily
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favor one objective over the other, leading to balanced improvements in both environmental
and transportation scores.
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rithm prioritization framework. (a) 3D graph for transportation, environmental, and cost scores.
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In contrast, Figure 4c,d reveal a concave Pareto front curve between the environ-
mental and cost scores, as well as between the transportation and cost scores. The knee
points in these trade-offs are identified as the solutions with the maximum perpendicular
distance to the red dashed line connecting the lowest and highest cost solutions. These
turning points represent the solution where further improvements in the objective be-
come disproportionately expensive. Notably, the turning point for transportation occurs
at a lower cost (USD 226 million) compared to environmental benefits (USD 283 million),
which indicates that transportation benefits are achieved more cost-efficiently under the
optimization framework.

3.2. NSGA-II vs. Conventional Prioritization Schemes

Figure 5 compares the NSGA-II optimization outcome against the conventional S and
R approach commonly used by environmental (Figure 5a) and transportation (Figure (b)
agencies. The NSGA-II results are presented using bars that show the average scores for
each budget scenario, accompanied by error bars that represent the variability within the
Pareto-optimal solutions. The narrow range of these scores suggests that the interests of
environmental and transportation agencies can be harmonized under a multi-objective
optimization approach.
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Figure 5. Outcomes of the non-dominated sorting genetic algorithm prioritization framework
compared against the conventional prioritization schemes. (a) Results for the environmental agency
and (b) results for the transportation agency. Error bars represent the range of the Pareto-optimal
solutions corresponding to each budget scenario.

Across all budget levels, the NSGA-II framework consistently outperforms the
conventional S and R method for both agencies, with a minimum improvement of
19.56% in environmental score and 37.68% in transportation score. Holding the envi-
ronmental or transportation score constant, this is equivalent to a cost savings rang-
ing from USD 1.08 million to USD 13.68 million for the environmental agency and
from USD 1.49 million to USD 19.87 million for the transportation agency within the
USD 50 million budget range. This is because the NSGA-II framework explores various
combinations of crossings to maximize overall system-wide benefits within a given budget.
The Pareto-optimal solutions may include RSCs with lower individual scores but a higher
combined benefit. In contrast, the conventional S and R method ranks RSCs solely based
on environmental or transportation scores without considering cost. Its rigid, sequential
approach—following a strict descending order of priority—limits the potential for inno-
vative RSC management strategies that, while not always addressing the highest-scoring
RSCs first, could ultimately deliver greater overall environmental or transportation benefits.
This reveals a conflict between the more direct and intuitive S and R thinking in real-world
RSC management practices and the more efficient but potentially less intuitive MOO ap-
proach. While the S and R approach may be unavoidable in many practical situations,
MOO provides a valuable perspective by revealing a range of alternative options available
to decision-makers. As such, a hybrid or adaptive strategy that integrates both the S and
R and MOO approaches may help facilitate the transition. Interactive tools for users can
help alleviate the cognitive load associated with applying the MOO approach, making
the process more intuitive and manageable. It is also important to note that real-world
implementation would likely temper achievable savings through MOO due to factors not
included in our model, such as permitting administrative overheads and funding uncer-
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tainties. Additionally, incorporating factors such as economies of scale, social equity, and
system criticality into the MOO analysis can enhance its realism and practical relevance.

It was also found that the benefit margin of the NSGA-II prioritization framework—the
difference between the NSGA-II and the S and R scores per USD million budget—decreases
as the budget increases. This indicates that the S and R approach could be less efficient under
a smaller budget as the selection of high-cost crossings quickly depletes smaller budgets,
thereby creating a larger performance gap relative to the NSGA-II approach. As budgets
grow, this issue becomes less pronounced, leading to a reduced margin of improvement for
NSGA-II. This highlights the importance of incorporating the replacement cost of crossings
in decision-making. Stakeholders with very limited budgets (e.g., non-profit organizations)
can obtain greater benefits from adopting NSGA-II, as it selects crossings more efficiently
under tight financial constraints.

Moreover, the benefit margin of the transportation score is, on average, 123.98% higher
than the environmental score. This is because transportation agencies tend to prioritize
large crossings located on high-traffic roads with lower road tier values under the current
practice. These expensive projects can quickly exhaust a limited budget under the S and R
method, yielding lower overall returns. From a policy standpoint, transportation agencies
could refine their schemes by making higher scores for size, AADT, and road tier conditional
on deteriorated structural conditions so that crossings with adequate structural integrity
are not automatically prioritized, thereby fostering more balanced outcomes.

3.3. RSC Characteristics That Influence Their Selection in Optimal Solutions

Figure 6a shows the correlation between various RSC characteristics and the frequency
of the RSC being selected in the Pareto-optimal solution set. Among the characteristics, SC
exhibits the strongest correlation with the frequency of RSC replacement, followed by HC,
material, and GC. In contrast, size and AADT have negative correlations with selection
frequency. This may be because larger RSCs on high-traffic roads are less critical for AOP,
GC, or HC while also incurring higher replacement costs, making them less likely to be
selected in the Pareto-optimal solution set. Our findings suggest that SC plays a pivotal
role in prioritizing RSC replacements, as its strong correlation with selection frequency
in the NSGA-II framework indicates its ability to balance transportation, environmental,
and cost considerations. By contrast, the negative correlation of size and AADT with
selection frequency suggests that these factors, although prioritized in the transportation
prioritization scheme, do not effectively balance the interests of environmental and trans-
portation agencies when minimizing replacement costs. Overall, these results highlight
which characteristics resonate with the balanced approach of NSGA-II and suggest that
stakeholders without the capacity to implement complex prioritization models could focus
on key aspects such as SC and HC for effective decision-making.

Figure 6b–d provide a side-by-side comparison of the geographical heatmaps for
RSC selection frequency, SC, and AADT. The alignment of these heatmaps supports the
findings from the correlation analysis. The spatial distribution of frequently selected RSCs
reveals that high-priority replacements are scattered across the watershed. This empha-
sizes the importance of a systematic, watershed-scale prioritization strategy. However,
implementing solutions at this scale may face coordination challenges due to differing
crossing ownerships, municipal priorities, resource limitations, and decision-making pro-
cesses. Addressing these challenges requires a collaborative and integrated management
approach that aligns local efforts with the broader goals of watershed-wide sustainability.
Examples of actionable steps include forming a regional task force to coordinate efforts
across municipalities, establishing pooled funding mechanisms to bridge resource gaps,
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and creating standardized prioritization criteria that balance local needs with regional
sustainability objectives.
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Figure 6. Correlation between road–stream crossing (RSC) characteristics and the selection frequency,
defined as the number of times each RSC is chosen for replacement among Pareto-optimal solutions
obtained from the non-dominated sorting genetic algorithm prioritization framework: (a) Pearson
correlation between the selection frequency and characteristics of RSCs; (b) distribution of the
selection frequency; (c) distribution of RSC structural conditions; and, (d) distribution of annual
average daily traffic (AADT).

4. Conclusions
Given the critical role of RSCs in environmental sustainability and transportation

safety, this study seeks to develop an NSGA-II MOO framework for RSC management
prioritization that maximizes and balances diverse stakeholder interests and minimizes
overall management costs. The results were compared to the conventional S and R prioriti-
zation scheme. Using an optimized NSGA-II configuration, we found that the NSGA-II
approach achieved at least 19.56% higher environmental scores and 37.68% higher trans-
portation scores than conventional S and R schemes under various budget limitations
while efficiently balancing environmental and transportation agencies’ interests. These
improvements translate to cost savings ranging from USD 1.08 million to USD 19.87 million
within a USD 50 million budget limit. The benefit margin of the NSGA-II prioritization
framework, however, decreases with increases in the total budget, as the efficiency of the S
and R approach increases with a growing budget. This indicates that stakeholders with
limited budgets may obtain greater benefits from adopting NSGA-II. Our findings also
suggest that SC plays a pivotal role in prioritizing RSC replacements. Its strong correla-
tion with selection frequency among the NSGA-II solutions indicates its ability to balance
transportation, environmental, and cost considerations.

Our findings suggest that cost-effective solutions exist that can potentially align
the interests of both environmental and transportation agencies. The Pareto-optimal
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solutions generated by the NSGA-II approach often consist of combinations of multiple
RSCs distributed across the watershed, highlighting the need for systematic, watershed-
scale prioritization strategies. However, the implementation of such strategies may be
hindered by coordination challenges, including differing crossing ownerships, municipal
priorities, decision-making processes, and resource constraints. Facilitating meaningful
stakeholder engagement across the watershed could serve as a vital step toward consensus-
building and fostering cross-jurisdictional collaboration.

While this study focuses on two primary stakeholders in RSC management, the en-
vironmental and transportation agencies, future research could incorporate additional
stakeholders and their preferences for a more comprehensive analysis. Interpreting NSGA-
II results requires a level of systems thinking and data science expertise, making it less
intuitive than the traditional S and R approach commonly used in practice. Nevertheless,
a hybrid and adaptive pathway that integrates the S and R and MOO approaches may
facilitate the transition. Developing a user-friendly online tool could improve accessibility
and usability, expanding the applicability of NSGA-II to a broader audience and facilitat-
ing more informed decision-making. The methodological framework developed in this
study has broad implications for the management of additional types of infrastructure
systems with large maintenance needs and diverse stakeholder interests, such as dams [74]
and green infrastructure [75]. By embracing these integrated strategies, decision-makers
can better balance competing priorities, enhance transparency, and promote sustainable
infrastructure planning.
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Crossing Optimization Dataset.
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