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Abstract: The International Journal of Bridge Engineering, Management and Research (BER) is a fully open access
online only journal. The journal serves as a forum for the publication of scientific and technical papers related to all
aspects of bridge engineering and management, including structural, seismic, hydraulic and geotechnical risk analysis,
structural health monitoring, static and dynamic assessments, structural retrofitting and resiliency enhancement. This
issue of the journal presents six papers on artificial intelligence, low velocity impacts behavior of concrete, corrosion
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initiation probability.

Issue Summary

It is my pleasure to publish the July issue (3rd issue) of
Vol. 3 of the International Journal of Bridge Engineering,
Management and Research. In this issue, we are pleased
to bring to you six papers in innovative areas of bridge
engineering.

As of 2022, there were 620,669 bridges in the United
States. Each bridge is inspected according to the Federal
Highway Administration’s regulations to maintain safety
and serviceability. These inspections are performed on vary-
ing schedules that are dependent on several factors. Over 100
types of characteristic data are collected during these inspec-
tions and are used to produce a structural evaluation rating
(SER) for each bridge. These characteristics can include
location, material, geometric features, and other types of
information about a bridge. The paper entitled “Use of
Artificial Intelligence in Bridge Inspection and Management”
investigates the use of Pearson’s correlations, decision trees,
and random forest models to determine and show rela-
tionships between individual characteristics and the SER.
These machine learning methods allow for fast and accurate
predictions of the SER based on the selected individual
characteristics over varying periods of time. These mod-
els also provide visual interpretations of the relationship
information produced. Using these models in conjunction

Discussion period open till six months from the publication date. Please submit separate
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with current inspection scheduling methods may maximize
efficiency and improve reliability. The models may also be
useful for characteristic selection during the design process.

Reinforced concrete structures have been extensively
investigated using ground penetrating radar (GPR) to qual-
itatively analyze corrosion-induced degradation. However,
no reliable quantitative model exists for evaluating the cor-
rosion of embedded steel rebars, which may significantly
impact the strength, serviceability, and long-term durability
of concrete structures. The paper entitled “Experimental
Detection of Embedded Rebar Corrosion in Concrete with
Ground Penetrating Radar” involved an experimental inves-
tigation to determine the relationship between the quantity
of rebar corrosion and the maximum amplitude, as well as
the two-way travel time (TWTT) of the GPR electromag-
netic wave. A direct current was impressed into embedded
steel rebars in concrete beams immersed in a 5% saltwater
solution to induce accelerated corrosion. GPR data were
collected before saline submersion and at 10-day intervals.
The study proposed a multivariate linear regression model
with high reliability to estimate corrosion-induced rebar
mass loss.

Vehicle collisions subject reinforced concrete (RC) bridge
piers to high strain-rate dynamic loads, producing complex
material interactions and an apparent strength enhance-
ment commonly quantified by the dynamic increase factor
(DIF). During impact, the concrete cover, acting as a
sacrificial layer, experiences initial damage during a car
crash, subsequently transferring forces to the transverse
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reinforcement and altering the pier’s axial and flexural
behavior. The paper entitled “Assessing Damage Behavior
of Reinforced Concrete Bridge Piers under Low-Velocity Car
Crashes: Experimental and Numerical Study” presents an
experimental investigation of low-velocity vehicular colli-
sions involving sub-compact and sedan cars, with emphasis
on cosmetic surface damage and global structural response.
Finite element (FE) simulations developed in ANSYS are
employed to reproduce the experimental behavior and to
validate estimates of post-impact residual capacity. Damage
levels are further quantified using a combined probabilis-
tic and reliability-based framework to assess the likelihood
and severity of cosmetic damage. The results offer valuable
insights into impact-induced damage mechanisms, enable
rational evaluation of residual structural capacity, and sup-
port informed decisions regarding repair or strengthening.
Additionally, chaotic analysis has been further scrutinized in
terms of chaotic risk amplification factor (CRAF) to rein-
force the findings. This present study contributes to forensic
assessments of RC bridge pier serviceability and resilience
following vehicular impact events.

The paper entitled “Load Testing and Rating of Pre-
stressed Concrete Bridges Under Uncertainty” introduces an
approach for load testing and rating of prestressed concrete
bridges when design information of the structure is not
available. The paper uses testing of a bridge in New York
for illustration of the proposed approach. The bridge was
built in 1961 and consisted of five simply supported 70-ft-
long post-tensioned bulb-T beams. No documents or plans
for the structure were available at the time of the testing.
In 1970, the structure was posted for 12 tons. Absence
of the bridge plans coupled with the public’s demand to
accommodate school bus traffic on the bridge prompted the
load testing and rating. A plan based on assumed design
basis and investigation of bridge behavior under controlled
truck loading was proposed to determine unknown design
parameters and enable load rating of the structure. The
bridge was then instrumented and load tested using trucks
of known weights and configurations, positioned at specified
locations on the deck to gradually increase their safe load
effects on the structure. The results of the testing provided
required information about the bridge and allowed for load
rating of the structure.

The article entitled “Theory and Application of a Method
for Prioritizing Bridge Interventions” presents a calculation
method developed by the company Sina with the aim of
establishing a priority ranking for interventions involving
the improvement, upgrading, or demolition and reconstruc-
tion of a set of bridges. As a measure of the urgency of
an intervention, the “cost of postponement” for the com-
munity is proposed, defined as the increased risk associated
with maintaining the current state of the structure for one
year. Following the standard logic of risk analysis, this cost
is estimated by multiplying the probability of bridge col-
lapse, calculated over a one-year period, by all the potential
damage that such a collapse would cause. Although the
calculation is affected by several sources of uncertainty,
the proposed procedure, based on the collection of a few
essential data points and a limited number of simple steps,

allows for sufficiently reliable comparisons between bridges.
It highlights which characteristics most significantly influ-
ence risk and which can reasonably be neglected.

Chloride-induced corrosion initiation is a major dura-
bility concern in reinforced concrete bridge infrastructure
and can affect long-term structural performance. Reliable
estimation of corrosion initiation probability is therefore
important for durability assessment and maintenance plan-
ning. The article entitled “Temporal Fusion Transformer
Surrogate Modeling of Chloride-Induced Corrosion Initiation
Probability in Reinforced Concrete Bridge Infrastructure”
investigates the time-dependent evolution of corrosion initi-
ation probability under uncertain material, environmental,
and geometric conditions, with particular attention to con-
crete cover depth. A diffusion-based stochastic reliability
framework is used to generate simulator-derived corrosion
initiation probability trajectories. Corrosion initiation is
represented as a threshold-crossing event at the reinforce-
ment depth, and population-level probability is estimated
through stochastic simulation and ensemble aggregation.
To reduce repeated simulation effort during inference, a
temporal fusion transformer surrogate model is trained to
reproduce simulator-derived probability trajectories from
scenario variables and time. The results show that the
surrogate closely follows the simulator-derived evolution
of corrosion initiation probability within the sampled sce-
nario space. The predicted trajectories preserve the expected
influence of cover depth, with shallower cover associated
with earlier initiation and higher probability levels. The
model also provides low trajectory-level error relative to the
probability scale and offers an inference-time alternative to
repeated simulation-based evaluation. These findings indi-
cate that simulation-trained sequence learning can provide a
useful surrogate representation of time-dependent corrosion
initiation probability under the assumed diffusion-threshold
reliability framework. Further validation with field or
experimental corrosion data is needed before practical
implementation in reinforced concrete bridge infrastructure
systems.

With this editorial note, it is also my pleasure to invite
you to submit your papers addressing research with new and
substantial contributions in bridge engineering to the Inter-
national Journal of Bridge Engineering, Management and
Research. The journal is committed to a prompt peer review
process and the online publication of the paper within four
weeks of acceptance. We are also committed to completing
the peer review process within 90 days of paper submission.
All accepted articles are generally published within three
months of acceptance. You are invited to submit your papers
to the next issue of the journal as soon as possible.
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Abstract: As of 2022, the United States had 620,669 bridges that required regular inspections to ensure their safety and
serviceability. These inspections are conducted in accordance with Federal Highway Administration regulations and are
scheduled based on bridge condition and mandated inspection intervals. During each inspection, more than 100 bridge
characteristics, including location, material, geometric, and operational data, are collected and used to determine the
Structural Evaluation Rating (SER), a key indicator of overall bridge condition. This study investigates the application
of machine learning techniques, including Pearson’s correlation, decision trees, and random forest models, to identify
and visualize relationships between bridge characteristics and the SER. The proposed methods are expected to provide
rapid and reliable predictions of bridge condition based on selected characteristics and historical inspection data. In
addition to improving prediction accuracy, these models offer intuitive visual interpretations of the factors influencing
bridge performance. When integrated with existing inspection scheduling practices, these techniques may support more
efficient and data-driven bridge management and may also assist engineers in selecting design characteristics that enhance
long-term bridge performance.
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Background and Literature Review

The objective of this research is to develop and apply
machine learning techniques to improve and optimize high-
way bridge inspection scheduling and management. The
proposed methods identify relationships between bridge
characteristics and inspection ratings, providing valuable
insights for more effective bridge management. In addition,
these methods offer an intuitive and visual representation of
the factors influencing bridge condition ratings.

Although many bridge engineering principles have
remained unchanged for decades, bridge inspection practices
continue to evolve with advances in technology. Modern
inspection technologies enable engineers to collect and
process significantly larger volumes of data than ever before.
However, managing and analyzing this increased amount
of information can be time-consuming and challenging.
The integration of machine learning techniques can help
engineers and inspectors make more informed decisions,
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improve inspection efficiency, and better prioritize bridges
for maintenance, repair, and rehabilitation.

Machine learning is a branch of artificial intelligence that
uses statistical models and algorithms to identify patterns
within datasets and uncover underlying relationships among
variables. In this study, several machine learning methods
were employed to examine the relationships between bridge
characteristics and the Structural Evaluation Rating (SER).
The SER is an overall bridge condition rating that ranges
from 0 to 9 and is determined using the minimum value of
the appraisal ratings. Bridges are classified according to their
SER as follows: an SER ≥7 indicates a “Good” condition,
an SER of 5–6 indicates a “Fair” condition, and an SER ≤4
indicates a “Poor” condition. Detailed descriptions of these
classifications are provided in Table 1. The SER, together
with key bridge characteristics, serves as a fundamental basis
for bridge condition assessment and bridge management
decision-making.

The methods investigated include Pearson’s correlation
(PC), K-means clustering, principal component analysis
(PCA), decision tree (DT) modeling, and random forest
(RF) modeling. These techniques were selected because of
their ability to efficiently process and analyze large datasets.
The visual representations generated by these methods help
improve the interpretation of relationships among variables,
supporting bridge ranking and prioritization efforts. They
also provide structured workflows that can be applied to
the evaluation of individual bridges. Alternative methods
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Table 1. Item appraisal rating codes for SER

Code Description

N Not applicable
9 Superior to present desirable criteria
8 Equal to present desirable criteria
7 Better than present minimum criteria
6 Equal to present minimum criteria
5 Somewhat better than minimum adequacy to tolerate being left in place as is
4 Meets minimum tolerable limits to be left in place as is
3 Basically intolerable requiring high priority of corrective action
2 Basically intolerable requiring high priority of replacement
1 This value of rating code not used
0 Bridge closed

may require more extensive data preprocessing or greater
computational resources.

Bridge inspection is a time-consuming process for
engineers, inspectors, and motorists. By introducing new
approaches to optimization and efficiency, transportation
agencies and consulting firms can adopt methods that reduce
computational errors and shorten the time bridges remain
functionally obsolete. Identifying the characteristics that
most strongly influence inspection ratings can also guide the
design of future bridges to improve long-term performance.
In addition, these relationships may be incorporated into
new bridge rating systems or used to enhance existing evalu-
ation programs.

In 2022, Ohio managed more than 27,000 bridges, the
second-highest total among all U.S. states. Approximately
4.5% of Ohio’s bridges were classified as poor, as shown in
Fig. 1. The estimated cost to replace all poor-rated bridges
exceeded $1 billion, while the estimated cost to rehabilitate
them was more than $700 million.1

Figure 1. Structural evaluation rating classifications
for all Ohio bridges

The Federal Highway Administration (FHWA) requires
all states to comply with the National Bridge Inspection
Standards (NBIS), which were first implemented in 1971.2

These standards were established in response to the catas-
trophic collapse of the Silver Bridge over the Ohio River on
December 15, 1967. The NBIS regulations define inspection
procedures, inspector qualifications, and requirements for
bridge inventories, reports, and condition ratings for all
bridges within the public transportation network. This infor-
mation is compiled in the National Bridge Inventory (NBI),
a publicly accessible database containing annual bridge data
for each state since 1992. The NBI supports public safety and
enables transportation agencies to make informed decisions
regarding the maintenance, preservation, and funding of the
nation’s transportation infrastructure.

Routine bridge inspections are conducted at intervals not
exceeding 24 months, with approximately 83% of the nation’s
bridges inspected on this schedule.3 State Departments of
Transportation (DOTs) may require more frequent inspec-
tions than the federal minimum. Additional inspections
may also be necessary when a bridge exhibits unexpected
deterioration, damage, or other structural concerns. Inspec-
tions are performed visually and physically by teams of at
least two inspectors. Bridges are accessed using snooper or
bucket trucks, rappelling and climbing techniques, wading,
or other terrain-navigation methods. Inspectors use hand
tools, including scrapers, brushes, probing rods, and bor-
ers, to identify and measure defects. Bridge conditions and
observations are documented on inspection forms and sup-
ported with photographic records. The Ohio Department
of Transportation (ODOT) currently utilizes 14 inspection
types with varying inspection frequencies, as summarized in
Table 2.4

Since 2021, these inspection frequencies have outlined
ODOT’s prioritization using reliability-based inspection
intervals.4 This is performed using a bridge program called
AssetWise, which tracks high-risk bridges by considering the
following five critical features of a bridge.
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Table 2. Ohio bridge inspection types and frequency

Inspection type Frequency

Initial Infrequent, performed and inventoried before the bridge is first opened to traffic or there is a
change or update in inspection responsibility.

Routine Performed at a maximum interval of 24 months based on reliability criteria.
In-depth As-needed, generally for major or complex bridges often on a 60-month cycle or less.
Damage As-needed.
Flood As-needed.
Fracture critical Not to exceed 24-months for structures that fit the rigid definition.
Underwater Not to exceed 60-months.
Cross channel profile As-needed.
Scour susceptibility
inspection and evaluation

As-needed.

Special/interim As-needed.
Safety (cursory)
Quality assurance A rolling sample set of field and office visits performed regularly by FHWA, ODOT Central

Office, CEAO or initiated by any Control Authority or NBIS Program Manager to verify
quality inspections.

Complex Routine, with often a 60-month in-depth inspection cycle.

Note: CEAO—County Engineers Association of Ohio.

i. The presence of at least one fracture-critical member
(FCM), which may occur in steel bridges and can result
in a total loss of structural integrity if damaged.

ii. The susceptibility to scour, which occurs when water
erodes or degrades streambeds beneath piers and abut-
ments. Scour holes can occur more suddenly than
other types of bridge deterioration and can affect the
integrity and stability of the entire structure.

iii. The presence of a posted load or restriction on the
bridge. Posted loads or restrictions are used when the
capacity of the structure to carry its design or current
legal load is reduced.

iv. The general appraisal or deck condition rating is less
than seven.

v. If the bridge is a new construction or has had reha-
bilitation in the past three years. New construction or
rehabilitation inspections are necessary to confirm that
the design plans and requirements have all been met by
the contractors.

Any defects or issues identified during these inspections
can be addressed before the bridge is opened or reopened
to traffic. This helps protect public safety while minimizing
traffic disruptions and reducing delays caused by extended
closures or detours. When any of these five critical features
are identified during an inspection, AssetWise automatically
adjusts the inspection interval. This adjustment increases the
inspection frequency from the standard 24-month interval to
a 12-month interval. Bridges that do not exhibit any of these
critical features remain on the standard 24-month inspection
schedule unless a non-routine inspection is warranted.

Bridge Inspection Technologies

Analysis of bridge condition ratings in Ohio indicates that
the average SER for steel and concrete bridges increased
by nearly one point in 30 years between 1992 and 2022,
as shown in Fig. 2. However, this improvement should be
interpreted with caution, as the construction of new bridges
and the removal of poorly rated bridges may positively
influence the statewide average. Several factors have likely
contributed to this trend, including advances in design
methodologies, construction practices, inspection technolo-
gies, rehabilitation techniques, material performance, and
bridge replacement programs. Improved design approaches
developed through research and lessons learned from struc-
tural failures have enhanced bridge safety and performance.
For example, deficiencies in gusset plate design were identi-
fied as a contributing factor in the collapse of the I–35 W
Bridge in 2007. Advances in materials and manufacturing
processes have also improved durability, strength, and ser-
vice life. In addition, emerging inspection technologies, such
as ground-penetrating radar and ultrasonic surface wave
testing, allow inspectors to evaluate internal conditions with
minimal damage, cost, and disruption.5

Bridge deterioration results from a variety of factors,
including accidental damage, material degradation, and
environmental exposure. Unexpected events often require
immediate attention to preserve structural integrity and
public safety. In 2021, more than 13,000 vehicle–bridge col-
lisions were reported in the United States.6 Such impacts can
damage columns, piers, girders, and other critical structural
components, sometimes requiring bridge closure.

Environmental conditions also significantly influence
bridge deterioration. While some effects, such as pavement
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Figure 2. Average structure evaluation rating for Ohio bridges by year

potholes caused by seasonal weather changes, are easily
observed, many forms of deterioration require detailed
inspection to identify. Palu and Mahmoud7 suggested that
bridges in regions experiencing larger temperature fluctu-
ations may face increased expansion-joint malfunctions as
climate conditions evolve. In colder climates, repeated freeze-
thaw cycles and the use of deicing salts can accelerate
deterioration of concrete bridge decks and superstructures.
Zhao et al.8 found that concrete subjected to freeze-thaw
damage experienced more severe deterioration when exposed
to salt solutions similar to those used for winter main-
tenance. Bridge substructures located in waterways are
particularly susceptible to scour and erosion caused by flow-
ing water.

Technological advancements continue to improve the effi-
ciency and accuracy of bridge inspections. Clarke-Sather et
al.9 identified report preparation and data compilation as
among the most time-consuming aspects of the inspection
process. Collecting and analyzing bridge data directly in
the field can significantly reduce post-inspection processing
time. Emerging technologies that integrate automation and
machine learning may further streamline data management
and decision-making. Abdallah et al.10 provided a com-
prehensive review of current inspection technologies and
proposed future frameworks for bridge assessment. One of
the primary challenges identified was computational com-
plexity. Machine learning methods that are both effective
and interpretable can help address this challenge by enabling
inspectors to implement advanced analytical tools with min-
imal training.

Recent research has also demonstrated the potential of
robotic and remote inspection systems. Galdelli et al.11 devel-
oped a robotic visual inspection platform equipped with
multiple cameras capable of capturing high-quality images
under a wide range of conditions. The system improved
defect detection in areas that are difficult or hazardous for
inspectors to access while reducing inspection time and cost.

The authors also suggested that the data collected by such
systems could support future machine-learning applications.
Similarly, unmanned aerial vehicles (UAVs) have emerged
as valuable tools for bridge inspections. UAVs can access
areas that are difficult to reach using conventional methods,
such as snooper trucks or rope access. Duque et al.12 com-
pared UAV-based damage assessments with traditional field
measurements and found promising results. However, image
quality remained sensitive to adverse weather and lighting
conditions. Further research on the cost-effectiveness and
reliability of UAVs under varying conditions could expand
their role in bridge inspection programs.

Various machine learning methods have demonstrated
significant value across a wide range of disciplines. In man-
ufacturing, these methods are used to detect defects and
optimize production processes. Altmann et al.13 investigated
supervised and unsupervised machine-learning techniques
for defect classification in metal additive manufactur-
ing. Using 635 processed micrographs, the researchers
applied K-means clustering and RF models to identify
and classify manufacturing defects. Among the methods
evaluated, RF achieved the highest performance, exceed-
ing 90% classification accuracy for all defect categories.
In cybersecurity, machine learning has improved biomet-
ric authentication and network protection systems. Patro
et al.14 demonstrated that feature optimization techniques
applied to electrocardiogram-based biometric data sig-
nificantly improved recognition accuracy compared with
existing classification approaches.

Armin and Hazem15 used multi-target machine learn-
ing algorithms to simultaneously predict the condition of
two core elements of the bridge, namely the deck and sub-
structure. They used eXtreme Gradient Boosting (XGBoost)
and RF models. For feature selection, the RF algorithm
performed best on the training set, while the XGBoost per-
formed best on the test set. For condition prediction, the
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XGBoost achieved the highest accuracy on both the training
and test sets.

Within bridge engineering, machine learning offers a
practical, low-cost, and minimally invasive approach to
structural health monitoring and damage detection. Luo et
al.16 reviewed computer-vision techniques for defect identi-
fication, vibration measurement, and parameter estimation.
Li and Burgueño17 evaluated five soft-computing meth-
ods, including support vector machines and fuzzy neural
networks, for predicting deterioration in bridge abutment
walls. Their results demonstrated that multiple modeling
approaches can provide reliable predictions, allowing practi-
tioners to select the method most appropriate for a specific
application.

Ultimately, the most effective strategy for preserving the
nation’s bridge infrastructure is prevention. Early detection
of defects provides agencies with greater flexibility and
resources to implement corrective actions before conditions
worsen. Routine inspections remain the cornerstone of this
preventive approach. Advances in sensors, UAVs, robotic
systems, and other inspection technologies have expanded
engineers’ ability to assess bridge components that were
previously difficult to access or evaluate. The integration
of machine learning into bridge inspection, health moni-
toring, and asset management represents another important
advancement. The methods presented in this research offer
practical and interpretable tools that have the potential to
improve bridge management and contribute to the next
generation of infrastructure assessment technologies.

Data Preprocessing

In this research, the term “bridge” is defined in accor-
dance with FHWA guidelines as “a structure of more
than 6.1 meters (20 ft) in length spanning an obstruc-
tion or depression”.18 The bridge data used in this study
were obtained from the NBI repository, which provides
annual inspection records for highway bridges throughout
the United States and its territories. For each inspection year,
the repository offers three data-access options: individual
files for each of the 54 states and territories, a single file
containing all bridges from all states and territories, and a file
containing all records for that year. Each state is responsible
for inspecting its public highway bridges and maintaining
compliance with the NBIS. While all states must satisfy the
minimum federal requirements, individual DOTs may adopt
additional inspection procedures and regulations that are
more stringent than those required by the FHWA.

This study focuses exclusively on bridges located in
Ohio. Restricting the analysis to a single state provides
greater consistency in inspection practices, reporting pro-
cedures, and regulatory requirements across all years of
the dataset. Ohio was selected because it manages more
than 27,000 bridges annually, providing a large and com-
prehensive dataset for analysis. Although all states follow
FHWA inspection requirements, variations in state-specific
regulations, inspection practices, climate conditions, popula-
tion density, and infrastructure characteristics can introduce

additional sources of variability. Limiting the study to Ohio
reduces these external influences and improves the consis-
tency of the analysis.

After selecting the state and inspection years, the raw
NBI data were downloaded as delimited files and imported
into a Microsoft Excel workbook containing 31 worksheets,
representing each year from 1992 through 2022. Each work-
sheet was assigned a unique identifier based on the state
abbreviation and the last two digits of the inspection year
(e.g., “OH22” for Ohio bridge data from 2022).

The raw dataset contains up to 134 variables, each rep-
resenting a specific bridge characteristic. Depending on
the year, the dataset includes between 26,986 and 28,284
bridge records. Over time, bridges are constructed, reha-
bilitated, closed, or demolished; therefore, some bridges
appear throughout the entire 31-year period, while others
are present only for a portion of the study duration. Across
all years, the dataset contains as many as 856,986 bridge
records. Each record corresponds to a single bridge and
includes all associated characteristics collected during the
inspection. Bridges are uniquely identified by their structure
number (SN), a numeric identifier used solely for identifi-
cation purposes. To ensure consistency and facilitate data
management, each worksheet was sorted by SN prior to
analysis.

Characteristic Information

The characteristic columns provided in the raw datasets
contain geospatial, physical, historical, and geometric infor-
mation. Over the 31-year study period, new characteristics
were added to inspection records, while others were removed
as technologies and data collection practices evolved. To
ensure consistency across the dataset, only characteristics
that were available throughout the entire 31-year period were
retained. This approach enables meaningful comparisons
using both the raw data and the results of this study over any
time span within the dataset.

Historical information, such as federal land designation,
is primarily used to identify bridges for administrative or
organizational purposes. Geospatial information, including
location and latitude, provides reference data for locating
bridges within Geographic Information Systems and other
mapping frameworks. Although location data may assist
in identifying environmental or climatic conditions, these
characteristics are descriptive rather than causal and do
not directly contribute to bridge deterioration. Therefore,
historical and geospatial variables were excluded from the
analysis.

Bridge geometry is highly variable and is directly related
to the materials, loads, and service conditions experienced
by a structure. Geometric configurations depend on the
type of obstacle being crossed, operational requirements,
and owner preferences. While design standards establish
minimum requirements, many geometric characteristics are
determined by engineers and bridge owners. To focus on the
variables most relevant to bridge performance and condition
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while simplifying data processing, only eight key character-
istics directly associated with bridge health and management
were selected for analysis.

Bridges are commonly constructed from concrete or steel,
materials with substantially different mechanical properties
and responses to environmental conditions. To account for
these differences, the “structure kind” variable was retained
initially and used to separate the dataset into steel and
concrete bridge groups. Once the data were divided, this
variable was no longer needed and was removed from the
final workbooks.

Age was calculated as the difference between the inspec-
tion year and the value in the “year built” column. “Year
built” is recorded as a four-digit code representing the year
the bridge was completed or the best available estimate.
Similarly, “age reconstructed” was calculated as the differ-
ence between the inspection year and the value in the “year
reconstructed” column. This field is also recorded as a four-
digit year, with bridges that have not been reconstructed
coded as 0000.

Reconstruction refers to work that qualifies for Federal-
aid funding and meets established eligibility requirements.
A bridge component is considered reconstructed when the
work substantially alters the bridge’s geometry or load-
carrying capacity. Temporary repairs intended only to
maintain serviceability until a permanent solution is imple-
mented are not classified as reconstruction. For example,
resurfacing a bridge deck is considered a repair, whereas
replacing a deck while modifying lane configurations or
adding sidewalks constitutes reconstruction. Both bridge age
and age since reconstruction may reflect material deterio-
ration, changes in structural properties, and the cumulative
effects of long-term loading.

“Average daily traffic” (ADT) represents the most recent
measured or estimated traffic volume on the inventory route.
It is recorded as a six-digit value representing up to one
million vehicles per day. ADT serves as an indicator of the
daily traffic demand placed on a bridge. Higher traffic vol-
umes can increase wear on bridge components, potentially
accelerating deterioration and reducing service life.

“Percent ADT truck” is a two-digit value representing
the percentage of truck traffic within the ADT volume. This
category excludes vans, pickup trucks, and other light-duty
vehicles and may be estimated based on roadway classifica-
tion. Because trucks generate larger and more concentrated
loads than passenger vehicles, the percentage of truck traffic
is an important consideration in bridge design and mainte-
nance. Accurate estimates help engineers account for heavier
loading demands and reduce stress-related deterioration
over the bridge’s service life.

“Main unit spans” is the number of spans within the
bridge’s primary structural unit. This generally includes all
spans for most bridges, the principal unit of a large struc-
ture, or a section constructed using a different material or
design than the approach spans. The value is recorded as a
three-digit number. Bridges with multiple main spans may
incorporate varying span lengths, beam configurations, or
design features, which can influence both inspection proce-
dures and the types of deterioration experienced.

“Maximum span length” is the length of the longest span
within the bridge, measured along the centerline in metric
units. Measurements may be taken from center-to-center
bearing points or as the clear distance between piers, bents,
or abutments. This value is recorded as a five-digit number.
Longer spans generally experience greater deflections under
load than shorter spans subjected to similar loading condi-
tions. As a result, monitoring span behavior is particularly
important for superstructures containing FCMs.

“Structure length” is the total length of the bridge road-
way, measured from paving notch to paving notch or from
the backwall of one abutment to the backwall of the opposite
abutment. It is recorded in metric units using a six-digit code
and measured to the nearest tenth. Unlike maximum span
length, structure length represents the bridge as a whole and
is useful for evaluating how loads are distributed throughout
the entire structure and its support system.

“Deck width” is the out-to-out width of the bridge deck,
measured either as the lateral clearance between superstruc-
ture members or as the actual deck width, depending on
the bridge configuration. It is recorded in metric units using
a four-digit code and measured to the nearest tenth. Deck
width is largely determined by the transportation needs of
the area served by the bridge. Wider decks can distribute
vehicular and pedestrian loads across a larger area, reducing
load concentration compared to narrower structures.

The “structural evaluation” column contains the SER
value, which is the target variable of this research. After
removing all other variables, the Steel Bridge Data and Con-
crete Bridge Data workbooks were finalized and prepared
for analysis. Fig. 3 presents a sample of the final Steel Bridge
Data workbook.

Complete Data and Materials

Some bridges did not contain a complete set of information
for all characteristics. In some cases, a characteristic was not
applicable to an individual bridge and was coded with an
“N.” To prevent the program from processing inapplicable
information, any row containing an “N” was discarded. In
other cases, no information was recorded for a characteristic.
This was especially prevalent in earlier inspection years. This
lack of information may have occurred because the bridge
did not exhibit the characteristic, or the bridge element was
not accessible during inspection, or because of inspector
error. For ease of data processing, any rows containing blank
cells were also discarded. This process was repeated for all
31 years of data. As a result, the remaining dataset included
only bridges with complete sets of information, as shown in
the example in Fig. 3.

After retaining only complete datasets, four copies of the
consolidated workbook were created to allow comparisons
between different bridge materials. The structure kind col-
umn identifies bridge material by code. Table 3 shows the
bridge material classifications and their corresponding code
numbers from this column.18

The first workbook (Concrete Bridge Data) contains
bridges utilizing concrete, concrete continuous, prestressed
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Figure 3. Final steel bridge data sample

Table 3. Main structure material and/or design based on NBI coding guide

Code Name

1 Concrete
2 Concrete continuous
3 Steel
4 Steel continuous
5 Prestressed or Post-tensioned concrete
6 Prestressed or Post-tensioned concrete continuous
7 Wood or Timber
8 Masonry
9 Aluminum, Wrought Iron, or Cast Iron
0 Other

and post-tensioned concrete, and prestressed and post-
tensioned concrete continuous spans. The second workbook
(Steel Bridge Data) contained bridges with steel as the
building material; these include steel and steel continuous
spans. The third workbook (Steel and Concrete Bridge Data)
contained both the steel and concrete spans together. The
fourth workbook (Other Materials) contained bridges utiliz-
ing any other structural material, including wood or timber,
aluminum, wrought iron, cast iron, or other spans. Steel and
concrete bridges make up most of the remaining bridges,
especially those located on the highway network. The third
and fourth workbooks contain a small number of bridges
and, therefore, were not considered for this analysis.

The Concrete Bridge Data and Steel Bridge Data work-
books are used for further analysis due to the ease of their
year-to-year capabilities within the program. To run the DT
and random forest (RF) models, copies of the workbooks
were created and adjusted. In these copies, the data from
each year was consolidated onto one sheet instead of 31
separate years. This was repeated to have one sheet of data
for all 31 years, the last five years, and 2022 only. This was
done for both concrete and steel bridge data. In total, six
workbooks were created and used in this research. Table 4
provides the titles and descriptions of each workbook, while
Table 5 indicates the final number of bridges considered for
analysis within each data set per year.

Data Analysis and Modeling

The objective of this analysis is to determine the SER
based on its relationship with selected bridge characteristics.
Identifying the characteristics most strongly associated with
deterioration may help prioritize bridges for more frequent
inspections. Supervised machine learning models predict an
output from labeled input data by learning patterns dur-
ing training and are commonly used for regression and
classification tasks. In contrast, unsupervised machine learn-
ing models analyze unlabeled data to identify underlying
patterns, relationships, and structures through techniques,
such as clustering, association analysis, and PCA. Both
approaches were evaluated in this research for their pattern-
recognition capabilities.

PC

PC measures the strength and direction of the linear relation-
ship between two variables. The variables are plotted against
each other, and a best-fit line is generated from the data
points. The correlation coefficient, r, quantifies how closely
the data points align with this line. Values of r range from −1
to 1. Negative values indicate an inverse relationship, while
positive values indicate a direct relationship. A coefficient of
zero indicates no linear relationship. Table 6 summarizes the
ranges of r and their corresponding associations.

PC uses covariances and standard deviations to determine
the relationship coefficient of two selected variables. The
covariance (Covx,y) is a measure of variability between two
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Table 4. Microsoft excel workbook summary

Excel workbook title Bridge data included

2022 Concrete bridge data Concrete bridges in 2022 only
2018–2022 Concrete bridge data Concrete bridges from the last five years
1992–2022 Concrete bridge data Concrete bridges for all years beginning in 1992
2022 Steel data bridge Steel bridges in 2022 only
2018–2022 Steel data bridge Steel bridges from the last five years
1992–2022 Steel bridge data Steel bridges for all years beginning in 1992

Table 5. Final number of Ohio bridges considered every year

Year Concrete bridges Steel bridges

1992 7,829 10,746
1993 7,834 10,684
1994 8,135 10,590
1995 8,464 10,515
1996 8,567 10,404
1997 10,520 14,261
1998 10,750 14,099
1999 10,900 13,954
2000 11,271 13,810
2001 11,452 13,694
2002 11,682 13,381
2003 11,752 13,318
2004 11,873 13,194
2005 12,160 12,984
2006 12,287 12,816
2007 12,553 12,666
2008 12,770 12,553
2009 13,006 12,393
2010 13,087 12,241
2011 12,895 11,892
2012 12,857 11,707
2013 13,045 11,519
2014 13,170 11,398
2015 13,303 11,293
2016 14,118 11,432
2017 13,635 11,086
2018 13,711 10,977
2019 13,731 10,883
2020 13,719 10,798
2021 13,575 10,455
2022 13,621 10,383

Total 368,272 372,126

Table 6. Pearson’s correlation coefficients association

Correlation
coefficient (r)

Association

±1.0 Perfect positive or negative association
± 0.8 to 1.0 Strong positive or negative association
± 0.4 to 0.8 Moderate positive or negative association
± 0 to 0.4 Weak positive or negative association
0 No correlation

random variables and is calculated using Eq. (1).

Covx,y =
∑

(xi − x)(yi − y)

N − 1
(1)

The standard deviation (σx,y) measures the dispersion of a
dataset compared to the mean, calculated as the square root
of the variance, as shown in Eq. (2).

σx,y =
√∑

(xi − μ)2

N
(2)

With this information, PC coefficient (r) can be deter-
mined using a ratio of the covariance and the product of the
standard deviations, which is shown in Eq. (3).

r = Covx,y

σxσy
(3)

PC coefficients are calculated for each selected character-
istic. Although these coefficients are produced in a tabular
format, a heatmap can also be generated to provide an easily
interpretable visual graphic. Coefficients and heatmaps were
produced for each year from 1992 to 2022 for both steel and
concrete bridges.

DT modeling

A DT is a supervised, non-parametric learning algorithm
that classifies data and makes predictions using training
subsets. It provides an interpretable, tree-structured model
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in which rule-based branches guide data through decision
nodes to possible outcomes while preserving key data char-
acteristics.

The SER value is the target variable predicted using
classes defined by the eight selected features. A random state
is applied to ensure consistent data splitting across execu-
tions. The dataset is divided into training and test sets, with
80% used for training and 20% for testing and validation.

The DT algorithm is fitted to the training data. A fixed
random state controls the estimator’s random behavior dur-
ing splitting, ensuring the tree structure remains consistent
across runs. The trained model is then applied to the test set
to predict SER values. Model performance is evaluated by
comparing predicted and actual values.

The explained variance (r2), or coefficient of determina-
tion, measures the proportion of variance in the dependent
variable explained by the independent variables. It is calcu-
lated using the total sum of squares (TSS), which represents
total variance, and the residual sum of squares (RSS), which
represents unexplained variance after model fitting. The
explained variance (r2) is defined by Eq. (4):

r2 = 1 − RSS
TSS

. (4)

The explained variance ranges from 0 to 1, with higher
values indicating a better model fit.

The sum of squared errors (SSE) measures the discrep-
ancy between actual (y) and predicted (ŷ) values. It is
calculated as the sum of squared differences between them,
with lower values indicating better performance. If predic-
tions perfectly match observations, SSE equals zero. SSE is
calculated using Eq. (5):

SSE =
∑

(y − ŷ)2 (5)

A DT is built branch by branch as rules are gener-
ated from the data. Each observation follows the applicable
branches until it reaches a leaf node, which represents its
final classification. The predicted SER is then compared
with the actual value. A coefficient of determination is also
calculated for each leaf to assess prediction accuracy within
that node.

RF modeling

RF modeling is a supervised learning algorithm that
improves prediction accuracy by combining multiple DTs.
Rather than relying on a single tree, the model aggregates
predictions from many independently trained trees, reducing
overfitting and improving generalization. Each tree is built
using a randomly selected subset of the data through a
bagging process.

The RF models use the same dataset and Python libraries
as the DT models. SER is the target variable, while the
remaining features serve as predictors. A fixed random state
ensures consistent data splitting and reproducible results.

An RF classifier containing 100 trees is trained and eval-
uated using classification accuracy. An RF regressor with
100 trees predicts SER values and is assessed using the R2

score. Combined tree outputs produce a single generalized
prediction.

Selection of Analysis Methods

Three analytical methods were selected to evaluate relation-
ships between SER and the chosen characteristics: PC, DT,
and RF modeling. Although DT and RF models operate
under similar principles, they differ in how training data are
processed. Applying both methods enables comparison of
their strengths and limitations for predicting bridge health
and supporting management decisions.

Other techniques, including K-means clustering and
PCA, were considered but not used. These methods offer
limited advantages when working with categorical data
because measuring distances between categories is difficult.
While the characteristics analyzed in this study are discrete
or continuous, future bridge inspection data may include
categorical or ordinal variables. To maintain flexibility for
analyzing a broader range of characteristics, methods better
suited to mixed data types were selected. Table 7 summarizes
the analytical methods used.

Results and Discussions

Both steel and reinforced concrete bridges undergo deterio-
ration from fatigue, freeze-thaw cycles, corrosion, vehicular
loads, and other environmental distresses. However, the

Table 7. Summary of supervised and unsupervised learning methods

Learning method Method type Summary

K-means clustering Unsupervised Clusters data based on similar features
Principal component
analysis

Unsupervised Transforms data into lower dimensional forms

Pearson’s correlation Statistical Measures linear correlation between two sets of data
Decision tree modeling Supervised Categorizes data based on training information to make predictions
Random forest
modeling

Supervised Categorizes data based on multiple randomized training information to
make predictions

21426010-9 BER Open: Int. J. Bridge Eng., Manage. Res.

BER Open: Int. J. Bridge Eng., Manage. Res., 2026, 3(3): 21426010



Figure 4. Pearson’s correlation heatmap for 2022 concrete bridge data

average SER has been increasing instead of decreasing in
both bridge types over time. This can be attributed to more
efficient and precise design methods, better inspection tools
and techniques, and preventative maintenance. The SER
may also be dependent on the inspectors, with 95% of
condition ratings varying by two points and 68% varying
within one point for each element.19 Utilizing machine learn-
ing becomes valuable for predicting the SER by removing
inspector bias and only considering the raw data.

PC results

PC coefficients were calculated for each characteristic annu-
ally. Fig. 4 presents the correlation matrix for the 2022
Concrete Bridge dataset. The heatmap uses colors and
numerical values to visualize the strength and direction of
correlations between characteristics. A characteristic corre-
lated with itself has a coefficient of 1, indicating a perfect
relationship, while a coefficient of 0 indicates no relationship.

Although the matrix displays relationships among all
characteristics, this study focuses only on correlations with
SER. Correlation matrices provide a clear and interpretable
way to examine relationships within each year, offering
greater visual insight than tabulated results alone. Heatmaps

were generated for both Concrete Bridge and Steel Bridge
datasets from 1992 to 2022, resulting in 31 annual correlation
matrices for each bridge type.

PC coefficients were calculated for all 31 years of data.
To identify long-term trends, the average coefficient for
each characteristic was determined across the entire study
period. While these averages provide an overall measure of
relationship strength, they may mask temporal changes in
importance. Examining shorter periods, such as individual
years or rolling five-year averages, can reveal shifts caused
by evolving design practices, technologies, or maintenance
strategies. Considering multiple timeframes provides com-
plementary perspectives for decision-making and facilitates
comparison between concrete and steel bridges.

Table 8 presents the average correlation coefficients for
each characteristic, while Fig. 5 compares these values by
bridge material. This comparison highlights characteristics
with differing relationships to SER and provides a visual
assessment of their relative importance. In six of the eight
characteristics, the correlation sign was consistent across
both materials. However, ADT and main unit spans showed
negative correlations for concrete bridges and positive cor-
relations for steel bridges. Such differences may result from
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Table 8. Characteristics average 31-year Pearson’s correlation coefficient by material

Average correlation

Characteristic Concrete bridges Steel bridges

Age −0.5806 −0.4594
ADT −0.0433 0.1585
Main unit spans −0.0772 0.1336
Maximum span length 0.2110 0.1384
Structure length 0.0202 0.1189
Deck width 0.0123 0.2847
Age reconstructed −0.1871 −0.2163
Percent ADT truck 0.0096 0.1816

Figure 5. Average of 31-year Pearson’s correlation coefficients based on the material of construction

unaccounted factors influencing bridge performance. Cor-
relations near zero are also more likely to change sign than
stronger positive or negative relationships because only small
numerical shifts are required.

Averaging correlation coefficients across 31 years could
produce unrepresentative results if coefficient signs changed
over time. However, although these two characteristics
exhibited weak relationships, their coefficient signs remained
consistent throughout the study period. This indicates that
the long-term averages accurately reflect their overall rela-
tionships and are not artifacts of temporal variation.

Figs. 6 and 7 illustrate annual fluctuations in correlation
coefficients, making it easy to identify positive, negative,
and near-zero relationships. These visualizations provide a
clearer comparison of bridge materials and characteristics
than tables alone. They also help reveal the effects of changes
in specifications, inspection practices, environmental events,

or data collection methods. For example, the introduction
of new technologies may create trends in subsequent years.
Analyzing specific time periods can further isolate such
effects and support targeted engineering decisions.

Age and age reconstructed consistently showed negative
correlations with SER for both bridge materials over 31
years. Age had the strongest, though only moderate, relation-
ship with SER, while age reconstructed ranked third overall
but remained weak. As bridges age, exposure to weather,
chemicals, impacts, and repeated loading reduces conditions
reflected in negative coefficients. Early inspections can iden-
tify deterioration, enabling component replacement or full
reconstruction. LeBeau and Wadia-Fascetti20 highlighted
the importance of early inspection for detecting corrosion in
strands and rebars. Prior work by Agrawal et al.21 did not
account for abrupt changes, such as rehabilitation or data
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Figure 6. Pearson’s correlation coefficients over time for concrete bridges

Figure 7. Pearson’s correlation coefficients over time for steel bridges

errors. Reconstruction resets bridge age by replacing most
components.

Except for age, all variables exhibited weak or negligible
correlations with SER. Although these relationships were
weak, they can still be ranked relative to one another. For
both steel and concrete bridges, ADT showed the fifth-
strongest correlation with SER. However, the correlation
was positive for steel bridges and negative for concrete
bridges. ADT reflects repeated traffic loading, which has
been linked to increased bridge deterioration through more

frequent load cycles, greater use of deicing agents, and
fatigue damage.22,23 Despite these effects, ADT demon-
strated only weak or no correlation with SER in either
bridge type.

The number of main unit spans exhibited the fourth-
strongest relationship with SER for concrete bridges and the
seventh-strongest for steel bridges. Maximum span length
ranked second for concrete bridges and sixth for steel
bridges. Although load distribution patterns may be similar
between long and short spans on the same bridge, longer
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spans carry greater total loads due to increased self-weight
and vehicular loading. These loads result in larger midspan
deflections and higher internal stresses, which could acceler-
ate deterioration.

Structure length ranked sixth for concrete bridges and
eighth for steel bridges. Because structure length only mea-
sures the distance between paving notches, it does not
account for the number of supports, span configurations, or
individual span lengths. Consequently, it may not accurately
represent the forces, moments, and stresses experienced by
the bridge. Longer bridges often require additional struc-
tural components, such as larger decks, more girders and
piers, and greater superstructure anchorage. While these
features may increase potential deterioration points, both
concrete bridges and steel bridges exhibited only weak cor-
relations between structure length and SER. This suggests
that structure length alone is insufficient to explain SER
variation and that its influence may depend on interactions
with other characteristics.

Deck width ranked second for concrete bridges and
seventh for steel bridges, yet both bridge types showed
only weak positive correlations with SER. Bridge decks
are directly exposed to traffic loads, weather, and deicing
agents, making them particularly susceptible to deterio-
ration. Deck width is largely determined by functional
requirements, including the number of traffic lanes, shoul-
ders, bicycle lanes, sidewalks, and safety barriers. These
design elements vary according to traffic demand, site con-
ditions, and owner requirements. Although wider decks may
present more potential deterioration areas, they can also
distribute loads more effectively. For example, bridges with
wider shoulders or pedestrian facilities may experience lower
live-load demands than bridges of equal width carrying only
vehicular traffic. This may help explain the observed positive
relationship between Deck width and SER.

Aside from age and age reconstructed, the ranking of
bridge characteristics differed between concrete bridges and
steel bridges. Many observed correlations were weaker or
differed from expected trends, and the small differences
between coefficient values make rankings sensitive to minor
fluctuations. Overall, the analysis indicates that geome-
try alone has limited influence on SER. Nevertheless, PC
analysis remains valuable for identifying trends, guiding
further investigation, and highlighting age as the most
influential factor affecting bridge condition and long-term
performance. These findings underscore the importance
of preventive maintenance and comprehensive inspection
records in managing aging infrastructure effectively.

DT and RF model results

Using DT and RF modeling, it was possible to associate the
selected characteristics with the correct SER reliably for both
bridge types. Two timespans were processed: all recorded
years from 1992 to 2022 and the last five recorded years from
2018 to 2022. The corresponding accuracy scores are shown
in Table 9.

Model performance was similar for both Concrete Bridge
and Steel Bridge datasets, with the largest difference in accu-
racy being 2.5% in the five-year DT model. This suggests
that both DT and RF models can effectively predict SER
regardless of bridge material, despite the datasets differing
by approximately 4,000 bridges. Model performance was
also consistent across timeframes. The largest accuracy dif-
ference between the 1992–2022 and 2018–2022 Concrete
Bridge datasets was 2.9%, occurring in the DT model. Across
all datasets, both model types achieved accuracies above
79%. The explained variances are presented in Table 10.

Explained variance ranges from 0 to 1, with values closer
to 1 indicating a better model fit. The 31-year datasets
produced the highest explained variances for both bridge

Table 9. Decision tree and random forest model accuracy percentage by material

Concrete bridges Steel bridges

1992–2022 Decision tree 82.1% 82.9%
Random forest 87.9% 86.2%

2018–2022 Decision tree 79.2% 81.7%
Random forest 88.0% 88.5%

Table 10. Decision tree and random forest model explained variances by material

Concrete bridges Steel bridges

1992–2022 Decision tree 0.786 0.809
Random forest 0.877 0.881

2018–2022 Decision tree 0.705 0.740
Random forest 0.838 0.861
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Figure 8. A partial representation of the decision tree model for 1992–2022 concrete bridge data

Figure 9. A partial representation of the RF model for 2018–2022 concrete bridge data

materials and model types, while the five-year datasets

showed only slight reductions; all values remained above

0.70. The larger dataset, which included over 740,000 bridge

records, benefited from repeated observations of the same

bridges over time, capturing changes in condition, rehabili-
tation activities, and characteristics, such as ADT. Although
some records were excluded during preprocessing due to
incomplete data, the longitudinal nature of the dataset likely
improved model performance.
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In all cases, the RF model outperformed the DT model.
By averaging the outputs of 100 randomized DTs, RF
models reduce variance and noise, resulting in more robust
predictions. Overall, the RF models trained on the 1992–
2022 Concrete Bridge and Steel Bridge datasets achieved
the strongest performance. As additional inspection data
become available, model accuracy may further improve
through continued integration of historical and future
records.

Figs. 8 and 9 present sample outputs from the DT and RF
models of the Concrete Bridge datasets. Three node types are
shown: root, internal, and leaf nodes. The root node is the
starting point of the tree from which all branches originate.
Internal nodes split into additional nodes based on decision
criteria, forming the structure of the tree. Leaf nodes are the
terminal nodes and represent the final prediction outcomes,
with no further branching.

The DT models can be followed by tracing the charac-
teristic thresholds used at each split. Because most variables
in this analysis are quantitative, nodes divide the data using
conditions based on values greater than or less than a
specified threshold. If the characteristics of a bridge are
known, its predicted SER can be determined by following
the appropriate path to a leaf node.

Each node contains four key pieces of information. The
first row identifies the characteristic and threshold used for
the split. The second row shows the squared error, with
values closer to zero indicating a more accurate fit. The third
row reports the number of bridge samples within the node.
This sample size decreases with each split until a leaf node
is reached. The fourth row provides the average SER of the
bridges contained within that node.

The full DT and RF models generated in this study are too
large to display effectively on a single page. To improve inter-
pretability and reduce overfitting, tree size can be controlled
through pruning, which removes or prevents splits that do
not meet specified criteria, such as a minimum sample size.
Tree depth may also be limited. Depth refers to the number
of levels between the root and leaf nodes. While deeper
trees can improve classification accuracy by capturing more

detailed patterns, they also increase the risk of overfitting.
Effective model development, therefore, requires balancing
predictive performance and generalization.

Both DT and RF models identify patterns in bridge
characteristics that predict SER. Each branch represents a
sequence of conditions leading to a predicted SER value. For
example, in Fig. 8, the root node first splits bridges according
to ADT. Subsequent nodes continue to divide the data until
groups of bridges with highly similar characteristics remain.
The resulting leaf node provides the predicted SER based on
the average value of the bridges within that subset. Although
RF models consistently outperformed DT models, both
demonstrated strong potential as decision-support tools for
bridge management.

Because RF visualizations are particularly large, repre-
sentative paths for concrete bridge and steel bridge models
are summarized in Tables 11 and 12, respectively. In the 2022
Concrete Bridge Data model, a sample path begins with
a split at bridge age ≤31.5 years, containing 6,896 bridges
with a squared error of 1.64 and an average SER of 6.94.
Moving down the branch by to the left, or the “True” option,
the next node was a decision between an age less than to
equal to 12.5 years. Here, 3,270 samples were included with a
squared error of 1.04 and an average SER of 7.64. Following
subsequent age-based splits eventually leads to a leaf node
containing five bridges with identical characteristic paths.
This node has a squared error of 0.0 and an average SER
of 8. Along the path, squared error decreases as additional
information is incorporated, indicating improved predictive
certainty, while the sample size declines as bridges are parti-
tioned into increasingly specific groups.

The selected path in the 2022 Steel Bridge Data RF model
began with a split on deck width ≤7.25 m, containing 5,264
bridges with a squared error of 1.81 and an average SER of
6.42. Following the branch for deck widths greater than 7.25
m led to an age-based split, where 4,247 bridges with ages
≤19.5 years remained. This node had a squared error of 1.42
and an average SER of 6.68. After ten successive decisions,
the path reached a leaf node containing a single bridge with
a predicted SER of 8.0.

Table 11. Random forest branch sample information for 2022 concrete bridge data

Characteristic boundary Boundary decision Squared error Sample Value

Age ≤31.5 1.64 6,896 6.94
Age ≤12.5 True 1.04 3,270 7.64
Age ≤21.5 False 0.92 2,325 7.34
Deck width ≤9.05 False 0.97 1,325 7.19
Structure length ≤11.5 True 0.91 632 7.36
Deck width ≤6.3 True 1.18 226 7.13
Age ≤25.5 True 0.76 20 7.67
ADT ≤272.0 False 0.43 9 8.20
Structure length ≤7.9 True 0.16 7 7.80
ADT ≤26.5 False 0.1 6 7.89

False 0.0 5 8.00
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Table 12. Random forest branch sample information for 2022 steel bridge data

Characteristic boundary Boundary decision Squared error Sample Value

Deck width ≤7.25 1.81 5,264 6.42
Age ≤19.5 False 1.42 4,247 6.68
Age ≤8.5 True 0.74 405 8.04
Structure length ≤199.2 True 0.47 149 8.53
ADT ≤880.0 True 0.42 145 8.56
Deck width ≤10.0 False 0.49 90 8.42
Percent ADT truck ≤6.0 True 1.01 12 7.79
Main unit spans ≤2.0 True 0.96 5 7.2
Percent ADT truck ≤1.5 True 0.4 3 8.0
ADT ≤4080.5 False 0.19 2 7.75

False 0.0 1 8.0

Similar to the concrete bridge example, the squared
error generally decreased as the path progressed toward the
leaf node, indicating improved prediction accuracy as addi-
tional information became available. Although some nodes
exhibited higher squared errors, these deviations may be
attributable to limited data for less common characteristics,
such as percent ADT truck. The sample size consistently
decreased at each split until a single bridge with a unique
combination of characteristics remained. Unlike the con-
crete bridge example, the average SER did not exhibit a
consistent trend along this path.

A key advantage of DT and RF models is their ability
to clearly visualize how bridges are distributed across char-
acteristic subsets. The paths presented in Tables 11 and 12
represent only two examples from many possible combina-
tions. Every bridge in the dataset is represented within the
trees, allowing engineers to explore how specific design or
operational characteristics influence predicted SER values.
For example, during bridge design, engineers can evaluate
how choices, such as the number of main unit spans, may
affect the predicted SER.

These models also facilitate the identification of decision
points where substantial changes in average SER occur, pro-
viding valuable information for inspection planning. Unlike
ODOT’s AssetWise system, which primarily uses conditional
statements based on individual characteristics, RF models
evaluate multiple characteristics simultaneously. This capa-
bility enables the identification of bridge groups with similar
deterioration risks and SER predictions, potentially sup-
porting more targeted inspection intervals.

Effective bridge management depends on both compre-
hensive documentation and informed decision-making. The
proposed models provide engineers with accessible, data-
driven insights to support maintenance and rehabilitation
decisions. They can function either as standalone screening
tools or as enhancements to existing bridge management
practices.

Conclusion

This study utilized NBI data for Ohio bridges collected
between 1992 and 2022 to develop statistical and supervised
machine learning models for predicting the SER. Raw NBI
data were imported into Microsoft Excel, where records
were organized, cleaned, and filtered. Bridges with incom-
plete inspection records or inapplicable information were
removed. Eight physical and geometric bridge characteris-
tics were selected for analysis, while other variables were
excluded and may be investigated in further studies. The
remaining data were separated by bridge material into con-
crete, steel, combined concrete and steel, and other bridge
categories. Due to their larger sample sizes, only the Concrete
Bridge and Steel Bridge datasets were analyzed, resulting in
more than 700,000 usable records. Separate datasets were
then created representing the full 31-year period, the most
recent five years, and the most recent year.

Data processing and model development were performed
using Jupyter Notebook. Three analytical approaches were
evaluated: PC, DT, and RF models. PCs quantified the
relationships between individual bridge characteristics and
SER across the 31-year dataset. Bridge age consistently
demonstrated the strongest relationship with SER for both
concrete and steel bridges, whereas most other characteris-
tics exhibited weak or negligible correlations. Several results
differed from expected trends, and although varying the
analysis timeframe affected model performance slightly, it
had little influence on the observed correlations.

DT and RF models provided both visual representations
of characteristic interactions and accurate SER predictions.
The strongest predictive performance was achieved using the
complete 31-year datasets, emphasizing the value of com-
prehensive historical inspection records. Among the machine
learning approaches, RF models consistently outperformed
DT models while maintaining strong interpretability.

The findings demonstrate the usefulness of all three meth-
ods for supporting bridge management decisions. PCs help
identify characteristics most closely associated with bridge
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condition, while DT and RF models reveal how combina-
tions of characteristics influence SER. These tools could
support future bridge inspection programs by identifying
bridges that warrant increased monitoring. Unlike tradi-
tional screening methods that rely on individual criteria,
machine learning models can evaluate multiple character-
istics simultaneously, improving the precision of bridge
selection. Integrating these models with existing systems,
such as AssetWise, could help prioritize the most criti-
cal bridges within already-flagged populations. As bridge
infrastructure continues to age, data-driven tools can
enhance inspection planning, maintenance prioritization,
and rehabilitation strategies, ultimately improving public
safety and the long-term management of transportation
assets.

Data Availability Statement

All data related to this research are available upon request.
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Abstract: Vehicle collisions subject reinforced concrete (RC) bridge piers to high strain-rate dynamic loads, producing
complex material interactions and an apparent strength enhancement commonly quantified by the dynamic increase
factor (DIF). During impact, the concrete cover, acting as a sacrificial layer, experiences initial damage due to the
car crash, subsequently transferring forces to the transverse reinforcement and altering the pier’s axial and flexural
behavior. This study presents an experimental investigation of low-velocity vehicular collisions involving subcompact
and sedan cars, with emphasis on cosmetic surface damage and global structural response. Finite element simulations
developed in ANSYS are employed to reproduce the experimental behavior and to validate estimates of post-impact
residual capacity. Damage levels are further quantified using a combined probabilistic and reliability-based framework
to assess the likelihood and severity of cosmetic damage. The results offer valuable insights into impact-induced damage
mechanisms, enable rational evaluation of residual structural capacity, and support informed decisions regarding repair
or strengthening. Additionally, chaotic analysis has been further scrutinized in terms of chaotic risk amplification factor
(CRAF) to reinforce the findings. This present study contributes to forensic assessments of RC bridge piers’ serviceability
and resilience following vehicular impact events.

Author keywords: Representative prototype RC bridge piers; low-velocity car crashes; Finite Element (FE) simulations;
determination of cosmetic damage; validation of experimental results; and validation of experimental results

Introduction

Bridge piers are subjected to highly dynamic actions arising
from seismic events, blasts, and vehicular collisions. These
actions may induce damage ranging from superficial surface
deterioration to severe structural degradation, potentially
leading to collapse. While the seismic performance of rein-
forced concrete (RC) piers has been extensively investigated,
the effects of low-velocity vehicular impacts, particularly
those resulting in minor or cosmetic damage, remain inade-
quately understood.

In practice, RC piers experiencing low-velocity vehicular
collisions are often left unrepaired because the observed
damage is perceived as non-structural. However, even minor
impact-induced damage may compromise stiffness, alter
load paths, and reduce residual capacity over time. At
present, there is no reliable framework for quantifying
capacity degradation associated with such damage, raising

*Corresponding Author: Suman Roy.
Email: sumanroy74@gmail.com

Department of Civil and Environmental Engineering, Utah State
University, Logan, Utah 84322 U.S.A

Discussion period open till six months from the publication date. Please submit separate
discussion for each individual paper. This paper is a part of the Vol. 3 of the International
Journal of Bridge Engineering, Management and Research (© BER), ISSN 3065-0569.

concerns regarding the safety and serviceability of impacted
piers when subjected to subsequent loading, including earth-
quakes, blasts, or additional collisions. This deficiency
highlights the need for systematic investigation into the
cumulative effects of cosmetic damage and its potential role
in progressive or catastrophic failure.

Existing design codes provide limited guidance for RC
piers subjected to high strain-rate loading and are partic-
ularly inadequate in addressing post-impact deformation
and residual capacity following low-severity vehicular colli-
sions. Although dynamic impact scenarios, including vehicle
crashes and blast loading, have been studied, the specific
response of RC bridge piers under low-velocity vehicular
impacts remains largely unexplored. This limitation is criti-
cal given that vehicular collisions represent one of the most
frequent impact hazards for bridge substructures, a risk
amplified by increasing traffic volumes.1

This study addresses the identified knowledge gap by
investigating the structural performance of RC bridge piers
subjected to low-velocity vehicular impact. The objectives
are to characterize cosmetic damage, identify dominant
failure mechanisms, and quantify residual load-carrying
capacity. An experimental program consisting of pendulum
impact tests on four half-scale RC pier specimens was con-
ducted to simulate realistic low-speed vehicle collisions. The
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experimental results provide insight into damage evolution,
energy dissipation, and post-impact serviceability.

Previous studies have identified shear failure and over-
turning moments at the column base as dominant failure
modes in RC columns subjected to impact loading.2,3 Investi-
gations involving sequential loading scenarios, such as blast
followed by vehicular impact, have further demonstrated the
influence of column diameter, longitudinal reinforcement
ratio, and transverse reinforcement on structural reliability.4

Increasing column stiffness and modifying pier geometry
have been proposed as effective strategies to enhance resis-
tance to low-velocity dynamic impacts through improved
energy dissipation.5

Despite these advances, the influence of cosmetic dam-
age caused by low-velocity vehicular impacts on residual
capacity remains largely unquantified. To address this gap,
experimental findings are used to define post-impact perfor-
mance levels, which are subsequently validated and extended
through finite element modeling (FEM). The numerical
models simulate quasi-static low-speed impact conditions,
enabling replication of realistic vehicle–pier interaction and
identification of critical failure mechanisms. Stress concen-
tration and plastic hinge formation are consistently observed
near the column–foundation interface, which governs energy
dissipation through crack initiation and propagation.6

To replicate in-service conditions, axial preloading was
applied to the pier specimens prior to impact, and corre-
sponding FEM simulations were developed for numerical
validation. The interaction between axial compression and
lateral impact forces was analyzed to characterize stress,
strain, and deformation behavior in the vicinity of the col-
umn base. Uniaxial material constitutive models have been
adopted to capture localized damage with sufficient accu-
racy, supporting a comprehensive assessment of post-impact
structural performance.

Furthermore, the circular geometry of RC piers,
commonly adopted to enhance short-duration impact per-
formance, has been re-examined in the context of vehicular
collision loading.7 Detailed assessment of cosmetic damage
at both material and member levels has been employed to
evaluate complex existing load-transfer mechanisms and
identify key considerations for post-impact inspection and
decision-making prior to returning piers to service.8

A key contribution of this research is the integrated exper-
imental–numerical framework developed to investigate the
nonlinear response of RC bridge piers subjected to low-
velocity vehicular impacts. Realistic crash scenarios based
on Class-I vehicle parameters are considered to quantify
residual capacity following impact. In addition, probabilistic
reliability analyses are conducted to account for uncertain-
ties associated with damage progression and failure risk,
providing a rational basis for post-impact assessment and
design recommendations.

The findings offer critical insights into low-velocity
impact behavior, addressing current gaps in design pro-
visions and highlighting the need for revised evaluation
criteria. Through detailed parametric and push-over anal-
yses, this study informs future efforts to develop robust
assessment methods and enhance the safety and longevity of

bridge infrastructure. In conclusion, this research provides
a foundational framework for understanding and assessing
the post-impact performance of RC bridge piers as fol-
lows:

• This study presents a comprehensive investigation
into the post-impact performance of RC bridge piers
subjected to short-duration, low-velocity vehicular
collisions. Such impacts, though often considered
minor, can cause significant cosmetic and structural
damage that compromises long-term performance.
By examining damage propagation, energy dissi-
pation, and changes in load-bearing behavior, the
study seeks to better understand the implications of
seemingly low-severity collisions on the structural
integrity and residual capacity of bridge piers.

• To strengthen and validate the experimental findings,
a series of detailed FEM simulations were performed.
These simulations closely replicate the experimen-
tal conditions with trivial deviation and provide
deeper insights into failure mechanisms, such as shear
cracking, localized plastic deformation, and stress
redistribution. The numerical analyses serve not only
to confirm the experimental observations but also to
extend the investigation to a broader range of impact
scenarios and structural configurations.

• Recognizing the need for practical assessment tools,
the study also incorporates reliability-based analy-
sis to develop a holistic framework for evaluating
post-impact damage severity. This framework quan-
tifies reductions in structural capacity by considering
uncertainties in material properties, geometry, and
loading conditions. The aim is to support engineers in
reaching informed decisions about serviceability and
repair strategies for impacted piers without relying
solely on traditional visual inspections or conserva-
tive assumptions.

• In pursuit of a non-destructive alternative to dam-
age assessment, the study proposes a methodology
that simulates extreme load events to estimate per-
formance deterioration. This approach enables the
evaluation of damage levels and failure risk without
the need for full-scale destructive testing, offering a
more efficient and cost-effective path toward ensur-
ing structural safety and operational continuity.

• In short, the findings of this research contribute to
a more nuanced understanding of RC pier perfor-
mance under vehicular impact, particularly in the
context of low-velocity collisions. By highlighting
the influence of uncertainty in design parame-
ters and post-impact conditions, the study lays the
groundwork for improving both design practices
and evaluation protocols. This ensures better pre-
paredness for real-world impact scenarios, helping
to enhance the resilience and longevity of bridge
infrastructure.
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Methodology

In this study, the performance of a prototypical traditional
half-sized RC bridge pier is assessed under low-velocity
vehicular impact loading through a combination of exper-
imental testing and validated by numerical analysis using
FEM. The investigation focuses on impacts from Class-I
vehicles, specifically subcompact and mid-sized sedans, to
evaluate the pier’s residual capacity following such colli-
sions and its ability to withstand subsequent events like
earthquakes. Pendulum impact tests have been conducted to
simulate vehicle crashes. These controlled low-speed impacts
are intended to replicate cosmetic damage typical of real-
world minor crashes. After impact, the specimens are closely
delved to identify damage patterns and assess the reduc-
tion in structural capacity. The post-impact behavior has
been analyzed to estimate the probability of failure (Pf) to
determine the reliability index (β) under additional loading,
offering insight into the resilience of RC bridge piers exposed
to low-level vehicular collisions.

In the numerical investigation, the RC bridge pier model
has been subjected to axial preloading to replicate in-
service compressive forces and simulate equivalent nonlinear
loading conditions induced by low-velocity vehicle impacts.
The performance assessment focused on material proper-
ties, post-impact behavior, and cosmetic damage levels. FE
simulations were conducted using the commercial software
ANSYS, with input parameters derived from experimental
testing, published literature, and manufacturer data.9 Static
numerical simulations have been performed to evaluate the
short-duration post-impact response of the pier, including
deformation patterns and failure mechanisms. These simula-
tions are validated against experimental results for similarly
configured RC piers under identical loading conditions,
ensuring model accuracy and relevance.

The numerical model represented the RC pier as a com-
posite structure, incorporating different materials modeled
with non-separable contact definitions to closely capture
real-world behavior under impact. For each crash sce-
nario, detailed results were obtained, including deformation
profiles, Von Mises stress and strain distributions, shear
stress, maximum strain energy, and stress intensity. Beyond

deterministic analysis, probabilistic methods are applied to
account for uncertainties in material behavior and loading
conditions.

The post-impact performance results obtained from FE
simulations are utilized to assess the damage severity and
determine the residual load-carrying capacity of the RC
pier under subsequent cyclic loading. Reliability analyses are
conducted for both the impact scenarios to estimate the Pf

and corresponding β under low-velocity impact scenarios,
supporting the validation of experimental findings and offer-
ing a robust framework for quantifying structural risk and
residual performance under minor vehicular collisions.

Furthermore, the study offers a practical framework
for evaluating whether traditionally designed RC bridge
piers impacted by minor vehicular collisions can remain
in service. By integrating experimental data with numerical
simulations, the research captures the extent of damage and
quantifies the performance of the impacted piers under
sequential loading scenarios. The results demonstrate the
feasibility of continuing service for such structures when the
damage remains within cosmetic or non-critical limits. Over-
all, the findings present an effective tool for infrastructure
managers and engineers to justify post-impact serviceability
decisions, enhancing the safety and sustainability of aging
bridge infrastructure.

Representative RC Pier

Material and geometric properties of RC pier

In this study, a circular RC pier section is selected as the
representative model for analysis, with its geometric and
material properties shown in Fig. 1. The pier is designed to
emulate realistic bridge substructure conditions and has an
unrestrained height of 8.4 feet (2.54 m), reflecting typical
above-ground lengths used in practice. The cross-section of
the pier is solid and circular, with an outer diameter (overall)
of 20 in (0.51 m) and an inner diameter (core concrete)
of 17 in (0.43 m). This hollow-core design helps reduce
weight while maintaining sufficient strength and stiffness.
The concrete used in the pier has a compressive strength of
7 ksi (48.26 MPa), a value commonly used for structural

Figure 1. Reinforcement detailing of RC pier. (a) Sectional elevation, (b) Pier cross-section, and (c) 3D detailing. 3D,
three dimensional

21426011-3 BER Open: Int. J. Bridge Eng., Manage. Res.

BER Open: Int. J. Bridge Eng., Manage. Res., 2026, 3(3): 21426011



elements requiring high durability and load resistance. The
reinforcing steel is specified as ASTM A706 Grade 60 with
a yield strength of 60 ksi (413.68 MPa), selected for its supe-
rior ductility and weldability, which are crucial for seismic
applications.

The pier’s reinforcement configuration includes six longi-
tudinal #8 bars placed symmetrically around the inner core
to provide resistance against bending and axial loads. These
bars extend fully into the foundation with a development
length of 8 in (0.203 m), ensuring proper anchorage and
load transfer. To resist shear forces and enhance ductility,
#4 steel rebars with a yield strength of 40 ksi (275.79 MPa)
are arranged in a spiral configuration at a center-to-center
spacing (pitch) of 2.5 in (63.5 mm). This spiral arrangement
conforms to the minimum shear reinforcement requirements
outlined in ACI 318-11 and supports adequate confinement
of the concrete core, which is essential for maintaining
strength and energy dissipation capacity under cyclic and
impact loading. Furthermore, the detailing complies with
the recommendations by Furlong,10 ensuring that both rebar
diameter and spiral pitch meet established safety and perfor-
mance criteria. This reinforcement layout enables the pier to
develop sufficient ductile behavior and structural resilience
under multiple loading conditions, including seismic and
vehicular impacts.

The details of the representative RC pier are further
shown in Table 1.

Table 1 summarizes the key geometric and material prop-
erties of the representative circular RC pier section used in
this study. The symbol h denotes the outer diameter of the
pier, while d represents the inner diameter as stated, defining
the uniform circular section. The gross cross-sectional area
of the pier is given as Ag, while Ast indicates the total area
of the main (longitudinal) reinforcing steel bars embedded
in the pier section. The net cross-sectional area, denoted by

Anet, refers to the effective concrete area available for axial
and flexural resistance.

The material strengths are represented by f c
′
for the com-

pressive strength of concrete and f y for the yield strength of
the reinforcing steel. Additionally, the reinforcement ratios
are expressed as ρ l and ρt, representing the longitudinal
(main) and transverse (spiral) steel ratios, respectively. These
parameters provide a comprehensive understanding of the
pier’s reinforcement layout and material capacity, serving
as critical inputs for both the experimental evaluation and
numerical simulations conducted in the study.

Experimental Program of Test Pier Speci-
mens

In analyzing and determining the post-impact residual
capacity of the RC pier in the test program, five prototype
pier specimens with circular cross-sections were considered
and tested. The specifications for the RC bridge pier were
taken from a standardized state department of transporta-
tion detail.11 The representative pier is modeled as having a
uniform solid circular cross-section with a constant overall
diameter of 20 in. (50.80 cm) throughout its length. The
unrestrained length of the pier is 8 feet 4 in (2.54 m). A
concrete cover of 1.5 in. (3.81 cm) is provided as per standard
specifications. The boundary conditions for the pier are such
that the bottom end is fixed, restraining displacement and
rotation in all directions, while the top end is also fixed, pre-
venting displacement and rotation, as shown in Figs. 3a and
3b. A schematic diagram illustrating these end conditions is
provided in Fig. 3b.

For each representative RC pier, a square foundation has
been designed in accordance with established design proce-
dures to resist both static and dynamic impact loads. The
foundation has a square plan measuring 3 ft 6 in. × 3 ft 6 in.

Table 1. Details of the representative pier

h (in.) (cm) d (in.) (cm) Ag (in.2) (cm2) Ast (in.2) (cm2) Anet (in.2) (cm2) ρl (%) ρt (%) f
′
c (ksi) (MPa) fy (ksi) (MPa)

20 (50.80) 17 (43.18) 314.28 (2027.60) 4.74 (30.58) 309.54 (1997.02) 1.5 0.06 7.00 (48.26) 60 (413.68)

Figure 2. (a) Test specimen, and (b) schematic diagram of pier end conditions

21426011-4 BER Open: Int. J. Bridge Eng., Manage. Res.

BER Open: Int. J. Bridge Eng., Manage. Res., 2026, 3(3): 21426011



Figure 3. Pendulum impactor with weights. (a) 17.50 kips and (b) 22.50 kips

(106.68 cm × 106.68 cm) with a thickness of 1 ft 8 in. (53.34
cm), as shown in Fig. 1. Each foundation was fabricated to
anchor the pier to the strong floor using 4 in (≈100 mm)
diameter and 16 ft (≈4.87 m) long high-strength anchor
bolts, thereby replicating a fixed-base boundary condition.
At the opposite end, the pier was provided with a pinned
boundary condition, as shown in Fig. 2, and axial preloading
was imposed to simulate realistic support conditions.

To evaluate the serviceability and post-impact response
of circular RC bridge piers subjected to vehicular collisions,
representative prototype pier specimens (depicted in Figs. 2a
and 2b) are analyzed. The pier’s design specifications are
based on experimental data obtained from tests conducted
at the high-precision “Structural Laboratory” at Utah State
University, Logan, Utah, USA. The pier is modeled with a
uniform circular cross-section throughout its entire height
to accurately reflect its structural behavior. Regarding the
boundary conditions, the top end of the pier is modeled
as a hinged (pinned) support. Translational displacement
is permitted only in the direction of the applied impact
force, while translational movements in all other direc-
tions are restrained. Rotational degrees of freedom are left
unrestrained. The bottom end of the pier, representing the
foundation interface, is fully fixed, preventing any displace-
ment or rotation, as illustrated in Fig. 2.

Test setup for pendulum impact test

The pendulum system is supported by four arms and
anchored to rigid steel columns, enabling free swing through
a calibrated quick-release mechanism. The detailed config-
uration of the pendulum impact test setup is presented in
Fig. 3.

Pendulum-based impact testing is widely employed to
simulate vehicle–bridge pier collision scenarios and to inves-
tigate the associated dynamic response characteristics and
damage mechanisms.12 In the present study, the impact
energy imparted to the pier resulted in deformations that
have been observed to be negligible within the measurement
limits.

A schematic representation of the pendulum system,
including the direction of load application and the overall
experimental arrangement, is shown in Fig. 3.

Determination of pendulum weights

In-built pendulums have been used in the experimental pro-
gram to replicate the impact energy imparted to the pier
by representative Class-I vehicles. Vehicle weights of 3.36
kips (14.95 kN) for a mid-sized sedan and 2.51 kips (11.14
kN) for a subcompact car are adopted based on the data
reported by Thomas et al. (2018). Corresponding impact
velocities of 22.87 mph (33.54 ft/s or 36.80 km/h) and 21.38
mph (32.83 ft/s or 36.02 km/h) were reproduced using the
pendulum system, thereby simulating realistic vehicle–pier
collision conditions.

The impact energy (E) imparted by these collisions is
calculated from the kinetic energy (KE) using the standard
equation shown in Eq. (1).13 This calculation is essential to
quantify the energy absorbed by the pier during impact,
allowing for a precise assessment of its structural response
under these controlled yet realistic conditions

E = 0.5 ∗ Mveh ∗ V 2
I (1)

where E is the total impact energy, Mveh designates the
vehicle masses (Class-I), and V I is the impacting velocity of
the car.
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As the total impacting energy does not get transformed
into crash energy due to dissipation caused by column
stiffness,4 as well as the frontal stiffness and recoiling action
of the impacting body.4,14 To conduct the experimental meth-
ods and extracting results into real crash scenarios, the
energy dissipation ratio (k) is considered as 0.72.15 Thus,
the effective energy ratio can be considered as (1 – k). The
effective energy (EEff) can be estimated by using the Eq. (2).

EEff = (1 − k) · E (2)

where EEff is the effective energy causing damage to the
column, k is the dissipation ratio, and E represents the energy
incurred and transmitted from vehicle impact.

In order to reproduce a similar impact scenario, pendu-
lum weights (W) used in the experiment can be computed
from Eq. (3)

W = EEff

galtitude · (h)
(3)

where galtitude is the acceleration due to gravity (ft/s2) consid-
ered as 32.16 ft/sec2 (9.8 m/s2) at a high altitude of 4,777 feet
(1456.03 m), and h is the height of fall for pendulum, which
is considered as 7 feet (2.438 m).

From the above Eqs. (1) through (3), weights of the pen-
dulum are computed as 1.75 kips (7.78 kN) and 2.25 kips
(10.01 kN), respectively, in order to reproduce the vehicle
impacts caused by Class-I category of vehicles.

Test procedure
Pendulum impact experiments were conducted on a series
of RC pier specimens, designated P1 and P2, using custom-
fabricated pendulums with weights of 1.75 kips (7.78 kN)
and 2.25 kips (10.00 kN). The pendulums were designed
and assembled in such a manner that they can deliver con-
trolled impact forces, as shown in Fig. 3. The pier specimens
were subjected to impact loading generated by a pendulum
released from a drop height of 7 ft (2.13 m). A schematic of
the experimental setup, along with the step-by-step testing
procedure, is presented in Fig. 4, providing an incisive repre-
sentation of the test configuration and methodology.

Fig. 4 provides a schematic representation of the struc-
tural system and pendulum assembly. The test column of
height H = 8.4 ft (2.56 m) supports a horizontal beam at
elevation h = 7.0 ft (2.13 m). A pendulum of weight W
is suspended from the beam, forming an angle θ with the
vertical, as shown. The applied lateral load from the swung
pendulum at the column base is denoted by P.

To determine the equivalent impacting vehicle veloci-
ties corresponding to lower vehicle weights, as presented
in Table 3, two representative vehicle classes were selected
to simulate low-impact collision conditions: a subcompact
car (2.51 kips or 11.14 kN) and a mid-sized sedan (3.36
kips or 14.95 kN).16 These vehicles were chosen due to their
prevalence in urban traffic environments and their relatively
lower weights, which reduce KE during collisions com-
pared with heavier vehicle types. This selection allows for a
more accurate assessment of short-duration impact energy
transfer and structural response under low-to-moderate and
cosmetic collision scenarios.

Figure 4. Schematic diagram for pendulum impact
experiment

The impacting vehicle velocities (VI) are estimated assum-
ing approximately 72% energy dissipation, following the
methodology proposed by Li et al.,15 as expressed in
Eq. (4).17 This dissipation factor reflects the proportion
of KE absorbed by vehicle deformation, frictional losses,
and restitution during impact, providing a more realistic
representation of actual crash dynamics. Incorporating this
energy loss into the velocity computation ensures that the
equivalent velocities derived more accurately capture the
mechanical behavior of real-world collisions rather than
idealized, perfectly elastic impacts

VI =
√

W ..galtitude · hI

0.14 · (Mveh)
(4)

Rearranging Eq. (4), the final expression for determining
the vehicle impacting speed is shown in Eq. (5).17

VI = 2.67

√(
W

Mveh

)
· (galtitude) · (hI) (5)

where W , Mveh, galtitude, and hI represent pendulum weight,
weight of the impacting vehicle, acceleration due to gravity
at specific altitude as already mentioned, and height of fall
for impact. The impacting velocities are given in Table 2.

FEM

In this study, a detailed FEM of the RC test pier specimen
was developed to simulate and analyze its behavior under
low-velocity car crashes. The FEM was specifically designed
to capture the nonlinear response of the pier during low-
velocity car crash events, enabling accurate prediction of the
post-impact structural performance and residual capacity.
To validate and complement the experimental results, two
pier models subjected to higher preload conditions, reflective
of those applied during physical testing, were investigated.
These preload levels are critical for simulating the in-service
stresses and boundary constraints the piers experience prior
to impact. The pier geometry employed in the simulations
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Table 2. Equivalent car impacting velocities

Car type Picture Car weights in
kips (kN)

Pendulum
weights in kips
(kN)

Height of fall in
ft (m)

Car impacting
velocities in
ft/sec (m/s)

Car impacting
velocities in mph
(kmph)

Subcompact car 2.51 (11.14) 1.75 (7.78) 7 (2.13) 33.54 (10.22) 22.87 (40.46)

Mid-sized sedan
car

3.36 (14.95) 2.25 (10.00) 7 (2.13) 32.83 (10.00) 22.38 (43.53)

replicates the physical specimens exactly, as shown in Fig. 5,
ensuring consistency between experimental and numerical
analyses.

The modeled piers were subjected to impacts from Class-
I vehicle types, which correspond to commonly encountered
vehicles in typical collision scenarios and are frequently
used as standard references in impact testing. The detailed
specifications of these vehicles, including weight, size, and
impact velocity, are outlined in Table 3, ensuring that the
simulation parameters closely mimic real-world conditions.
By accurately representing these vehicle characteristics and
their interaction with the pier, the numerical model provides
a comprehensive insight into the pier’s dynamic response,
including stress distribution, damage initiation, and energy
absorption mechanisms. This realistic simulation framework
is crucial for evaluating the pier’s post-impact durability and

Figure 5. FE model of test pier specimen

structural integrity, ultimately aiding in the design of safer
and more resilient infrastructure capable of withstanding
vehicle collisions.

Loading conditions of the representative RC pier

Low-velocity car impact
Traditionally, bridge piers have been designed primarily to
withstand static loads, such as axial forces, shear stresses,
bending moments, bond stresses, and ensuring adequate
development length for reinforcement. These static consid-
erations have formed the basis for most design codes and
practices due to their predictability and relative simplicity.
However, in recent years, the importance of dynamic loading
conditions has gained greater recognition, especially in the
context of extreme events such as vehicle impacts, blasts, and
earthquakes. Unlike static loads, dynamic loads introduce
time-dependent forces that can cause rapid changes in stress
and strain, leading to complex structural responses including
vibrations, localized damage, and sometimes catastrophic
failure modes up to complete collapse.

To effectively evaluate the effects of impact loads on RC
piers, engineers often convert the dynamic impact forces into
an equivalent static force. This simplification allows for prac-
tical design and analysis by approximating the maximum
effects of dynamic loading through a static load case that rep-
resents the peak force during impact. Although this method
does not capture the full time-history response of the struc-
ture, it provides a conservative and computationally efficient
means to assess structural safety under impact scenarios.
The specific loading conditions applied to the prototype RC
bridge pier in this study are illustrated in Fig. 6, highlight-
ing how the forces are assumed to act on the pier during
impact. This representation aids in bridging the gap between
complex dynamic behavior and practical engineering design,
ensuring that the pier’s resilience and performance under
impact conditions can be reliably assessed and improved.

In this study, the equivalent car (Class-I) impact results
are replicated. The impact duration considered for these
analyses is 0.21 s, which is appropriate for the quasi-static
impact and the corresponding results are utilized to deter-
mine low-velocity impacts using Eq. (6)

IF = (Mveh ∗ Vveh)/t (6)

where Mveh represents the weight of the impacting vehicle,
Vveh is the frontal impact velocity of the vehicle causing
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Table 3. Car crash data

Car type Mveh (kips) V (feet/sec) T (sec) IF (kips) Preload (kips)

Subcompact 2.505 33.54 0.207 405.88 50
Mid-sized sedan 3.361 32.83 0.207 533.05 75

Figure 6. Pier for (a) preloading, (b) car impact loading, and (c) combined loading scenario

instability of the column, and t is the duration of impact.
Impact duration for heavy to mid-sized cars may vary from
a very short duration of 40 ms14 to 0.21 s for quasi-static to
dynamic strain rate loading (Roy et al., 2021). In this study,
impact duration is considered as 0.21 s because of the quasi-
static short-duration impact. However, the car crash data,
as applied on the prototyped representative RC bridge pier
along with the applied preloading, are shown in detail in
Table 3.

Material properties

The FE analyses (FEA) have been carried out using models
that precisely replicate the actual geometrical configurations,
material properties, and boundary conditions of the tested
RC piers. This high-fidelity modeling approach enables a
realistic simulation of the piers’ structural behavior under
diverse loading scenarios, ensuring that the numerical out-
comes are consistent with experimental observations. By
carefully defining each geometric and material parameter,
the FE models can accurately capture stress distributions,
deformation patterns, and local failure modes, thereby
enhancing the reliability of the analytical outcomes.

Table 4 summarizes the key input parameters, including
the compressive strength of concrete, mechanical properties
of the reinforcing steel, and other critical material charac-
teristics that govern the nonlinear response of the structure.
These parameters play a vital role in simulating complex
behaviors such as cracking, yielding, and energy dissipation
during impact loading. Incorporating these detailed material
definitions allows the FE model to reproduce the progression

of damage and the post-impact residual capacity of the
piers, providing valuable insights into their performance and
resilience under extreme loading conditions.

For all material interfaces within the FEM, a non-
separable contact condition is applied to accurately represent
the interaction between different components, such as con-
crete and reinforcing steel. This ensures that the elements
remain bonded during the analysis and that no relative
motion occurs at the interfaces, which is critical for simulat-
ing realistic stress transfer and failure mechanisms. In terms
of boundary conditions, the external peripheral surface of
the column is considered free, allowing natural deformation,
while the top face of the column is modeled as pinned,
restraining translational movement but allowing rotation.
The foundation base is modeled as fully fixed, preventing any
displacement or rotation to replicate the actual test setup and
anchorage conditions.

A detailed three-dimensional (3D) FE model of the
RC pier has been developed, incorporating accurate
geometry, material properties, and boundary conditions.
Non-separable contacts ensured proper interaction between
materials, while the top of the pier was modeled as pinned
and the foundation as fixed. This model, shown in Fig. 7,
served as the basis for simulating the structural response
under impact loading.

Mesh and boundary conditions for FE model

A comprehensive mesh-independence study has been per-
formed to determine the optimal mesh size for the FE
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Table 4. Material properties

Materials Material properties and respective values

Concrete Modulus of elasticity (psi) (MPa) 3.6 ∗ 106 (2.48 ∗ 104)
Poisson’s ratio 0.18
Open shear transfer coefficient 0.3
Closed shear transfer coefficient 1

Reinforcing steel (main) Modulus of elasticity (psi) (MPa) 2.9 ∗ 107 (1.9 ∗ 105)
Poisson’s ratio 0.3
Yield stress (psi) (MPa) 60000 (413.68)
Tangent modulus (psi) (MPa) 2900 (19.995)

Reinforcing steel (transverse) Modulus of elasticity (psi) (MPa) 2.9 ∗ 107 (1.9 ∗ 105)
Poisson’s ratio 0.3
Yield stress (psi) (MPa) 40000 (275.79)
Tangent modulus (psi) (MPa) 2900 (19.995)

Figure 7. (a) Three-dimensional (3D) reinforcement
using solid works and (b) 2D reinforcement detailing

simulations, ensuring a balance between computational effi-
ciency and numerical accuracy. Through multiple refinement
trials, the mesh was optimized to capture localized stress con-
centrations and potential failure regions without excessive
computational cost. Non-separable contact definitions were
implemented for all materials listed in Table 4, allowing for
realistic interaction and load transfer between the concrete,
longitudinal, and spiral reinforcements. A smooth transi-
tion between mesh densities was achieved using a transition
ratio of 0.272, resulting in a total of 1,345,129 elements
and 3,736,988 nodes, parameters that collectively guarantee
stable convergence and physically consistent results.

The selected mesh sizes of 4.0 in. (101.60 mm) for con-
crete, 0.25 in. (6.35 mm) for longitudinal reinforcement, and
0.125 in. (3.175 mm) for spiral reinforcement have been
chosen based on the structural significance of each compo-
nent and their associated yield strengths of 60 ksi (413.68
MPa) and 40 ksi (275.79 MPa), respectively. The boundary
conditions are configured to simulate the experimental setup
accurately, with the pier’s top fixed against displacement and
rotation, while the foundation base has been fully restrained
in all directions, as illustrated in Fig. 5. The meshing config-
uration shown in Fig. 8 demonstrates the fine discretization

Figure 8. Meshing of FEM for (a) Combined mesh
model with impacting point and (b) plan of concrete

element

in critical regions and the smooth transitions that minimize
numerical artifacts, ensuring reliable simulation of stress
propagation and deformation behavior under applied loads.

Impact Damage Assessment Using Reliabil-
ity Analyses

In this research, a probabilistic framework is adopted to
evaluate the structural performance of RC piers subjected
to low-velocity car crashes as already discussed. Specifically,
reliability analysis is employed to quantify the likelihood
of structural failure and assess the extent of damage.
The analysis follows the resistance–load approach, wherein
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uncertainties in both structural capacity (resistance) and
external demands (impact loads) are considered. To evaluate
post-impact performance, the resistance reduction method
(RRM) is used, which involves reducing the pier’s resistance
incrementally and computing the corresponding probability
of failure (Pf). This method enables a detailed understanding
of how impact-induced damage affects the residual strength
of the pier. The test pier is thus assessed not only in terms of
whether it fails under impact but also to evaluate its reduced
load-carrying capacity diminishes, providing a comprehen-
sive insight into its post-collision structural reliability.

Pier resistance

Prior to computing the residual capacities, the design capac-
ities in axial and shear for the representative RC pier are
computed as specified in ACI.18

The design axial capacity (PN,design) is computed as shown
in Eq. (7)19

PN,design = 0.85 ∗ f ′
c ∗ (

Ag − As

) + σy ∗ As (7)

where f c
′

is the 28-day compressive strength of concrete, f y

is the yield strength of steel, and Ag and Ast are the gross
cross-sectional area of concrete and total cross-sectional area
of longitudinal steel, respectively. PN,design is computed as
2126.16 kips (11,034.61 kN) and shown in Table 5. The axial
load (preloading) applied on each test specimen was initially
considered as 80% of the axial capacity and are as shown
in the Table 3. The detailed considered preloading estimated
from design strength is as shown in Table 5.

The design shear capacity of the RC bridge pier is deter-
mined using Eq. (8)20

VN,design = Vc + Vs (8)

where Vc is the shear strength carried by the concrete and V s

is the transverse shear capacity.
The shear strength, V c, is computed as shown in Eq. (9)21

Vc = νb[1 + 3PN,design/f ′
c · Ag] · Ae (9)

where Ag represents the gross cross-sectional area of the
concrete in the pier and Ae is 80% of Ag, i.e., Ae = 0.8 ∗ Ag,
and νb is the shear constant.

The shear constant (νb) is determined using Eq. (10)21

νb = [0.0096 + 1.45ρt] · (
f ′

c

)1/2 ≤ 0.03
(
f ′

c

)1/2
ksi (10)

where ρt is the longitudinal steel ratio and PN,design represents
the axial load capacity of the RC pier.

The transversal shear capacity, V s, is computed using
Eq. (11)21

Vs = (π/2)(Ahσyh) · (D′/s) (11)

where Ah is the area of a single hoop or spiral, D
′
is the spiral

or hoop diameter, s denotes the pitch of the helix, and σ yh

represents the yield stress of transverse reinforcing steel.

Load

The equivalent Class-I vehicle impact responses have been
replicated from the pendulum impact experiments to estab-
lish representative loading conditions. The resulting impact
parameters are subsequently incorporated into Eqs. (1)–(4)
to evaluate the corresponding low-velocity impact effects.
The computed results derived from this procedure are pre-
sented in Table 6.

Determination of post-impact damage

In this study, post-impact cosmetic damage to the RC
pier is evaluated through a reliability-based assessment by
determining the probability of failure under specific low-
velocity impact scenarios. In the first stage, the reduction
in structural resistance resulting from vehicle impact is esti-
mated using the RRM, implemented through Monte Carlo
(MC) simulations. This method allows for the incorpora-
tion of variability in material properties, loading conditions,
and damage extent. Given the inherent uncertainty in
quantifying residual capacity following low-impact events,
deterministic analysis alone may not reliably capture the true
probability of failure. Therefore, a probabilistic approach
is employed to provide a more robust estimate of the

Table 5. Estimated preloading

PN,design (kips) (kN) Preloading (kips) (kN) Percent preload (Initial)

2126.16 (9457.63) 1063.08 (4728.81) 50

Table 6. Equivalent car impacting velocities22

Car type Picture Mveh in kips (kN) V in feet/sec (km/hr)

Subcompact car 2.51 (11.14) 33.54 (36.80)

Mid-sized sedan car 3.36 (14.95) 32.83 (36.02)
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post-impact performance, focusing particularly on cosmetic
damage levels that may not lead to structural failure but still
affect serviceability and safety perception.

LSE analysis method
Using Eqs. (11) through (14) and Eq. (16), it is evident
that the load model is governed by the dynamic impact
force, while the resistance model is characterized by the
dynamic shear capacity of the pier. Both models incor-
porate parameters treated as random variables to reflect
the inherent uncertainties in material properties, loading
conditions, and structural response. A random variable is
typically defined by its mean, standard deviation, and prob-
ability distribution, statistical descriptors that capture the
variability and unpredictability associated with real-world
conditions. Therefore, replacing nominal design values with
their corresponding means and standard deviations allows
for a more realistic representation of uncertainty in the
probabilistic framework. This approach ensures that the reli-
ability analysis captures the true variability in both loading
and resistance, as recommended in Roy.9

However, structural serviceability for the limit state func-
tion (Gi) comprises the performance not exceeding the
permissible function as shown in the Eq. (12). This shows
the limit state equation (LSE) satisfying the serviceability
criteria.9

GI = 1 − λ = 1 − Idyn

Vdyn
(12)

where GI is the limit state function, Idyn is the peak vehicle
dynamic impacted force, and V dyn indicates the dynamic
shear effect on concrete as mentioned in the Section 3.3.

Nominally, the probability of failure (Pf) is determined by
integrating the limit state function over the region where the
limit state function is less than or equal to zero, as expressed
in Eq. (13)23

Pf =
∫ Z≤0

Z=−∞
fx (x1, x2, . . . , xn) dx1dx2dx3 . . . . . . . . . dxn (13)

where f x is the joint PDF of the random vector X = {x1,
x2, . . . ,xn}, and Z = g(x) < 0; that is the region of failure.
This is further illustrated within the region, −∞ = Z ≤ 0,
where the failure of the RC bridge pier due to vehicle impact
is expected to occur.

Determining Pf by directly evaluating the integral in
Eq. (16) is analytically complex due to the nonlinear nature
of the limit state function and the presence of multiple ran-
dom variables. As an alternative, structural reliability can be
assessed using the β, which provides a simplified yet effective
measure of safety. Unlike the probability of failure, which
quantifies the likelihood of failure directly, the reliability
index serves as a standardized metric that reflects the margin
of safety while accounting for the inherent uncertainties in
model parameters.24 Various reliability methods have been
developed to compute Pf and, consequently, estimate the
corresponding β. However, β can also be determined from
different simulations.

In this study, MC simulations are used to evaluate the Pf

under low-velocity impact conditions, particularly focusing

on cosmetic damage levels that may not result in struc-
tural collapse but still impact serviceability. While different
reliability methods may yield slight variations in β and Pf,
they offer consistent insight into the overall structural per-
formance. In its most basic form, the reliability index is
calculated using the mean and standard deviation of the load
and resistance variables, as outlined in Eq. (14)25

β = μ

SD
(14)

where μ is the mean of the LSE and SD is the standard
deviation of the limit state equation.

However, computing μ and SD of the LSE is often imprac-
tical especially when the limit state is a nonlinear function.
Also, it presents problems in dealing with limit state equa-
tions where the probability distribution is not normal. As
a result, an alternate method of computing the β involves
using MC simulations. This method involves simulating the
LSE a number of times with changing design variables.
These design variables are developed using the uncertainty
parameters and randomly generated numbers as shown in
Eqs. (15) and (16)25

xi = μx + ziσx (15)

zi = Φ−1(ui) (16)

where xi is the computed variable, zi is standard normal vari-
able, ui are uniformly distributed random variables between
0 and 1, and Φ−1 is the inverse of the standard normal
cumulative distribution function (CDF).

The LSE defines the boundary between safe and failure
conditions for the structure, where a value less than zero
indicates failure. To assess the Pf, this equation is iterated
multiple times using randomly generated input variables,
which represent the inherent uncertainties in material prop-
erties, loading, and geometry. These variables are typically
sampled from uniform or other relevant probability distri-
butions to cover a broad spectrum of realistic scenarios. By
running thousands, or even millions of such simulations, the
analysis captures the variability and randomness present in
real-world conditions.

The Pf is then estimated as the ratio of the number of sim-
ulations in which the LSE yields a negative value (indicating
failure) to the total number of simulations performed. This
MC-based approach provides a statistically robust measure
of risk without relying on overly simplistic assumptions.
Once the probability of failure is obtained, the β can be
estimated using established mathematical relationships (as
shown in Eqs. (17) and (18)). The β essentially translates the
Pf into a standardized safety metric, reflecting the number of
SDs the system’s performance is from the failure threshold.
This allows engineers to quantify safety margins and make
informed decisions regarding design and maintenance

Pf = n
N

(17)

β = −Φ−1
(
Pf

)
(18)

where n is the number of times the limit state was exceeded
(g(x) < 0), and N is the total number of simulations under-
taken.
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A recently developed method that addresses some of the
challenges associated with traditional fault tree analysis is
the RRM.17 Fault tree analysis often struggles with captur-
ing the nuanced degradation of structural capacity following
impact events, especially at low velocities where damage may
be subtle yet significant. The RRM overcomes this by focus-
ing directly on the residual capacity of the structural member
after the loading event. It does so by quantifying the Pf that
arises due to impact-induced damage, thereby providing a
probabilistic measure of how the structure’s ability to carry
loads has diminished.

Using this probabilistic framework, the method computes
a resistance reduction factor, denoted as ζ P, which is defined
as the complement of the Pf. This factor serves as a scaling
coefficient applied to the original, undamaged structural
capacity, effectively adjusting it to reflect the reduced capac-
ity after impact. The calculation of ζ P is shown in Eq. (19)
(Roy9; ASCE).4,5 By integrating uncertainty and variability
in damage assessment, the RRM provides a more realistic
and reliable means of updating structural capacity post-
impact, enhancing both safety evaluations and maintenance
decision-making

ζP = 1 − Pf (19)

where ζ P is the resistance reduction factor and Pf has already
been explained.

Reliability analysis requires that design parameters be
treated as random variables characterized by their statistical
properties μ and SD, and probability distributions, which
are essential inputs for calculating the β. Table 4 summa-
rizes the random variables considered in this study along
with their associated probability distributions. The geomet-
ric dimensions and material properties used as parameters
are sourced from established literature,25 ensuring that the
analysis is grounded in validated data. Vehicle mass param-
eters are derived from weigh-in-motion data collected in
Utah,26 while vehicle speed parameters are taken from
Hwang and Nowak’s study,27 reflecting realistic loading con-
ditions. Notably, the pitch of the transverse reinforcement is
assumed constant and thus excluded as a random variable
in this analysis. A comprehensive list of design variables
and their uncertainty parameters is presented in Table 7,
providing a detailed overview of the factors influencing the
reliability assessment.

Similar to the damage index (λ), the ζ P provides a prac-
tical means to adjust the original design capacity of the
pier to reflect its residual strength after impact damage. By
multiplying the design capacity by this factor, the method
explicitly accounts for the degradation caused by the colli-
sion, effectively reflecting the reduced capacity to a level that
represents the pier’s post-impact performance. This proba-
bilistically derived reduced capacity offers a more realistic
assessment of the structure’s remaining load-carrying ability.
The calculation for the reduced capacity using this approach
is expressed in Eq. (20)

LReduced = ζP ∗ LDesign (20)

where ζ P is the resistance reduction factor evaluated via a
probabilistic approach, LDesign is the design capacity, and

LReduced is the reduced capacity of the impacted pier at spe-
cific loading event.

The evaluation of LReduced is essential for understand-
ing the pier’s residual strength and for assessing structural
safety after extreme events. It enables engineers to iden-
tify critical damage thresholds, evaluate the need for repair
or replacement, and improve design strategies for impact-
resistant structures. In numerical and experimental analyses,
this parameter serves as a key performance indicator
that bridges observed damage patterns with quantitative
measures of strength degradation, supporting data-driven
decision-making in structural resilience assessment.

In this study, a total of ten thousand (10,000) MC sim-
ulations have been performed on the limit state function to
evaluate the reduced structural capacity corresponding to
a target Pf. The simulations are carried out by repeatedly
sampling the input variables and evaluating the limit state
function for each realization. The selected number of sim-
ulations was sufficient to ensure statistical convergence of
the results, as confirmed by the stabilization of the estimated
mean and standard deviation of the response parameters.

Random numbers required for the MC simulations have
been generated using the RAND function in Microsoft
Excel,28 enabling the stochastic representation of uncertain-
ties associated with material properties, loading conditions,
and geometric parameters. The design variables considered
in the analysis, along with their corresponding statistical
properties and probability distributions, are summarized in
Table 4.

Results

Experimental

This section presents results primarily focused on detecting
cosmetic damage and structural collapse through push-
over experiments. Observations of damage include the
development of localized cracks, spalling, and concrete
delamination, which serve as key indicators of the pier’s post-
impact condition.

The observed results document the progression and sever-
ity of damage sustained by the test specimens during impact,
specifically highlighting localized cracks, spalling of the
concrete surface, and internal delamination. These damage
modes are critical indicators of structural distress and energy
dissipation mechanisms under dynamic impact loading as
shown in Fig. 9. Impact damages combined with preloading
conditions are detailed in Table 8. A detailed summary of
these observations is encapsulated in Table 8, offering a
comparative view of the extent and type of damage across
different specimens and impact scenarios.

FEM

Comprehensive structural analyses were performed on the
representative RC pier to assess its post-impact performance
under low-velocity collision conditions. Damage quantifi-
cation was achieved by evaluating key numerical indicators
such as deformation, equivalent static strain and stress
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Table 7. Design variables and their uncertainty parameters

No. Variables Distribution Mean CoV St. Dev. Units

1 Diameter of pier (h) Normal 20.00 (0.51) – 0.25 (0.006) in. (m)
2 Height of pier (L) Normal 100.06 (2.54) – 0.25 (0.006) in. (m)
3 Vehicle weight (Mveh) Normal Varying 0.235 – kip (kN)
4 Vehicle velocity (V) Lognormal Varying 0.165 – ft/s (m/s)
5 Core concrete diameter (dc) Normal 17.00 (0.43) 0.25 (0.006) inches (m)
6 Yield strength of transverse

Reinforcement (σ yt)
Lognormal 40770 (280.62) 0.116 4729.32 (32.55) psi (MPa)

7 Compressive strength of
concrete (f’c)

Normal Varying 0.18 – psi (MPa)

8 Diameter of longitudinal
reinforcement (dl)

Normal 0.855 (0.021) – 0.365 (0.009) in. (m)

9 Yield strength of longitudinal
reinforcement (σ y)

Lognormal 67500 (465.40) 0.098 6615 (45.61) psi (MPa)

10 Diameter of transverse
reinforcement (dt)

Normal 0.56 (0.014) – 0.365 (0.009) in. (m)

11 Confined hoop diameter Normal 17.355(0.44) – 0.365(0.009) inches (m)
12 Stiffness (k) Normal 1713045

(300.00)
0.2 342609 (60.00) kip/in.

(kN/m)
13 Pitch (s) Deterministic 2.5 (0.06) – – in. (m)

Figure 9. Pre-impact test setup and post-impacted pier damage for (a) P1 and (b) P2

(both based on the Von Mises criterion), shear stress, max-
imum strain energy, and stress intensity. These results are
systematically presented in Figs. 10 and 11. Furthermore,
high-resolution directional strain data were captured to pro-
vide a nuanced understanding of strain distribution patterns
throughout the pier, with detailed visualizations shown in
Figs. 12 and 13.

FE results of model for impacting subcompact car
The crash behavior of the representative RC pier speci-
men was simulated using a detailed FEM developed to
capture the pier’s response under impact loading. The

FEM incorporated appropriate material models for concrete

and reinforcement, realistic geometric details, and bound-

ary conditions consistent with the experimental setup. The

analysis captured the evolution of deformation and stress

distribution throughout the pier during the impact event.

The key results are presented in Fig. 10, which illustrates the

deformation patterns and stress concentrations observed in

the simulation. The simulation results show good agreement

with the experimental observations, including the overall

deflection shape and locations of maximum stress, indicating
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Table 8. Results of pendulum impact testing

Column
specimens

Preloading
(kips)

Pendulum
weights (kips)

Damage assessment

Damage location Observations Damage type

Element type Side

P1 52 1.75 Foundation South Foundation
damage

Spalling cracks along with
delamination and edge
cracking at the foundation
concrete

P2 75 2.25 Foundation East Foundation
damage

Spalling cracks along with
delamination and edge
cracking at the foundation
concrete

Figure 10. Subcompact impact results for (a) deformation, (b) Von Mises strain, (c) Von Mises stress, (d) Maximum
Shear stress, (e) Maximum strain energy, and (f) Stress intensity

that the model provides a reliable representation of the pier’s
crash behavior.

FE results of model for impacting mid-sized
sedan car

The impact response of the representative RC pier was sim-
ulated using a detailed FEM, with the results presented in

Fig. 11. The simulation captures the dynamic interaction
between the impacting body and the pier, revealing stress
concentrations, crack initiation, and progressive damage
throughout the structure. These results provide insight into
the pier’s deformation patterns, energy absorption capacity,
and overall structural performance under impact loading.
By highlighting the regions of maximum stress and localized
failure, the FE analysis not only validates the accuracy of the
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Figure 11. Subcompact impact results for (a) deformation, (b) Von Mises strain, (c) Von Mises stress, (d) maximum
shear stress, (e) maximum strain energy, and (f) stress intensity

Figure 12. Three-dimensional view of high-precision stress concentration results due to impact from (a) Subcompact
car and (b) Mid-sized sedan car

modeling approach but also offers a quantitative basis for

assessing residual strength, performance degradation, and

the effectiveness of design parameters in mitigating impact-

induced damage.

Maximum stress concentrations and deformations were

observed at the junction between the pier base and the foun-

dation, as illustrated in Figs. 11 and 12. To better understand

the failure mechanisms, high-precision stress concentration
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Figure 13. Three-dimensional view of high-precision directional deformation results due to impact from (a)
subcompact car and (b) mid-sized sedan car

Table 9. Results from FEM

Pier
specimens

Preloading
(kips)

Pendulum
weights (kips)

Damage assessment

Damage location Observations Damage type

Element type Position

P1 52 1.75 Foundation
and pier–
foundation

Foundation
edge and
corners

Pier and
foundation are
highly stressed
and deformed

Highly stressed zones are
pier–foundation junction
and foundation edge

P2 75 2.25 Foundation
and pier–
foundation

Foundation
edge and
corners

Pier and
foundation are
highly stressed
and deformed

Highly stressed zones are
pier–foundation junction
and foundation edge

data were rescaled and compared in Fig. 12, which highlights
the critical damage patterns in this region. The results indi-
cate that the pier–foundation interface is the most vulnerable
location under vehicle impact loading, where stress accumu-
lation and structural deformation are most pronounced.

Variations in the simulation results reflect the inherent
complexities involved in accurately modeling material behav-
ior under post-impact conditions resulting from vehicle
collisions. Despite these uncertainties, the analysis clearly
shows that increasing impact loads significantly intensify the
extent of structural damage. This trend is further supported
by the directional deformation results presented in Fig. 13,
where higher impact forces correspond to larger deforma-
tion magnitudes, confirming the direct relationship between
impact intensity and structural response.

Results captured and extracted from FEA, summarized in
Table 9, offer valuable insights into the structural response
of the RC pier under impact loading. The simulations
reveal pronounced stress concentrations, particularly at the

pier–foundation interface and along the periphery of the
foundation. Potential load transmittance paths followed
by stress concentration-induced cracks are observed. These
zones of elevated stress are critical, as they mark potential
sites for the initiation and propagation of complex damage
mechanisms such as cracking, spalling, or even localized
structural failure.

The identification of these stress hotspots highlights
inherent weaknesses in the structural system, emphasizing
the need for careful design attention and potential reinforce-
ment at these critical junctions. By pinpointing the most
vulnerable areas, the FEM analysis not only aids in antici-
pating failure modes but also supports the development of
targeted retrofitting and strengthening strategies to improve
impact resilience. Overall, these findings demonstrate the
indispensable role of detailed numerical modeling in cap-
turing complex stress distributions, insights that are often
missed by conventional or simplified design approaches.
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Model validation
The developed FEM demonstrates a strong compatibility in
predicting the post-impact behavior of the test pier, closely
mirroring the physical damage observed during experimental
testing. In particular, the model successfully captures critical
failure modes, such as corner cracking and localized defor-
mation, by analyzing directional displacement patterns. This
precise replication of failure mechanisms not only confirms
the model’s accuracy but also provides valuable insight into
stress concentrations and material responses at vulnerable
locations. The consistency between the simulated deforma-
tion and the experimentally observed crack propagation, as
illustrated in Fig. 14, validates the FE model as a reliable tool
for assessing structural performance under impact loading,
thereby supporting its use in design evaluation and damage
mitigation strategies.

Although the car crash occurred at a relatively low veloc-
ity, Fig. 14 reveals that significant cracking developed at
the foundation corners, warranting load transmittance path.
These cracks propagate vertically along the anticipated load
transfer paths, suggesting that even under modest impact
energy, localized stress concentrations can be sufficient to
initiate damage. This phenomenon indicates that the corners
of the foundation act as critical stress increment locations
where structural discontinuities or geometric features lead to
an intensification of stress. The vertical crack propagation
aligns with the direction of force transmission, implying a
brittle or quasi-brittle failure mode typical of materials like
concrete under tension.

The FE simulations, shown in Fig. 14, model pendulum
impacts of 1.75 and 2.25 kips to represent the sequential
increase in loading conditions. These simulations effectively
replicate the experimentally observed patterns of crack ini-
tiation and growth, demonstrating the model’s sensitivity to
incremental damage development. The FE model captures
both the spatial location and directionality of the cracks,
indicating a high fidelity in stress distribution and fracture
prediction. This strong correlation between simulated and
experimental results not only validates the accuracy of the
FE model but also reinforces its capability to simulate pro-
gressive damage mechanisms under repeated or escalating

impact loads, a critical consideration for evaluating struc-
tural resilience in real-world crash scenarios.

Reliability analyses

A rigorously undertaken MC simulation involving 10,000
iterations has been performed on the LS function (gi), with
statistical parameters such as the mean and standard devia-
tion converging at this sample size to ensure reliable results.
The outcomes are presented in terms of the inverse CDF
of the probability of failure (Pi), denoted as 
−1(Pi), under
high strain-rate loading conditions. The simulation results
are illustrated in Figs. 16a and 16b, while the correspond-
ing plots of Pi and 
−1(Pi) are shown in Figs. 15a and
15b, respectively. These graphical representations provide
a comprehensive understanding of the failure probabilities
and their statistical distribution, facilitating an in-depth
assessment of structural reliability and post-impact reduced
resilience under low velocity car crashes.

The Pf quantifies the likelihood that the pier will not
perform adequately under the specified impact conditions. A
Pf of 0.21 means there is a 21% chance of failure, while 0.39
indicates a 39% chance, both significant risks, with the latter
showing a notably higher vulnerability.

The residual index (ζ P) is a complementary measure that
represents the remaining structural capacity of the pier after
the impact, expressed as a fraction of its original capacity.
For example, a ζ P of 0.79 suggests the pier retains 79% of
its initial strength post-impact, while 0.61 indicates a more
substantial reduction, retaining only 61%.

These values help engineers understand not only how
likely the structure is to fail but also the extent to which
its load-bearing capacity is diminished after an impact.
This dual insight is critical for assessing safety, planning
repairs, or deciding on strengthening protocols following a
low velocity collision event.

Deterministic analysis using λ is employed to assess low
to moderate damage levels and to estimate the residual
capacities of the impacted pier. This approach evaluates the
extent of damage caused by low-velocity vehicle impacts. A
representative prototype RC pier is examined to understand

Figure 14. Resulting cracks for (a) experimental and (b) FEM
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Figure 15. MC simulation impact results for (a) subcompact and (b) mid-sized sedan cars

Figure 16. Residual capacities of RC pier impacted at a specific vehicle weight at specific impacting speed

Figure 17. Residual capacities of RC pier impacted at a specific vehicle weight at specific impacting speed

its post-impact behavior, focusing on residual axial and shear

capacities under specific vehicle weights and impact speeds.

The resulting performance levels of the pier after impact are

compared and illustrated in Fig. 16.
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The probability of failure (Pf) values extracted from
Figs. 15 and 16 showing 0.21 and 0.39, respectively, indi-
cate varying levels of risk under different loading scenarios.
Applying Eqs. (17) and (18), the Pf and the associated β are
computed as 0.81 and 0.28. These metrics reveal a marked
decline in structural reliability, emphasizing the heightened
vulnerability of the system under increased impact demands.
Furthermore, the ζ P values, calculated as 0.79 and 0.61
via Eq. (19), quantify the degradation in structural perfor-
mance, reflecting reduced safety margins.

The subsequent evaluation of reduced capacities through
Eq. (20), with results presented in Fig. 17, provides critical
insight into how impact loading compromises the load-
bearing ability of the RC pier. This probabilistic assessment
not only highlights key thresholds where failure becomes
more probable but also underscores the importance of
incorporating reliability-based approaches in design and
retrofitting strategies. Ultimately, these findings advance
a more nuanced understanding of structural resilience,
enabling engineers to make informed, and risk-aware deci-
sions to enhance infrastructure safety.

Determination of normalized β

From Figs. 15 and 16, the determined Pf at the respective
impact conditions is determined as 0.21 and 0.39, indicating
a moderate increase in failure likelihood with higher impact
levels. Using Eqs. (17) and (18), the estimated Pf and the cor-
responding β are determined as 0.81 and 0.28, respectively.
These values highlight the reduced safety margin under more
severe loading, emphasizing the sensitivity of the system to
variations in impact conditions. The ζ P values, evaluated
from Eq. (19), are found to be 0.79 and 0.61, further con-
firming the decline in reliability under increased stress levels.
The corresponding reduced capacities, determined using
Eq. (20), are presented in Fig. 17, showing a clear decrease
in structural capacity with increasing impact intensity.

By further analyzing the results in Figs. 16 and 17, a nor-
malized β is derived to account for variations in structural
response across different crash scenarios. This normalized
β\betaβ is used to calculate an overall standardized metric
representing the behavior of a representative pier subjected
to specific low-velocity vehicle impacts. Fig. 18 illustrates
a comprehensive methodology that integrates experimental
data, normalization procedures, and standardization tech-
niques to provide a consistent and quantitative assessment of
pier performance at specific strain rate impact loads. By sys-
tematically incorporating variations in impact intensity, pier
properties, and observed responses, this approach enables
more reliable comparisons and enhances predictive modeling
for low-velocity crash scenarios, corroborating both struc-
tural design evaluation and safety assessment.

For specific low-velocity crash conditions applied to a
half-sized traditional RC bridge pier, the normalized β values
have been plotted against the corresponding Pf values. Using
Eq. (18), a nonlinear trend of β is identified, showing an
exponential relationship with Pf. This trend indicates that
small increases in impact force produce progressively larger
changes in the β response, reflecting the pier’s nonlinear
deformation and energy-absorption behavior under impact.

Figure 18. Normalized β and Pf

The model achieves an R2 value of 1.0, demonstrating that
the exponential relationship accurately captures the pier’s
response across the tested scenarios. This provides both
a precise predictive tool and a meaningful physical inter-
pretation of how low-velocity crashes influence the pier’s
structural behavior, where a gradual exponential decrement
occurs as shown in Eq. (21)

Pf = 2.34 ∗ e−1.062β (21)

where Pf and β are already explained.

Calibration formalism
In this study, a representative prototype RC pier is evaluated
under a range of impact conditions, using vehicle weight and
velocity parameters that simulate realistic collision scenarios.
The objective is to assess how such impacts affect the pier’s
residual strength, predict its post-impact behavior, and pro-
pose a calibration process).22,29 This deterministic analysis
provides critical insights into the pier’s remaining service-
ability and its capacity to withstand additional loading after
damage.30 Comparative results are presented in Fig. 16, and
offering a clear visual summary of the pier’s performance
across varying impact severities as illustrated in Table 10.

The present study investigates the impact response of

a representative RC pier under realistic vehicle collision
scenarios defined by weight and velocity, emphasizing resid-
ual strength and post-impact performance as shown in
Table 11. Deterministic analysis captures the pier’s remain-
ing serviceability, while probabilistic evaluation predicts an
8.68% higher capacity for subcompact and a 6.86% lower
capacity for mid-sized sedan impacts. The findings under-
score the influence of input uncertainties and demonstrate
the complementary value of deterministic and probabilistic
approaches in evaluating post-impact structural resilience.

The results can be further interpreted by introducing a
safety factor (η), defined as the ratio of the post-impact
capacities predicted using the probabilistic framework to
those obtained from the deterministic methodology. By
expressing the relative capacities in this manner, η provides
a direct and quantitatively robust indicator of the degree of
discrepancy between the two evaluation procedures. This,
in turn, facilitates a more comprehensive assessment of
whether either method exhibits systematic conservativeness
or permissiveness under varying impact conditions. The
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Table 10. Failure evaluation

Experimental Deterministic Probabilistic

Car type Pf ζ E Pf ζ P Pf ζ P

Subcompact 0.15 0.75 0.28 0.72 0.21 0.79
Mid-sized sedan 0.21 0.79 0.35 0.65 0.39 0.61

Table 11. Factors estimating residual capacities

Deterministic Probabilistic Percent difference

Car type λ ζ D Pf ζ P Axial Shear

Subcompact 0.28 0.72 0.21 0.79 8.68 8.68
Mid-sized sedan 0.35 0.65 0.39 0.61 6.86 6.86

formal definition of η is presented in Eq. (22), and the
corresponding values derived from the dataset are compiled
in Table 11.27

η = ζP

ζD
(22)

where η represents the calibrated safety factor, and ζ P and

ζ D are the factors utilized to determine specific low–velocity,
post-vehicle impacted residual capacities estimated, respec-
tively, by using respective probabilistic and deterministic
approaches.

Bayesian-chaotic-risk analysis
Bayesian-chaotic-risk analysis of Eq. (22) is crucial to be
investigated for estimating single impact risk in terms of
failure, as shown in Eq. (23)

Pf =
∫

P (y < 0|θ) p (θ |D) dθ (23)

where Pf has been explained, y is denoted as ln(ζ D/ζ P),

and p(θ |D) is the posterior distribution of parameters after
observing crash data D and shall be estimated using Baye’s
theorem as shown in Eq. (24)31

p (θ |D) = p (D) p (D|θ)
p(θ)

(24)

Eq. (25) can capture epistemic uncertainty triggering lim-
ited number of crash tests, model uncertainty, measurement
error, and chaotic amplification uncertainty.

Failure is shown when Eq. (25) is used, utilizing Eqs. (23)
through (24)

g < 0 ⇐⇒ η < 1 (25)

where η signifies calibration and equals to ζ D/ζ P, which is
already explained in Eq. (22), and y is as shown in Eq. (23)
is given by ln(η) and equals to ln(ζ D/ζ P).

Failure can be more precisely captured when η is further
defined as shown in Eq. (26)

η < 0 ⇐⇒ η < 1 (26)

Therefore, the analytical interpretation suggests that
deterministic capacity remains below probabilistic capac-
ity, indicating that safe calibration has been achieved. This
condition is best understood by evaluating chaotic risk,
which functions as the key diagnostic measure for identifying
the potential onset of unstable and unpredictable system
behavior.

This effect is conceptualized as the chaotic risk ampli-
fication factor (CRAF), a parameter that quantifies how
marginal disturbances can amplify within the system and
potentially trigger chaotic risk dynamics. CRAF is a metric
that quantifies how much structural failure risk is increased
due to chaotic effects and deep uncertainty in system behav-
ior. It is the ratio between the failure probability obtained
under chaotic, fully Bayesian calibration and the failure
probability estimated using conventional or deterministic
assumptions. In essence, CRAF captures the degree to which
sensitive dependence on initial conditions, nonlinear inter-
actions, and model uncertainty amplify the assessed risk of
estimating η, providing a clear and meaningful indicator of
how much unassessed or underestimated risk emerges when
chaotic dynamics are rigorously accounted for.

In this study, this has been insightfully utilized to illustrate
risk through using CRAF, which is defined in Eq. (27)

CRAF = Varchaotic(η)

Vargaussian(η)
(27)

where Var signifies variance of the statistical analysis
of crash data, Varchaotic is the variance estimated using
Bayesian calibration that accounts for nonlinear sensitivity,
parameter uncertainty, and model-form uncertainty under
low-velocity impact loading, and Vargaussian represents the
gaussian variance from a conventional gaussian determinis-
tic or single-model calibrated analysis.

In this specific scenario, CRAF ≈ 1, indicates the system
is relatively stable to uncertainty, but the structure exhibits
strong sensitivity to small variations in impact parameters.
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Table 12. Conversion chart for the US customary to the equivalent SI units. SI, standard international

US customary SI unit

1 ksi 1 psi 6.89 MPa (kN/mm2) 0.00689 Mpa (kN/mm2)
1 kip-in 0.113 kN-m
1 kip 4.45 kN
1 lbs 0.00445 kN
1 mph 1.61 km/hr
1 ft-lb/sec 0.00136 kN-m/sec (1.36 N-m/sec)

Discussions of Results

Deterministic analysis based on the λ approach is used
to assess the extent of structural degradation in RC piers
subjected to low-velocity vehicle impacts. The damage index
quantifies the severity of damage by correlating it with reduc-
tions in the pier’s load-carrying capacity. This approach is
especially valuable for detecting low to moderate levels of
damage that may not be visually obvious but can signif-
icantly compromise structural performance. By capturing
indicators such as cracking, spalling, and internal stress
redistribution, the λ method enables engineers to estimate
residual axial and shear capacities with a reasonable degree
of accuracy.

• The Pf quantifies the likelihood that a pier will not
perform adequately under the specified impact con-
ditions. A Pf of 0.21 corresponds to a 21% probability
of failure, whereas a Pf of 0.39 indicates a substan-
tially higher risk, highlighting increased vulnerability
under more severe impact scenarios.

• The residual index represents the remaining struc-
tural capacity of the pier after impact, expressed as
a fraction of its original strength. For example, a
ζ P of 0.79 suggests that the pier retains 79% of its
initial capacity, whereas a ζ P of 0.61 reflects a more
pronounced reduction, indicating significant post-
impact strength loss.

• Post-impact performance of RC bridge piers was
evaluated through experimental testing and FEM
simulations, considering axial compression com-
bined with low-velocity vehicular impacts. Reliability
analysis provided a probabilistic measure of post-
damage safety, integrating structural performance
and uncertainty.

• Despite conservative fixed-base assumptions, FEM
models closely reproduced experimental deforma-
tions, effectively capturing stress concentrations at
critical regions such as the pier base and foundation
corners, precisely capturing the load transmittance
path, which are particularly susceptible to spalling
and splitting.

• Simulations identified peak stress concentrations
at the pier base–foundation interface under sub-
compact and mid-sized sedan impacts. Predicted
crack initiation zones closely matched experimental

observations, with deviations limited to within 5%,
demonstrating the model’s predictive accuracy.

• Comparison with published data confirmed strong
agreement in deformation patterns, stress magni-
tudes, and crack initiation locations, which accurately
corroborates load transmittance path. This align-
ment further validated the slightly conservative
FEM model, reinforcing confidence in its predictive
reliability.

Conclusions

RC bridge piers, often positioned in exposed locations such
as highway medians or bridge approaches, are especially sus-
ceptible to vehicular collisions due to their slender geometry
and limited lateral resistance. Despite their critical structural
role, the dynamic impact response and damage mechanisms
of RC piers under sudden vehicle loads remain inadequately
understood. Such knowledge gaps warrant the development
of effective design strategies and protective measures aimed
at improving pier resilience and ensuring overall structural
safety protocol following the specific impact events.

To address this limitation, the present study employs
an integrated approach that combines analytical model-
ing, FEM simulations, and experimental validation. This
comprehensive framework enables the investigation of both
the immediate impact response and the subsequent residual
capacity of RC piers after collision. By correlating numerical
predictions with empirical data, the study provides deeper
insights into damage progression, energy dissipation mech-
anisms, and post-impact load-bearing behavior. Ultimately,
the outcomes contribute to more accurate performance pre-
diction models and inform the design of more robust RC
piers capable of withstanding realistic vehicular impact sce-
narios.

(1) Performance-based studies of the impacted pier are
investigated and presented for short-duration impacts
to capture the low to cosmetic damages of the repre-
sentative piers.

(2) This research is an attempt to investigate the material
requirements for enhancing resistance. Additionally,
this instills an insightful idea and realistic correlation
between experimental and numerical simulations.32,33

(3) Simulations accurately identify critical damage in RC
piers and foundations under low-velocity impacts.
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Using a conservative resistance–reduction method,
post-impact failure is probabilistically assessed, pro-
viding insights into material behavior and impact
performance for future calibration without destructive
testing.

(4) However, before making cognitive conclusions regard-
ing cosmetic damage and developing methods for
re-strengthening and enhancing resilience, it is rec-
ommended to conduct high-precision experimental
studies encompassing a variety of geometries, material
properties, and impact scenarios.

(5) The validated FEM framework accurately predicted
residual capacity and observed damage patterns,
demonstrating its effectiveness as a reliable predictive
tool for evaluating the post-impact resilience of RC
bridge piers. By closely replicating experimental behav-
ior and capturing key nonlinear damage mechanisms
under impact loading, the model provides practicing
structural engineers with a robust methodology for
assessing probabilistic post-damage performance and
making informed structural safety decisions regarding
the resilience and reliability of damaged bridge infras-
tructure.

(6) Such dual insights, quantifying both residual capacity
and failure probability, seems essential for informed
decision-making regarding pier safety, enabling
engineers to accurately evaluate structural integrity,
prioritize interventions, and optimize resource alloca-
tion. By integrating deterministic capacity assessment
with probabilistic risk evaluation, the study provides
a comprehensive basis for planning repairs, designing
strengthening measures, and ensuring the continued
safety and serviceability of bridge piers following a
specific collision event.

(7) The final intuitive explanation is that Pf represents
the average probability of failure, weighted by how
plausible each competing model is. Rather than relying
on a single “best” model, it incorporates uncertainty
across all candidate models, giving greater influence
to those better supported by the evidence. Thus, Pf

provides the most complete probabilistic statement
of structural risk under Bayesian chaotic calibration,
integrating both model and parameter uncertainty into
a unified and balanced assessment of failure risk.

(8) Practically, the study complies with the fact that
columns with higher CRAF values may appear safe
under mean-value analysis but show elevated failure
probability when uncertainty is rigorously propagated.
This affects predictions of local damage extent, global
instability risk, and post-impact residual strength.
In design and assessment, a high CRAF signals
the need for conservative safety margins, impact-
resistant detailing (e.g., confinement reinforcement),
or strengthening measures, while a low CRAF suggests
the column’s response is relatively stable and less vul-
nerable to uncertainty assessment.

In summary, this study provides a critical step toward
enhancing the safety and longevity of RC bridge piers

exposed to vehicle impacts, combining rigorous simulation
and validation efforts with practical recommendations for
future research and infrastructure resilience.

Table 12 provides a comprehensive conversion chart for
accurately translating measurements between U.S. Custom-
ary Units and the Standard International System of Units.
As a key reference, the chart ensures consistency and pre-
cision in unit conversions, supporting uniform calculations
and analysis throughout the article. By offering reliable con-
version factors, it facilitates seamless cross-referencing and
comparison of data across different measurement systems,
thereby enhancing the clarity and applicability of the pre-
sented information.
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Abstract: Reinforced concrete structures have been extensively investigated using ground-penetrating radar (GPR) to
analyze corrosion-induced degradation qualitatively. However, no accurate quantitative model exists for evaluating the
corrosion of embedded steel rebars, which may significantly impact the strength, serviceability, and long-term durability
of concrete structures. This study involved an experimental investigation to determine the relationship between the
quantity of rebar corrosion and the maximum amplitude, as well as the two-way travel time of the GPR electromagnetic
wave. A direct current was impressed on embedded steel rebars in concrete beams immersed in a 5% saltwater solution
to induce accelerated corrosion. GPR data were collected before saline submersion and at 10-day intervals. The study
proposed a multivariate linear regression model with high reliability to estimate corrosion-induced rebar mass loss.

Author keywords: Accelerated corrosion; amplitude; ground-penetrating radar; multivariate regression model; reinforced
concrete structures corrosion

Introduction

Embedded steel rebar corrosion in concrete is a time-
dependent electromagnetic phenomenon and is one of the
major causes of structural deterioration. It occurs due to
carbon dioxide and chlorine infiltration through the protec-
tive concrete cover. Any loss of protective cover can lead to
rebar corrosion and concrete deterioration, such as cracking,
spalling, and debonding. Consequently, structural capacity
deteriorates, and the service life could be compromised.1

Many previous catastrophic collapses of concrete structures
were due to a lack of knowledge on the extent of embedded
rebar corrosion.2 According to the National Association
of Corrosion Engineers report, approximately 1% to 5%
of the USA Gross Domestic Product (GDP) is allocated
to repairing and rehabilitating structures with corrosion
damage.3 Developing an accurate monitoring and condition
assessment methodology for affected concrete structures is
essential to make informed decisions on the extent of rebar
corrosion, any effect on structural safety and serviceabil-
ity, and to effectively reduce the maintenance/rehabilitation
budget.
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Early-stage rebar corrosion is difficult to detect through
visual inspection because corrosion damage may not be
visible until cracking, staining, or spalling has occurred.
In general, non-destructive evaluation (NDE) is considered
a more accurate method than visual inspection. Elec-
trochemical methods such as half-cell potential (HCP),
linear polarization resistance (LPR), and X-ray com-
puted tomography (XCT) have been widely used for the
condition assessment of corroded concrete structures. How-
ever, these methods have certain limitations. The HCP
and LPR are semi-destructive methods requiring physi-
cal contact with embedded rebars, and they only detect
instantaneous corrosion activity. The XCT is unsuitable
for on-site measurements due to its large size and trans-
portation challenges.1 Corrosion assessment methods may
be broadly classified as qualitative or quantitative. Qualita-
tive approaches, such as visual inspection, HCP, and many
conventional GPR applications, indicate the presence, loca-
tion, or likelihood of corrosion but do not directly estimate
reinforcement section loss. Quantitative approaches aim to
estimate corrosion severity, such as corrosion rate or per-
centage mass loss; however, methods such as LPR, XCT,
and gravimetric measurement are often semi-destructive,
laboratory-based, or difficult to apply efficiently at field
scale.

Apart from the methods mentioned above, ground-
penetrating radar (GPR) is another NDE technique to
determine reinforcement cover, concrete thickness, rebar
location and spacing, localization of voids and cracks,
and concrete deterioration mapping.4–6 Most previous GPR
studies have focused on qualitative corrosion detection

21426012-1 BER Open: Int. J. Bridge Eng., Manage. Res.

BER Open: Int. J. Bridge Eng., Manage. Res., 2026, 3(3): 21426012

https://orcid.org/0000-0002-6362-684X
https://orcid.org/0000-0001-5637-0965
https://orcid.org/0000-0002-8122-1985
https://orcid.org/0000-0001-7671-127X
http://dx.doi.org/10.70465/ber.v3i3.89
mailto:khadiza.binte.jalal@gmail.com


through changes in reflected amplitude, travel time, or fre-
quency characteristics. While these approaches can identify
areas potentially affected by corrosion, relatively few stud-
ies have attempted to directly quantify corrosion-induced
reinforcement mass loss. Narayanan, et al.7 found that
reflected GPR amplitude can indicate possible corrosion
in steel rebars. Hubbard, et al.8 investigated the difference
between GPR signals collected before and after acceler-
ated rebar corrosion for 10 days. It was found that the
GPR amplitude was affected, and the two-way travel time
(TWTT) was influenced by the moisture introduced during
the accelerated corrosion process. Zaki, et al.2 used GPR for
corrosion detection in accelerated corroded rebars in a slab
and deduced that the reflected wave amplitude was reduced
due to corrosion. Lai, et al.9 also monitored the accelerated
corrosion of concrete specimens with GPR and observed
amplitude reduction as the corrosion level increased. This
agreed with the findings from Hong et al.10 and Hong et
al.11 In addition, Lai et al.12 proposed a new corrosion eval-
uation approach using GPR, employing changes in lapsed
travel time, amplitudes, and peak frequencies. The maximum
positive amplitude of the reflected wave was found to change
at different phases of corrosion, and the reflected amplitude
decreased with an increase in travel time. Zhan et al.13 inves-
tigated the changes in GPR parameters during accelerated
corrosion. A reduction in TWTT and an increase in the
reflected wave amplitude with an increase in corrosion rate
were found. Liu et al.14 proposed a hybrid-polarized GPR
system for early-stage rebar corrosion detection rather than
using a traditional GPR system, single polarized signals.

Hasan and Yazdani5 corroded three steel rebars with
accelerated corrosion and then placed them at different
depths under materials with known dielectric constants to
simulate concrete embedment. The rebars were then scanned
using a GPR, which showed an increase in TWTT and a
decrease in amplitude, agreeing with the findings from other
researchers: Raju et al.,15 Sossa et al.,16 and Senin et al.17

Moreover, Faris et al.18 concluded that corrosion increases
the reflected wave amplitude by spreading rust into concrete
cracks. However, the simultaneous presence of chloride and
moisture significantly attenuates both the amplitude and
frequency of electromagnetic waves.

Actually, rebar corrosion in real life is often a slow pro-
cess, and waiting a long time to measure the corrosion
extent is not practical. Hence, accelerated corrosion through
impressed-current techniques is a suitable solution to induce
rebar corrosion in a relatively short time. In addition to
saving time, it is cost-effective, and the corrosion rate can be
controlled as needed, as shown by Ahmad.19 Several previ-
ous accelerated corrosion studies were conducted using the
impressed-current technique.20–22 Impressed-current tech-
niques are also known as galvanostatic methods, which use a
direct current (DC) from an external power source to corrode
steel embedded in the concrete.

Although previous studies have demonstrated that GPR
signal characteristics, including reflected amplitude, travel
time, and frequency response, are sensitive to corrosion-
induced changes in reinforced concrete, several important
limitations remain. Moreover, published articles often focus

on qualitative corrosion detection, monitoring corrosion
progression under a limited set of conditions, or estab-
lishing relationships between individual GPR parameters
and corrosion activity. In practical applications, however,
GPR responses are influenced not only by corrosion level
but also by rebar diameter, concrete cover depth, concrete
quality, moisture condition, chloride contamination, and
signal propagation characteristics. The combined influence
of these parameters on corrosion quantification has received
limited attention in the literature. Furthermore, few stud-
ies have attempted to integrate structural parameters and
GPR measurements into a unified framework for estimating
actual corrosion-induced mass loss. To address this gap, the
present study experimentally investigates the effects of rebar
diameter, concrete cover, concrete compressive strength,
and corrosion duration on GPR amplitude and TWTT
using a controlled accelerated corrosion program. Based on
these results, a multivariate regression model is proposed
to estimate corrosion mass loss from both GPR-derived
and structural parameters. The study, therefore, contributes
toward the development of a more comprehensive and
practically applicable framework for quantitative corrosion
assessment of reinforced concrete structures.

Methodology

Experimental design

The factorial design method was used in the current study to
determine the number of samples considering rebar diame-
ter, concrete strength, concrete cover, and corrosion period
as parameters.23 The Minitab statistical software was utilized
for this purpose, employing three degrees of freedom.24 The
first degree expressed two levels of concrete strength: 1.
normal strength concrete (NSC) with low porosity and 2. low
strength concrete (LSC) with high porosity. The compressive
strength for NSC ranges from 20 to 40 MPa, whereas any
concrete strength below that is considered LSC. ACI25 pre-
scribes minimum concrete covers between 19 and 76 mm for
embedded rebars. Thus, the second degree considered 38-,
50-, and 75-mm covers. The third degree was used for dif-
ferent corrosion exposure periods. The experimental design
is shown in Table 1. Two samples were fabricated for each
criterion, employing 10-, 22-, and 32-mm rebar diameters,
yielding a total of 36 specimens.

Preparation

A total of 36 rectangular beams, measuring 910 × 380 ×
200 mm, were prepared. The dimensions were chosen to
account for the GPR antenna footprint, ensuring that reflec-
tions were free of interference from the edges and the bottom.
Thus, the GPR waveforms contained two genuine signals:
the direct wave propagating from the transmitter to the
receiver and the signals reflected from the steel rebars.

The LSC and NSC mixtures were designed to achieve
28-day cylinder compressive strengths of 19 and 47 MPa,
respectively. Table 2 shows the concrete mix designs. Con-
crete compressive strength and fresh concrete air content,
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Table 1. Experimental design

Criteria
no.

Accelerated corrosion
period (days)

Concrete strength
(MPa)

Concrete porosity
(% air content)

Concrete
cover (mm)

Rebar diameter
(mm)

No. of
samples

1 30 47 1.5 50 10, 22, 32 2
2 20 47 1.5 50 10, 22, 32 2
3 10 47 1.5 75 10, 22, 32 2
4 10 19 4.5 38 10, 22, 32 2
5 10 47 1.5 50 10, 22, 32 2
6 30 19 4.5 50 10, 22, 32 2
7 20 19 4.5 38 10, 22, 32 2
8 20 47 1.5 75 10, 22, 32 2
9 20 47 1.5 38 10, 22, 32 2
10 20 19 4.5 75 10, 22, 32 2
11 30 47 1.5 38 10, 22, 32 2
12 10 19 4.5 50 10, 22, 32 2
13 30 19 4.5 75 10, 22, 32 2
14 30 19 4.5 38 10, 22, 32 2
15 10 19 4.5 75 10, 22, 32 2
16 30 47 1.5 75 10, 22, 32 2
17 20 19 4.5 50 10, 22, 32 2
18 10 47 1.5 38 10, 22, 32 2

Total = 36

Table 2. Concrete mix designs

LSC NSC

Material Weight per m3 Material Weight per m3

Cement (Type I/II) 268 kg Cement (Type I/II) 346 kg
Fly Ash 67 kg Fly Ash 87 kg
Coarse Aggregate 606 kg Coarse Aggregate 1,098 kg
Fine Aggregate 872 kg Fine Aggregate 743 kg
Water-Reducing Admixture 1,465 g High-Range Water-Reducing Admixture 1,891 g
Air-Entraining Admixture 105 g Viscosity-Modifying Admixture 812 g
Water 143 kg Water 153 kg
Air Void 0.035 m3 Air Void 0.012 m3

measured in accordance with ASTM C231 and C39,26 were
selected as primary parameters in this study. Although fresh
concrete air content is not equivalent to hardened concrete
porosity, it provides an indirect indication of the relative pore
structure and permeability characteristics of the concrete
mixtures. These characteristics influence moisture transport,
chloride ingress, and the dielectric properties governing GPR
signal propagation. Therefore, air content was used as a
practical mixture parameter rather than a direct measure of
hardened concrete porosity.

Each specimen contained six steel rebars with diameters
of 10, 22, and 32 mm (#3, #7, and #10), out of which three
were Grade 60 type and the remaining three were Type 304

stainless steel. The rebars were placed at 100-mm center-
to-center spacing. Grade 60 rebars were used as anodes,
and Type 304 stainless-steel rebars were used as cathodes
during the impressed-current accelerated corrosion process.
No visual rust was observed while embedding the rebars into
the concrete.

Plywood and lumber were used to make the formwork
(Fig. 1). Holes were drilled in the plywood to extend the
rebars for the impressed-current connections. Rope anchors
were placed in the formwork to facilitate the moving of
the beams. The formwork was sealed with silicone caulk-
ing. The specimens were compacted and troweled during
casting to ensure proper consolidation and finish as per
ASTM.27 Twelve concrete cylinders (six each for NSC and
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LSC) were made to verify the target compressive strengths. A
curing compound was applied to the exposed surfaces of the
beams and the cylinders to facilitate curing. The specimens
were covered with polythene sheets, and the formwork was
removed after 4 days.

Figure 1. Sample preparation: formwork

Accelerated corrosion

Accelerated corrosion was induced in all 36 specimens by
immersion in a 5% (50,000 ppm) NaCl solution, as used
by Raju et al.15 and Abouhussien, et al.28 Per ASTM,29 the
Grade 60 (A572) rebar was used as the anode, and the Type
304 stainless steel rebar was used as the cathode during the
impressed-current technique, as shown in Fig. 2. Each beam
specimen contained three cathodic (stainless steel) rebars
and three anodic Grade 60 rebars, placed in an alternating
pattern with 100-mm center-to-center spacing. This con-
figuration ensured that the anodic rebars were adequately
surrounded by cathodic elements, promoting a uniform
distribution of the electrical field and simulating realistic
corrosion initiation across the rebar surface. The choice of
Type 304 stainless steel was based on its high corrosion
resistance and electrochemical stability, which ensured that
the cathode remained inert throughout the testing period
and did not undergo self-corrosion or interfere with the
anodic corrosion process. El Maaddawy et al.30 used an
impressed-current system for laboratory corrosion studies
due to its passive behavior in chloride-rich environments.
Grade 60 rebars were chosen intentionally as anodes in the
accelerated corrosion setup due to their widespread use in
reinforced concrete structures in the United States.

Prior to immersion, one end of the wire was connected
to the extended portions of the anode and the cathode in
the form of a coil and then wrapped with white Teflon tape
(Fig. 3a). This prevented corrosion of the extended portions
of the rebars. The other end of the wire was soldered to
size 35-mm alligator clips that were subsequently connected
to the main circuit board. The specimens were immersed in
1143 × 965 × 965-mm plastic totes containing an NaCl elec-
trolyte solution, and finally, a power supply was connected to
the circuit board (Fig. 3b). A current of 0.65 A was used since

a prior study found an acceptable current range of 0.1–2 A.30

A parallel connection scheme was used for the specimens
to ensure an uninterrupted current supply in case of con-
nection failure. The corrosion due to the impressed-current
method is different from natural corrosion. Natural corro-
sion is governed by chloride diffusion, moisture availability,
oxygen transport, temperature variation, and wet–dry expo-
sure cycles, whereas impressed-current corrosion accelerates
the electrochemical reaction through an externally applied
current.

There are no existing guidelines for accurately time-
scaling the accelerated corrosion period to the equivalent in
situ corrosion period. Most prior investigations employed
current levels three to 100 times larger than the highest
observed in field studies.31 Malumbela et al.32 stated that
the degree of damage produced by a current density of 3
μA/cm2 in 1 year could be attained in two hours by utilizing
a current density of 10400 μA/cm2. There is currently no
universally accepted methodology for directly converting
accelerated corrosion duration into an equivalent natural
corrosion age. Previous studies have used current–density
scaling relationships to provide approximate comparisons
between laboratory-induced corrosion and field exposure
conditions.31,32 Based on these relationships, the corrosion
levels achieved after 10, 20, and 30 days of accelerated testing
may be broadly comparable to those developed over substan-
tially longer field exposure periods. However, these values
should be interpreted only as theoretical approximations
rather than direct service-life equivalents.

Although Faraday’s Law is widely used for estimating
theoretical corrosion mass loss, it assumes ideal condi-
tions (100% current efficiency, uniform corrosion) that are
rarely met in concrete. To obtain more realistic and field-
representative data, this study employed direct gravimetric
measurement per ASTM G1-0333 of rebar mass loss, which
captures both electrochemical and mechanical deterioration.
This approach aligns with the study’s objective of correlating
GPR parameters with actual corrosion rather than theo-
retical predictions, thereby enhancing model reliability for
practical applications.

Determination of rebar mass loss

Following the accelerated corrosion and scanning, the cor-
roded rebars were extracted from the specimens using a
jackhammer and cleaned per ASTM G1-0333 standard. The
reinforcement percentage mass loss was then calculated by
comparing the initial (new) rebar weight before corrosion
and the final rebar weight after the corrosion, extraction, and
cleaning processes.

GPR Scanning

The GPR scans were performed using a 2.6-GHz antenna
connected to a data-acquisition system. This antenna can
provide a high-resolution concrete scan up to a depth of
250 mm. To partially prevent interference from salt water,
the samples were removed from the saline, and their top
surfaces were dried for a day before scanning. Eight scans
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Figure 2. Accelerated corrosion process, schematic diagram

(a) Accelerated corrosion process

(b) Schematic diagram

Figure 3. Accelerated corrosion: (a) anode–cathode
wiring connection; (b) power supply to the submerged

specimens

were recorded for each sample in the following sequence:
before the saline submersion, at 10-day intervals during
saline submersion, and at the end of a predetermined cor-
rosion level. Fig. 4 displays a sample during scanning. The
first five scans were conducted normal to the embedded
rebars, while the remaining three scans were made along
the lengths of the rebars. Waveforms, frequency, and ampli-
tudes were recorded during the scanning process. The scans

were analyzed using GPR-SLICE Software GPR-SLICE,34

considering filters such as background-noise removal and
time-zero cancellation. The exported results were calibrated
according to the positioning of the rebars during sample
casting.

Figure 4. GPR scanning

Results and Discussions

The amplitude and TWTT of the GPR waveforms changed
throughout the corrosion process due to the evolving phys-
ical and electromagnetic properties of the concrete–rebar
system. The observed response can be interpreted by con-
sidering three distinct stages of deterioration: (1) chloride
contamination and moisture ingress; (2) corrosion initiation
and propagation; and (3) advanced corrosion with microc-
racking and corrosion-product accumulation.

During the early chloride contamination stage, the saline
solution penetrated the concrete cover and chloride ions
accumulated around the embedded reinforcement. At this
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stage, the dominant effect was an increase in moisture con-
tent and ionic conductivity within the concrete pores. The
elevated conductivity increased electromagnetic attenuation,
causing a reduction in the reflected GPR amplitude. Simul-
taneously, the changing dielectric properties of the concrete
influenced signal propagation and resulted in a slight reduc-
tion in the measured TWTT. Therefore, the early-stage GPR
response was primarily governed by moisture- and chloride-
induced attenuation rather than by corrosion products.

As chloride ions progressively disrupted the passive layer
surrounding the reinforcement, corrosion initiation occurred
and corrosion products began to form at the steel–concrete
interface. During this intermediate stage, rust accumula-
tion altered the local dielectric properties of the concrete
and created additional interfaces between steel, corrosion
products, and surrounding concrete. The resulting dielectric
discontinuities enhanced the reflection of the electromag-
netic wave and partially compensated for the attenuation
effects observed during the initial contamination stage. Con-
sequently, the reflected amplitude gradually increased while
the TWTT began to recover toward its original value.

During the advanced corrosion stage, the accumulation
and expansion of corrosion products generated localized
microcracking, debonding, and damage within the concrete
cover. These defects introduced additional dielectric discon-
tinuities and increased the electromagnetic contrast at the
steel–concrete interface. As a result, stronger reflections were
produced, leading to higher reflected amplitudes. At the
same time, moisture retention, corrosion products, and dete-
rioration of the surrounding concrete increased the effective
dielectric constant of the medium, slowing the propagation
of the radar wave and increasing the TWTT. Therefore,
the amplitude increase observed during the later stages of
the accelerated corrosion process is attributed primarily
to corrosion-product accumulation and corrosion-induced
damage rather than to chloride contamination alone.

The evolution of GPR amplitude is not necessarily mono-
tonic. Depending on the relative influence of moisture
content, chloride concentration, corrosion-product accu-
mulation, and cracking, either amplitude reduction or
amplitude increase may be observed. Consequently, GPR
amplitude should be interpreted together with TWTT
and other material parameters when evaluating corrosion
severity.

Fig. 5 presents representative amplitude contour maps for
NSC specimens with a 50-mm concrete cover. For all rebar
sizes, a general increase in the maximum reflected amplitude
was observed with increasing corrosion duration, indicating
that the corrosion-product accumulation and damage mech-
anisms dominated over attenuation effects during the later
stages of the experimental program. The increased dielectric
contrast at the corroded steel–concrete interface enhanced
the reflection coefficient and produced stronger reflected
signals. In addition, corrosion-induced microcracking and
localized moisture accumulation likely contributed to the
observed amplitude enhancement.

The amplitude contour patterns were generally sym-
metric for the 22-mm rebar but appeared asymmetric
for the 10- and 32-mm rebars. Although chloride-induced

pitting corrosion is inherently localized and nonuniform,
the observed asymmetry is likely influenced by several
additional factors, including antenna alignment, scan-
ning direction, rebar size, local variations in chloride
penetration, moisture distribution, and microcrack devel-
opment. Furthermore, post-processing procedures such as
background-noise removal and time-zero correction may
influence the apparent contour geometry. Therefore, the
observed asymmetry should be interpreted as the combined
result of corrosion morphology, specimen characteristics,
and signal-processing effects.

The contour plots corresponding to the 10-mm rebar
exhibited a nonlinear response to corrosion progression.
While substantial changes were observed after 10 days of
accelerated corrosion, the contour patterns at 20 and 30
days became less pronounced and partially resembled the
pre-corrosion condition. This behavior may be attributed to
the redistribution of moisture and corrosion products within
the concrete pore structure, resulting in localized changes in
dielectric contrast. These observations suggest that the GPR
response does not necessarily scale linearly with corrosion
duration and is controlled by evolving interactions among
moisture content, chloride contamination, corrosion prod-
ucts, and damage development.

Although the cover-to-diameter ratio (c/d) is widely used
to characterize corrosion-related behavior and corrosion-
induced cracking in reinforced concrete,35,36 the present
study considered cover depth and rebar diameter sepa-
rately because they influence GPR measurements through
different physical mechanisms. Cover depth primarily gov-
erns electromagnetic wave attenuation and travel time,37,38

whereas rebar diameter influences the size of the reflecting
target and the resulting signal amplitude.39,40

Influence of parameters on amplitude

Fig. 6 shows changes in maximum positive GPR amplitude
with increasing rebar diameter and the effect of concrete
strength on the GPR amplitude. A clear trend emerges in
which specimens containing larger-diameter rebars, specif-
ically the 32 mm (#10), exhibit higher reflected GPR
amplitudes compared to smaller-diameter rebars such as the
22 mm (#7) and 10 mm (#3). A clear trend emerges in which
specimens containing larger-diameter rebars exhibit higher
reflected GPR amplitudes than smaller-diameter rebars.
This behavior is primarily attributed to the larger geometric
target presented to the electromagnetic wave. Larger rebars
provide a greater reflective surface area and stronger electro-
magnetic contrast with the surrounding concrete, resulting
in increased reflection strength. Although smaller rebars
experienced a higher percentage mass loss, the larger physical
dimensions of the 32-mm rebars produced stronger base-
line reflections and more pronounced amplitude responses
throughout the corrosion process.

In addition to rebar diameter, concrete strength also plays
a significant role in influencing GPR amplitude. Across
all stages of accelerated corrosion, the amplitudes recorded
from LSC specimens generally exhibited higher reflected
amplitudes than NSC specimens throughout the testing
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Figure 5. (Continued)

period. This difference is primarily due to the higher air
content or porosity inherent in the former. Air has a sig-
nificantly lower dielectric constant compared to concrete,
which means that it absorbs less electromagnetic energy
from the GPR wave. As a result, the radar signal experi-
ences less attenuation when passing through LSC, leading to
stronger reflections and higher measured amplitudes. Fur-
thermore, the porous nature of LSC promotes easier ingress

of chlorides and moisture, which accelerates corrosion and
amplifies the electromagnetic response captured by the GPR
system.

Fig. 7 illustrates the effect of concrete cover depth on
the reflected GPR amplitude. It is evident that specimens
with 75- and 50-mm cover depths exhibited lower amplitudes
compared to those with a 38-mm cover. This is primarily due
to the increased travel distance of the radar wave through
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Figure 5. (Continued)

the concrete, which results in greater attenuation and energy
loss before the wave reaches the rebar and returns to the
receiver. As the cover depth increases, more of the radar
energy is absorbed or scattered within the concrete matrix—
especially in higher-porosity mixes—leading to a diminished
signal strength. Consequently, deeper covers produce weaker
reflections and lower amplitudes, reinforcing the known

inverse relationship between wave travel distance and signal
strength in GPR applications. It should be noted that the
amplitude trends discussed herein correspond primarily to
the intermediate and advanced stages of corrosion, where
the influence of corrosion products and corrosion-induced
damage exceeded the attenuation effects associated with the
initial chloride contamination phase.
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Figure 5. GPR amplitude contours for NSC specimens with 50-mm cover at different corrosion durations and rebar
diameters. GPR, ground-penetrating radar; NSC, normal strength concrete

Influence of parameters on TWTT

The TWTT of the reflected GPR waveforms at different

corrosion levels was evaluated for varying rebar diameters,

concrete strengths, and concrete cover depths, as shown

in Figs. 8 and 9. In general, the TWTT exhibited a

non-monotonic response throughout the corrosion pro-
cess. During the early stages of chloride contamination,
a slight reduction in TWTT was observed. This behavior
is attributed to the ingress of chloride ions and mois-
ture into the concrete pore structure, which altered the
electromagnetic properties of the concrete surrounding the
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Figure 6. GPR amplitude variations with concrete
type and rebar diameter

Figure 7. GPR amplitude variation with cover depth
and rebar diameter

reinforcement. Similar observations have been reported in
previous accelerated corrosion studies.

As corrosion progressed, the TWTT gradually increased.
This increase is attributed to the accumulation of corrosion
products, increased moisture retention, and the development
of localized microcracking near the steel–concrete interface.
These changes increase the effective dielectric constant and
heterogeneity of the surrounding medium, resulting in slower
electromagnetic wave propagation and longer travel times.
Consequently, the reflected signal required a longer time to
travel between the antenna and the embedded reinforcement,
producing increased TWTT values during the later stages of
corrosion.

Unlike amplitude, which may either increase or decrease
depending on the balance between attenuation and reflec-
tion mechanisms, the TWTT exhibited a more consistent
relationship with corrosion progression. The increase in
TWTT observed during advanced corrosion stages is primar-
ily associated with changes in dielectric properties caused
by corrosion products, moisture redistribution, and concrete
deterioration.

(a) NSC-38 mm cover

(b) NSC-50 mm cover

(c) NSC-75 mm cover

Figure 8. Variation of TWTT: (a) NSC with 38-mm
cover; (b) NSC with 50-mm cover; and (c) NSC with

75-mm cover

The influence of rebar diameter on TWTT was relatively
small compared with the influence of concrete cover depth.
While slight variations were observed among the different
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(a) LSC-38 mm cover

(b) LSC-50 mm cover

(c) LSC with 75 mm cover

Figure 9. Variation of TWTT: (a) LSC with 38-mm
cover; (b) LSC with 50-mm; and (c) LSC with 75-mm

cover

rebar sizes, the dominant parameter affecting TWTT was
the travel distance through the concrete. Specimens with
larger concrete covers consistently exhibited greater TWTT
values because the radar wave traveled a longer path before
reaching the reinforcement and returning to the receiver.

Concrete quality also affected the measured TWTT.
For all cover depths and corrosion durations, LSC speci-
mens generally exhibited higher TWTT values than NSC
specimens. The higher air content and more porous
microstructure of LSC facilitated greater moisture ingress
and chloride penetration, resulting in larger changes in
dielectric properties during the corrosion process. Conse-
quently, electromagnetic wave propagation was slower in
LSC specimens, leading to increased travel times compared
with NSC specimens.

Figs. 8 and 9 demonstrate that the combined effects of
concrete cover depth, concrete quality, and corrosion pro-
gression have a greater influence on TWTT than rebar
diameter. The results suggest that TWTT may provide a
useful supplementary indicator of corrosion-related deteri-
oration when interpreted together with reflected amplitude
and other structural parameters.

Rebar mass loss

Although all specimens were subjected to the same
impressed-current level, chloride concentration, and corro-
sion duration, the resulting corrosion mass loss was not
identical among the reinforcing bars. Variations in corro-
sion development are expected due to differences in rebar
diameter, concrete cover depth, concrete quality, mois-
ture transport characteristics, and local electrical resistance
within the concrete. Consequently, the rebar mass loss was
directly related to the corrosion levels. As shown in Fig. 10,
the percentage of rebar mass loss was the highest for
LSC specimens with the smallest rebar diameter and clear
cover, and subjected to the longest corrosion duration. For
instance, smaller-diameter rebars have a higher surface-area-
to-volume ratio, making them more susceptible to corrosion.
At the same time, a smaller cover means that the rebar is
closer to the surface, allowing corrosive agents to reach it
more quickly and in higher concentrations. Furthermore,
prolonged exposure to corrosive conditions results in more
extensive corrosion and mass loss. The different sizes of
circles in Fig. 10 represent the remaining parameters. For
example, in Fig. 10a, with the rebar diameter shown on the
x-axis, the circle sizes indicate concrete cover, and each 10-
day result included six brown circles, three representing LSC
and NSC each.

In calculating the rebar mass loss, the length of the rebars
extending outside the concrete specimens for making elec-
trical connections was not included. This ensures that mass
loss measurement accurately reflects the corrosion occurring
within the concrete.

Quantitative relationships

A multivariate linear regression equation (Eq. (1)) was gen-
erated using Python Software Foundation41 as a quantitative
relationship between rebar corrosion mass loss and related
parameters. Linear regression is a basic and extensively used
type of predictive analysis that works with continuous data.
Multivariate linear regression allows researchers to predict
or explain criterion variable scores based on scores on two
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(a) (b)

(c) (d)

Figure 10. Change in percentage of corrosion with: (a) rebar diameter; (b) corrosion period; (c) concrete cover; and (d)
concrete strength

or more predictor factors and knowledge of the relation-
ships between them. The approach was to determine how
much each predictor variable contributes to explaining the
criterion variable by providing a regression or beta coef-
ficient, which indicates how much each predictor variable
contributes to explaining the criterion variable scores while
controlling for the other predictor variables.42

The coefficient of determination, R2, was 0.84 as deter-
mined from the IBM Corp.43 software, implying that the
model’s inputs can explain around 84% of the observed
variation.

Cr = 5.095 + 0.122Tc − 0.012fc′ − 0.183db − 1.208tTWTT

+ 0.016c − 2.8 × 10 − 10AGPR (1)

where
Tc is the corrosion exposure duration (years) ,
f ′

c is the concrete compressive strength (MPa) ,

db is the initial rebar diameter (mm) ,
tTWTT is the two-way travel time (ns) ,
c is the concretecover depth (mm) , and
AGPR is the maximum reflected GPR amplitude.

The factors included in Eq. (1) were selected based on
their theoretical and empirical impact on GPR wave ampli-
tude. Each factor, such as rebar diameter, concrete cover,
and corrosion level, was shown in previous studies to influ-
ence the amplitude of GPR signals.44 Rebar diameter and
concrete cover affect the reflection and attenuation of GPR
waves, while corrosion impacts the material’s dielectric prop-
erties and, consequently, the signal amplitude.

It is important to note that the regression coefficients
in Eq. (1) reflect both the statistical weight and the scale
of the respective input variables within the experimental
dataset. The relatively large negative coefficient for rebar
diameter (−0.183) indicates that smaller-diameter rebars
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experienced higher corrosion percentages under the same
exposure conditions, likely due to their higher surface area-
to-volume ratio and lower residual cross-sectional area. This
trend is consistent with prior studies5,22 on accelerated cor-
rosion behavior. The coefficient for GPR amplitude appears
small (−2.8 × 10−10) due to the large numerical scale of
the amplitude values (in the range of thousands). Although
the amplitude coefficient is small in magnitude, it captures
subtle variations in signal intensity that are relevant to the
progression of corrosion. The role of GPR amplitude should
therefore be interpreted in the context of signal scaling and
system sensitivity, and its generalizability is discussed further
in the conclusions section.

In evaluating existing structures, the concrete strength,
cover, and rebar diameter may be found from as-built draw-
ings and in-situ or laboratory testing. The GPR amplitude
and TWTT can be obtained from the GPR scanning. In the
absence of initial parameters for the equation input, nor-
malization can be performed by back-calculating the GPR
amplitude collected from a corrosion-free section from the
same structure (where Cr = 0%), followed by inspection and
exposing a portion of the rebar. If it is not possible to identify
a corrosion-free section, then calibration with respect to the
least corroded sample could be an option. Based on this,
the residual rebar area can be estimated by deducting the
corrosion percentage from the uncorroded rebar area, which
may be used to compute the remaining capacity of reinforced
concrete structures. Knowing the residual capacity of a mem-
ber can aid engineers and owners in making an informed
decision to retrofit or replace building or bridge structural
components.

Model validation (case study)

The proposed model was validated by comparing it with the
corrosion rate of a rebar retrieved during the demolition of a
32-year-old bridge deck on IH-30 in Dallas, Texas (Fig. 11).
The compressive strength of the deck concrete was 20.7 MPa.
The retrieved sample had corroded rebars measuring 203
mm in length and 12.7 mm (#4) in diameter, embedded in
50-mm-thick concrete. A GPR scan was conducted on the
sample. The collected data were post-processed following the
same procedure used for the laboratory specimens, includ-
ing background removal, time-zero correction, and signal
interpretation. The resulting GPR waveform is presented
in Fig. 12. Analysis of the processed waveform yielded an
average reflected amplitude of 5,758 and a TWTT of 0.9 ns.
Employing the proposed Eq. (1), a 6.14% corrosion rate was
predicted for the rebar. The corroded rebar was extracted
from the concrete sample, cleaned per ASTM G1-03,33 and
then weighed to determine the mass loss owing to natural
corrosion. A mass loss of 6.3% was determined, considering
the masses of the extracted rebar and uncorroded rebar
with the same length and diameter. Thus, the corrosion rate
from the proposed equation was around 0.16% lower than
the actual value, which is a satisfactory match.

Figure 11. Specimen obtained from the IH-30 bridge
deck

Figure 12. GPR waveform for 12.7-mm (#4) rebar

Conclusions and Recommendations

The following conclusions and recommendations may be
made based on the findings from this study:

1. The present study successfully quantified the amount
of steel rebar corrosion in concrete beams using GPR
scanning. The research involved fabricating reinforced
concrete beam specimens, exposing the beams to accel-
erated corrosion, scanning samples utilizing a 2.6-GHz
frequency GPR, analyzing the data, and developing a
multivariate regression equation.

2. Larger rebar sizes underwent more corrosion than
smaller rebars due to the additional surface area and
corrosion potential. As a result, the GPR reflected
wave amplitudes also increased.

3. The reflected GPR amplitudes from LSC specimens
were greater than those from NSC specimens for all
corrosion durations. LSC has a higher air content
than NSC, and the dielectric constant of air is lower
than that of concrete. Air absorbs less radar radiation,
resulting in higher amplitudes for LSC.

4. Larger concrete covers for rebars resulted in smaller
reflected GPR wave amplitudes. This is because the
radar waves travel longer distances for larger cover
depths, causing most of the radar energy to be
absorbed by the concrete.

5. It was found that the corrosion stages on the embed-
ded rebars had a significant impact on the maximum
amplitude and the TWTT of the GPR signal. For
a given cover depth, rebar diameter, and concrete
strength, the amplitude remained constant prior to
corrosion commencement. The reflected amplitude
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decreased at the commencement of the accelerated
corrosion but increased after a specific period. This
may be attributed to increased corrosion within the
concrete pores with time. Restoration of the original
TWTT and increased value were noticed at the latter
stages due to corrosion product dispersion inside the
concrete pores, suggesting an increase in the concrete
dielectric property.

6. The available chloride ions, water content, and current
flow were kept constant throughout the accelerated
corrosion process. Therefore, the rebar corrosion mass
loss was directly related to the corrosion levels. The
mass loss was highest in LSC samples with the smallest
rebar diameter and cover, and under the longest corro-
sion duration.

7. An experimentally calibrated multivariate linear
regression model was developed to determine the
corrosion amount in consideration of the parametric
effects. A user-friendly step-by-step approach is
presented for estimating or finding the various input
parameters, such as concrete strength, concrete cover,
rebar diameter, and GPR amplitude and TWTT.

8. The proposed regression model was validated by com-
paring it with the actual corrosion rate of an embedded
rebar retrieved during the demolition of an old con-
crete bridge deck in Dallas, TX. The model’s corrosion
percent output was only 0.16% lower than the actual
rebar mass loss. Since the IH-30 bridge calibration is
an independent case study comparison to demonstrate
the practical applicability of the proposed framework,
it is recommended that future research validates the
model with a large field data set and additional real-life
samples to increase confidence in the model.

9. Accelerated corrosion of steel rebars in concrete over a
condensed period results in increased corrosion prod-
uct concentrations around the rebars and diffusion of
these products into the pores30. However, the extent of
this activity within the concrete cover is minimal. As a
result, the properties of the concrete around the rebars
remain unchanged. When natural corrosion occurs
over a longer time, corrosion products infiltrate more
deeply into the surrounding concrete pores, resulting
in a significant variation in the concrete property.
The current study considered concrete compressive
strength and measured fresh concrete air content as
parameters influencing the GPR response. Although
air content provides an indirect indication of the
pore structure, it does not directly quantify hardened
concrete porosity. Future studies should incorporate
direct measurements of hardened concrete porosity
and moisture distribution to further improve the pre-
dictive capability of GPR-based corrosion assessment
models.

10. GPR wave amplitude can vary significantly across dif-
ferent GPR systems due to differences in hardware and
signal processing techniques. This current study used
only one GPR system, which could limit the general-
izability of the regression model. Future studies could
use an amplitude conversion approach45 to address this

harmonization issue. On top of that, it is recommended
to incorporate quantified moisture profiles and rel-
ative humidity monitoring during corrosion testing.
This will help account for the influence of moisture
on dielectric properties and improve the predictive
capability and generalizability of GPR-based corro-
sion models. Moreover, temperature effects were not
explicitly investigated in this study.

11. The accelerated corrosion program enabled the
development of measurable corrosion levels within
a practical testing period; however, it may not
fully reproduce the corrosion morphology, moisture
distribution, chloride transport mechanisms, and
corrosion-product accumulation observed in naturally
corroded structures. Future studies should incorporate
additional field-corroded specimens and long-term
exposure tests to further assess the applicability and
transferability of the proposed GPR-based corrosion
assessment framework under real-world conditions.

12. Cross-validation and optimization of the regression
model are recommended to enhance its generalizability
and broader applicability. Additionally, cracking was
not considered in this study, as the corrosion process
was controlled to prevent visible damage. However,
cracking can significantly affect chloride transport,
corrosion development, and GPR signal response.
Future research should incorporate cracked specimens
to better reflect real-world conditions and enhance
the model’s applicability. Moreover, the experimental
program included two replicate specimens for each test
condition. While this level of replication was sufficient
to observe general trends in GPR response and cor-
rosion mass loss, it limits the statistical confidence of
the results and prevents a comprehensive assessment
of variability.
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Abstract: This paper introduces a pioneering approach for load testing and rating of simple-span prestressed concrete
bridges when design information about the structure is not available. The paper uses the testing of a bridge in New York
for illustration of the proposed approach. The bridge was built in 1961 and consisted of five simply supported 70-ft-long
post-tensioned bulb-T beams. No documents or plans for the structure were available at the time of the testing. In 1970,
the structure was posted for 12 tons. The absence of the bridge plans, coupled with the public’s demand to accommodate
school bus traffic on the bridge, prompted the load testing and rating. A plan based on an assumed design basis and
investigation of bridge behavior under controlled truck loading was proposed to determine unknown design parameters
and enable load rating of the structure. The bridge was then instrumented and load tested using trucks of known weights
and configurations, positioned at specified locations on the deck to gradually increase their safe load effects on the
structure. The results of the testing provided the required information about the bridge and allowed for load rating of
the structure.

Author keywords: Prestressed concrete bridges; post-tensioned bridges; load testing; load distribution; bridge evaluation;
load rating

Introduction

Bridge rating is routinely conducted by load rating engi-
neers to evaluate and update the load carrying capacities of
bridges. The rating process combines the knowledge gained
during inspection cycles, which accounts for in-service con-
dition, with appropriate analysis to determine load rating,
namely, Inventory and Operating.1 Load ratings based on
the inventory level allow comparisons with the capacity for
new structures and, therefore, result in a live load, which can
safely utilize an existing structure for an indefinite period
of time.1 Load ratings based on the operating rating level
generally describe the maximum permissible live load to
which the structure may be subjected. Allowing unlimited
numbers of vehicles to use the bridge at the operating level
may shorten the life of the bridge.1 Using these ratings,
transportation agencies often apply their own policies to
determine a structure’s safe load-carrying capacity, which
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may result in allowing legal traffic on the bridge, posting
a load limit on the structure, or restricting the bridge to
certain types of permit loads. Most of the time there is a high
degree of confidence in the parameters that influence the
load-carrying capacity evaluation (such as the section prop-
erties of structural members, material strengths, and physical
characteristics) to conduct an analytical rating. However,
occasionally, these parameters cannot be adequately estimat-
ed/accounted for, and a test-based rating is warranted for
a more realistic appraisal of the structure’s load-carrying
capacity. This is the typical situation for the application of
testing for bridge load rating.2–7 A more challenging situa-
tion arises when the bridge targeted for the load rating is a
prestressed structure with no plans on record. An approach
for load testing and rating of such structures is presented in
this paper, using an actual load test performed on a bridge
in New York State (NYS). Prestressed concrete bridges of
unknown design records are not unique to any specific state
and do exist in the inventory of many bridge owners all
around the globe. This fact gives credence to the pioneering
approach presented in this paper as a viable tool for all pre-
stressed concrete bridge owners. This is especially true given
that very few studies of this nature were conducted in the
United States.8–10 All these studies included approaches that
combined a semi-theoretical basis for design with diagnostic
or proof load testing. Texas Department of Transportation
assigns HS-15 and HS-20 Inventory and Operating Ratings,
respectively, for reinforced concrete bridges with no record
plans that show no signs of structural stress. For bridges
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older than 4 years that meet additional NBI ratings criteria,
the structure may be load-posted at the Inventory level.11

Oregon Department of Transportation assigns a rating fac-
tor of 1.0 for bridges in fair or better National Bridge
Inventory (NBI) condition when long-term performance
demonstrates their ability to carry legal loads. Inventory and
Operating Ratings are estimated by considering the specific
NBI condition ratings.12

The paper introduces a pioneering approach for the load
rating of simple-span prestressed concrete bridges when
there are no record plans. It discusses how load testing could
be performed for load rating of simple-span prestressed
concrete structures when there are no plans on record, using
an actual bridge structure for illustration. It starts with
background information on the structure, followed by a
description of the preliminary analysis required for deter-
mining safe loads that could be applied during the testing,
plans for instrumentation, load testing and results, load
rating analysis, and conclusions.

Test Structure

The structure (Fig. 1) carried Dean’s Mill Road over Han-
nacrois Creek near the Town of New Baltimore in Greene
County, New York. The bridge was built in 1961 and made
of 5 post-tensioned concrete bulb-T beams with 8-in. wide
closure pours between the beams and an asphalt overlay
riding surface.

In 1970, a load posting of 12 tons was placed on the
bridge. No bridge plans or documentation of the load post-
ing were available. Hence, preliminary analysis to estimate
the capacity of the prestressed beams was performed using
the 1961 edition of the AASHTO Standard Specifications
for Highway Bridges.7 Among the important revisions in
this edition were the sections on Prestressed Concrete, which
were based largely on the report of the Joint ASCE-ACI

Committee on Prestressed Concrete of 1958 and used as
Tentative Specifications for 2 years.

Instrumentation and load test plans were first developed,
and the bridge was instrumented with strain gages in prepa-
ration for the load testing.

Preliminary Analysis

Analysis of the bridge structure conducted prior to the load
testing targeted:

1. Identification of the beams’ design parameters.
2. Estimation of ultimate and cracking moment

capacities.
3. Determination of the maximum load that can be safely

applied during the testing.
4. Estimation of expected strains under the maximum

load determined above.

Identification of the design parameters was important to
determine the tolerable stresses that will be used in the load
rating equations. Ultimate and cracking moments are needed
to determine the safe load to be applied during the testing,
and the strain induced by this load is an important trigger
to watch for during the testing. In the absence of the bridge
plans, field measurements of the structure’s critical dimen-
sions could be made to determine section properties and
estimate dead loads. The contribution of parapets, sidewalks,
and other attachments to the stiffness of the structure could
be ignored.

Beam Analysis

A typical beam was analyzed using Mathcad programming
(Beam section in Fig. 1b). The analysis was performed
assuming the beam was designed to satisfy the 1961
AASHTO requirements on initial and final stresses.7 Section

Figure 1. (a) Bridge views. (b) Typical beam section and properties
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Figure 2. Feasible solution for AASHTO H-20 and HS-20 loading

properties were calculated based on measured beam dimen-
sions. Dead load moment was calculated using the weight
of the beam, closure pours, guide rails, and asphalt overlay
(Total dead load moment MDL = 522 kip-ft). Live load
moment was calculated assuming the bridge was designed
for an AASHTO HS-20 or H-20 loading, using a distribution
factor of S/5, where S is the beam spacing (4 ft 4 in.),
and an impact factor of 1.26 (respective design moments,
MHS-20 = 535.9 or MH-20 = 384.9 kip-ft).1,7,8

Assumptions

The structure is assumed to meet the following minimum
code requirements:

1. Compressive strength of concrete at 28 days
fc

′ = 5000 psi.
2. Compressive strength of concrete at time of initial

prestress fci
′ = 4000 psi.

3. Modulus of elasticity of concrete Ec = 57000
√

f ′
c .

4. Ultimate strength of post-tensioning steel fs
′ = 240 ksi.

5. Nominal yield point stress of prestressing steel at 1%
extension fsy = 192 ksi.

6. Modulus of elasticity of steel Es = 29000 ksi.

Allowable Stresses

The following allowable stresses were used in the program:

1. Temporary stresses in the steel before losses due to
creep and shrinkage = 0.7 fs

′
.

2. Steel stress at design load (after losses) = the smaller
of 0.6 fs

′
or 0.8 fsy.

3. Temporary compressive stresses in concrete before
losses due to creep and shrinkage = 0.55 fci

′
.

4. Temporary tensile stresses in concrete before losses
due to creep and shrinkage = 3

√
f ′

ci

5. Concrete compressive stress after losses have
occurred = 0.4 fc

′
.

6. Concrete tensile stress after losses have occurred = 0.
7. Concrete cracking stress fCracking = 7.5

√
f ′

ci.

Prestress Losses

Prestress losses were calculated based on:

1. Post-tensioning steel stress losses due to all causes
except friction = 25 ksi.

2. Post-tensioning steel stress losses due to
friction = 0.15 × 0.7 fs

′
.

Ultimate Moment Capacity

The ultimate moment capacity of the beam was calculated by
first confirming that the neutral axis was located inside the
top flange. This is usually the case when the flange thickness

calculated using tflange = 1.4
dρfsu

f ′
c

is greater than the actual

flange thickness t (t = 6.5 in.). The following equations:

Mu = Asrfsud
(

1 − 0.6
Asrfsu

b′ d f ′
c

)

+ 0.85f ′
c

(
b − b′

)
t (d − 0.5t) (1)

where
Asr = As − Asf (2)

is the steel area required to develop the ultimate compressive
strength of the web.

Af = 0.85f ′
c

(
b − b′) t/f ′

c (3)
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Table 1. Beam analysis for selected Pi and e combinations

Parameter HS-20 H-20

High P/T Low P/T High P/T Low P/T

1/Pi × 10-4 (1/kip) 7.38 13.96 9.00 16.28
Pi (kip) 1355.00 716.50 1111.00 614.40
e (in.) 7.10 18.7 7.75 18.68
Pe (kip) 949.86 502.27 778.81 430.69
As (in.2) 8.07 4.27 6.61 3.67
Mu × 104 (kip-in.) 2.65 3.14 2.27 2.62
MFact. × 104 (kip-in.) 2.55 2.55 2.09 2.09
Mcr × 104 (kip-in.) 1.55 1.52 1.34 1.31
MTest × 103 (kip-in.) 9.21 8.90 7.16 6.88
fTest (ksi) 2.17 2.09 1.68 1.62
� (in.) 1.33 1.285 1.132 1.09

North

CL

Gages 1 & 2

Gage 3

Gages 4 & 5

Gage 6

Gage 9

Gages 11 & 12

Gage 14

Gage 15

Gages 17 & 18

Gage 20Gages 7 & 8

Beam 1

Beam 2

Beam 3

Beam 4

Beam 5

Gage 10

Gage 13

Gage 16

Gage 19

Data Truck
Position

66'

70'

20
'

Cross Section

= Gage on bottom of beam

= Gage on bottom and top of  beam

= LVDT Deflection Gage

Figure 3. Instrumentation plan

is the steel area required to develop the ultimate capacity of
the overhanging portion of the flange. The steel stress fsu is
estimated using the following equation:

fsu = f ′
s

(
1 − 0.5

ρf ′
s

f ′
c

)
(4)

which is also subject to the condition that the effective
prestress after losses is not less than 0.5 fs

′
.

Cracking Moment

Cracking moment was calculated using

MCracking = Sb

[
Pe

(
1
A

+ e
Sb

)
+ fCracking

]
(5)

where Sb is the section modulus for the beam bottom, Pe

is the effective prestress force, A is the beam cross-sectional

area, e is the post-tensioning steel eccentricity, and fCracking is
previously defined.

Maximum and Minimum Steel Percentages

The maximum percentage of steel used in the analysis was 0.3
percent and the minimum percentage was calculated using

ρmin = Asr
fsu

b′ d f ′
c

(6)

Feasible Solutions for Initial Prestress Force
and Eccentricity

The analysis consisted of determining feasible solutions for
the reciprocal of the initial prestressing force and eccentricity
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using a linear programming approach. In this approach,
the four inequalities relating the reciprocal of the initial
post-tensioning force and eccentricity were first formulated,
based on satisfying the code requirements for midspan top
and bottom stresses under initial and service load conditions,
and then plotted to determine the region of feasible solu-
tions. The four inequalities were formulated as follows:

P1(e) ≥ 1

A ·
(

fbi + MDL

Sb

) + e

Sb ·
(

fbi + MDL

Sb

)

P2(e) ≤ −1

A ·
(

fti + MDL

St

) + e

St ·
(

fti + MDL

St

)

P3(e) ≤ κ

⎡
⎢⎢⎣ 1

A ·
(

−fbf + MTot

Sb

) + e

Sb ·
(

−fbf + MTot

Sb

)
⎤
⎥⎥⎦

P4(e) ≥ κ

⎡
⎢⎢⎣ −1

A ·
(

−ftf + MTot

St

) + e

St ·
(

−ftf + MTot

St

)
⎤
⎥⎥⎦

(7)

where P1(e) and P2(e), respectively, were based on satis-
faction of midspan bottom and top stresses under initial
prestressing force and before prestressing losses take place.
P3(e) and P4(e), respectively, were based on satisfaction of
midspan bottom and top stresses under final prestressing
force and after prestressing losses take place. e is the pre-
stressing steel eccentricity from the center of the beam, A
is the beam cross-sectional area, and the rest of the vari-
ables have been previously defined. The resulting feasible
solutions utilizing the above equations are given by the
regions inscribed by the four lines in Fig. 2A and 2B, for
the AASHTO HS-20 and H-20 truck loadings, respectively.
The solutions in these figures are also bound by the physical
constraint that the eccentricity e cannot exceed 18.68 in. (the
distance from the neutral axis to the beam’s bottom minus 3
in. cover). Two solutions were investigated to account for the

possibility that the bridge was originally designed for either
of the two AASHTO loads.1,7,8

Any combination of initial prestress force and eccentricity
(Pi and e) falling in the feasible solution region should result
in midspan stresses meeting the allowable stress limits. Using
any such combination to calculate the stresses fbi_, fti_, ftf_,
and fbf_ in Eq. (8) below at midspan should result in stresses
meeting the requirements of Section B3 on the respective
stresses fbi, fti, ftf, and fbf.

fbi_ := Pi

A
+ Pi · ec

Sb
− MDL

Sb

fti_ := −Pi

A
+ Pi · ec

St
− MDL

St

fbf _ := −κ · Pi

A
− κ · Pi · ec

Sb
+ MTot

Sb

ftf _ := κ · Pi

A
− κ · Pi · ec

St
+ MDL

St
(8)

Two initial prestress force and eccentricity combinations
were selected from each of the solutions in Fig. 2. Anal-
ysis was then performed for each of those combinations
to determine effective prestress force Pe, area of steel As,
ultimate moment Mu, factored dead load and live load
moments MFact, cracking moment Mcr, the moment available
for testing MTest and its resulting midspan stress fTest, and
the maximum deflection to be expected during the test �.
The results of this analysis are shown in Table 1. Maxi-
mum deflections were calculated for a concentrated midspan
load calculated using the test moment and assuming simply
supported end conditions. From this analysis the following
observations can be made:

1. As expected, the most economical designs, in terms of
area of steel, include combinations of low prestressing
forces and large eccentricities. One of those combina-
tions was probably used in the bridge design.

2. All combinations resulted in ultimate moments
exceeding factored dead load and live load moments.
This makes the graphical solution for initial force and
eccentricity combinations plausible.

Midspan instrumentation Melted ice on day of testing

Figure 4. Mounting strain gages at midspan and a photo of the melted ice 1 week later
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"

4.26 kips
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7.72 kips

162"

12-Ton Test Vehicle

92
"

94
"
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"

5.00 kips

6.30 kips

9.22 kips

9.28 kips

173"

15-Ton Test Vehicle

90
"

94
"

72
"

4.54 kips

4.74 kips

10.46 kips

10.10 kips

162"

12-Ton Test Vehicle Raised to 15Tons

Test vehicle axle and gross weights

Test
Vehicle

Front Axle Wt.
(kips)

Rear Axle Wt.
(kips)

Gross Vehicle Wt.
(kips)

12-ton Truck 8.78 15.36 24.14
15-ton Truck 11.30 18.50 29.80

12-ton Raised to 15-ton 9.28 20.56 29.84

Figure 5. Test vehicle dimensions and wheel and axle loads
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3. The lowest moment available for testing is 6.88 × 103

kip-in. (573 kip-ft). This is the moment that would
crack a beam if it were fully applied during the testing.

In addition to the above observations, it was also noted
that the code requirements on maximum and minimum
prestressing steel percentages were satisfied for all four Pi

and e combinations.8

Instrumentation

The bridge was instrumented at various locations to deter-
mine (1) midspan bottom flange stresses for all five beams,
(2) level of fixity at the ends of all beams, (3) neutral axis
location for the two fascia beams (Beams 1 and 5) and one
interior beam (Beam 3), and (4) deflections at midspan of
Beams 1 and 5 (fascia beams) and Beam 3.

Strain gages (manufactured by Bridge Diagnostics, Inc.)
were used in the instrumentation. Three deflection gages
were also planned for midspans of Beams 1, 3, and 5
but were not mounted due to logistics problems. A general-
purpose strain gage measurement system, “System 6000”
(manufactured by The Measurement Group), was employed
for data acquisition. The complete instrumentation plan,
including the location of strain gages and proposed LVDT
deflection gages, is shown in Fig. 3.

Figure 6. Test vehicle moving into position

At the bridge crossing, the Hannacrois Creek is too deep
to use ladders or waders to mount instrumentation at the
beams’ midspan locations. Additionally, the vertical clear-
ance of the bridge is low. The low clearance combined with
the 12-ton posting made use of an under-bridge inspection
unit impossible. A decision was made to wait for the river to
freeze and instrument the bridge from the ice surface. The
thickness of the ice was monitored with an ice drill, and 20
strain gages were mounted on the structure at designated
locations (Figs. 3 and 4) from the frozen ice surface. On
the day of the testing, warm weather melted the ice and
instrumenting the midspans of three girders with deflection
gages (LVDTs) was not possible (Fig. 4).

Truck weights and dimensions

Prior to the testing, the test trucks were weighed and axle
spacing measured for each truck. When loading the trucks
with sand, care was taken to evenly distribute the load in the
backs of the trucks. Two trucks were used in the testing—a
12-ton vehicle and a 15-ton vehicle. The loading of the 12-
ton truck was increased to 15 tons for the second half of the
testing. Dimensions and wheel loads are shown in Fig. 5, axle
and gross vehicle weights are also summarized in Fig. 5, and
a photo of a test vehicle is shown in Fig. 6. Each of the 15-ton
trucks closely resembles an AASHTO H-15 truck.

Load Test Plans

The test plan is divided into four phases based on the loading
scenario. Prior to the testing, each scenario was analyzed
assuming the structure to be simply supported to determine
expected strain levels during the testing. The structure was
loaded incrementally by positioning the test trucks in a
manner that would gradually increase midspan moment on
the structure, while continually monitoring the strain gage
readings.

Loading of the structure was calculated to remain below
cracking. Inspection reports also did not show cracking in
any of the beams. Throughout the load test, the structure was
monitored for unexpected cracking, excessive deflection,
abnormal strain readings, sensor issues, or other unusual
behavior. If the structure did not behave as intended, the
load test was stopped immediately. The strategy followed was
to proceed to the next phase (increased loading) only when
the preceding phase stresses were within expected limits. The
following is a full description of the load test plan phases.

Phase 1

The first portion of the testing focuses one axle line of a
12-ton (the current posted weight limit) vehicle on each
of the structure’s five beams. The vehicle is to cross the
bridge at crawl speed, stopping for readings when the rear
axle is at each sixth point of the bridge (five readings per
load sequence). All crossings begin at the south side of the
structure. This phase is expected to reveal relative differences
among the beams based on their response to similar loads.
Lines indicating the beam centerlines and positions to place
the rear axle were painted on the bridge prior to the test date.
Illustrations of the truck paths are shown in Figs. 7 and 8.
The beams will be tested in the order, Beam 1 through Beam
5. After each beam has been loaded, peak strain readings for
each beam will be compared to the estimated safe strain and
a decision will accordingly be made to continue with Phase
2 of the testing or not. At the end of this phase of testing,
the 12-ton truck will return to a maintenance yard, and the
gross weight of the vehicle will be increased to 15 tons.

Phase 2

Phase 2 of the testing uses a 15-ton vehicle that is planned
to travel across the bridge at crawl speed stopping with the
rear axle at the bridge sixth points for readings. The same
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Figure 7. Wheel line locations for Phase 1 (not to scale)

vehicle will cross in the Northbound lane first and then in
the Southbound lane. Both crossings begin on the south

side of the structure. This phase will provide information
on the structure’s response for a load slightly higher than
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Figure 8. Phase 1 testing. A 12-ton vehicle with a wheel line on Beam 1 is shown stopping at marked locations on the
bridge. This is repeated for each beam
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Figure 9. Fifteen-ton vehicle load paths

the posted. The truck paths are shown in Fig. 9. Strain data
will be evaluated at each position and if the results are
determined to be acceptable, the testing will be continued to
Phase 3.

Phase 3

In Phase 3, two 15-ton trucks will be used. The two vehicles
will follow each other across the bridge at crawl speeds,

without stopping, keeping the following distance between
the trucks at approximately 15 ft. The testing will be repeated
in the Northbound lane first and then in the Southbound
lane. Both crossings begin at the south end of the bridge.
This phase will increase the loading on the structure by
about 25 percent than that used in Phase 2. Strains will be
continuously monitored to determine if the testing should be
continued to Phase 4 or not.
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Table 2. Estimated midspan moments and strains on beams during the testing, assuming simply supported end conditions

Test truck Rear axle position Predicted bridge moment
(kip-ft)

Predicted beam moment
(kip-ft)

Predicted strain
(με)

12 ton 1/6 Point 197 85 59
12 ton 2/6 Point 319 137 96
12 ton 3/6 Point 365 157 110
12 ton 4/6 Point 223 96 67
12 ton 5/6 Point 93 40 28
15 ton 1/6 Point 246 106 74
15 ton 2/6 Point 398 171 120
15 ton 3/6 Point 456 196 137
15 ton 4/6 Point 287 123 86
15 ton 5/6 Point 117 50 35
Two 15 ton Following 620 267 187
Two 15-ton back-to-back 1/6 Point 230 99 69
Two 15-ton back-to-back 2/6 Point 568 244 171
Two 15-ton back-to-back Midspan 763 328 230

Phase 4

The two 15-ton vehicles will be placed back-to-back on the
bridge. Testing will begin on the Northbound Lane with
the rear axle of each vehicle at a sixth point of the bridge.
Strains will be monitored at each step during the test, and
if found to be acceptable, the trucks will be brought closer
together to the 2/6 span markings, increasing the load effect
of the bridge. If the strains at all steps are deemed to be
acceptable, the trucks will be brought to a final back-to-back
position at midspan to produce the maximum loading that
will be applied during the testing. The Phase 4 back-to-back
configuration will be repeated in the Southbound Lane. This
phase of the testing will produce the highest loading on the
structure because the limited bridge width does not allow for

a side-by-side testing. The truck positions in this phase are
shown in Fig. 10.

Estimated load effects

Prior to the testing, axle spacing for the test trucks was
measured (164 in.) and the axle weights had to be estimated.
For the 12-ton vehicle, a steering axle weight of 8 kips and
a rear axle weight of 16 kips were assumed, and for the 12-
ton truck, a steering axle weight of 10 kips and a rear axle
weight of 20 kips were assumed. Using a simply supported
finite element beam model, gross moments were calculated
for each load case and then reduced to the beam level using
the AASHTO distribution factor of 0.43. A modulus of
elasticity was calculated for concrete based on a 5000-psi
compressive strength. Using the estimated modulus, section
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Figure 11. Midspan strain readings for the 12-ton crossings

Table 3. Distribution percentages for the 12-ton crossings

Path number
Beam number

1 2 3 4 5

1 42.5 26.9 17.3 9.1 4.2
2 15.4 26.9 26.1 22.2 9.5
3 7.4 12.1 23.2 34.0 23.3
4 10.4 18.3 25.2 32.7 13.4
5 4.8 9.4 16.8 28.3 40.8

properties, and estimated load effects, midspan strain for
each load case in the testing was obtained as shown in
Table 2.

Analysis of the Test Results

Load distribution

Phase 1 testing included a 12-ton truck aligning a wheel
line with each of the five bridge beams. Fig. 11 shows the
midspan strains recorded at the midspan point during each
truck crossing. In most paths, the beams intentionally being
loaded had the peak strain values. The exception is Path 3.
In this passing, Beam 4 had the highest peak strain. For
Paths 1, 2, and 3 crossings, the driver’s side wheel line was
placed directly on the beam. For the Paths 4 and 5 crossings,
the passenger side wheel load was placed on the beam.

Therefore, the Path 3 and Path 4 crossings apply similar loads
on Beams 3 and 4. This can be seen in the Phase 1 test plan
in Fig. 8. The peak strain in this portion of the testing was
50 με, which is significantly lower than the 110 με predicted
in the preliminary analysis.

The percentage of the total moment on the bridge due
to the test trucks is calculated by dividing each midspan
gage reading by the sum of the five midspan gage readings,
assuming all the beams have similar section moduli.

The percentages of the total truck moment carried by
each of the beams during the truck crossings at the midspan
point are shown in Table 3. As noted earlier, the similarity
of Paths 3 and 4 crossings is reflected in the figure. After an
on-site review of the low strains and the observed good load
distribution, a decision was made to continue with the next
phase of the testing.
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Figure 12. Continuous representation of load distribution percentages for two 15-ton trucks following each other on
the upstream lane
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Figure 13. Continuous representation of load distribution percentages for two 15-ton trucks following each other on
the downstream lane

Phase 2
The 15-ton truck traveled North twice on each of the
upstream and downstream lanes of the structure in this
phase. Again, after an on-site review of peak strain readings

and the good load distribution between the bridge beams,
a decision was made to continue with the next phase of the
testing. This phase is intermediary, and for detailed results
the reader may refer to.8
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Figure 14. Icicles from water seeping between beams

Phase 3
This phase of the testing involved two 15-ton trucks fol-
lowing each other at crawl speed without stopping on the
structure. The test was repeated on the upstream and down-
stream lanes, and the time histories for the midspan gages
for the two lanes were recorded. Beam moment distribution
percentages are obtained using peak strains and are shown in
Figs. 12 and 13 using continuous representations. From these
figures, Beam 1 is clearly the most loaded beam during the
upstream lane crossing, while Beams 4 and 5 were the most
loaded beams during the downstream crossing. There are
noticeable differences when comparing the time histories and
distribution percentages of the upstream and downstream
following load cases. The strains under comparable loading
measured on Beam 1 are higher than those measured on
Beam 5. The highest load percentage calculated from this
phase of the testing was also for Beam 1. Several factors
could be responsible for these differences. First, the position
of the trucks in the lane could have varied. The vehicles
could have been very close to the curb near Beam 1 during
the upstream crossing and further away from Beam 5 curb
during the downstream crossing. Higher strain readings are
sometimes indicative of a low section modulus or poor load
distribution; however, these are unlikely based on the results
of the previous phases. The joints on the sides of both fascia
beams, along the closure pours, showed deterioration that
allows for water seepage and formation of icicles (Fig. 14).
Based on the low strain readings and good load distribution,
the testing continued with positioning the two 15-ton trucks
back-to-back as planned in Phase 4 testing.

Phase 4
This phase of the testing included loading of the structure
on the upstream and downstream lanes, one lane at a time,
with two trucks positioned back-to-back and moved in steps
towards the bridge midspan. Midspan strain results are
shown in Figs. 15 and 16 for the upstream and downstream
lanes, respectively. The heaviest load case, “Mid” with the
rear axles approximately 5 feet from midspan, places 763 kip-
ft in a lane which is greater than an H-20 lane loading for a
66 ft span (clear span). The peak reading under this loading

was 117 με and again, it was on Beam 1. Load distribution
patterns for all the back-to-back load cases are similar to
those found in the earlier testing.7

The strain results for the maximum loading position
during this phase of testing were used to generate the com-
parative load percentage plots shown in Figs. 17 and 18,
comparing midspan values to those recorded at the beam
ends. The end span percentages are generally within 10
percent of those obtained for the midspan location.

Neutral axis location

Gages were placed on the bottom flange at all midspan beam
locations, with additional top flange gages placed on Beams
1, 3, and 5. With the distance between the top and bottom
gages known (29.5 in.), the neutral axis of the beam was
calculated. The neutral axis of the beam estimated based
on the beam’s dimensions is 21.668 inches from the bottom.
Using the data recorded from the static loadings, the average
neutral axis locations for Beams 1, 3, and 5 were calculated
in Table 4. Using the six back-to-back position results, the
neutral axis locations were also calculated for Beams 1, 3,
and 5.

Further analysis of the test results revealed that Beam 5
was about 10% weaker/of lesser stiffness than the remaining
beams and that the maximum moment recorded during the
load testing was about 50 percent of that estimated prior
to the testing.8 Since the beams are similar in geometry,
deterioration of the top part of the beam would be a likely
explanation of the reduced stiffness and lowered neutral axis
location.

End fixity investigation
This was first investigated by studying how the recorded
strains on each of the beams related to the truck moments
on the structure, assuming simply supported and fixed end
conditions. The results of this investigation showed that the
beams were acting more like being fixed at their ends than
being simply supported. Further investigation to determine
the level of fixity at the beam’s ends concluded that the bridge
experienced 90 and 76 percent fixity at the south and north
abutments, respectively.8

Load Rating Analysis

Based on the findings presented in the previous section, the
following decisions were made:

1. Calculate live load moments using the AASHTO dis-
tribution factor (S/5, giving an equivalent percentage
of about 43 percent) instead of that determined based
on the test results (about 47 percent). The higher test
distribution percentage was calculated by combining
crossings to derive a percentage based on two lanes
being loaded. The narrow bridge width does not allow
for the presence of more than one large truck on the
bridge. The AASHTO distribution factor agrees well
with the field-measured distribution percentage with
one lane loaded.

21426013-13 BER Open: Int. J. Bridge Eng., Manage. Res.

BER Open: Int. J. Bridge Eng., Manage. Res., 2026, 3(3): 21426013



0

20

40

60

80

100

120

Beam 1 Beam 2 Beam 3 Beam 4 Beam 5

niarts
orc i

M

1/6 Point

2/6 Point

Mid

Figure 15. Upstream lane back-to-back midspan strain results
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Table 4. Average midspan neutral axis locations (measured from beam bottom)

Beam number Average midspan neutral axis location

1 and 3 22.8 in.
5 19.5 in.

2. Calculate stresses based on a typical (theoretical) sec-
tion modulus, which is close to that based on the test
results.

3. Conservatively ignore fixity in the rating analysis
because there is uncertainty in the bridge design, and
fixity assumptions may not remain valid at higher
loads.

Load rating analysis performed based on the above and
identified design parameters resulted in inventory and oper-
ating ratings of about 24.6 and 40.8 tons, respectively. The
analysis was based on the AASHTO LFD method, includ-
ing impact. Note that HS-20 and H-20 rating trucks were
assumed in the load rating analysis, with each loading sce-
nario accounting for the two possibilities of the bridge being
designed using “High P/T” and “Low P/T”. See Reference
8 for more information on high and low post-tensioning
forces.

Based on the load rating results, the bridge owner was
notified of the adequacy of the structure to carry the 15-ton
school bus.

Conclusions and Recommendations

This paper introduces a pioneering approach for load rat-
ing existing simple-span prestressed concrete bridges with
no record plans. To address the data knowledge gap, the
approach assumes the structure was originally designed to
the minimum AASHTO code requirements applicable at the
time of construction. It then uses a linear programming solu-
tion to establish feasible combinations of prestressing force
and eccentricity information. Finally, it utilizes the results in
full-scale load testing to investigate the bridge response to
loads and determine parameters for safe and reliable load
rating of the structure. The documented approach serves as
a proven evaluation tool and has already been validated in
subsequent related studies.9,13

The paper showed how load testing could be planned
and performed, despite the lack of design information about
the structure. The incremental approach to the testing and
the type of reasoning and analysis described in the paper
could be replicated on any simple-span prestressed concrete
structure with no plans on record.

The primary findings from the load testing can be sum-
marized as follows:

• a. Load distribution on the structure was excel-
lent and comparable with that estimated using the
AASHTO equation.

• b. The theoretical beam section modulus was verified
using results based on strain readings from gages

mounted to determine neutral axis locations and
again from moment-versus-strain results.

• c. The structure was about 90 percent fixed at the
south end and about 76 percent fixed at the north end.

• d. An AASHTO LFD load rating was performed
using a conservative approach, assuming the struc-
ture to be simply supported, the actual AASHTO
distribution factor, and the theoretical section mod-
ulus, which was very close to that based on the test
results.

• The recommended H inventory and operating ratings
are 24.6 and 40.8 tons, respectively, and the recom-
mended HS inventory and operating ratings are 40.3
and 67.7 tons, respectively

• e. The structure is more than adequate for carrying
a15-ton school bus traffic.
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Abstract: This article presents a calculation method developed by the company SINA with the aim of establishing a
priority ranking for interventions involving the improvement, upgrading, or demolition and reconstruction of a set of
bridges. As a measure of the urgency of an intervention, the “cost of postponement” for the community is proposed,
defined as the increased risk associated with maintaining the current state of the structure for 1 year. Following the
standard logic of risk analysis, this cost is estimated by multiplying the probability of bridge collapse, calculated over a
1-year period, by all the potential damages that such a collapse would cause.

Although the calculation is affected by several sources of uncertainty, the proposed procedure, based on the collection
of a few essential data points and a limited number of simple steps, allows for sufficiently reliable comparisons between
bridges. It highlights which characteristics most significantly influence risk and which can reasonably be neglected.
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Introduction

All calculation tools that enable a managing company to
develop, in the most rational way possible, a program of
maintenance or improvement interventions for the bridges
within its road infrastructure, based on available knowledge
of the structures, while minimizing economic resource con-
sumption and maximizing user safety, are generally referred
to as BMS (Bridge Management Systems).1,2,3 The most
recent examples of research in the field of BMS focus on the
use of artificial intelligence for the preliminary classification
of structures.4–7

When one of these evaluation methods is applied to the
entire set of managed bridges, the result is always a more
or less extensive list of bridges requiring intervention, along
with an equally extensive list of various types of actions to
be carried out on them. For example, in the case where the
Italian Bridge Guidelines [CSLLPP8] are followed, at the end
of the process of progressively increasing knowledge about
the structures, a list of bridges classified as “Transitabili”
(passable) is obtained. This refers to structures that require
upgrading works so that they can be verified according to the
currently applicable Technical Standards for Construction.

It should be noted that, in any case, regardless of the
decision-making method adopted, the theoretical risk is
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minimized only when all the planned interventions are car-
ried out immediately. However, when the workload is such
that it makes the immediate execution of all interventions
impossible, not only for economic reasons but also due to
organizational and management constraints, it becomes nec-
essary to determine which interventions can be postponed so
that the associated increase in risk can be considered accept-
able. A system is therefore needed to select the intervention
program that represents the best compromise between risk
reduction and operational management requirements.

This article presents the calculation method developed
by the company SINA,9 published in various papers and
currently being tested,10 with the aim of establishing a prior-
ity ranking for structures already classified as “Transitabili”
according to the Italian Bridge Guidelines, that is, structures
that must soon undergo repair, improvement, or demoli-
tion and reconstruction interventions. The method therefore
serves as a necessary complement to the regulatory frame-
work and is useful for estimating which structures (already
identified for intervention) require more urgent action and
which can reasonably tolerate a delay with an acceptable
increase in risk.

General Considerations

The basic idea is that it is possible to estimate, for each
bridge, the “cost of postponing” an intervention. This cost
is represented by the increased risk associated with main-
taining the current condition of the structure for another
year instead of immediately carrying out the planned works.
The higher the estimated cost, the greater the urgency of
performing the improvement intervention without delay.
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The estimate is developed by considering a finite number
of risk scenarios against which protection is sought. For each
scenario, it is necessary to identify a limit state that must not
be exceeded, the probability that it may be exceeded within
the considered time period, and the material damage to
society that would result from exceeding that limit state. The
cost of postponement for a single risk scenario is given by
the product of the probability that the aforementioned limit
state will be exceeded within 1 year and the corresponding
theoretical economic damage, as expressed in Eq. (1):

Cd =
∑

Dj

(
pj − p0j

)
(1)

where Cd is the total cost of postponement, Dj represents
the economic damage associated with exceeding the jth limit
state, pj is the probability that the structure in its current
condition will exceed that limit state within 1 year, and p0j is
the probability calculated for the structure after the planned
restoration intervention has been carried out immediately.

Risk Scenarios

The first step is therefore to appropriately select the risk
scenarios to be considered. In order for the costs associated
with individual scenarios to be simply summed, as in Eq. (1),
it is necessary that the scenarios be statistically independent.
For bridges with typical characteristics, a reasonable choice
could be the following:

– Collapse of part of the deck due to traffic overload.
– Failure of a slab panel due to traffic overload.
– Collapse of one or more piers caused by an earthquake

(or by wind, where more significant).
– Collapse of the structure caused by a hydrogeological

event.

Further addressing the issue of the statistical indepen-
dence of the events, it should be noted that, for each scenario,
the structural components considered (girders, deck slab,
piers, and foundations) are different; they were constructed
at different times, using different materials, and, in some
cases, by different personnel. Moreover, the external loads
are also entirely independent. The only exception concerns
the first two events, both of which are related to traffic
loads. However, under ordinary conditions, the most critical
actions for the verification of the entire deck are generally
associated with global load models, such as Load Model 1 of
the Eurocode. For deck slab verification, on the other hand,
provided that the spacing between girders is not excessively
large, the most critical results are more frequently associ-
ated with Load Model 2 or other concentrated loads. In
other words, the traffic and loading configurations leading
to collapse in the two scenarios are generally substantially
different and, for the purposes of the proposed method,
may reasonably be considered statistically independent. For
bridges with very short design spans or with widely spaced
girders, a case-specific assessment may be appropriate, and a
single traffic-load scenario could be considered instead.

As is well known, the events that cause the greatest
number of bridge collapses worldwide are hydrogeological

in nature. Unfortunately, however, the literature does not
currently provide sufficiently reliable formulations to esti-
mate the probability of bridge collapse due to landslides or
floods. Therefore, in this publication, hydrogeological events
have not been considered. However, if a planned intervention
does not affect the structural resistance to this type of event,
it can be observed that the difference pj − p0j in Eq. (1)
for the hydrogeological scenario is equal to zero. There-
fore, the cost component associated with hydrogeological
events may reasonably be neglected. Conversely, if the set
of interventions under comparison includes measures aimed
at improving bridge performance with respect to hydroge-
ological hazards, the collapse probabilities associated with
such scenarios should also be evaluated. In these cases, the
relevant information available in the specialized literature
should be consulted.

Probability of Collapse

Since this calculation is performed at a stage when the deci-
sion about which bridges require intervention has already
been made, it is assumed that the results of structural assess-
ments are available for traffic loads, as well as for seismic
and wind actions. It should be noted that these assessments
do not necessarily need to have been carried out using
highly sophisticated calculation methods (e.g., finite element
analysis). All that is required for the proposed method is,
for each of the three considered risk scenarios, the value of
the structural resistance R at the most critical section, to be
compared with the maximum effect of external loads E at
the same section.

It is therefore possible to estimate the probability of
exceeding the limit state based on the aforementioned
resistance and load effect data, as illustrated in a recent
publication by SINA,11 to which the reader is referred for
further details and for the derivation of the formulas. The
calculation of the reliability index β, which expresses the
probability of exceedance, can be represented by the follow-
ing relationship:12

β = βC + ln (R/E) /σ (2)

where the additional symbols have the following meaning:

– βC is a constant representing the reliability index when
resistance and load effect are exactly equal;

– σ is a parameter expressing the statistical variability of
ln (R/E).

The practical application of Eq. (2) varies depending on
the specific risk scenario considered, as described in the
following sections.

Since the time period considered is only 1 year and,
under ordinary conditions, material deterioration does not
progress significantly over such a short interval, the probabil-
ity of collapse is assumed to remain constant over time and to
depend solely on the structural assessments performed with
respect to the current condition of the bridge. Conversely,
if the deterioration process is progressing very rapidly, the
bridge should be excluded from the present prioritization
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procedure and immediate intervention should be undertaken
without performing further analyses.

It should be noted that the choice of the time interval
length—taken here, for convenience, as 1 year but potentially
adjustable, provided that it remains within the range of
short intervals and thus preserves the assumption that the
evolution of the materials’ condition state can be neglected—
affects the absolute values of the collapse probabilities and,
consequently, the final costs, but it does not affect the rank-
ing of the bridges and is therefore not important for the
purposes of the present method. It may be appropriate to
set it equal to the frequency at which the calculations are
periodically updated.

Failure due to traffic loads

In the case of global deck failure caused by traffic loads,
the resistance R may be expressed as the bending moment
capacity or shear capacity, calculated using the safety factors
at the ultimate limit state required by current standards.
Following the same logic, the maximum effect of external
loads E may be represented by the corresponding bending
moment or shear resulting from the most unfavorable traffic
load configuration, including the relevant safety factors at
the ultimate limit state, again according to current regula-
tions. The section to be considered should clearly be the
one yielding the lowest ratio R/E, selected among those of
the main load-bearing structures, typically the beams or the
entire deck in the case of box girder decks. In the case of local
slab failure, the considered actions change, but the reasoning
remains entirely analogous.

In calculating the resistance, material degradation must
necessarily be taken into account. Since the time period
considered for probability evaluation is very short, only 1
year, the deterioration of the bridge over time does not
need to be modeled; it is sufficient to consider the current
condition.

As for the constant βC , since in this case the ratio R/E is
equal to 1 when the structural resistance exactly meets the
requirements of current standards, reference can be made to
Eurocode 0,13 Section B3.2, thus adopting βC = 3.8 for a
reference period of 50 years.

For the calculation of the statistical variability σ , refer-
ence is generally made to the previously mentioned SINA
publication.11 In brief, the parameter σ was calibrated to
comply with the requirements of the Italian Bridge Guide-
lines, which prescribe reduced safety factors γ ′

M , γ ′
Q, and γ ′

G
when assessing a structure against a target reliability index
of β = 2.8. Approximating Rd as Rd

∼= Rk/γM , it can be
demonstrated that the safety factor (R/E)2.8 corresponding
to a structure with β = 2.8 is such that (R/E)2.8

∼= γ ′
M(γ ′

Q +
ργ ′

G)/(γM(γQ + ργG)), where ρ denotes the ratio between
permanent and variable loads. Since σ = ln(R/E)/(β − βC),
by setting β = 2.8, it follows that σ = −ln((R/E)2.8).

Formula (3) is therefore proposed, as it yields relatively
low values and is thus highly conservative:

σ = −ln ((1.1 (1.2 + ρ · 1.16))/ (3)

(1.15 (1.35 + ρ · 1.25)))

Considering a variability of the ratio ρ between 0.5 and
2, the parameter σ ranges between 0.13 and 0.15. In the case
of slab verification, ρ can be considered approximately equal
to 0, resulting in σ = 0.16. Fig. 1 shows how the reliability
index of the structure varies as a function of the ratios R/E
and ρ.

Figure 1. Reliability index as a function of the ratio
between resistance and load effect

Recalling that P = Φ (−β), the variation in the probabil-
ity of collapse, considering a reference period of 50 years, as
a function of the ratio R/E is shown in Fig. 2.

Figure 2. Probability of collapse (50 years) as a
function of the ratio between resistance and load

effect

The probability over 50 years P is then converted into the
probability referring to a single year p using Eq. (4), based on
the assumption that all years are equivalent (since only the
current state of material degradation has been considered):

p = 1 − (1 − P)1/50 (4)

As can be seen from the graphs and formulas, even a
slight reduction in deck resistance leads to a significant
increase in the probability of structural collapse, also due
to the conservative value assigned to the standard deviation
σ. For example, when the ratio R/E decreases from 0.9 to
0.85 (assuming ρ = 1), the annual probability of collapse
increases from 2.3 · 10−5 to 8.2 · 10−5, effectively quadru-
pling. These values highlight how strongly the assessments
presented in this article depend on the accuracy of the struc-
tural analyses: even minor approximations or simplifications
made “on the safe side” can lead to a significant overestima-
tion of the associated risk.

As an alternative to calculations performed using finite
element models, where such models are not available and a
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rapid assessment is required, the external load effects may
also be estimated using simplified methods, for example,
the Courbon method. Similarly, without precise knowledge
of reinforcement details or actual thicknesses, the struc-
tural resistance may be assumed equal to the load effect
corresponding to the requirements of the original design
standards. However, when proceeding in this way, the stan-
dard deviation σ should be adjusted accordingly to account
for the increased uncertainty in the calculation. Nevertheless,
for the reasons discussed above and since this method is
applied only after gaining sufficient knowledge of the bridges
and defining the maintenance strategy, it is recommended
not to rely on results that have not been obtained through
accurate analyses when determining the ratio R/E.

Failure due to seismic action

In the case of failure of one or more piers caused by horizon-
tal external actions, such as earthquakes or wind, many of
the considerations already discussed remain valid. However,
seismic actions require specific considerations. In particular,
the calculation of the standard deviation σ differs because
the uncertainty associated with the computational model is
much more significant. Moreover, the standard deviation of
ground acceleration is not a fixed value but varies depending
on the location.

The total standard deviation can be expressed as the
contribution of three main factors, as shown in Eq. (5):

σ =
√

σ 2
R + σ 2

M + σ 2
a (5)

where

– σR represents the variability of the structural
resistance,

– σM represents uncertainties related to mathematical
modeling, and

– σa is the variability of peak ground acceleration.

Compared to the static case, the second and third con-
tributions take on much higher values, making the first
contribution almost negligible, which can be generally
assumed as σR = 0.1. Italian standards provide ground
acceleration values for their territory with σa = 0.4 ÷ 0.6.
If the reliability of structures with respect to seismic loads
must be on the order of β = 3.8, it can consequently be
shown11 that the modeling uncertainty should be σM =
0.5 ÷ 1.0, a variability that in design practice is represented
by the behavior factor q. Using intermediate values σa = 0.5
and σM = 0.75, we obtain σ = 0.9, which is significantly
higher than the value used for traffic loads. Assuming R/E
as the result obtained from a seismic vulnerability analysis,
that is, the ratio between the collapse acceleration of the
structure and the peak ground acceleration, the variation in
the probability of collapse, considering a reference period of
50 years, is as shown in Fig. 3.

It is nevertheless clear, similarly to the static case, how
significant the role of uncertainties is.

It should be noted that in the static case the load effect
E includes not only traffic loads but also permanent loads,

Figure 3. Probability of collapse (50 years) as a
function of the ratio between accelerations

whereas in the seismic case the external action is given solely
by forces induced by the earthquake, so the trends shown in
Figs. 2 and 3 can be considered similar.

Damages

The analysis of damages suffered by society due to possible
structural failures of a bridge has also been the subject of
a dedicated publication,14 to which the reader is referred
for further details. In this article, only the main concepts
are recalled, and above all the practical mathematical steps
are presented that allow a credible estimate to be obtained
starting from essential data about the structures. It should be
noted that, in estimating damages, the aim is not to calculate
their exact amount to the nearest unit; given the uncertainties
involved, it is sufficient to capture their order of magnitude.

The figures presented in this chapter were calculated for
Italy and refer to the year 2016. In particular, the values
reported in Tables 1 and 2 may be affected by inflation and,
of course, vary from country to country (and potentially also
between regions with different economic conditions). For
applications in countries other than Italy and in different
time periods, it is recommended that the proposed values
be adjusted using the international publications from which
these data were derived.15,16 However, for the sole purpose
of bridge prioritization, these figures may be used without
modification, since the effects of inflation and differing
economic conditions are essentially the same for all bridges
within a given infrastructure network and therefore do not
affect the resulting priority ranking. Moreover, the uncer-
tainties involved are such that corrections of only a few
percentage points are unlikely to have a significant impact.

Equation (8), on the other hand, was derived empirically
from the analysis of past bridge failure events in Italy. In
different social contexts, particularly outside the European
Union, where public perception and behavior may differ sub-
stantially, the psychological impact and reputational damage
may be significantly different from those estimated herein.
In such cases, a careful assessment is recommended before
applying Eq. (8).

Only the most common cost items are reported here, as
some types of damage are so specific that they would require
case-by-case evaluation. Typically, when the interruption of
the road crossing the collapsed bridge would isolate a town
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Table 1. Hourly costs

Light vehicles Heavy vehicles

Short distances (<32 km) 13.7 e 56.1 e
Long distances (>32 km) 17.5 e

Table 2. Congestion costs

Flow-to-capacity ratio Motorway Other roads

Light
vehicles

r > 1.2 0.223 e 0.452 e
1 < r < 1.2 0.107 e 0.235 e
0.8 < r < 1 0.044 e 0.105 e

Heavy
vehicles

r > 1.2 0.936 e 1.572 e
1 < r < 1.2 0.452 e 0.815 e
0.8 < r < 1 0.185 e 0.365 e

Table 3. Probability of fatality as a function of height and
velocity

vm [km/h] 0 50 90 110

h [m] Probability [%]
2 0 5 63 93
5 1 8 72 95
10 3 18 83 98
15 9 33 90 99
20 18 50 95 100
25 33 66 98 100
30 51 78 99 100
35 66 87 100 100
40 79 94 100 100
45 88 97 100 100
50 94 99 100 100

or even an entire valley (a fortunately rare case), and con-
sidering that such an interruption may last several months,
a specific study is required since the direct and indirect
consequences can be extremely complex to estimate.

It should be noted that it is not necessary to include
among the potential consequences those associated with the
roadworks required to implement the proposed improve-
ment measure. Since the comparison is made between the
scenario in which the intervention is carried out immediately
and the scenario in which the same intervention is postponed
by 1 year, the construction site is assumed to be essentially
identical in both cases. Consequently, any impacts associated
with the works, whatever their nature, are the same in both
scenarios and therefore do not affect the final result.

Finally, experience gained from analyzing numerous case
studies shows that some types of damage, such as reconstruc-
tion costs and purely environmental damages, except in very

particular cases, are numerically much less significant than
the main ones; therefore, they will not be discussed in this
article and can generally be neglected.

Estimation of the number of people involved

For obvious reasons, the first and most important evaluation
when examining the consequences of a structural failure is
the probability that loss of human life may occur in the event
of a collapse.

According to the cited publications,14 two different sce-
narios must be considered: the first is free-flowing traffic
conditions, and the second is a situation in which the entire
deck is occupied by stationary vehicles blocked in a queue
or traffic jam. The free-flow scenario should be considered
when the structural failure event is statistically independent
of traffic conditions on the bridge: earthquakes, landslides,
or floods do not depend on vehicular traffic and may occur
at any time. Therefore, it is assumed that, at the moment
the event occurs, traffic is in its most ordinary and typical
condition.

Conversely, in the case of failure due to traffic overload,
the event occurs (at least theoretically) when the vertical load
on the structure is at its maximum. A queue of stationary
vehicles, which may occur even on bridges with relatively
low traffic volumes, represents the condition with the highest
vehicle density and therefore the peak load. Unfortunately,
it is also the condition with the greatest number of people
present on the bridge.

In the free-flow traffic scenario, it is assumed that a
number of vehicles equal to the average daily traffic travels
over the bridge at an average speed (a good reference for
speed is provided by travel times indicated by navigation
systems for the specific road segment). The number of people
involved in the collapse is given by Eq. (6):

n = ((L + d)/vm) (1.2VL + VH)/(24 · 60 · 60) (6)

where L is the length of the portion of the structure involved
in the failure, d is the stopping distance, vm is the travel
speed in m/s, VL is the average daily number of light vehicles
crossing the bridge, and VH is the average daily number
of heavy vehicles. Coefficient 1.2 represents the occupancy
factor for light vehicles, while for heavy vehicles it is taken as
1. The stopping distance can be calculated as a function of
the average speed by assuming a typical deceleration value
of −6.5 m/s2:17 d = v2

m/13.
To give a concrete example, the average daily traffic on

Italian highways typically ranges between 10,000 and 30,000
vehicles per day. If VL = 12000, VH = 3000 and vm =
100 km/h, the number of people involved would be n =
0.0073 ·L + 0.43. For a collapsed length of 100 m, this corre-
sponds to approximately 1.2 people, a relatively low number,
despite the significant traffic volume and considerable length
considered.

The same formula can be used to estimate the number
of people involved when traffic passes beneath the structure
rather than above it, as in the typical case of a highway
overpass. In this case, L would represent the width of the
overpass, generally a small value (usually 10 ÷ 15 m).
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The scenario involving a traffic queue on the bridge is
entirely different. In this case, the empirical Eq. (7) is pro-
posed, developed assuming one lane fully occupied by heavy
vehicles (responsible for the overload) and the remaining
lanes congested with passenger cars:

n = L/25 + 1.2 (nc − 1) L/10 (7)

where, as before, L is the length of the portion of the structure
involved in the failure and nc is the number of lanes indicated
by road markings. For roads with 1, 2, or 3 lanes, n is,
respectively, 0.04 L, 0.16 L, and 0.28 L. It is clear that for
large lengths, the number of people involved can become very
significant.

Probability of fatalities

Once the most likely number of people involved has been
estimated, it is necessary to determine what would happen to
them, depending on the type of limit state considered. First,
it should be clarified that in this publication the number of
injured people is not calculated, since the associated damages
can be considered negligible compared to those related to
fatalities. Furthermore, in the case of local failures, such as
slab collapse with a relatively small spacing between beams,
given the limited extent of the damage, the possibility that
such events could cause fatalities is excluded.

In general, it is assumed that, in the event of bridge
collapse, the vehicles fall together with the structure. Conse-
quently, the vertical impact velocity of the vehicles against
the ground beneath is assumed to be equal to that of the
bridge deck, neglecting the deceleration effect resulting from
the interaction between the vehicles and the collapsing struc-
ture. To this vertical component, a horizontal component vm

is added, corresponding to the speed at which the vehicles
were traveling at the instant the collapse began, assuming
that the drivers had no time to brake.

For simplicity, by applying the free-fall equation in a
vacuum, the impact velocity at ground level is given by
v = √

v2
m + 2gh, where h is the height of the bridge deck

above ground level. For the scenario in which vehicles are
stationary in a traffic queue, the same equation is used, with
the assumption that vm = 0.

It is then assumed that the consequences of impact
are those indicated by a study published by the National
Highway Traffic Safety Administration (NHTSA), part of
the U.S. Department of Transportation for frontal vehicle
collisions.18 This is also an approximation, since during the
fall each vehicle could overturn in various ways, but these
results are considered reasonably applicable. See also19 for
other details. Table 3 and Fig. 4 show the probability that the
fall is fatal as a function of velocity and height. The proba-
bility for the bridge under consideration can be obtained by
interpolating the values in the table.

Let us now consider an example of application of the
calculation just described. Consider a three-lane motorway
viaduct, 20 m above ground level, consisting of three 30-m
spans with a grillage of simply supported beams. Assume
that the average daily traffic consists of 10,000 light vehicles

Figure 4. Probability of fatality as a function of
height and velocity

and 2,000 heavy vehicles, and that the average speed is
110 km/h.

For the limit state involving failure of a beam, the col-
lapsed bridge length would be 30 m and the number of people
involved would be: n = 30/25 + 1.2 (3 − 1) 30/10 = 8.4.
Since stationary queued traffic is considered, there would
be an 18% probability of fatality, resulting in a total of:
8.4 · 0.18 = 1.5 potential fatalities. If the bridge were higher,
the probability would increase significantly, leading to a
much higher expected number of victims. Conversely, traffic
volume has no effect.

For the limit state involving collapse caused by an
earthquake, it is assumed that the effect of horizontal
actions is critical for both piers and therefore that the
collapsed bridge length is the entire structure. Thus, n =((

90 + 30.52/13
)
/30.5

)
(1.2 · 10000 + 2000)/(24 · 60 · 60) =

0.86. Although the probability of fatality is 100%, the
expected number of victims remains approximately half that
of the static case.

Finally, for the limit state involving slab failure, n = 0 is
assumed.

Damages due to the presence of people on the
bridge

In this section, an economic value is assigned to the loss of
human lives. It is important to note that the aim is not to
determine the value of human life, but rather to estimate how
much society is willing to pay to avoid the risk of fatalities.

The total damage is given by the sum of a fixed com-
pensation per victim and a contribution related to the
psychological effect. This effect remains relatively limited
when the number of victims is small, but increases exponen-
tially when public perception of the bridge collapse shifts
from a tragic accident to a disaster. The proposed empirical
formula is given in Eq. (8), also illustrated in Fig. 5, and is
based on experience from events that have occurred in Italy
in the recent past:{

D = 3250000 · n + 1000000 · (3.523n − 1)

D = 3250000 · n + 1000000 · 1800 log (n − 3)

if n < 5
if n ≥ 5

(8)
The first part of the equation (3250000 · n) was derived

from the data published in the “European DG MOVE Hand-
book on External Costs of Transport”.15 The second part
was determined by assigning a value of approximately e2.9
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Figure 5. Damages as a function of the number of
fatalities

billion to reputational damage—an estimate of the losses
incurred by the concessionaire following the 2018 collapse of
the Polcevera Viaduct;20,21—for n = 43, corresponding to the
number of fatalities in that accident. Conversely, low values
were assigned for n < 3, reflecting the observation that in all
other bridge failure incidents involving at most two fatalities,
no significant reputational damage was observed.

Returning to the previous example, n = 1.5 results in
slightly more than 10 million euros in damages. From Fig. 5,
it is clear that as the number increases, the calculated amount
rapidly rises from millions to billions of euros, effectively
making the postponement of improvement interventions
inadvisable.

This effect makes the present method quite similar to what
is proposed in Bulletin No. 80 of the FIB,22 which suggests
adopting a minimum reliability index of 2.8 for structures
with short spans (less than about 30 meters) based solely
on economic criteria, while the index increases rapidly for
bridges with longer spans due to considerations related to
the protection of human life.

Damages due to service interruption

As highlighted in the previous section, when a potential
bridge collapse could result in numerous fatalities, the cri-
terion of safeguarding human life becomes so important
that all other considerations become secondary. When the
size of the structure is smaller, however, damages caused by
the interruption of the road service crossing the bridge also
become significant.

Damages due to infrastructure interruption are typically
calculated by estimating a daily cost and multiplying it by the
duration of the service disruption. With regard to daily costs,
the two main components are related to user delays (cdel) and
traffic congestion (ccon), as expressed in Eq. (9):

Did = T (cdel + ccon) (9)

The time T during which the bridge is expected to remain
closed was estimated on the basis of experience gained from
past bridge failure events. In particular, it was observed that
the total duration can be reasonably approximated as the
sum of three distinct components:

– The first part is due to closure imposed by judicial
authorities to allow investigations, only in cases where

there are doubts about the causes of the collapse. It
is proposed to consider 6 months for collapses caused
by traffic overload and 0 months for seismic events (as
well as hydrogeological events).

– The second part is required for the design of restora-
tion or reconstruction works and for prefabrication
of some structural elements. Assuming activities are
organized to be completed as quickly as possible, a
duration of 1 month is proposed.

– The third part concerns the execution of the works.
Assuming maximum speed, the empirical Eq. (10) is
proposed, where L is the length of the structure in
meters:

tw = 50 log10L (10)

In the previously mentioned example of a motorway
bridge 90 m long, the duration (assuming no additional
bureaucratic delays) would be T = 180+30+98 = 308 days
for traffic-related collapses and T = 30 + 98 = 128 days for
seismic events.

Turning to the evaluation of daily costs, it is assumed that
from the time of collapse until the bridge reopens, users will
no longer be able to use the collapsed bridge and will have to
take an alternative route, resulting in increased travel times
and higher traffic on the alternative road. The proposed
calculation approach considers these two effects separately;
therefore, the increase in travel time is calculated indepen-
dently of traffic congestion, to avoid double counting.

Drawing on the experience gained in the management
of road infrastructure, we hypothesize that, when a road is
unexpectedly closed for a short period, most drivers who
would normally use it will follow the alternative route sug-
gested by their navigation systems and will choose the same
secondary road. For simplicity, it is also assumed that users
already on the secondary road do not change their behavior
and continue using the same route. This is particularly likely
when the road crosses hilly or mountainous terrain, where
alternative routes are very limited. However, even in flat
areas, the road network is rarely dense enough to provide
multiple substantially equivalent routes from which users
can choose. As a result, traffic on the selected secondary
road increases (being the sum of normal traffic and diverted
traffic), while the impact on all other roads is negligible.

The damage due to increased travel time is calculated by
summing the contributions of light and heavy vehicles, as
shown in Eq. (11):

cdel = (DLVL + DHVH) (T − T0) (11)

where

– DL is the hourly cost for a light vehicle (in euros),
– DH is the hourly cost for a heavy vehicle (in euros),
– VL is the average daily number of light vehicles crossing

the bridge,
– VH is the average daily number of heavy vehicles cross-

ing the bridge,
– T is the travel time on the original route (before the

collapse) (in hours), and
– T0 is the travel time on the alternative route (before the

collapse) (in hours).

21426014-7 BER Open: Int. J. Bridge Eng., Manage. Res.

BER Open: Int. J. Bridge Eng., Manage. Res., 2026, 3(3): 21426014



Viaduct n. 1 Viaduct n. 2 Viaduct n. 3

Figure 6. Case studies

Table 4. Congestion costs

Bridge No. 1 Bridge No. 2 Bridge No. 3

Bridge characteristics
Deck length LD [m] 56 508 53
Maximum height above
ground

H [m] 16 45 16

Road section characteristics
Average daily traffic—light
vehicles

VL [vehicles/day] 6340 8209 8028

Average daily traffic—heavy
vehicles

VH [vehicles/day] 1557 1848 1959

Travel time (without
interruption)

T0 [min] 10 7 16

Section length [km] 13 11 17
Average travel speed vm [km/h] 78 94 64

Alternative route characteristics
Average daily traffic—light
vehicles

VLS [vehicles/day] 4000 4000 6500

Average daily traffic—heavy
vehicles

VHS [vehicles/day] 500 500 550

Travel time (without
congestion)

T [min] 18 14 24

Section length LAR [km] 13 12 16
Traffic conditions during
bridge closure

r > 1.0, < 1.2 > 1.0, < 1.2 r > 1.2

cdel = (17.5VL + 56.1VH) (T − T0)/(60 · 1000)

Delay cost cdel [ke/day] 26 29 33

{
ccon = LAR (0.235 (VL + VLS) + 0.815 (VH + VHS))/1000
ccon = LAR (0.452 (VL + VLS) + 1.572 (VH + VHS))/1000

if 1 < r < 1.2
if r > 1.2

Congestion cost ccon [ke/day] 53 57 168
Scenario No. 1: Deck collapse

Safety factor R/E 0.51 0.83 0.69
Ratio between loads ρ 1.0 1.7 0.9

β = 3.8 − ln (R/E)/ln ((1.1 (1.2 + ρ · 1.16))/(1.15 (1.35 + ρ · 1.25)))

Reliability index β −1.00 2.41 1.19

p = 1 − (1 − Φ (−β))
1/50
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Table 4. (Continued)

Bridge No. 1 Bridge No. 2 Bridge No. 3

Annual probability of collapse p 3.6 · 10−2 1.6 · 10−4 2.5 · 10−3

Length of collapsed deck
section

L [m] 35 35 18

Total number of lanes
(excluding emergency lanes)

nc 2 2 2

n = L/25 + 1.2 (nc − 1) L/10
Number of people involved n 5.60 5.54 2.94
Estimated most probable
number of fatalities
(probability taken from
Table 3)

nf 0.58 4.85 0.31

{
D = 3250 · nf + 1000 · (

3.523nf − 1
)

D = 3250 · nf + 1000 · 1800 log
(
nf − 3

) if n < 5
if n ≥ 5

Damages due to fatalities
(including reputational
damages)

Df [ke] 2900 463760 1010

TSI = 180 + 30 + 50 log10LD

Duration of service
interruption

TSI [days] 297 345 296

Did = TSI (cdel + ccon)

Service interruption cost Did [ke] 23710 29757 59665

C1 = (
Df + Did

)
p

Partial cost of postponement C1 [ke] 958 79 152
Scenario No. 2: Deck slab collapse

Safety factor R/E 1.10 1.01 0.96
Ratio between loads ρ 0.10 0.10 0.12

β = 3.8 − ln (R/E)/ln ((1.1 (1.2 + ρ · 1.16))/(1.15 (1.35 + ρ · 1.25)))

Reliability index β 4.40 3.87 3.55

p = 1 − (1 − Φ (−β))
1/50

Annual probability of collapse p 1.1E-07 1.1E-06 3.9E-06

TSI = 180 + 30 + 60
Duration of service
interruption

TSI [days] 270 270 270

Did = TSI (cdel + ccon)

Service interruption cost Did [ke] 21554 23288 54424

C2 = Didp
Partial cost of postponement C2 [ke] 0 0 0

Scenario No. 3: Piers collapse due to earthquake
PGA acceleration ratio IR 0.53 1.32 1.14

σa 0.44 0.44 0.44
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Table 4. (Continued)

Bridge No. 1 Bridge No. 2 Bridge No. 3

β = 3.8 − ln (IR)/

√
0.12 + σ 2

a + (1.5σa)
2

Reliability index β 3.00 4.15 3.96

p = 1 − (1 − Φ (−β))
1/50

Annual probability of collapse p 2.7E-05 3.5E-07 7.7E-07

n = ((
LD + (

v2
m/13

))
/vm

)
(1.2VL + VH)/(24 · 60 · 60)

Number of people involved n 0.45 2.90 0.58
Estimated most probable
number of fatalities
(probability taken from
Table 3)

nf 0.36 2.90 0.34

D = 3250 · nf

Damages due to fatalities
(including reputational
damages)

Df [ke] 1160 9410 1100

TSI = 30 + 50 log10LD

Duration of service
interruption

TSI [days] 117 165 116

Did = TSI (cdel + ccon)

Service interruption cost Did [ke] 9340 14231 23382

C3 = (
Df + Did

)
p

Partial cost of postponement C3 [ke] 0 0 0
Total cost of postponement [ke] 958 79 152

Using data available in the literature,15,16 and assuming
a traffic composition of 80% commuting/business and 20%
personal travel, the proposed hourly costs are those shown in
Table 1. Long-distance values should be used for motorway
bridges, while short-distance values are more appropriate for
local road bridges.

Travel times can be easily assessed using any navigation
system by measuring the shortest travel time on the infras-
tructure under consideration and then forcing the route
through the alternative secondary road.

On the selected secondary road, traffic volume increases,
and therefore the speed of all vehicles decreases. In addition
to the costs due to the longer route, the damage caused by the
reduction in speed for all users must also be considered. The
proposed formula, similar to the previous one, is Eq. (12):

ccon = L (CL (VL + VLS) + CH (VH + VHS)) (12)

where

– L is the length of the congested road section (in km),
– CL is the cost for a light vehicle (in euros),
– CH is the cost for a heavy vehicle (in euros),

– VLS is the average daily number of light vehicles nor-
mally using the alternative road, and

– VHS is the average daily number of heavy vehicles
normally using the alternative road.

For the calculation, the appropriate values should be
selected from Table 2.

As an example, consider again the 90-m bridge. Assume
that the alternative road onto which motorway traffic
would be diverted is a 10-km secondary rural road,
VLS = 3000 and VHS = 300, so that the resulting
traffic would be more than congested. Also assume that
travel times increase from 6 minutes to 15 minutes (the
travel time on the uncongested secondary road under ordi-
nary conditions). The resulting values would be: cdel =
(17.5 · 10000 + 56.1 · 2000) (15 − 6)/60 = 43080e and
ccon = 10 (0.452 (10000 + 3000) + 1.572 (2000 + 300)) =
94916e. Summing these costs, which are obtained under
entirely ordinary conditions, and multiplying them by the
reconstruction duration of 308 days, the total damage
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exceeds 42 million euros. It is therefore clear that the recon-
struction cost is, overall, negligible compared with the cost
of service interruption.

Case Studies

The practical application of the method was tested through
the classification of interventions on a significant number
of real bridges. For the purposes of this paper, only the
calculations performed for three bridges are presented for
brevity shown in Fig. 6, as they are considered sufficiently
representative.

All structures carry the same motorway and were built in
the 1960s. Following the indications of the Italian guidelines,
they were selected for rehabilitation interventions.

The first viaduct is a three-span reinforced concrete beam
grillage, with the central deck section supported by Gerber
hinges resting on cantilever brackets. The second is a larger
bridge, both in terms of length and height, consisting of a
grillage of post-tensioned prestressed concrete beams simply
supported on the piers. The third bridge has only two spans
and consists of a reinforced concrete box girder supported
through Gerber hinges on the cap beam of the central pier.

Table 4 reports all calculation steps. The cells highlighted
in gray contain the input data, whereas the remaining cells
correspond to the calculations described in the previous
sections. Given the context in which the bridges are located,
environmental damages and damages to any underlying
infrastructure were neglected.

For these three example bridges, it is evident that the
parameter that most influenced the final ranking was not
the exposure to risk, but rather the outcome of the structural
assessment. In fact, the intervention on Bridge No. 2 is
ranked as the least urgent, even though the consequences of
a structural failure would be significantly greater than for
the other two bridges. It can be observed that, if for this
bridge the R/E ratio, equal to 0.83, were hypothetically 0.72
or lower, priority should instead be assigned to this structure.

It can also be seen that, in this case, the ranking was deter-
mined exclusively by the deck performance under traffic
loads, whereas resistance to concentrated loads and seismic
actions had no influence on the final classification.

Remarks

The estimation of the cost of postponement for each struc-
ture, obtained as described in the previous sections, makes
it possible to establish a priority ranking of already planned
improvement interventions, from the most urgent to those
that can reasonably be deferred because the associated risk
is sufficiently low.

It should always be remembered that the resulting mon-
etary value has a purely conventional meaning. In other
words, the estimated cost can be used in a relative sense to
compare bridges with one another, but it cannot be used in
an absolute sense to determine the actual cost to society of
postponing an intervention. This issue arises not only from
the uncertainties involved in estimating the consequences of

bridge failure—particularly those related to psychological
and social impacts—but, above all, from the choice of the
design standards used for the structural assessment. Indeed,
the primary requirement of a structural assessment report is
that it be defensible, that is, capable of withstanding scrutiny
by judicial or administrative authorities should the correct-
ness of the engineer’s work be challenged. For this reason,
no engineer can disregard compliance with the applicable
national regulations, even when less conservative assess-
ment methods may be available in the scientific literature.
The Eurocodes, as well as the national technical standards
derived from them, were originally developed for the design
of new structures rather than for the assessment of exist-
ing ones. Their application therefore tends to systematically
underestimate the actual performance of existing bridges, as
these standards incorporate numerous simplifications and
assumptions made “on the safe side.” As a consequence,
the calculated probabilities of limit-state exceedance are gen-
erally much higher than the actual probabilities, and the
associated estimated costs are correspondingly inflated.

As with any prioritization process, there is no absolute
safety threshold that certifies risk acceptability; therefore,
this method cannot be used to justify the decision not to
carry out an intervention.

However, the proposed method has the advantage of not
requiring projection of structural resistance into the future
and therefore does not depend on knowledge of the evolu-
tion of material degradation over time. In fact, most bridges
older than 50 years are periodically subject to maintenance
interventions (such as concrete cover repairs, application
of carbon fiber reinforcements, external prestressing, etc.),
the long-term durability of which has not been adequately
studied. For this reason, degradation models available in
the literature, which typically consider only the original
materials, are rarely applicable. By focusing solely on the
probability of collapse over a 1-year period, the present
method avoids these uncertainties.

The proposed procedure requires the collection of only a
few essential data and a limited number of simple calculation
steps. It enables sufficiently reliable comparisons between
bridges, highlighting the characteristics that most strongly
influence risk and those that can reasonably be neglected.
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Abstract: Chloride-induced corrosion initiation is a major durability concern in reinforced concrete bridges. This
study frames corrosion-initiation probability prediction as a multi-horizon sequence-learning problem motivated by the
future use of deterioration records, laboratory studies, sensor histories, exposure variables, and published deterioration
sequences for infrastructure forecasting.

Because compatible real-world deterioration sequence data are not yet fully organized for this task, a diffusion-
based stochastic reliability framework is used to generate controlled simulator-derived corrosion-initiation probability
trajectories. These trajectories provide a first-stage proof-of-concept testbed for evaluating whether a temporal fusion
transformer (TFT) can organize scenario variables and historical sequence information to predict future probability
trajectories.

The results show that the sequence-learning model closely follows the simulator-derived corrosion-initiation probability
trajectory within the sampled scenario space and preserves the expected cover-depth ordering. Benchmark comparison
under a common sliding-window task shows that gated recurrent units achieved the lowest numerical error in this
smooth simulation setting, while TFT remained competitive and provided an interpretable and extensible multi-horizon
forecasting structure. MC Dropout further provides an approximate model-level uncertainty estimate for the trained TFT
predictor.

These findings support the feasibility of simulation-trained sequence learning for controlled corrosion-initiation
probability trajectory prediction, but they do not constitute direct field validation. The contribution is a structured proof-
of-concept workflow for organizing historical observations, covariates, future or scenario-defined inputs, benchmark
evaluation, and approximate uncertainty quantification. Field validation using bridge inspection records, laboratory
deterioration sequences, sensor histories, exposure histories, and maintenance records remains necessary before practical
deployment.

Author keywords: Corrosion initiation; chloride ingress; reinforced concrete bridges; sequence learning; temporal fusion
transformer; durability assessment

Introduction

Reinforced concrete (RC) bridge infrastructure forms a crit-
ical component of modern transportation systems. However,
chloride-induced corrosion of embedded steel reinforcement
remains one of the primary drivers of structural deteriora-
tion and life-cycle cost escalation. Long-term exposure to
marine environments and de-icing salts leads to progressive
chloride ingress through the concrete cover, eventually initi-
ating corrosion, cracking, and loss of structural capacity.1–3
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Environmental factors such as atmospheric chloride deposi-
tion, aerosol transport, and long-term accumulation further
influence chloride transport and corrosion development.4–6

As a result, reliable estimation of corrosion-initiation proba-
bility is essential for durability assessment and maintenance
planning of RC bridge structures.

Chloride transport in concrete is commonly described
using diffusion-based models derived from Fick’s second
law.7–9 While these models provide a useful first-order
approximation, field observations indicate that long-term
deterioration involves more complex interactions, includ-
ing time-dependent diffusivity, microstructural changes,
cracking, and environmental variability.10,11 In addition,
data-driven probabilistic approaches have been increasingly
explored to capture environmental influences on dete-
rioration processes.12 These considerations highlight the
limitations of purely diffusion-based formulations and moti-
vate the need for modeling approaches that can account

21426015-1 BER Open: Int. J. Bridge Eng., Manage. Res.

BER Open: Int. J. Bridge Eng., Manage. Res., 2026, 3(3): 21426015

http://dx.doi.org/10.70465/ber.v3i3.94
mailto:j00411035@jsums.edu


for multiple sources of uncertainty. Recent developments
in chemo-mechanical modeling further emphasize the cou-
pled nature of corrosion-induced damage and transport
processes.13 For bridge-scale and network-level applications,
repeated probabilistic evaluation under varying expo-
sure and design conditions can become computationally
demanding.

To address uncertainty in deterioration evolution, prob-
abilistic reliability methods have been widely adopted
to estimate time-dependent corrosion-initiation probability
and structural performance.14–17 These approaches incor-
porate uncertainties in material properties, environmental
exposure, and structural geometry, and have been extended
to include data fusion from inspection and monitoring
systems.18,19 Despite these advances, traditional reliability
analyses often rely on repeated stochastic simulations for
each scenario, which can limit their scalability for large-scale
or network-level infrastructure assessments.20,21

Recent studies have emphasized the importance of inte-
grating environmental variables and physical degradation
mechanisms into predictive models for improved reliability
forecasting.22 Long-term exposure experiments and durabil-
ity studies further demonstrate the need to explicitly account
for environmental conditions and material behavior in dete-
rioration modeling.23 In infrastructure asset management,
deterioration models play an important role in life-cycle cost
analysis and maintenance planning, and system-level model-
ing frameworks have shown that incorporating probabilistic
uncertainty propagation can improve prediction consistency
and support decision-making processes.24–27

In parallel, data-driven and machine-learning approaches
have been increasingly applied to infrastructure dete-
rioration prediction. Neural network-based models and
data-driven frameworks have demonstrated promising per-
formance in predicting structural condition and long-term
degradation trends.28–30 Large-scale data analytics and
multistate deterioration models further enable improved pre-
diction of infrastructure performance under uncertainty.31,32

However, many existing machine-learning studies focus
on predicting condition states or degradation indicators,
rather than directly representing reliability quantities such
as corrosion-initiation probability, and they often face
challenges related to data quality, interpretability, and gen-
eralization across varying environmental conditions.33

Advances in probabilistic machine learning and sequence
modeling have created new opportunities for representing
time-dependent deterioration processes. Techniques such
as autoregressive probabilistic forecasting and recurrent
neural networks enable distributional prediction under
uncertainty.34,35 More recently, Temporal Fusion Trans-
formers (TFTs) have demonstrated strong capability in
multi-horizon forecasting through attention mechanisms
and interpretable feature selection.36 These characteristics
make TFT suitable for problems in which the target evolves
over time and depends on both static and time-varying
inputs.

Real deterioration-related sequence data already exist in
bridge engineering practice and research, including inspec-
tion histories, component condition ratings, field chloride

measurements, corrosion monitoring, structural-health-
monitoring records, traffic records, weather and exposure
histories, maintenance histories, long-term laboratory
corrosion tests, and published experimental deterioration
datasets. However, these sources are fragmented, heteroge-
neous, and not yet organized into a machine-learning-ready
multi-horizon sequence format that separates historical
deterioration states, static bridge/material/environmental
covariates, observed historical external inputs, known or
scenario-defined future inputs, and future deterioration
targets.

The broader prediction problem motivating this work is
long-term bridge deterioration forecasting from accumu-
lated deterioration-status sequences and external impact
variables. In future field applications, annual bridge
inspection histories, component condition-state records,
maintenance records, structural health monitoring histories,
weather and climate histories, traffic histories, chloride
or marine exposure records, and laboratory or literature-
derived deterioration sequences can be organized as
longitudinal training data. The present simulator-derived
corrosion-initiation dataset is used as a controlled first-
stage testbed for developing the sequence-learning structure
before such heterogeneous real-world data are cleaned,
aligned, and validated for model training.

Accordingly, the prediction accuracy reported in this
study represents agreement between the trained sequence-
learning model and the stochastic simulator, rather than
validation against observed corrosion initiation in real
bridges. Direct field validation requires structured data that
include bridge identity, inspection dates, deterioration states,
material and geometric properties, cover depth, exposure
environment, chloride measurements or proxies, traffic and
loading histories, maintenance histories, and observed cor-
rosion or deterioration indicators.

Although diffusion-threshold reliability models can
generate time-dependent corrosion-initiation probability
trajectories, they do not by themselves provide a structured
sequence-learning framework that separates historical
observations, static bridge/material/environmental variables,
known or scenario-defined future inputs, and future
deterioration targets. Existing bridge deterioration studies
have used inspection data, experimental data, physics-
based models, Markov or semi-Markov models, and
machine-learning methods, but much of this work focuses
on condition ratings, corrosion rates, or state-transition
probabilities. The remaining gap addressed here is the
lack of a structured, interpretable, and uncertainty-aware
multi-horizon sequence-learning framework for future
corrosion-initiation probability trajectory prediction.

The TFT was selected because its architecture aligns with
this forecasting structure. It separates static covariates, his-
torical observed inputs, known or scenario-defined future
inputs, variable-selection mechanisms, temporal attention,
and multi-horizon outputs. This organization is useful
for future bridge deterioration forecasting, where histori-
cal deterioration states, material properties, environmental
exposure, traffic loading, and maintenance scenarios may
need to be represented jointly. The value of TFT in this
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study is architectural alignment with the intended real-data
forecasting problem, not a claim of universal numerical
superiority over gated recurrent units (GRU) or other
sequence models.

Recent studies also show why a TFT-based deterio-
ration forecasting framework requires careful positioning
relative to related civil-engineering time-series work. TFT
has been used for structural health monitoring and anomaly
detection in heritage structures,37 while Transformer or
attention-based models have been explored for pavement
skid, texture, and distress deterioration prediction.38,39 These
studies demonstrate growing interest in attention-based civil-
infrastructure time-series modeling, but use of a TFT-style
framework for scenario-based, multi-horizon bridge corro-
sion or deterioration probability forecasting remains limited.
To the authors’ knowledge, prior bridge deterioration studies
have not yet widely developed a forecasting structure that
explicitly separates long-term historical deterioration states,
observed historical external inputs, static bridge or material
attributes, known or expected future external inputs, and
future deterioration probability outputs within one inter-
pretable multi-horizon model.

Accordingly, this study is positioned as a controlled
proof-of-concept sequence-learning framework. Beyond
reproducing simulator-derived trajectories, the study
evaluates whether a sequence-learning model can learn
population-level corrosion-initiation probability trajecto-
ries, compares TFT with simpler baseline models under
a common forecasting task, identifies dominant physical
parameters through Sobol sensitivity analysis, and assesses
approximate model-level uncertainty using MC Dropout.
These additions clarify the methodological contribution
while preserving the limitation that field validation remains
future work.

Methodology

Chloride diffusion and stochastic reliability mod-
eling

Chloride-induced corrosion initiation in RC can be formu-
lated as a transport-driven limit-state problem, in which
corrosion onset occurs when the chloride concentration at
the reinforcement depth exceeds a critical threshold. The
overall simulator-to-surrogate workflow used in this study
is summarized in Fig. 1. Random material, environmental,
and geometric inputs were first sampled to drive a chlo-
ride diffusion simulator. corrosion-initiation labels were then
generated using a threshold-crossing criterion at the rein-
forcement depth, and the resulting realization-level labels
were aggregated into population-level corrosion-initiation
probability trajectories, Pf (t), for surrogate-model training
and evaluation.

Diffusion-based models derived from Fick’s second law
remain a widely used baseline for representing chloride
ingress in concrete structures.8 However, their direct appli-
cability is limited because concrete is a reactive and

heterogeneous medium, and the assumption of constant dif-
fusivity is rarely satisfied over depth and time. Experimental
and analytical studies further indicate that chloride trans-
port is influenced by ionic interactions, binding effects, and
electrochemical processes, motivating the use of effective dif-
fusion parameters rather than intrinsic material constants.9

Let C(x, t) denote the chloride concentration at depth x
and time t. Corrosion initiation at the reinforcement depth
xrebar is described by the limit-state function

g(t) = Ccrit − C(xrebar, t), (1)

where Ccrit is the critical chloride concentration. Corrosion
initiation is assumed to occur when

g(t) ≤ 0. (2)

The population-level corrosion-initiation probability is
then defined as

Pf (t) = P(Tinit ≤ t) = P(g(t) ≤ 0), (3)

where Tinit denotes the corrosion-initiation time. This formu-
lation is consistent with probabilistic reliability frameworks
for infrastructure systems, in which the temporal evolution
of failure probability provides a more informative basis
for engineering interpretation than a single deterministic
estimate.

The present simulator focuses on chloride-induced cor-
rosion initiation, defined as a threshold-crossing event
when the chloride concentration at the reinforcement depth
exceeds the critical chloride concentration. Therefore, post-
initiation corrosion propagation, rust expansion, cracking,
and spalling are not explicitly modeled. Chloride binding,
wetting/drying cycles, and temperature-dependent transport
are also not resolved explicitly; their potential influence is
represented only indirectly through the apparent diffusion
coefficient, surface chloride concentration, aging exponent,
and stochastic variability of the input parameters.

In practice, chloride transport and corrosion initiation are
influenced by multiple uncertain factors, including surface
chloride concentration Cs, diffusion coefficient D, concrete
cover depth x, and critical chloride threshold Ccrit. These
parameters may vary due to differences in material proper-
ties and environmental exposure conditions.

Model-form limitations and measurement uncertainty
are acknowledged when interpreting the simulator-derived
trajectories. Cracking and variability in material and expo-
sure conditions can significantly affect initiation behavior
relative to idealized uncracked assumptions.11 In addition,
uncertainty in chloride content assessment, including vari-
ability associated with semi-destructive testing and data
processing, influences the calibration and interpretation
of transport parameters.19 These considerations motivate
the use of stochastic reliability modeling as a physically
grounded approach for generating consistent corrosion-
initiation probability trajectories that serve as reference
outputs for subsequent data-driven approximation.

Importantly, in the proposed framework, the simulated
chloride concentration field C(x, t) is used solely to generate
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Figure 1. Schematic framework for generating simulator-derived corrosion-initiation probability trajectories Pf (t)

corrosion-initiation labels through the threshold condition
in Eqs. (1) and (2) and is not provided as an input to the
learning model. This design explicitly prevents circularity
and ensures that the sequence-learning model learns to
approximate population-level probability trajectories from
scenario variables rather than reproducing simulator outputs
through direct leakage.

Fig. 1 provides an overview of the modeling framework,
illustrating the progression from stochastic input sampling
to diffusion-based transport, corrosion-initiation labeling,
and aggregation into population-level corrosion-initiation
probability, Pf (t). Within this framework, chloride con-
centration fields are generated by a stochastic transport
simulator and used only to determine initiation events
through the threshold criterion. The resulting simulator-
derived probability trajectories define the reference outputs
for training.

Any subsequent learning model is trained using scenario
variables and time to reproduce this probability evolu-
tion, without directly using concentration fields as inputs.
This separation between simulator outputs and learning
inputs ensures consistency with the underlying reliability
formulation and enables the development of a reusable
sequence-learning approximation while preserving physi-
cally meaningful relationships (Table 1).

Stochastic population simulation

The population simulator generates ensembles of deterio-
ration realizations by sampling uncertain input parameters
and mapping each realization to a corrosion-initiation
outcome over time. For each simulated element, a diffusion-
based transport model produces C(xrebar, t) over the
service-life horizon, and corrosion initiation is defined as
the first time at which C(xrebar, t) ≥ Ccrit. Aggregation across

realizations yields an empirical estimate of the population-
level corrosion-initiation probability, Pf (t), expressed as
the fraction of realizations that have initiated corrosion by
time t.

In this study, the stochastic simulator is used as a
controlled data-generation mechanism to construct refer-
ence probability trajectories for sequence-learning model
development, rather than as a direct representation of
field-observed corrosion behavior. The simulator-derived
trajectories provide a consistent and physically grounded
basis for evaluating whether a sequence-learning model can
reproduce time-dependent corrosion-initiation probability
under uncertainty.

The simulation inputs are sampled from prescribed
probability distributions representing material properties,
environmental exposure, and structural configuration. The
simulation setup includes the service-life horizon, time
discretization, number of realizations, and scenario config-
urations. These parameters are selected to ensure sufficient
coverage of the input space while maintaining computational
tractability. The full configuration of the simulation and
dataset generation is summarized in Table 2.

In addition to representing uncertainty propagation,
the simulation framework supports conditional evaluation
across representative structural or exposure conditions. For
example, stratification by concrete cover depth produces
distinct reliability trajectories that reflect the sensitiv-
ity of corrosion-initiation probability to transport path
length, a dependence that is well documented in chloride
ingress design and durability assessment.14 These stratified
responses are used in subsequent sections to assess whether
the sequence-learning model preserves physically meaning-
ful relationships.
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Table 1. Input variables used in the corrosion-initiation model

Variable Description Unit Distribution Range

Cs Surface chloride concentration kg/m3 Lognormal 2–6 kg/m3

D28 Reference diffusion coefficient (28 days) m2/s Lognormal 1 × 10−12 – 5 × 10−12 m2/s
m Aging exponent – Normal 0.2–0.6
x Concrete cover depth mm Uniform 40–110 mm
Ccrit Critical chloride concentration kg/m3 Lognormal 0.6–1.2 kg/m3

Table 2. Simulation and dataset configuration

Item Value

Service-life horizon 0–60 years
Time step 4 weeks (∼0.077 years)
Number of scenario configurations 1000
Number of time steps per series 783
Total dataset size 783,000 rows
Train/validation/test split 700/150/150 series
Approximate row split 548, 100/117, 450/117, 450 rows
Cover-depth range 40–110 mm
Stratified groups 40–60, 60–80, 80–110 mm
Random seed 20250111

To ensure methodological consistency and avoid cir-
cularity, the simulator outputs are used only to generate
corrosion-initiation labels and aggregated probability trajec-
tories. The underlying chloride concentration field C(x, t)
is not used as an input to the learning model. Instead, the
sequence-learning model is trained using scenario variables
and time to approximate the resulting population-level prob-
ability evolution. This separation ensures that the learning
task remains aligned with the reliability formulation and
prevents information leakage from intermediate simulator
states.

The simulator is formulated to remain consistent with
both simplified reliability methods and full stochastic
simulation-based approaches, which have been compared
in corrosion modeling studies and motivate the use of
learned approximations for repeated scenario evaluation.20

By generating large ensembles of physically consistent trajec-
tories, the simulation framework provides a reproducible and
computationally tractable basis for training and evaluating
sequence-learning models.

The dataset generated in this study consists of population-
level corrosion-initiation probability trajectories, Pf (t),
associated with sampled input configurations. These tra-
jectories are derived from simulator outputs and serve as
reference responses for subsequent sequence-learning model
development under uncertainty.

TFT sequence learning model

The learning task is formulated as multi-horizon prediction
of simulator-derived population-level corrosion-initiation

probability trajectories from historical sequence information
and associated covariates. In the present proof-of-concept
setting, the sequences are generated by a stochastic diffusion-
threshold simulator. In the intended future real-data setting,
the same forecasting structure could organize accumulated
inspection histories, laboratory deterioration sequences,
sensor histories, exposure variables, and maintenance or
scenario-defined future inputs for predicting Pf (t).

Within this formulation, the input–output structure dis-
tinguishes static variables, historical observed variables,
known or scenario-defined future inputs, and future predic-
tion targets. This distinction matters because infrastructure
forecasting may require evaluating how future deterioration
trajectories change under different exposure, traffic, weather,
chloride, or maintenance scenarios. TFT is used because it is
directly structured for this kind of multi-horizon forecasting
task, although other architectures may achieve lower numer-
ical error in simplified datasets.

This input-role separation is also important when com-
paring TFT with other sequence models. Markov and
semi-Markov models remain useful for condition-state tran-
sition modeling, but they are less directly structured for
preserving a full historical deterioration path together with
time-varying historical and future external inputs. Recur-
rent models such as recurrent neural networks, GRUs, and
long short-term memories can process ordered deterioration
histories and remain useful benchmark architectures40–42;
however, in very long deterioration records they compress
past information into hidden states, which may limit reten-
tion, interpretation, or selective use of distant time steps.
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General Transformer models improve long-range depen-
dency modeling through attention mechanisms43 and can
be adapted to include external covariates. The advantage
of TFT for the present research direction is not that
other models cannot use such variables, but that TFT
provides a forecasting-specific organization for static covari-
ates, observed historical time-varying inputs, known future
inputs, variable selection, gating, temporal attention, and
multi-horizon outputs.

The model is trained to reproduce the simulator-derived
trajectories Pf (t) directly, rather than intermediate state
variables such as chloride concentration. Consistent with
the data-generation framework described in the previous
section, the underlying chloride concentration field C (x, t)
is not used as an input to the model, thereby preventing
information leakage and ensuring that the learning task
remains aligned with the reliability formulation.

Although TFT provides a flexible architecture for inter-
pretable and extensible multi-horizon reliability-trajectory
learning, its use is not assumed to imply universal superi-
ority over simpler models. Therefore, additional benchmark
models, including pointwise Logistic Regression, Windowed
multi-output linear/sigmoid regression, Windowed MLP,
and GRU, were included to contextualize predictive perfor-
mance under the present simulation setting. The benchmark
is intended to evaluate the credibility of the forecasting
formulation, not to establish that TFT is the best model for
every deterioration dataset.

TFT architecture and temporal fusion rationale

The TFT architecture used in this study is based on the
TFT framework.36 TFT separates the forecasting problem
into static covariates, historically observed inputs, known
future inputs, and future prediction targets. This sepa-
ration is important for bridge deterioration forecasting
because future deterioration probability is not determined
only by the past target trajectory; it may also depend
on observed historical external conditions and known or
scenario-defined future external conditions.

In the present forecasting formulation, the historical
observed input window contains two distinct components.
The first component is the historical state sequence, which
represents the past evolution of the target deterioration
or corrosion-initiation state. The second component is the
observed historical external input sequence, which repre-
sents exogenous variables observed over the same historical
period. In addition, the prediction horizon is associated with
a known or scenario-defined future external input window.
These future external inputs are conditioning variables over
the prediction horizon and are not prediction targets. The
output of the model is the future corrosion-initiation proba-
bility sequence over the forecast horizon.

The term temporal fusion refers to the model’s ability
to combine multiple categories of time-related information
within a unified forecasting architecture. TFT separates
static covariates, historical state information, observed
historical external inputs, and known future external
inputs according to their forecasting roles, and then fuses

them through variable-selection networks, static covari-
ate encoders, local temporal processing, static enrichment,
interpretable temporal attention, and gated residual com-
ponents. This design supports future bridge-deterioration
applications in which past deterioration states, past external
conditions, static attributes, and expected future weather,
traffic, exposure, or maintenance conditions may jointly
influence future deterioration probability trajectories.

Compared with a general Transformer, TFT is more
directly designed for structured multi-horizon forecasting.
A general Transformer can be adapted to include external
covariates, but the distinction among static covariates, his-
torical observed inputs, known future inputs, and future
prediction targets must usually be imposed by the model
developer. In contrast, TFT provides built-in mechanisms
for this separation through variable-selection networks,
static context encoding, recurrent local temporal process-
ing, interpretable self-attention, and gated residual networks.
Therefore, the use of TFT in this study is motivated by
its forecasting-specific organization of state sequences and
external input sequences, not by a claim that TFT is always
numerically superior to other sequence models.

The resulting TFT input–output organization is illus-
trated in Fig. 2. In this study, each supervised sample
uses a 52-step historical window and a 13-step prediction
horizon. The 52-step historical window includes both the
historical target-state sequence and the observed historical
external input sequence. The 13-step future horizon includes
known or scenario-defined external inputs that condition
the forecast. The model then produces a 13-step future
target-state sequence representing the predicted corrosion-
initiation probability trajectory.

To ensure a fair comparison among the windowed and
sequence-learning baselines, Windowed multi-output lin-
ear/sigmoid regression, Windowed MLP, GRU, and TFT
were evaluated using the same sliding-window forecast-
ing task. A common windowed dataset was constructed
using a 52-step historical input window, a 13-step future
prediction horizon, and a sliding stride of one time
step. These models used the same physical covariates,
cumulative corrosion-initiation target, scenario-level train/-
validation/test split, overlap-averaged inference procedure,
population-level aggregation method, and mean absolute
error/root mean square error (MAE/RMSE) evaluation
metrics.

For benchmark interpretation, Pointwise Logistic Regres-
sion was retained only as a simple pointwise linear reference;
it does not use a 52-step historical window to predict
a 13-step future horizon. The Windowed multi-output
linear/sigmoid regression baseline uses the same 52-step
historical window and 13-step horizon but remains a fixed-
window linear baseline. The Windowed MLP uses the same
52-step history after flattening it into fixed features and can
capture nonlinear feature interactions, but it does not explic-
itly model temporal order through recurrence or attention.
GRU processes ordered historical sequences through gated
recurrent hidden states and can perform strongly on smooth,
low-dimensional simulator trajectories. TFT explicitly sep-
arates static covariates, observed historical inputs, known
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Figure 2. Temporal fusion transformer architecture for multi-horizon corrosion-initiation forecasting. The framework
separates static covariates, historical observed inputs, known or scenario-defined future inputs, and multi-horizon

probability outputs. Variable selection, temporal processing, static enrichment, attention, and gated residual
components support structured sequence-to-sequence prediction

or scenario-defined future inputs, attention, gating, and
multi-horizon outputs, which is why it remains structurally
important for the intended real-data forecasting problem
even when it is not the lowest-error model in this simulation
dataset.

The model was trained using an independent series-level
split of the simulated dataset, with early stopping based
on validation loss to prevent overfitting. The detailed TFT
training configuration, including encoder length, prediction
horizon, hidden dimension, attention heads, dropout rate,
batch size, optimizer, learning rate, number of epochs, and
early stopping criterion, as well as train/validation split, is
summarized in Table 3.

This setup ensures that the model learns generaliz-
able temporal patterns rather than memorizing simulator
outputs. The approach is consistent with probabilistic
sequence modeling frameworks that learn conditional dis-
tributions for time series under uncertainty; including
distribution-oriented forecasting approaches based on quan-
tile representations.34,35

The role of physical modeling in this framework is
reflected using simulator-generated targets derived from
the diffusion-threshold reliability formulation, rather than
through explicit enforcement of governing equations during

training. In this sense, the sequence model acts as a data-
driven approximation of simulator outputs, while remaining
consistent with the underlying physical assumptions embed-
ded in the transport-based reliability model. This distinction
differentiates the present formulation from physics-informed
neural network approaches that aim to infer transport fields
directly.44

Training and loss design

The training data are constructed from simulated sam-
ples of the form

(
x, z1:T , Pf (1:T)

)
, where x denotes static

covariates, z1:T represents time-varying covariates, and
Pf (1:T) corresponds to the simulator-derived population-
level corrosion-initiation probability trajectory over the
prediction horizon. Each sample therefore represents a
complete trajectory associated with a given scenario con-
figuration, rather than independent point-wise observations,
which is consistent with the objective of learning time-
dependent reliability evolution.

To explicitly define the learning task and avoid ambiguity
regarding variable usage, the input-output structure of the
sequence-learning model is summarized in Table 4. In par-
ticular, simulator-generated chloride concentration C (x, t)
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Table 3. TFT model training configuration

Item Value

Encoder length 52 time steps (∼4.0 years)
Decoder/prediction horizon 13 time steps (∼1.0 year)
Hidden dimension 32
Number of attention heads 4
Dropout rate 0.1
Batch size 32 training/64 inference
Optimizer Adam
Learning rate 3 × 10−4

Maximum epochs 10
Early stopping Validation loss monitored; patience = 3
Data split Independent series split: 700/150/150
Random seeds 20250111, 20250112, 20250113

Table 4. Input–output definition for the surrogate learning task

Component Role in study Used as TFT input?

Surface chloride concentration (Cs) Environmental variable Yes
Diffusion coefficient (D28) Material parameter Yes
Aging exponent (m) Time-dependent parameter Yes
Cover depth (x) Structural variable Yes
Time (t) Sequence index Yes
Chloride concentration C (x, t) Simulator intermediate variable No (label generation only)
Critical threshold Ccrit Initiation threshold Yes
Population-level Pf (t) Target variable Predicted output

is used only for label generation and is not included as a
model input, thereby preventing information leakage and
ensuring that the model does not directly access intermediate
simulator states.

The target variable Pf (t) is bounded within [0, 1] and typ-
ically evolves smoothly and monotonically over time under
fixed exposure conditions. Accordingly, the learning objec-
tive emphasizes reproducing stable trajectory patterns while
reducing sensitivity to high-frequency fluctuations arising
from finite-sample stochastic simulation, which are not
directly relevant for population-level reliability assessment.

Model performance is evaluated using trajectory-level
error measures, including MAE and RMSE, which quantify
deviations between predicted and simulator-derived Pf (t)
trajectories. These metrics are adopted as first-stage fidelity
measures because the primary objective is to approximate
the simulator-defined reliability evolution rather than to
perform full probabilistic calibration.

Although quantile-based loss formulations are widely
used in probabilistic sequence modeling frameworks,34,35

they are not explicitly implemented in the present study.
Instead, such formulations are referenced only to indicate
methodological compatibility, while the current implemen-
tation prioritizes deterministic trajectory approximation
consistent with the simulator-fidelity objective.

The resulting trained model serves as a learned repre-
sentation of the stochastic simulation process, providing
a reusable approximation for repeated scenario evaluation
while maintaining consistency with the probabilistic inter-
pretation of corrosion-initiation trajectories derived from
established durability modeling frameworks.14,15 This formu-
lation enables efficient evaluation across multiple exposure
scenarios and structural configurations within the sampled
parameter space and supports large-scale screening applica-
tions in bridge deterioration assessment.20

Experimental Design

Simulation scenario generation

The experimental design is based on a controlled generator
of stochastic chloride-ingress scenarios intended to represent
dominant sources of uncertainty in chloride-induced corro-
sion initiation in RC under representative marine aerosol and
de-icing exposure conditions. In this study, the simulation
framework is used as a controlled environment for evaluat-
ing the ability of a data-driven sequence-learning model to
reproduce time-dependent reliability trajectories, rather than
as a direct representation of field-calibrated deterioration
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behavior. Corrosion initiation is formulated as a threshold-
crossing event at the reinforcement depth, governed by the
temporal evolution of chloride concentration at the bar
location. Diffusion-based formulations derived from Fick’s
second law are used as a baseline representation; however,
their underlying assumptions, including constant diffusivity
and homogeneous transport, are not strictly satisfied in
concrete. Accordingly, diffusion parameters are interpreted
as effective transport quantities rather than intrinsic material
constants.8,9

Each realization in the simulation is defined by a sampled
set of material, environmental, and geometric variables. The
diffusion model is used to generate chloride concentration
histories at the reinforcement depth, which are subsequently
used to determine corrosion initiation. In implementation,
the scenario generator samples surface chloride concentra-
tion Cs, reference diffusivity D28 defined at 28 days, an aging
exponent m controlling time-dependent diffusivity, concrete
cover depth x, and a critical chloride threshold Ccrit.

The effective diffusivity is modeled as a time-dependent
quantity using a power-law aging function,

D(t) = D28

(
t

tref

)−m

, (4)

which reflects the empirically observed reduction in trans-
port rate over time under field conditions and is widely
adopted in durability-oriented diffusion modeling.8,9

The chloride concentration at the reinforcement depth
is evaluated over a discretized service horizon, 0–60
years, using the complementary error-function solution
associated with one-dimensional diffusion under constant
surface boundary conditions, with D(t) treated as a time-
dependent effective coefficient. This formulation provides an
analytically tractable approximation while acknowledging
model-form limitations and unresolved transport complexi-
ties in heterogeneous concrete systems.

Corrosion initiation is defined as the first time at which
the computed chloride concentration at the reinforcement
depth satisfies

C(xrebar, t) ≥ Ccrit, (5)

and for each realization the corresponding initiation time
Tinit is recorded. A time-dependent binary indicator is then
constructed as

I(t) = 1(t ≥ Tinit), (6)

where 1(·) denotes the indicator function. The population-
level corrosion-initiation probability Pf (t) is estimated as the
ensemble average,

Pf (t) = E[I(t)], (7)

which represents the fraction of realizations that have initi-
ated corrosion by time t.

This probabilistic representation provides a consistent
measure of time-dependent reliability for durability-oriented
assessment, capturing uncertainty propagation across real-
izations rather than relying on a single deterministic
estimate.14,15 The formulation also reflects variability aris-
ing from heterogeneous transport conditions, cracking

effects, and measurement uncertainty, which can influ-
ence apparent initiation behavior relative to idealized
assumptions.11 Importantly, the simulation framework pre-
serves the expected monotonic relationship between cover
depth and corrosion-initiation probability, providing a
physically interpretable reference for subsequent sequence-
learning evaluation.

Dataset construction

The learning task is formulated at the population level, while
model training is performed using realization-level time
series that collectively represent the underlying stochastic
behavior of corrosion initiation. Each stochastic realization
corresponds to one simulated structural element evalu-
ated over a common discrete time grid associated with
physical time t. This formulation allows the sequence-
learning model to learn the evolution of population-level
corrosion-initiation probability while remaining consistent
with probabilistic reliability-based durability assessment
frameworks.

For each realization, the dataset is constructed from sam-
pled material, environmental, and geometric parameters,
including surface chloride concentration Cs, reference diffu-
sivity D28, aging exponent m, concrete cover depth x, and
the critical chloride threshold Ccrit. These variables define the
scenario configuration and are used as model inputs. The
chloride concentration field C(xrebar, t) is generated by the
diffusion-based simulator and is used solely to determine
corrosion-initiation labels and reference trajectories; it is
not included as an input to the learning model, thereby
avoiding circularity in the mapping from inputs to outputs
and preventing information leakage between the simulator
and the sequence-learning model.

Corrosion initiation is represented through a binary indi-
cator that is equal to zero prior to initiation and unity
thereafter, and the corresponding population-level initia-
tion probability Pf (t) is obtained as the ensemble mean
of this indicator across realizations at each time step,
consistent with established probabilistic durability assess-
ment practice.14,15 The resulting dataset therefore consists
of realization-level input variables and associated time-
indexed initiation indicators, together with the aggregated
population-level probability trajectory used as the reference
target.

To examine whether the learned mapping preserves physi-
cally meaningful behavior, the dataset is interpreted through
both aggregated and covariate-conditioned views. Aggrega-
tion across all realizations provides the overall population
trajectory. Cover-depth conditioning is examined using finer
10-mm bands in Fig. 3 and summarized using broader inter-
vals, 40–60, 60–80, and 80–110 mm, in Table 6. Because
cover depth directly influences chloride transport path
length, shallower cover is expected to lead to earlier cor-
rosion initiation and higher values of Pf (t) over a fixed
horizon.14 Preservation of this ordering is treated as a phys-
ical consistency check complementary to numerical error
metrics.
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Figure 3. Cover-depth-stratified comparison between
simulator-derived and TFT-predicted
corrosion-initiation probability Pf (t)

Table 5. Population-level prediction accuracy metrics for
Pf (t)

Metric Value

Mean absolute error (MAE) 0.004543
Root mean squared error (RMSE) 0.006382
Maximum absolute error 0.024123
Year of maximum error 36.80 years
Final-year error (∼60 years) 0.001347

During inference, the sequence-learning model produces
the probability of corrosion initiation at each time step for
each realization. Because sequence models operate using
sliding decoder windows, multiple predictions may be gen-
erated for the same realization-time pair. These overlapping
predictions are combined through averaging to obtain a
single pointwise estimate. The population-level predicted
trajectory Pf ,pred (t) is then computed as the mean of these
pointwise probabilities across realizations at each time
step, mirroring the Monte Carlo estimator used to define
the reference trajectory Pf ,true(t). This construction ensures
that comparisons between predicted and reference curves
are performed consistently at the level of the population-
level reliability quantity, rather than being influenced by
sequence-level prediction artifacts.

Evaluation metrics

Evaluation focuses on how accurately the sequence-learning
model reproduces the simulator-defined population-level
corrosion-initiation probability trajectory under the con-
trolled proof-of-concept setting. Model accuracy is assessed
by comparing the predicted trajectory with the reference
trajectory over the full service-life horizon, with errors eval-
uated on the probability scale. These metrics should be
interpreted as simulator-to-model fidelity measures, not as
direct field-validation metrics.

MAE and RMSE are adopted as primary performance
metrics to quantify trajectory-level agreement between pre-
dicted and reference probability curves. These metrics
summarize deviations over the full time horizon and are con-
sistent with standard practice when the quantity of interest
is a time-indexed reliability function rather than a single
endpoint estimate.15

To characterize the temporal distribution of discrepan-
cies, the pointwise absolute error is defined as

e(t) =| Pf ,pred(t) − Pf ,true(t) |, (8)

where Pf ,pred(t) denotes the model-predicted population-
level corrosion-initiation probability and Pf ,true(t) denotes
the simulator-derived reference trajectory. The temporal evo-
lution of e(t) is analyzed to identify regions where deviations
are relatively large. Such localized discrepancies may arise
from finite-sample Monte Carlo variability in the reference
trajectory and increased sensitivity of Pf (t) during periods
of rapid change.

In addition to accuracy, computational performance is
evaluated by comparing inference-time runtime between two
evaluation procedures defined within the same simulation
framework. The first corresponds to repeated stochastic
simulation, in which corrosion-initiation probability is esti-
mated through Monte Carlo sampling for each scenario
configuration. The second corresponds to learned-model
inference, where the trained model directly maps input vari-
ables and time to the probability trajectory without repeated
simulation. The comparison therefore isolates differences
between simulation-based evaluation and learned-model
inference, rather than post-processing steps.

The computational comparison is interpreted as an
inference-stage advantage, recognizing that model training
incurs an upfront computational cost. Once trained, the
trained model provides a consistent approximation to the
simulator-defined mapping while enabling efficient evalua-
tion across a large number of scenarios. This trade-off is
particularly relevant for network-level screening and reliabil-
ity assessment tasks that require repeated evaluation under
diverse configurations.20,21

Taken together, the evaluation framework assesses tra-
jectory fidelity, physical consistency, benchmark context,
approximate model-level uncertainty, and conditional com-
putational reuse. It does not establish universal acceleration
over physics-based simulation or field-ready bridge deterio-
ration prediction.

Global sensitivity analysis

To quantify the influence of major physical input parame-
ters, a variance-based Sobol global sensitivity analysis was
conducted using the same diffusion-threshold corrosion-
initiation model and locked input distributions used for
dataset generation. The analyzed parameters were Cs, D28,
m, concrete cover depth x, and Ccrit. Saltelli sampling with
a base sample size of 2,048 generated 14,336 model evalu-
ations. Sensitivity indices were computed at 20, 40, and 60
years using the smooth limit-state margin Crebar(t) − Ccrit as
the primary response. A binary corrosion-initiation response
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was also evaluated as a supplemental check. First-order S1

and total-order ST indices were reported.

Uncertainty quantification using MC Dropout

To quantify the predictive uncertainty of the trained TFT
model, MC Dropout was used as a practical approximation
for uncertainty quantification. Dropout was originally intro-
duced as a regularization method for reducing overfitting
in neural networks.45 The theoretical foundation of MC
Dropout is provided by Gal and Ghahramani, who showed
that dropout can be interpreted as approximate Bayesian
inference in deep neural networks.46 During inference,
dropout layers were kept active while the remaining model
components were retained in evaluation mode. Under iden-
tical input conditions, repeated stochastic forward passes
were performed using the trained TFT checkpoint. Because
each forward pass uses a different dropout mask, the model
produces a slightly different corrosion-initiation probability
trajectory. The resulting ensemble of predictions was treated
as an empirical predictive distribution of Pf (t).

From this predictive distribution, the predictive mean,
predictive standard deviation, empirical 2.5th percentile,
empirical 97.5th percentile, approximate 95% predictive
interval, and corresponding lower and upper predictive
bounds were computed at each time step. In the present
study, 50 stochastic forward passes were used for the main
uncertainty estimation, and an additional 100-pass run was
conducted to assess the of the predictive mean and standard
deviation. The MC Dropout results should be interpreted
as approximate model-level epistemic uncertainty within the
simulation setting, not as exact Bayesian inference or fully
calibrated physical, measurement, environmental, or field
uncertainty.

Results

Population Pf (t) prediction accuracy

The sequence-learning model reproduced the simulator-
derived population-level trajectory with small error relative
to the probability scale. As summarized in Table 5, the rep-
resentative TFT checkpoint achieved an MAE of 0.004543
and an RMSE of 0.006382, with a maximum absolute error
of 0.024123 and a final-year error of 0.001347. These results
indicate close simulator-to-model fidelity within the sampled
scenario space.

The results should be interpreted in the context of
model-form uncertainty. Diffusion-based transport provides

an effective representation of chloride ingress in concrete;
however, it does not fully account for multi-ionic trans-
port, binding effects, wetting and drying cycles, temperature
effects, electrochemical coupling, corrosion propagation,
cracking, or spalling. Within this context, the TFT is a
learned approximation of the simulator-defined P(t) trajec-
tory, and its fidelity remains tied to the assumptions and
sampled parameter ranges of the underlying simulator.

Cover depth reliability prediction

When population trajectories are stratified by concrete cover
depth, the TFT preserves the expected ordering and sep-
aration of reliability curves. As shown in Fig. 3, shallower
cover is associated with earlier and higher initiation proba-
bility, whereas deeper cover corresponds to delayed initiation
and lower Pf (t) over the same time horizon. This behavior
reflects the fundamental role of transport path length in
chloride ingress, where shorter diffusion distances accelerate
the time required for chloride concentration to reach the
reinforcement level.

The stratified trajectories in Fig. 3 demonstrate that
the sequence-learning model captures conditional variation
associated with structural covariates, rather than represent-
ing the population using a single aggregated trajectory. To
further quantify this agreement, Table 6 reports the number
of test series, final-year reference and predicted probabili-
ties, and corresponding absolute errors for each cover-depth
group.

The results indicate that prediction errors remain small
across all cover-depth groups and that the monotonic order-
ing of initiation probability is consistently preserved. This
ordering is a physically meaningful feature of diffusion-
driven corrosion initiation and serves as an important
physical consistency check for the sequence-learning model.
The ability to reproduce such stratification supports the
interpretation that the learned mapping respects the dom-
inant transport-controlled mechanism embedded in the
diffusion-threshold formulation, rather than merely fitting
aggregate trends.

It is important to note that this agreement should
be interpreted as consistency with the assumed physical
model, rather than independent validation of corrosion
mechanisms. The diffusion-threshold formulation provides
a simplified representation of chloride ingress and does
not explicitly account for additional processes such as
multi-species transport or chemical binding. Nevertheless,

Table 6. Final-year population-level corrosion-initiation probability by broad cover-depth group on the held-out test set

Cover-depth group Test series (N) Final reference probability Final predicted probability Final absolute error

40–60 mm 59 0.847 0.843 0.004
60–80 mm 40 0.200 0.201 0.001
80–110 mm 51 0.000 0.000 0.000
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Table 7. Sobol first-order and total-order sensitivity indices for the smooth limit-state margin Crebar(t) − Ccrit

Parameter (S1), 20 yr (ST), 20 yr (S1), 40 yr (ST), 40 yr (S1), 60 yr (ST), 60 yr

CS 0.005 0.021 0.013 0.028 0.020 0.033
D28 0.018 0.032 0.019 0.026 0.020 0.024
m 0.101 0.183 0.143 0.193 0.170 0.204
Cover depth 0.671 0.781 0.717 0.783 0.716 0.760
Ccrit 0.092 0.092 0.037 0.037 0.025 0.025

preservation of the expected cover-depth dependence indi-
cates that the model maintains coherence with the governing
physical assumptions underlying the simulator.

More broadly, the observed stratified behavior aligns with
the intended role of sequence models in learning covariate-
conditioned temporal patterns. The TFT is designed for
multi-horizon prediction with mixed covariates and includes
mechanisms for covariate-dependent temporal modeling.36

In this context, the ability to recover cover-depth-dependent
trajectories can be interpreted as a learned approxima-
tion of simulator-defined responses across heterogeneous
scenario groups. Such behavior is particularly relevant in
civil infrastructure applications, where deterioration pro-
cesses are governed by heterogeneous material, geometric,
and environmental conditions, and stratified prediction pro-
vides a structured representation of variation across related
groups.32

Sensitivity analysis of input parameters

The total-order index ST of cover depth remained high
across the three service times, with values of 0.781, 0.783, and
0.760 at 20, 40, and 60 years, respectively. The aging expo-
nent was consistently the second most influential parameter,
indicating that long-term diffusivity evolution also con-
tributes to uncertainty in corrosion initiation. The remaining
parameters, including Cs, D28, and Ccrit, had smaller but
non-negligible effects depending on service time. The corre-
sponding Sobol first-order and total-order sensitivity indices
are summarized in Table 7.

These results indicate that, within the assumed diffusion-
threshold framework, geometric protection provided by
concrete cover has the strongest influence on corrosion-
initiation risk. The increasing contribution of the aging
exponent from 20 to 60 years further suggests that long-term
diffusivity evolution becomes more influential as service
time increases.

Time-dependent prediction error

The absolute error over time remains small relative to the
probability scale and exhibits limited variation across the
prediction horizon. As shown in Fig. 4, the error profile is
not uniform and localized fluctuations are present; how-
ever, these variations do not introduce sustained bias in the
predicted trajectory. This behavior is consistent with the
nature of the learning target, which is derived from a finite-
sample Monte Carlo estimate of a probability function.

Even when the underlying transport process is deterministic
under fixed parameters, the population-level reliability Pf (t)
reflects sampling variability, and localized irregularities may
arise from stochastic labeling near the threshold-crossing
region.

Figure 4. Time-dependent absolute error between
TFT-predicted and simulator-derived

population-level corrosion-initiation probability using
the representative TFT checkpoint

The maximum absolute error over the full service-life
horizon was 0.024123, occurring at approximately 36.80
years. The final-year absolute error was 0.001347, indicating
that the long-term endpoint remained closely reproduced.

Such effects tend to be more pronounced in time intervals
where initiation probability increases rapidly, as small dif-
ferences in the implied initiation-time distribution can lead
to larger instantaneous deviations in Pf (t). As illustrated
in Fig. 4, these discrepancies remain bounded and do not
propagate into systematic divergence between predicted and
reference trajectories.

Time-dependent reliability analysis typically relies on
the evolution of Pf (t) to support inspection scheduling
and maintenance planning; therefore, preserving trajectory
shape and avoiding sustained bias are more important than
matching every localized finite-sample fluctuation exactly.

The observed error characteristics indicate that the TFT
provides a stable learned approximation of the simulator-
defined reliability trajectory for scenario-level evaluation
within the sampled parameter space.

Computational efficiency

The computational comparison is interpreted cautiously.
A single vectorized Monte Carlo simulation can be faster
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Table 8. MC Dropout uncertainty summary

Metric Value Purpose/interpretation

Number of MC Dropout forward passes 50 Main stochastic inference setting
Predictive mean MAE 0.004616 Accuracy of MC Dropout mean relative to

simulator-derived trajectory
Predictive mean RMSE 0.006503 Trajectory-level deviation of MC Dropout mean
Average predictive standard deviation over time 0.000461 Average spread among stochastic dropout

predictions
Maximum predictive standard deviation over time 0.001682 Largest time-localized model-level uncertainty
Average 95% predictive interval width 0.001668 Average uncertainty-band width across service life
Maximum 95% predictive interval width 0.006213 Largest uncertainty-band width across service life
Year of maximum predictive interval width 59.95 years When model-level uncertainty is largest
Final-year predictive mean 0.38564 Predicted corrosion-initiation probability at final

service year
Final-year lower predictive bound 0.38309 Lower 2.5th percentile at final service year
Final-year upper predictive bound 0.38930 Upper 97.5th percentile at final service year
Average absolute change in predictive mean, 50 vs.
100 passes

3.77 × 10−5 Stability check for predictive mean

Average absolute change in predictive standard
deviation, 50 vs. 100 passes

2.73 × 10−5 Stability check for uncertainty estimate

Maximum absolute change in predictive mean, 50
vs. 100 passes

2.47 × 10−4 Worst-case convergence difference for the mean

Maximum absolute change in predictive standard
deviation, 50 vs. 100 passes

2.40 × 10−4 Worst-case convergence difference for the
standard deviation

Prediction interval coverage probability, 50 passes 0.115 Empirical coverage of MC Dropout model-level
prediction interval; not a calibrated field
confidence interval.

Prediction interval coverage probability, 100
passes

0.114 Empirical coverage of MC Dropout model-level
prediction interval; not a calibrated field
confidence interval.

than neural-model inference in the present implementation,
and model training requires an upfront cost. The practical
value of the trained sequence model is therefore conditional:
after training, it may support repeated scenario screening or
future real-data forecasting workflows where many bridge,
exposure, traffic, maintenance, or climate scenarios must be
evaluated under a consistent learned mapping. Therefore,
the reported runtime results should not be interpreted as a
universal acceleration claim.

For a single simulation run, Monte Carlo evaluation is
faster than TFT inference in the present implementation.
The trained model becomes advantageous when it is reused
across many scenario evaluations or embedded in larger
screening workflows. Excluding training cost, the inference-
time break-even point is approximately 612/5.35 ≈
115 simulation-equivalent evaluations. Including the one-
time training cost, the break-even point is approximately
(49, 161 + 612)/5.35 ≈ 9, 303 simulation-equivalent evalua-
tions. Therefore, the reported computational benefit should
be interpreted as a reusable inference-stage advantage for
repeated large-scale scenario screening rather than as accel-
eration of a single simulation run.

Uncertainty quantification

From this predictive distribution, the predictive mean,
predictive standard deviation, empirical 2.5th percentile,
empirical 97.5th percentile, approximate 95% predictive
interval, and corresponding lower and upper predictive
bounds for Pf (t) were computed at each time step. The
resulting MC Dropout uncertainty metrics are summarized
in Table 8.

Increasing the number of stochastic forward passes from
50 to 100 changed the predictive mean by 3.77 × 10−5 on
average and the predictive standard deviation by 2.73 × 10−5

on average; the maximum absolute changes were 2.47×10−4

and 2.40 × 10−4, respectively.
To clarify the benchmark comparison basis, Table 9 sum-

marizes the input representation, historical input window,
prediction horizon, target, and evaluation role of each sur-
rogate model. Pointwise Logistic Regression was retained
as a simple pointwise linear reference, whereas the Win-
dowed multi-output linear/sigmoid regression, Windowed
MLP, GRU, and TFT were evaluated using the same 52-step
historical input window and 13-step prediction horizon.
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Table 9. Benchmark design for surrogate model comparison

Model Input
representation

Historical
input window

Prediction
horizon

Sliding stride Target Evaluation
role

Pointwise logistic
regression

Pointwise
covariates at each
evaluation time

Not sequence-
to-sequence

Pointwise
prediction

Not applicable Cumulative
corrosion-
initiation
probability

Simple
pointwise
linear
reference only

Windowed
multi-output
linear/sigmoid
regression

Flattened 52 × 7
input window

52 time steps 13 time steps 1 time step Same cumulative
corrosion-
initiation
target

Fairer
fixed-window
linear baseline

Windowed MLP Flattened 52 × 7
input window

52 time steps 13 time steps 1 time step Same cumulative
corrosion-
initiation
target

Fixed-window
nonlinear
baseline

GRU Ordered 52-step
sequence

52 time steps 13 time steps 1 time step Same cumulative
corrosion-
initiation
target

Recurrent
sequence-
learning
baseline

TFT Ordered 52-step
sequence with
structured
covariates

52 time steps 13 time steps 1 time step Same cumulative
corrosion-
initiation
target

Interpretable
multi-horizon
sequence-
learning
model

Benchmark model comparison

To address the need for broader benchmark evaluation,
Logistic Regression, Windowed multi-output linear/sigmoid
regression, Windowed MLP, GRU, and TFT were com-
pared using consistent target definitions, data splits, and
population-level evaluation metrics. To improve benchmark
fairness among fixed-window, nonlinear, and sequence-
learning baselines, Windowed multi-output linear/sigmoid
regression, Windowed MLP, GRU, and TFT were eval-
uated using the same sliding-window forecasting task. A
common windowed dataset was constructed with a 52-step
historical input window, a 13-step future prediction hori-
zon, and a sliding stride of one time step. The Windowed
multi-output linear/sigmoid regression and Windowed MLP
baselines flattened the 52 × 7 covariate window into a fixed
364-dimensional input vector and used 13 future outputs,
whereas GRU and TFT used ordered sequence inputs to
predict the same 13-step horizon. All windowed models used
the same physical covariates, cumulative corrosion-initiation
target, scenario-level train/validation/test split, overlap-
averaged inference procedure, population-level aggregation
method, and MAE/RMSE evaluation metrics. Pointwise
Logistic Regression was retained as a simpler linear reference
using the same covariates and target at each evaluation time,
but it was not treated as a fully equivalent sequence-to-
sequence benchmark.

As summarized in Table 10, GRU achieved the lowest
prediction error in the present low-dimensional simula-
tion task, with an MAE of 0.001934 and an RMSE of

0.002931. TFT achieved the second-lowest error, with an
MAE of 0.004542 and an RMSE of 0.006373, and out-
performed the Windowed MLP, Windowed multi-output
linear/sigmoid regression, and pointwise Logistic Regres-
sion baselines. Windowed MLP produced an MAE of
0.006975 and an RMSE of 0.009964. The Windowed multi-
output linear/sigmoid regression baseline slightly improved
over Pointwise Logistic Regression, reducing MAE from
0.020652 to 0.020212 and RMSE from 0.024271 to 0.023823,
but remained much less accurate than Windowed MLP,
GRU, and TFT. These results indicate that adding a
historical window provides limited benefit to a linear
model, while nonlinear and sequence-learning architec-
tures provide additional predictive improvement. TFT
should not be interpreted as universally superior, because
GRU remained the most accurate model in this smooth
simulator-derived dataset. Instead, TFT is retained as
an interpretable and extensible multi-horizon architecture
that is structurally aligned with future real-data deteriora-
tion forecasting, where historical deterioration states, static
attributes, observed external inputs, and known or scenario-
defined future external inputs may need to be modeled
jointly.

Discussion and Guidelines for Applications

The results demonstrate simulator-to-model fidelity, phys-
ical consistency with the assumed diffusion-threshold
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Table 10. Benchmark comparison of models under the common forecasting setup

Model MAE RMSE Interpretation

Pointwise Logistic Regression 0.020652 0.024271 Pointwise linear reference;
highest error

Windowed multi-output
linear/sigmoid regression

0.020212 0.023823 Fairer fixed-window linear
baseline

Windowed MLP 0.006975 ± 0.000843 0.009964 ± 0.001328 Fixed-window nonlinear baseline
GRU 0.001934 ± 0.000169 0.002931 ± 0.000207 Best numerical accuracy in the

present simulation task
TFT 0.004542 ± 0.000261 0.006373 ± 0.000649 Interpretable multi-horizon

sequence-learning model

Note: Pointwise Logistic Regression and Windowed multi-output linear/sigmoid regression are deterministic linear baselines and are reported without
random-seed variability. Values for Windowed MLP, GRU, and TFT are reported as mean ± standard deviation across three random seeds: 20250111,
20250112, and 20250113.

mechanism, benchmark context, and approximate model-
level uncertainty; they do not demonstrate universal TFT
superiority, field validation, or complete physical uncer-
tainty quantification. GRU achieved the lowest numerical
error for the present smooth, low-dimensional simulation
dataset, while TFT remains useful as an interpretable
multi-horizon framework for future datasets that must sep-
arate static covariates, observed histories, known future or
scenario-defined inputs, and future probability trajectories.

The MC Dropout analysis extends the TFT model from
a deterministic predictor to an uncertainty-aware predictor.
By retaining dropout during inference and repeatedly eval-
uating the trained model under identical input conditions,
this procedure generates an approximate posterior predictive
distribution for Pf (t). The resulting distribution allows the
model to report the predictive mean, predictive dispersion,
and approximate 95% predictive interval, including lower
and upper predictive bounds for Pf (t).

However, this uncertainty estimate has important
limitations. MC Dropout captures only approximate
epistemic uncertainty associated with the trained sequence-
learning model. It does not account for field measurement
errors, environmental variability, chloride transport model
assumptions, corrosion threshold uncertainty, or long-term
deterioration mechanisms not included in the simulator.
Therefore, the uncertainty estimates reported in this proof-
of-concept study should be interpreted as model-level
uncertainty indicators within the adopted simulation setting,
rather than fully calibrated prediction intervals for real
bridge deterioration.

The preceding results support a workflow in which
physics-based stochastic reliability modeling provides trace-
able proof-of-concept targets, while sequence learning
provides a structured forecasting formulation for organizing
historical observations, covariates, and future probabil-
ity trajectories. In the present study, this role remains
simulation-based. Future extensions should test whether the
same structure can be trained and validated using inspection
records, laboratory deterioration sequences, sensor histories,
exposure histories, maintenance records, and published dete-
rioration datasets.

The framework may also be extended to settings where
heterogeneous data sources are available and inspection
or measurement uncertainty needs to be incorporated.
Although the present results are derived from simulation-
based reference trajectories, the underlying reliability
formulation could be adapted to data-fusion applications
in which monitoring or inspection data help constrain
uncertainty in deterioration states and model parameters.18

In practical applications, uncertainties in chloride mea-
surements and semi-destructive testing may influence
parameter calibration and should therefore be considered
when transferring the sequence-learning model to field-
oriented workflows.19

At the same time, the findings highlight that diffusion-
based formulations should be interpreted with appropriate
caution. Previous studies have documented the limitations
of strict Fickian assumptions in concrete, particularly their
inability to fully represent depth- and time-dependent trans-
port behavior.8,9 The sequence-learning model does not
address these limitations directly; instead, it provides a com-
putationally efficient approximation of the chosen reliability
framework. From an engineering perspective, this distinc-
tion is important: while the approach improves scalability
and facilitates systematic sensitivity analysis, the fidelity of
the results remains tied to the adequacy of the underlying
transport-initiation model and the representativeness of the
sampled scenario space. Therefore, the applicability of the
sequence-learning model should be interpreted within
the scope of the adopted physical assumptions and parame-
ter ranges.

Limitations

The present study should be interpreted as a first-stage con-
cept demonstration of a physics-guided, simulation-trained
sequence-learning framework for corrosion-initiation prob-
ability trajectory prediction. The reported agreement reflects
simulator-to-model fidelity under the assumed stochas-
tic diffusion-threshold reliability formulation, rather than
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direct validation against field-observed bridge corrosion
behavior.

Although field or laboratory validation is essential for
practical deployment, a single external data point was not
used as formal validation in this revision. Such a com-
parison would require compatible calibration of exposure
conditions, cover depth, diffusion parameters, chloride mea-
surement protocols, critical chloride threshold, and the
definition of corrosion initiation. Without this compatibility,
an isolated point comparison could be misleading and could
overstate the level of validation. Future validation should
therefore rely on structured datasets that support calibration
and independent testing.

Corrosion initiation is represented as a threshold-crossing
event at the reinforcement depth, which enables effi-
cient population-level reliability evaluation. This simplified
formulation was adopted to maintain a controlled proof-of-
concept setting for simulator-to-model reliability-trajectory
learning. It does not explicitly resolve chloride binding,
wetting/drying cycles, temperature-dependent transport,
corrosion propagation, rust expansion, or crack formation.
Fully coupled treatment of these transport, electrochemical,
and damage-evolution mechanisms would require additional
material-specific, environmental, and field- or laboratory-
calibrated parameters. These mechanisms should therefore
be incorporated in future calibrated extensions rather than
treated as fully resolved processes in the present simulation-
based study.

The model was trained and tested within predefined
parameter ranges; therefore, its predictions should be inter-
preted as interpolation within the sampled scenario space
rather than reliable extrapolation beyond it. Outside these
ranges, including unusually high surface chloride exposure,
very low cover depth, extreme diffusivity, atypical critical
chloride thresholds, or nonstationary environmental con-
ditions, the learned mapping may become unreliable and
the prediction error may increase. Extreme conditions may
also change the governing deterioration mechanisms, mak-
ing the diffusion-threshold assumptions less representative.
Therefore, predictions outside the sampled domain should
be treated as exploratory and verified through additional
physics-based simulation, field calibration, or retraining
with expanded parameter ranges.

In addition, the population-level corrosion-initiation
probability is estimated from finite Monte Carlo realizations
and therefore inherently contains sampling variability. This
variability propagates into the training targets and may
contribute to localized fluctuations in predicted probability
trajectories, especially at later service times when uncertainty
in initiation timing increases. Such behavior is consistent
with the finite-ensemble nature of the reference data and
should be interpreted within that context.

From a computational perspective, the efficiency advan-
tage of the sequence-learning approach is primarily realized
during inference. Model training requires non-negligible
computational resources and depends on the quality and
coverage of the training dataset. Furthermore, predictive
stability can be influenced by hyperparameter selection and

architectural design, which may require iterative calibration
in practical implementations.

Although additional benchmark models were included
in this revision, the comparison remains limited to a
simulation-derived dataset. Future work should extend
the benchmark evaluation to tree-based models, Gaussian
process regression, larger datasets, and field-calibrated dete-
rioration scenarios.

Finally, the current implementation focuses on corrosion-
initiation probability rather than full deterioration
progression or structural capacity loss. While initiation
probability is a key durability indicator, its direct use
in engineering decision-making requires integration with
downstream models of damage evolution, structural per-
formance, and life-cycle cost. Therefore, the applicability
of the proposed sequence-learning framework should
be interpreted within the scope of the adopted physical
assumptions and the sampled scenario space.

Conclusion

This study presents a physics-guided, simulation-trained
sequence-learning framework for multi-horizon forecasting
of population-level corrosion-initiation probability trajec-
tories in RC bridge systems. A stochastic diffusion-based
simulator is used to generate controlled time-dependent reli-
ability targets under uncertainty, and a TFT is trained to
approximate the mapping from scenario variables, historical
sequence structure, and time to the corresponding future
probability evolution Pf (t).

Within the controlled simulation setting, the results indi-
cate that the sequence-learning model closely reproduces
simulator-defined population-level reliability trajectories,
preserves physically meaningful stratification across cover-
depth groups, and maintains small bounded prediction
deviations over the service-life horizon. The benchmark
results further show that TFT should not be interpreted
as universally superior, because GRU achieved the lowest
numerical error in this smooth simulation dataset.

The contribution of this study lies in establishing a
structured proof-of-concept workflow for sequence-based
reliability trajectory prediction, benchmark comparison,
sensitivity interpretation, and approximate model-level
uncertainty quantification. The present simulation-
generated dataset is a controlled first-stage substitute until
real inspection, laboratory, sensor, exposure, maintenance,
and published deterioration sequence data are structured for
model training and field validation.

From an engineering perspective, the framework may sup-
port future scenario screening and deterioration forecasting
once it is calibrated and validated with compatible real-world
data. The current results demonstrate simulator-to-model
fidelity only and should not be interpreted as readiness for
direct bridge maintenance decision-making. Practical imple-
mentation requires future validation using bridge inspection
records, laboratory deterioration sequences, field chloride
profiles, sensor histories, exposure and traffic records, main-
tenance histories, and published deterioration datasets.
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Recommendations for Future Work

Future work should extend the proposed framework beyond
the current simulation-based setting. First, bridge inspec-
tion records, long-term laboratory corrosion measurements,
field chloride profiles, structural health monitoring his-
tories, exposure and traffic records, maintenance records,
and published deterioration sequences should be cleaned,
aligned, calibrated, and organized into machine-learning-
ready sequence datasets. These data will support calibration
of physical input distributions, external validation of predic-
tion performance, and the transition from a simulator-based
proof-of-concept to data-informed bridge deterioration
forecasting.

Second, future work should extend the benchmark
evaluation to additional model classes, larger datasets,
and field-calibrated deterioration scenarios to determine
whether the relative performance observed in the present
simulation setting remains consistent under more complex
conditions.

Third, the current formulation, which focuses on
corrosion initiation, should be extended to incorporate sub-
sequent deterioration stages such as corrosion propagation,
cracking, section loss, and structural capacity degradation.
Finally, the framework should be integrated with bridge
management and life-cycle decision models so that predicted
reliability trajectories can support inspection prioritization,
maintenance planning, and scenario-based infrastructure
assessment. These developments would enable the transition
from a controlled simulation framework to data-informed
and decision-oriented applications.

Acknowledgments

This work was supported in part by the Maritime Trans-
portation Research and Education Center (MarTREC),
a U.S. Department of Transportation University Trans-
portation Center, under Contract No. 69A3552348331. The
authors gratefully acknowledge this support.

Data Availability Statement

The data supporting the findings of this study are generated
through simulation and are available from the corresponding
author upon reasonable request. The code used to generate
the simulation data and train the sequence-learning model
can also be provided for research purposes.

Disclaimer

The contents of this paper reflect the views of the authors,
who are responsible for the facts and accuracy of the infor-
mation presented. The contents do not necessarily reflect the
official views or policies of MarTREC, the U.S. Department
of Transportation, or any affiliated institutions. This paper
does not constitute a standard, specification, or regulation.

References

[1] Tang L, Boubitsas D, Huang L. Long-term performance
of reinforced concrete under a de-icing road environ-
ment. Cem Concr Res. 2023;164:107039. doi:10.1016/j.cem
conres.2022.107039.

[2] Khani S, Conciatori D, Chouinard L, et al. Chloride ingress
in de-icing salt-exposed bridge: numerical modeling and
field investigations. Case Stud Constr Mater. 2025:e05003.
doi:10.1016/j.cscm.2024.e05003.

[3] Angst UM, Rossi E, Boschmann Käthler C, et al. Chloride-
induced corrosion of steel in concrete. Mater Struct.
2024;57:56. doi:10.1617/s11527-024-02337-7.

[4] Liu J, Ou G, Qiu Q, Xing F, Tang K, Zeng J. Atmo-
spheric chloride deposition in field concrete at coastal
region. Constr Build Mater. 2018;190:1015–1022. doi:10.1016/
j.conbuildmat.2018.09.118.

[5] Meira GR, Pinto WTA, Lima EEP, Andrade C. Ver-
tical distribution of marine aerosol salinity in coastal
area. Constr Build Mater. 2017;135:287–296. doi:10.1016/
j.conbuildmat.2016.12.156.

[6] Meira GR, Ferreira PR, Andrade C. Long-term chloride
accumulation on concrete surface in marine atmosphere
zone. Corros Mater Degrad. 2022;3:349–362. doi:10.3390/
cmd3030019.

[7] Angst UM, Geiker MR, Michel A, et al. The steel-
concrete interface. Mater Struct. 2017;50:143. doi:10.1617/
s11527-016-0907-5.

[8] Chatterji S. On the applicability of Fick’s second law
to chloride ion migration through Portland cement
concrete. Cem Concr Res. 1995;25:299–303. doi:10.1016/
0008-8846(94)00166-P.

[9] Zhang T, Gjørv OE. Diffusion behavior of chloride ions
in concrete. Cem Concr Res. 1996;26:907–917. doi:10.1016/
0008-8846(96)00073-5.

[10] Geiker M, Danner T, Polder R, Antonsen R, Hornbostel
K. Long-term phase changes in cathodically protected
marine reinforced concrete bridge. Mater Struct. 2025;58:168.
doi:10.1617/s11527-024-02345-7.

[11] Konecny P, Lehner P. Effect of cracking and randomness of
inputs on corrosion initiation of reinforced concrete bridge
decks exposed to chlorides. Fract Struct Integr. 2017;11:29–
37. doi:10.3221/IGF-ESIS.39.04.

[12] Zheng W, Qian F, Shen J, Xiao F. Probabilistic-based
machine learning for bridge scour detection. J Civ
Struct Health Monit. 2020;10:957–972. doi:10.1007/
s13349-020-00424-5.

[13] Korec E, Jirásek M, Wong HS, Martínez-Pañeda E.
Phase-field chemo-mechanical modelling of corrosion-
induced cracking. Theor Appl Fract Mech. 2024;129:104233.
doi:10.1016/j.tafmec.2023.104233.

[14] Vu KAT, Stewart MG. Structural reliability of concrete
bridges including improved chloride-induced corrosion
models. Struct Saf . 2000;22:313–333. doi:10.1016/
S0167-4730(00)00018-7.

[15] Stewart MG, Mullard JA. Spatial time-dependent
reliability analysis of corrosion damage and timing of
first repair. Eng Struct. 2007;29:1457–1464. doi:10.1016/
j.engstruct.2006.07.004.

[16] Li J, Guo X, Zhang X, Wu Z. Time-dependent reliability
assessment and optimal design of corroded reinforced con-
crete beams. Adv Struct Eng. 2024;27:1313–1327. doi:10.1177/
13694332231123456.

21426015-17 BER Open: Int. J. Bridge Eng., Manage. Res.

BER Open: Int. J. Bridge Eng., Manage. Res., 2026, 3(3): 21426015

https://doi.org/10.1016/j.cemconres.2022.107039
https://doi.org/10.1016/j.cscm.2024.e05003
https://doi.org/10.1617/s11527-024-02337-7
https://doi.org/10.1016/j.conbuildmat.2018.09.118
https://doi.org/10.1016/j.conbuildmat.2016.12.156
https://doi.org/10.3390/cmd3030019
https://doi.org/10.1617/s11527-016-0907-5
https://doi.org/10.1016/0008-8846(94)00166-P
https://doi.org/10.1016/0008-8846(96)00073-5
https://doi.org/10.1617/s11527-024-02345-7
https://doi.org/10.3221/IGF-ESIS.39.04
https://doi.org/10.1007/s13349-020-00424-5
https://doi.org/10.1016/j.tafmec.2023.104233
https://doi.org/10.1016/S0167-4730(00)00018-7
https://doi.org/10.1016/j.engstruct.2006.07.004
https://doi.org/10.1177/13694332231123456


[17] Boonintra N, Tapsuphonkul K, Pheinsusom P, et al. Reliabil-
ity assessment of RC bridge piers. Case Stud Constr Mater.
2025;23:e05610. doi:10.1016/j.cscm.2025.e05610.

[18] Wang B, Chen K, Wang B. Hierarchical Bayesian fusion
of inspection and monitoring data for probabilistic
bridge deterioration assessment. Sci Rep. 2026;16:5965.
doi:10.1038/s41598-026-36808-4.

[19] Schoefs F, Awa Zahui Raissa K, Bonnet S, O’conor
AJ. Uncertainty quantification of semi-destructive test-
ing for chloride content assessment. Front Built Environ.
2023;9:1130066. doi:10.3389/fbuil.2023.1130066.

[20] Skrzypczak I, Halicka A, Słowik M. Modeling of chloride-
induced corrosion in concrete bridge using simplified and full
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