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Executive Summary:

It is critical to design high-performance, sustainable, and cost-effective reinforced precast concrete (PC)
systems to extend the service life of transportation infrastructure and meet long-term societal needs. The
design of reinforced PC components traditionally relies on extensive physical testing and iterative trial-and-
error procedures, which demand substantial time, labor, and a large quantity of material. Such approaches
make it difficult to efficiently explore the full range of reinforcement configurations, material combinations,
and structural layouts required to achieve superior mechanical performance while also meeting economic
constraints. As a result, there remains a significant gap in efficient and precise design pathways capable of
simultaneously evaluating structural behavior and cost effectiveness across diverse design scenarios.

The research aims to establish an integrated framework that transforms the design process of reinforced
PC by combining sensing technology, experimental characterization, multivariate numerical modeling, and
multi-objective metaheuristic optimization. Embedded sensing and advanced testing provided
comprehensive datasets on material behavior and interaction mechanisms within reinforced PC
components. These experimental insights were paired with high-fidelity numerical simulations capable of
capturing the coupled mechanical and economic responses of the system. Multi-objective optimization
techniques, supported by Pareto front analysis, were applied to identify reinforcement strategies that
achieve optimal performance across competing objectives:

Task 1. Experimental investigation of mechanical properties of various reinforced PC components. We
investigated the mechanical performance of various reinforced PC components with different compositions,
including PVA fiber inclusion, water content, beam span length, and rebar type. The sensor data and image
data from the experiment were used to validate numerical models in Task 2 and generate database for Al-
based condition assessment model in Task 3.

Task 2. Multivariate numerical modeling of reinforced precast concrete components and physics-informed
database establishment. The task focuses on the development of three-dimensional (3D) finite element
analysis and parametric study to analyze the sensitivity of various influencing factors on the mechanical
properties of the reinforced concrete components. Multiple influencing factors will be considered, including
the type of concrete materials, the effect of longitudinal rebars, the effect of fiber volume fraction, and the
effect of rebar stirrups. The numerical analysis results were compared and validated by the experimental
data in Task 1. As the complement of the data obtained from Task 1, the numerical data was integrated
with fiber optical sensor data in Task 1 to establish a comprehensive physics-informed database for training
Al algorithms in Task 3.

Task 3. Development of multi-objective metaheuristic optimization framework with Pareto front analysis to
achieve optimal mechanical properties and economic values. This task focuses on developing a multi-
objective optimization framework to efficiently provide optimal solutions for high-performance and low-cost
reinforced precast concrete components.
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1. Problem description:

It is critical to design high-performance, sustainable, and cost-effective reinforced precast (PC) systems to
extend the service life of transportation infrastructure and meet the increasing demands for structural
reliability and environmental responsibility. Traditional design methods for reinforced PC components rely
heavily on iterative physical testing and trial-and-error procedures, which consume significant time, labor,
and a large quantity of material. These approaches make it challenging to efficiently explore the wide range
of reinforcement configurations, material combinations, and performance requirements needed for
optimized mechanical properties and economic feasibility. At present, there remains a lack of an integrated
and precise framework that can simultaneously evaluate structural performance and cost efficiency while
capturing the complex interactions between ingredients and the whole reinforced PC system.

2. Background:

Concrete is inherently brittle and shows low tensile strength relative to its compressive strength. To
overcome this limitation, it is commonly combined with reinforcement (e.g., steel, composite) to form a
synergistic structural system. Reinforced precast concrete is one of them and has been widely used in
modern civil and infrastructure applications [1,2]. In the design of reinforced PC components, multiple
strategies exist to enhance structural performance, namely increasing concrete strength, adopting
fiber-reinforced polymer (FRP) rebars, or inclusion of fiber into the mix [3].

In addition, an accurate and real-time structural health monitoring system is essential for assessing the
conditions of reinforced PC system. Conventional health monitoring system, such as direct visual inspection,
are often impractical due to the inaccessibility of reinforcement. Moreover, destructive testing is an invasive,
time-consuming evaluation approach. The strain gauge, though widely used, typically operates at a
relatively high frequency to capture more data points within a given time frame. This high-frequency
operation increases noise sensitivity and degrades data quality. Additionally, strain gauge only provides
localized, point-based measurements, limiting its ability to capture strain distribution over a large area. In
recent decades, distributed fiber optic sensing technology has greatly developed. Distributed fiber optic
sensor (DFOS) operates based on the principle of light scatterings to measure strain distributions along the
length of an optic fiber. When a short laser pulse is injected into one end of the fiber, a portion of the light
is backscattered due to natural impurities and microscopic imperfections in the fiber core [4]. By analyzing
variations in the backscattered signal, DFOS enables continuous, high-resolution monitoring of structural
health condition. Furthermore, DFOS has advantages of being small in size and lightweight, allowing for
easy installation on reinforcement surface for strain measurement [5]. Past studies have demonstrated the
effectiveness of DFOS in monitoring reinforcement strain. Fan et al. [6] investigated the feasibility of DFOS
in corrosion monitoring of steel reinforcement in reinforced concrete and found that it not only measured
strain but also quantified corrosion-induced degradation. In addition to steel reinforcement, DFOS has also
been applied to fiber FRP reinforcement. Creep and flexural tests on glass fiber reinforcement polymer
(GFRP) PC beams showed that DFOS accurately measured longitudinal strain on the GFRP reinforcement
[7]. The results also indicated that DFOS exhibited minimal sensitivity to temperature variations, making it
ideal for use in harsh environment [8]. Given the small gauge length of DFOS, it enables precise strain
measurement at closely spaced intervals, capturing localized strain variations [9]. This high-spatial-
resolution measurement approach makes composite reinforcement with DFOS achieve “smart self-
sensing”, facilitating sensitive crack detection and early damage identification.

Numerous studies have investigated the feasibility of DFOS in concrete structural components with FRP,
such as basalt FRP-PC beam [10], carbon FRP sheet-strengthened concrete shear wall [11], and GFRP
panel-strengthened concrete sewage pipe [12]. A commonality among these studies is highlighting the
capability of DFOS for real-time SHM in the concrete structure with FRP by employing experimental
approaches. However, experiment requires substantial time, labor, and material resources to real-time
monitor structural and materials conditions and detect failure or anomalies in service. Moreover, most
studies have focused on FRP-strengthened concrete structures, particularly those incorporating externally
applied FRP sheets or layers. Given these limitations, developing an efficient and accurate approach for
assessing composite PC structures is crucial.
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Finite element analysis (FEA) presents an applicable solution to complement experimental method,
providing a cost-effective and scalable way of evaluating structural performance. FEA allows for detailed
modeling of the nonlinear behavior of both concrete and rebar, capturing critical aspects such as material
degradation [13], cracking [14], and the interfacial bond-slip relationship [15] [16]. By complementing
experimental findings, FEA enhances the understanding and prediction of structural performance in a
reinforced concrete system. Through FEA simulations, it is possible to examine the cracking patterns,
maximum loading, and deflection at the maximum loading point over different designs, with a focus on
accurately defining the cracking path using tension damage (also known as DAMAGET) parameters. Seok
et al. utilized the results of DAMAGET to represent the damage level associated with cracking [17]. As a
result, the DAMAGET can serve as one of the concrete damage plasticity (CDP) model’s outcomes.
Metaheuristic optimization algorithms have emerged as particularly effective tools due to their flexibility and
robustness in solving complex, nonlinear optimization problems and in searching for optimal solutions in
large databases [18]. Among various optimization algorithms, genetic algorithms (GA) have been widely
used in structural design problems involving reinforced PC columns and beams. Notable early applications
demonstrated the GA’s capability in handling discrete variables, multi-objective functions, and practical
design constraints [19-22]. With the continuous advancement of computational tools, programming
languages, and modeling environments, the potential for more accurate and efficient analysis has
increased.

However, identifying the optimal combination of these design variables is challenging due to the complex
interaction among multiple performance objectives. To address this challenge, metaheuristic optimization
offers a promising approach for exploring complex design spaces and determining the trade-off optimal
solutions. Yet, the effectiveness of such optimization frameworks critically depends on the availability of
large, diverse, and high-quality datasets. Generating such datasets solely through experimental testing is
often time-consuming, costly, and logistically difficult. It is wise to leverage finite element analysis (FEA) to
generate a big dataset across a wide range of design scenarios.

3. Research scope and objectives:

The research aims to establish an integrated framework that transforms the design process of reinforced
PC by combining sensing technology, experimental characterization, multivariate numerical modeling, and
multi-objective metaheuristic optimization. Embedded sensing and advanced testing provided
comprehensive datasets on material behavior and interaction mechanisms within reinforced PC
components. These experimental insights were paired with high-fidelity numerical simulations capable of
capturing the coupled mechanical and economic responses of the system. Multi-objective optimization
techniques, supported by Pareto front analysis, were applied to identify reinforcement strategies that
achieve optimal performance. Research objectives are shown as follows.

Objective 1. Conduct experimental investigation of mechanical properties of various reinforced PC
components. We investigated the mechanical performance of various reinforced PC components with
different compositions, including Polyvinyl alcohol (PVA) fiber inclusion, water content, beam span length,
and rebar type. The sensor data and image data from the experiment will be used to validate numerical
models in Task 2 and generate database for Al-based condition assessment model in Task 3.

Objective 2. Perform multivariate numerical modeling of reinforced precast concrete components and
physics-informed database establishment. The task focuses on the development of three-dimensional (3D)
finite element analysis and parametric study to analyze the sensitivity of various influencing factors on the
mechanical properties of the reinforced concrete components. Multiple influencing factors will be
considered, including the type of concrete materials, the effect of longitudinal rebars, the effect of fiber
volume fraction, and the effect of rebar stirrups. The numerical analysis results will be compared and
validated by the experimental data in Task 1. As the complement of the data obtained from Task 1, the
numerical data will be integrated with sensor data in Task 1 to establish a comprehensive physics-informed
database for training Al algorithms in Task 3.
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Objective 3. Develop multi-objective metaheuristic optimization framework with Pareto front analysis to
achieve optimal mechanical properties and economic values. This task focuses on developing a multi-
objective optimization framework to efficiently provide optimal solutions for high-performance and low-cost
reinforced precast concrete components.

4. Research description:

4.1 Task 1: Experimental investigation of mechanical properties of various reinforced precast concrete
components

Concrete is a brittle material and is prone to cracking. These cracks reduce the service life of reinforced PC
because they facilitate chloride ingress and accelerate the corrosion of steel rebars. The usage of FRP
rebar reinforcement can eliminate corrosion issues, and PVA fibers can mitigate cracking. On the other
hand, monitoring reinforced concrete elements is important to ensure structural safety. In Task 1
systematically examines the mechanical behavior of PC components incorporating PVA fibers, various
water contents, and different reinforcement types. The investigation integrates concrete workability,
concrete compressive strength, flexural performance of reinforced beams, and validation using “smart self-
sensors” and FEA. This multi-stage methodology provides a comprehensive understanding of how fiber
dosage, water content, and rebar reinforcement influence structural performance. The experimental
program began with slump testing, which established the workability of fiber-reinforced concrete mixtures.
Commercial 5000 PSI dry concrete was proportioned with PVA fibers at 0.2%, 0.4%, and 0.6% by volume,
while water content ranged from 87 to 113 mL/kg. Next, compressive strength testing was performed on
cylindrical specimens (101.6 mm x 203.2 mm) cured for 28 days. The Forney FHS-400-VFD automatic
compression test machine was used for both the compressive strength tests (with the compression loading
configuration) and the center-point flexural tests (with the corresponding flexural loading configuration). To
assess structural behavior, center-point flexural tests were conducted on reinforced PC beams with different
configurations (with or without PVA fibers, rebar types and span length). Innovative distributed fiber-optic
sensors (DFOS) were embedded along the reinforcement to enable real-time strain monitoring. Sensors
were coated with DP460 epoxy for protection and bonding. Beams were air-cured and tested using a center-
point flexural setup at a loading rate of 0.05 MPal/s. Finally, FEA model validation was performed using a
quarter-model geometry with CDP to simulate material behavior. DFOS strain data (smoothed using a
Savitzky—Golay filter) and crack patterns matched to FEA predictions at the different time moments. Overall,
Task 1 effectively combines experimental testing and computational modeling to characterize and validate
the mechanical performance of smart, fiber-reinforced precast concrete components.

4.2 Task 2: Multivariate numerical modeling of reinforced precast concrete components and physics-
informed database establishment

Task 2 focuses on developing a comprehensive multivariate numerical framework to investigate the
structural response of reinforced PC components under flexural loading and to establish a physics-informed
database for subsequent optimization and machine-learning tasks. The research integrates FEA,
parametric studies, sensitivity assessments, and large-scale automated simulations to capture the
combined influence of concrete strength, fiber content, reinforcement type, and stirrup configuration. The
investigation of sensitivity analysis begins with a detailed evaluation of concrete compressive strength
effects. Using the Abaqus CDP model, reinforced concrete beams with compressive strengths of 35.8 MPa,
68.9 MPa, and 151.7 MPa are simulated under a vertical load of 52,800 N. Next, the effect of PVA fiber
content was examined by modeling beams with 0%, 0.2%, 0.4%, and 0.6% fiber volume fractions. The
effect of stirrups on structural behavior was also analyzed. Building on these parametric results, Task 2
then establishes a large physics-informed numerical database comprising 432 FEA cases with different
parameter ranges. Each case represents a unique combination of key variables, including concrete strength
(20.7-48.3 MPa), fiber content (0% or 0.66%), presence or absence of stirrups, and different rebar types
(aramid FRP (AFRP), basalt FRP (BFRP), carbon FRP (CFRP), and glass FRP (GFRP) or various grades
of steel). Automated Python scripts were developed to generate geometry, assign materials, mesh the
models, and extract flexural performance outputs. All simulations were conducted using one-fourth models
to reduce computational cost while preserving structural behavior. The completed database, supported by
realistic material property ranges from literature and market-based cost data, provides a robust foundation
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for structural optimization, economic evaluation, and machine-learning-based predictive modeling in
subsequent tasks.

4.3 Task 3: Development of a multi-objective metaheuristic optimization framework

Task 3 establishes a surrogate-assisted multi-objective optimization framework to identify the optimal
design of reinforced precast concrete beams by balancing cost, structural capacity, deflection, and crack
resistance. Using the 432 FEA simulations generated in Task 2, each beam configuration, defined by rebar
type, concrete strength, stirrup condition, rebar area, and fiber content, is evaluated against four
performance objectives: minimizing total cost, maximizing load capacity, minimizing mid-span deflection at
yield, and minimizing surface tensile damage (DAMAGET). To efficiently search the high-dimensional
design space, the framework integrates Random Forest regressors with a Genetic Algorithm (GA).
Independent Random Forest models learn the nonlinear relationships among variables and predict
objective values during optimization. A normalized aggregated fitness function is formulated to combine the
four objectives. The GA is implemented using the Distributed Evolutionary Algorithms in Python (DEAP)
package to handle nonlinear, multi-modal interactions. To interpret design trade-offs, the study constructs
3D Pareto fronts by removing one objective at a time and fitting smooth regression surfaces. These Pareto
fronts reveal critical compromises between cost, strength, deflection, and damage, guiding engineers
toward balanced and efficient beam designs under multiple competing constraints.

5. Project results:

5.1 Task 1: Experimental investigation of mechanical properties of various reinforced precast concrete
components

5.1.1 Concrete Slump Test

Water content plays a critical role in concrete performance because it directly influences porosity, which
governs mechanical strength and durability [23]. The addition of fibers can mitigate cracking and improve
concrete ductility, but increasing fiber dosage often reduces workability [24]. To compensate, additional
water is commonly introduced, which may lead to higher porosity and reduced compressive strength.
Therefore, identifying the optimal water content for fiber-reinforced concrete is essential to balancing
workability, strength, and crack resistance ability [25]. Slump tests, the most common method for assessing
the workability of fresh concrete [26], are conducted to determine the appropriate water content for different
fiber dosages. According to ACI 211 Section 6.3.1 [27], the recommended slump of concrete used as
beams is 25.4-101.6 mm (1 to 4 in), which we follow in our design. Commercial 5000 PSI dry concrete mix
by MASTERCRAFT was used. Lab tap water was used as mixing water. PVA fibers (13 mm in length)
were used with volume fractions (0.2%, 0.4%, and 0.6%). After first mixing the dry concrete mix with mixing
water, fiber was added and mixed for at least five minutes to ensure better dispersion. For clarity, the water
content (mL) was expressed relative to the weight of the dry concrete mix (kg). Figure 1 shows the slump
test results. It was found that slump decreases with increasing fiber content but improves with higher water
content. For example, at 0.2% fiber content, slump increased from 10.2 mm to 152.4 mm as water content
rose from 87 mL/kg to 100 mL/kg of dry concrete mix. Similar trends were observed at 0.4% and 0.6% fiber
content.
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Figure 1. Slump test results (a) 0.2% fiber with 87 mL/kg water; (b) 0.2% fiber with 100 mL/kg water; (c) 0.4% fiber

with 87 mL/kg water; (d) 0.4% fiber with 100 mL/kg water; (e) 0.4% fiber with 113 mL/kg water; (f) 0.6% fiber with 87
mL/kg water; (g) 0.6% fiber with 100 mL/kg water; (h) 0.6% fiber with 113 mL/kg water.

(e)

5.1.2 Concrete Compressive Test

Compressive strength is a fundamental mechanical property of concrete. Concrete cylinders (101.6 mm in
diameter and 203.2 mm in height) with various water contents and PVA fiber dosages were water cured for
28 days in the laboratory at 23 °C. The test used Forney FHS-400-VFD automatic compression test
machine, with 2.0 kN preload and a ramp rate of 0.25 MPa/s. Figure 2 shows the 28 day compressive
strength. It was found that at 0.2% fiber, compressive strength reached peak (41.4 MPa) at 87 mL/kg and
decreased with increasing water content. At 0.4% fiber, peak strength (33.8 MPa) shows that the favorable
water consumption is 100 mL/kg. Similarly, at 0.6% fiber, the compressive strength peaked at 34.7 MPa.
So the message is clear that with increases in water content, the compressive strength first increases and
then decreases. The increase is because is because concrete with fiber inclusion requires slightly more
water to achieve better dispersion, while excessive water leads to increased porosity [28], and this negative
effect dominates when water content is too high.
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Figure 2. Compressive strength with different water and PVA fiber content.

Figure 3 illustrates the influence of fiber dosage on fracture behavior after compression. Figure 3 (a) shows
the specimen with 0.2% fiber exhibits pronounced vertical cracks that extend continuously from top to
bottom. The cracks are wide and linear, indicative of brittle failure with minimal energy dissipation. No visible
fiber bridging is observed. Figure 3 (b) shows the cylinder with 0.4% fiber. The number of cracks increases,
and the cracks become more closely spaced, indicating an improved energy dissipating ability. In Figure 3
(c), the specimen with 0.6% fiber exhibits a greater number of cracks but with smaller crack widths. The
formation of more and finer cracks indicates improved durability as the chloride ingress pathways are
controlled and significantly reduced [29]. Since the 0.6% fiber mixture with 107 mL/kg water exhibited the
ideal strength and finer cracking pattern, it was selected for the flexural testing of fiber-incorporated beam.
For the non-fiber beam, 87 mL/kg was selected.
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(a) (b) (c)
Figure 3. Compression of failure modes of cylinder with various PVA fiber content: (a) 0.2%; (b) 0.4%; (c) 0.6%.

5.1.3 Reinforced Beam Center-Point Flexural Test Setup

Figure 4 (a) shows the schematic of the testbed for smart, self-sensing composite rebar in PC beam with
various image capturing devices. To investigate the influence of PVA fiber inclusion, water content, span
length, and the type of reinforcement (steel rebar and GFRP) on the flexural performance of reinforced PC
beams, beam specimens with dimensions of 152.4 mm x 152.4 mm x 508.0 mm and 152.4 mm x 152.4
mm x 914.4 mm, were prepared, with “smart self-sensors” on the rebars (DFOS, LUNA). They have a
diameter of 125 um, high flexibility (allowing them to wrap around reinforcement), a long sensing range (up
to 2 km per optical fiber), and good water resistance. DFOS enables real-time strain monitoring along the
entire length of the fiber. We embed the DFOS along the bottom of the rebars. Since DFOS is vulnerable
to shear forces, the sensors were protected with a coating of 3M DP460 two-component epoxy, as shown
in Figure 4(b). This epoxy layer also acted as an adhesive to ensure strong bonding between the sensor
and the rebar, while tape was used to cover the sections where epoxy could not be applied, as illustrated
in Figure 4(c). Figure 5 shows the beam preparation process and the test setup. The beam was air-cured
under laboratory environment. The center-point flexural test of reinforced PC beam was then performed at
given curing ages. The Forney FHS-400-VFD automatic compression test machine with center-point
flexural loading configuration was used, with a ramp rate of 0.05 MPa/s[30]. The modulus of rupture can be
calculated using R=3PL/2bd? as per ASTM C293 [31]. The span length was 457.2 mm for 508.0 mm length
beam, and 762.0 mm for the 914.4 mm beam. From the optimal results of the compressive test, the concrete
with 0.6% fiber by volume is mixed with 107 mL/kg water and the non-fiber beam mixed with 87 mL/kg
water. Six beams were tested in total with five beams cured for around one month, and one beam cured
for 66 hours in the lab.
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(b) (c)
Figure 4. Sensor embedment on rebar: (a) The schematic of the experimental setup of the smart composite
reinforced concrete system. (b) applying epoxy on fiber optic sensor and rebar; (c) rebar after applying epoxy and
tape.

(a) o) } ' @
Figure 5. (a) Freshly casted beam; (b) Demolded beam; (c) & (d) Center-point bending test setup.

5.1.4 Load versus Time Results of Center-Point Flexural Test

Figure 6 shows the load verses time results from center-point flexural test. As shown in Figure 6 (a), PVA
fibers significantly reduces the modulus of rupture. For example, in the case of beams reinforced with steel
rebar, the modulus of rupture decreases from 16.82 MPa (no fiber) to 13.93 MPa (0.6% fiber). It can be
seen in Figure 6 (a) to (d), all beams containing fibers exhibit improved post-peak load-bearing capacity.
This post-peak bearing phenomenon has also been reported in the literature for fiber reinforced concrete
[32]. This behavior enhances the damage tolerance of the beam, thereby improving the overall structural
safety [33]. In contrast, the load versus time curve for beams without fibers drops abruptly after reaching
the peak load. The effect of fiber on strength is more obvious in beams reinforced with GFRP. The one-
month GFRP reinforced beam with fibers exhibits an even lower modulus of rupture than the 66-hour beam
without fibers. In addition, the beam with steel rebar has a higher modulus of rupture (13.93 MPa) than one
with GFRP (10.81 MPa). This may be attributed to the weak bonding between GFRP bars and the
surrounding concrete [34]. Furthermore, we observe that beams tested with a longer span length (508.0
mm) exhibit more fluctuations (“bumps”) in the load versus time curve during ramp up, indicating that more
cracks are initiated prior to rupture. According to the experimental results, adding 0.6% fibers significantly
enhances the energy dissipating ability of reinforced PC beams. In addition, steel rebars still outperformed
GFRP in reinforced PC beam under center-point bending.
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Figure 6. Load verses time results: (a) Effect of inclusion of PVA fiber on beam with steel rebar; (b) Effect of
inclusion of PVA fiber and curing age on beam with GFRP rebar; (c) Effect of GFRP and steel rebar on beam (d)
Effect of span length and fiber inclusion on beam.

5.1.5 Results from Smart Self-Sensor and FEA Model Validation
Figure 7 shows the raw data and smoothed data from DFOS. The raw sensor readings vary along the
length and include some noise and missing values, which were caused by damage during casting and
curing or by imperfect bonding between the sensor and the rebar surface. To reduce these local
fluctuations, the experimental strain profile was smoothed using a Savitzky—Golay filter with a window
length of 51 points and a polynomial order of 3. For each original data point P;(x;,s;), the filter looks at 51
nearby points (25 on each side) and fits a third-order polynomial to them. The strain value at the original
location x; is then replaced with the value predicted by this polynomial. This process removes high-
frequency noise while keeping the overall strain pattern intact.

~— Original Data
7000 — Smoothed Curve

%00

Figure 7. Raw strain data from DSOF and Savitzky—Golay smoothed strain data.
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We also generated strain distribution from FEA and used the DFOS data for validation. To ensure
consistency between numerical modeling and laboratory testing, the FEA was configured to replicate the
same boundary conditions and loading protocols used in the experiments, as shown in Figure 8. The beam
geometries in the simulations matched the experimental specimen sizes (152.4 mm x 152.4 mm x 508.0
mm and 152.4 mm x 152.4 mm x 914.4 mm), with span lengths of 457.2 mm and 762.0 mm, respectively.
The load was applied at midspan through a load-controlled ramping procedure mimicking a physical center-
point flexural test setup. The CDP model was used to simulate the concrete reinforced model.

Top Anvil

Concrete

Longitudinal Rebar

Fiber Optical Sensor

Figure 8. FEA validation model of center-point flexural test with rebar and embedded fiber optical sensor.

To keep the units consistent, the FEA strain values are converted to micro-strain. Figure 9 outlines the
overall process used to compare the two sources of strain data. Because the DFOS records strain only as
a function of time without directly capturing the applied load, and the FEA predicts strain based on actual
loading values but does not represent real testing time, we use the time-load curve from the bending
machine to link and calibrate the two datasets. Specifically, for each time point t, we identify the
corresponding load from the compressive test machine record and use this load to query the FEA dataset
and obtain the FEA strain at that moment, which forms the right-hand portion of the flow chart. At the same
time point {;is then converted to the actual timestamp (for example, 2025-09-13 18:33:08.171) by calculating
its offset from the initial recorded time. Using this timestamp, the matching DFOS strain data is selected.
Finally, the strain profiles along the beam length from both DFOS and FEA at each selected moment are
produced and compared.

| Time set (¢;),i =0,..n |

l

DFOS:
real-time vs

Map to the real
time by A(t;)

Bending
machine:

Load at time(t;)

FEA:
real loading vs

time-loading
curve.

strain strain

DFOS strain FEA strain

Figure 9. Flow chart of strain data comparison.

Strain
Comparison

This comparison was performed in two dimensions: The spatial distribution of strain along the beam length
and the temporal evolution of strain throughout the loading history. Figure 10 illustrates the strain profiles
along the 457.2 mm span length at four distinct timestamps, representing different load levels during the
experiment. In each sub-graph, the experimental data (depicted as the gray original data and the red
smoothed curve) is compared directly with the theoretical predictions from the FEA model (blue FEA data).
As the loading progresses from Figure 10 (a) to (d), the strain magnitude increases significantly. Despite
local fluctuations in the raw sensor readings, the smoothed DFOS curve exhibits a strong correlation with
the FEA strain distribution. Both datasets consistently show a parabolic-like strain profile, peaking at the
mid-span and decreasing towards the supports. This agreement confirms the validity of the FEA in
reproducing the global structural response.
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Figure 10. Strain data comparison at different timestamps.

To assess the sensor's performance over time, strain histories were extracted and compared at three
specific critical locations. Figure 11 (a) details these monitoring points, located at distances of 57.2 mm (1/8
span), 114.3 mm (1/4 span), and 228.6 mm (1/2 span, center point) from the beam end. Figure 11 (b), (c),
and (d) display the strain-time curves for these respective locations. The blue solid lines represent the
experimental center strain recorded by the DFOS, while the red dashed lines represent the corresponding
FEA predictions mapped to the experiment time. The comparison reveals that the sensor successfully
tracks the strain evolution throughout the loading process. The experimental trends align well with the FEA
predictions, capturing the gradual increase in strain as the load is applied. This consistency across the
entire time domain validates the temporal reliability of the fiber optic sensor.

We also compare the crack patterns obtained from FEA with real crack propagations of experimental
counterpart. Figure 12 shows the comparison results, demonstrating the accuracy of finite element models.
In conclusion, the agreement observed in the spatial profiles (Figure 10), the temporal histories at key
locations (Figure 11), and crack patterns (Figure 12), demonstrates that the reliable processed DFOS data
and accurate numerical models. The sensor effectively captures both the localized strain gradients along
the beam and the dynamic response over the duration of the test.
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Figure 11. Strain data comparison at some specific locations (a) Recorded points at 1/8, 1/4, and 1/2 span. (b)
Strain comparison at 1/8 span. (c) Strain comparison at 1/4 span. (d) Strain comparison at 1/2 span.

The comparison of different contact interaction models reveals distinct outcomes in simulating the rebar
strain distribution and concrete crack behavior in composite reinforced concrete systems. Figure 12 (b)
illustrate that FEA prediction of the concrete damage pattern aligns closely with experimental crack
propagation shown in Figure 12 (a).

DAMAGET
(Avg: 75%)
+9.822e-01

+8.185e-02
+0.000e+00

(a) (b)
Figure 12. Comparison of (a) real crack pattern from experiment and (b) numerical simulation crack patterns from
FEA.

Overall, in Task 1, we successfully developed smart composite rebars in reinforced PC beams and
demonstrated the real-time monitoring of composite rebars. The FEA predictions align well with the
experimental results, showing the accuracy and reliability of our FEA model. The experiment results are
integrated with the numerical results from Task 2 and used as input to train machine learning algorithms in
Task 3.

5.2 Task 2: Multivariate numerical modeling of reinforced precast concrete components and physics-
informed database establishment

5.2.1 Sensitivity Study

This section aims to investigate the effect of different parameters on the performance of the reinforced
concrete beam through a sensitivity study. According to the sensitivity study results, the most important
parameters will be selected and redefined in their ranges to generate a database in the 5.2.2 section.
5.2.1.1 Effect of Concrete Compressive Strength

Figure 13 presents FEA results for concrete beams with concrete compressive strengths of 35.8 MPa, 68.9
MPa, and 151.7 MPa subjected to a vertical load of 52,800 N. The 35.8 MPa concrete beam experienced
extensive diagonal cracking and reached the highest yield stress distribution along the steel rebars,
resulting in limited flexural resistance. In contrast, the 68.9 MPa beam exhibited much less cracking,
primarily consisting of flexural cracks concentrated in the central region, with the highest stress in the steel
rebar reaching 351 MPa. The highest-strength 151.7 MPa concrete beam demonstrated minimal damage,
displaying only a single vertical flexural crack at the beam’s mid-span. Due to the high strength of the
concrete, the vertical displacement was minimal, measuring approximately 1.24 mm under the 52,800 N
loading condition.

TRANS-IPIC Final Report — Page# 16



DAMAGET 5, Mises

(Avg: 75%)
+4.201e+02
+3.856e+02
+3.512e+02

+2.133e+02 ”

+1.789e+02 ”
+1.444e402
s
+ o+ N

+0.000e-+00 +4.103e+01 p
+6.573e+00

DAMAGET
P S, Mises

+g 55;731 (Avg: 75%)

150450 +3.50%e+02

+6.223e-01 +3.221e+02

+7.400e-0 +2332e+02

+6.578e-01

+5.756e-01 +2.644e+02

el +2.355e+02

+4.111e.01 +2.067e+02 ”

+3.283e-0 +1.778e+02 /

+2.467¢-01 +1.490e+02

+1'645e.01 +1.201e+02

+8.2230-02

8255002 +3.127e+01 P

- +6.241e+01 3

+3.356e+01 T
+4.712e+00

DAMAGET

S, Mises
(Avg: 75%)

(Avg: 75%)
+3.531e+02

+0.000e+00

+3.260e+00

(e) (f)
Figure 13. FEA results of compressive flexural beam simulations for 35.8 MPa, 68.9 MPa, and 151.7 MPa concrete
under a load of 52,800 N: (a), (c), and (e) DamageT profiles for 35.8 MPa, 68.9 MPa, and 151.7 MPa concrete; (b),
(d), and (f) Stress profiles of steel rebars for 35.8 MPa, 68.9 MPa, and 151.7 MPa concrete.

5.2.1.2 Effect of Fiber Content

This section mainly focuses on the performance of PVA fibers in reinforced concrete from the range 0% to
range 0.6%. The influence of fiber content on concrete performance was also considered, as experimental
evidence suggests a trade-off effect. Specifically, increasing the fiber volume fraction tends to reduce
compressive strength, as observed in cylinder tests, but enhances tensile performance, as seen in split
tensile tests. Similar trends have been reported in previous studies. For example, P. Zhang et al. found that
when the volume fraction of PVA fibers increased to 1%, the cubic compressive strength dropped from 44
MPa to 39 MPa, while the tensile strength increased from 2.6 MPa to 3.05 MPa [35]. Thus, the compressive
strength of concrete with fiber will be adjusted accordingly. Additionally, the simulation results revealed that
vertical displacement decreases with increasing PVA fiber content, indicating improved overall strength.
Under identical loading conditions, the beam without fibers exhibited the largest vertical displacement of
approximately 2.20 mm. In comparison, the beam with a 0.2% fiber had a slightly reduced vertical
displacement of about 1.94 mm. Beams with higher fiber contents showed further displacement reductions,
approximately 1.73 mm for 0.4% fiber and 1.67 mm for 0.6% fiber. This displacement trend demonstrates
that higher fiber volume fractions effectively reduce deformation and enhance the overall load-carrying
capacity and stiffness of reinforced concrete beams.

Figure 14 illustrates a comparison between the simulations of concrete beams containing 0% and 0.6%
fiber. The crack propagation patterns generally appear similar. The concrete beam containing fibers
demonstrates less minor diagonal cracking in the middle region. The distribution of fibers bearing high
stress closely corresponds to the damaged regions. As shown in Figure 14 (c), the highest stress in fibers,
approximately 559.4 MPa, occurred near the bottom of the beam's central region.
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Figure 14. FEA results of the compressive flexural beam simulation for 35.8 MPa concrete when the load reaches
28,512N: (a) DamageT profile for the beam without PVA, (b) DamageT profile for the beam with 0.6% fiber (c) PVA
stress distribution for the beam with 0.6% fiber.

The damage profiles are shown in Figure 15 (a) and (b) indicate that the concrete beam with 0.2% fiber
experienced more vertical cracking compared to the beam containing 0.4% fiber. Conversely, the beam
with a 0.4% fiber exhibited more diagonal cracks, similar to the pattern observed in beams with a 0.6% fiber
content. Furthermore, the stress distributions within the fibers in Figure 15 (c) and (d) reveal that the beam
with 0.4% fiber reached a maximum fiber stress of 288.6 MPa, while the beam with 0.2% fiber reached a
higher maximum fiber stress of 342.3 MPa. In conclusion, the FEA results demonstrate that varying volume
fractions of PVA fibers enhance the flexural capacity of concrete beams reinforced with longitudinal G60
steel bars. The region of highest fiber stress for the 0.2%, 0.4%, and 0.6% fiber cases consistently occurred
in the middle region of the concrete beams.
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Figure 15. FEA results of the compressive flexural beam simulation for 35.8 MPa concrete when the load reaches
285kN: (a) DamageT profile for the beam with 0.2% fiber, (b) DamageT profile for the beam with 0.4% fiber, and PVA
stress distribution for the beam with (c) 0.2% fiber and (d) 0.4% fiber.

5.2.1.3 Effect of Stirrups

This section mainly focuses on the performance of steel stirrups in reinforced concrete. The FEA results
illustrate the behavior of concrete beams reinforced with longitudinal GFRP bars and steel stirrups at
different concrete strengths. As shown in Figure 16, two flexural beam simulations are compared. The beam
without steel stirrups exhibits a wider central flexural crack initiating from the bottom of the beam, while the
beam reinforced with stirrups shows several vertical crack propagations concentrated in the middle region.
Both models have additional crack propagation directly beneath the support area. Regarding vertical
deflection, the reinforced beam with stirrups experiences a deflection of 1.61 mm, whereas the beam
without stirrups deflects slightly more, at 1.79 mm. This corresponds to an approximate 10% reduction in
deflection, which indicates that the added confinement increases the beam’s overall stiffness. As a result,
the beam can sustain higher loads before reaching the same deflection level, improving its load-carrying
capacity.
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Figure 16. FEA results of the compressive flexural beam simulation for 35.8 MPa concrete with and without 9.5 mm
stirrup when the load reaches 40 kN: (a) and (c) DamageT profile, (b) and (d) Rebar stress distribution.

5.2.2 Database Generation

Based on the sensitivity results, important parameters are selected as the design variables for the
optimization. At previous sensitivity analysis stages, the exact extent of the concrete strength effect was
not yet known, so using a broad span allowed us to establish clear trends. After a sensitive analysis, we
found that the effect of concrete strength was too significant; thus, we decided to decrease the range, as
other parameters can equally contribute to structural performance. This section discusses the generation
of the validated database from FEA simulation, which consists of 432 cases developed to investigate the
influence of various parameters on the structural behavior of reinforced concrete. The database was
constructed using automated Python scripts to define geometry, assign materials, generate meshes, apply
loading, and extract results. In the previous sensitivity analysis stages, the exact extent of the concrete
strength effect and fiber effect was not yet known, so using a broad span allowed us to establish clear
trends. After a sensitive analysis, we found that the effect of concrete strength was too significant; thus, we
decided to decrease the range. Similarly to the fiber effect, we decided to increase the fiber range in the
database generation. All cases in the database were loaded under displacement-controlled conditions,
allowing for the accurate capture of the maximum loading force and the corresponding flexural
displacement. Key variables were systematically varied, including rebar types (AFRP, BFRP, CFRP, GFRP,
and steel rebars), rebar cross-sectional area, manufacturer or material specification, concrete strength
(20.7, 34.5, and 48.3 MPa), presence of stirrups, and fiber volume fraction in concrete (0% and 0.66%).
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Each simulation case models a reinforced concrete beam with dimensions of 152.4 mm x 152.4 mm x
508.0 mm. The model used one-fourth of the full-scale geometry to reduce computational cost. In
configurations with stirrups, four longitudinal rebars are used, while cases without stirrups include only two
rebars, which follow realistic practices. All stirrups are modeled using G60 steel with a 9.5 mm diameter.
Figure 17 shows a general case of simulation geometry, including the concrete beam dimensions, rebar
configuration, and variable parameters considered in the study. Simulations were executed using the CDP
model with embedded contact under the static general step in Abaqus.

Concrete Strength (MPa):
20.7. 34.5. 483
Fiber Volume Fraction in Concrete(%o): 1352,4
0.0.66% W

Stirrup:
With or Without

Rebar Type:

AFRP, BFRP, CERP. GFRP,
Steel G40. G60. G80. G100, and
G120
Rebar Properties:
Young’s Modulus, Poisson's
Ratio, and Ultimate Strength.
Rebar Area (mm?):

31.7. 71.3.126.7. 197.9

-0
'Lrjb‘ & Full Scale Mode

Figure 17. Geometric and parametric definition of the reinforced concrete beam used in FEA simulations.

The material properties used in the FEA simulations are presented in Table 1. It shows the corresponding
values assigned to each material in the model. In this study, the mechanical properties of FRP materials
were sourced from various literature references to reflect realistic behavior [36—47]. Based on information
from all references, the mechanical properties required for the FEA models were defined and used to
generate the full simulation database.

Table 1. List of Material Properties for a Composite Reinforced Concrete System [36—47].
Composite Rebar

(from a different manufacturer) Parameter Lower Bound Upper Bound
(AFRP: 1. General, 2. Arapree-8, 3. - ;
Technora; BFRP: 1. General, 2. Composite rebar Young's 46.9 150
Pultrusion, 3. Basalt-vinyl ester; mo.dulus:, Er (QPa)
CFRP: 1. General, 2, Leadline, 3. Poisson's Ratio, n 0.3 0.3
CFCC; GFRP: 1. Pink Bar, 2. General| Composite rebar ultimate 728 3000
Sand-coated Pultrall Inc, 3. strength, fur (MPa)
Quantum Company) Diameter, d (mm) 9.5 9.5
Steel Longitudinal Rebar / Stirrup | Young’s modulus, Es (GPa) 200 200
(Steel G40 (longitudinal), Steel G60 Poisson's Ratio, n 0.3 0.3
(longitudinal/stirrup), Steel G80 Composite rebar ultimate 480 1035
(longitudinal), Steel G100 strength, fu.s(MPa)

(longitudinal), Steel G120

(longitudinal)) Diameter, d (mm) 6.4 15.9

Concrete compressive

, 20.7 48.3
Conarete + PVAFiber [ B e
(20.7 MPa+0, 0.66%, 34.5 (MPa) oth, Tt 3.0 4.23
MPa+0,0.66%, 48.3 MPa+0%, 0.66%) .
Concrete Young’s modulus,
21.4 32.0
E: (GPa)

Table 2 illustrates the basic information and key parameters included in the FEA database. Each row
corresponds to a unique reinforced concrete beam sample generated in FEA based on a specific
combination of design variables, such as rebar type and area, concrete strength, stirrup (with or without),
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and fiber volume fraction in the concrete. Due to the large number of simulations, only the first seven cases
and the final few entries are listed here for illustrative purposes.

Table 2. Summary of Simulation Cases and Parameter Combinations in the FEA Database

No. |Rebar Type D:?:?:tzr Strg:gt%n(alt:Pa) Stirrup | Stirrup Area (mm?) SGtir;r:g VE:_zz:e
(mm) Fraction (%)
1 Steel G40 6.4 20.7 With 713 Grade 60 0%
2 Steel G40 6.4 20.7 With 713 Grade 60 0.66%
3 Steel G60 6.4 20.7 With 713 Grade 60 0%
4 Steel G60 6.4 20.7 With 713 Grade 60 0.66%
5 Steel G80 6.4 34.5 With 71.3 Grade 60 0%
6 Steel G80 6.4 34.5 With 713 Grade 60 0.66%
7 Steel G80 6.4 34.5 With 71.3 Grade 60 0%
.......... ... (continued)
431 GFRP 15.9 48.3 Without 713 Grade 60 0%
432 GFRP 15.9 48.3 Without 71.3 Grade 60 0.66%

To support the cost analysis within the database, typical market prices for all relevant materials were
reviewed. For steel rebar, costs range from approximately $1.21/kg for Grade 40 to $2.32/kg for Grade 120,
increasing with yield strength [36]. For FRP rebars, typical prices are approximately $1/Ib for GFRP, $1.5/Ib
for BFRP, $3/Ib for AFRP, and $6/Ib for CFRP [48-50]. Concrete prices vary by strength level, with typical
values ranging from $174/m? for 20.7 MPa mixes to $218/m? for 40.3 MPa mixes [51]. Additionally,
incorporating fiber adds an extra cost of approximately $5,160/m? with pure fiber ingredient [52].

5.3 Task 3: Development of a multi-objective metaheuristic optimization framework

The structural optimization of reinforced concrete beams is a critical problem in civil engineering, as
designers must balance cost efficiency, load-bearing capacity, and cracking resistance. Beam designs are
simulated in Abaqus under center-point bending, with parameters systematically varied: nine rebar types,
four bar sizes, three concrete strengths, stirrup inclusion (0/1), and fiber content. This produced 432 FEA
cases for optimization. Each design is evaluated against four objectives: minimize the total beam cost,
maximize the yield load capacity, minimize the mid-span deflection at yield load (Deflection in short), and
minimize the surface tensile damage ratio. To search the design space efficiently, a surrogate-assisted
framework combining Random Forest regressors with a Genetic Algorithm (GA) is used. Independent
Random Forest models, each with 100 trees, captured nonlinear interactions and provided accurate
predictions for the optimization process. The optimization problem is formulated as a single aggregated
fitness function, balancing the four normalized objectives with weights.

Fitness = w; X Cost + w, X (1 — Load Capacity) + ws X |Deflection| + w, X Damage Ratio (1)
where w; +w, +w;+w, =1. The normalization ensures comparability between different scales:
minimization objectives (unit cost, deflection, damage ratio) are scaled directly; maximization objective
(yield load capacity) is inverted before normalization; and the absolute value of deflection is considered to
enforce serviceability limits. The GA is implemented using Distributed Evolutionary Algorithms in Python
(DEAP) framework, considering its ability to handle nonlinear, mixed-variable, multi-modal search space.
Each candidate design is represented by six decision variables. Surrogate models predict objective values,
aggregated into a scalar fitness score. As shown in Figure 18, fithess drops sharply in the first 5 generations
before stabilizing, indicating rapid convergence.
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Figure 18. Convergence history of the GA.

No major improvement occurs after 10 generations, suggesting a stable optimum is achieved. The GA thus
effectively explores the design space and identifies optimal beam parameters under equal weighting. The
GA refined the population toward optimal trade-offs among cost, strength, stiffness, and damage resistance.
To analyze these trade-offs, 3D Pareto fronts are generated by excluding one objective and optimizing the
remaining three. Random forest surrogate models provided predictions, and Ridge regression surfaces are
fitted post hoc to Pareto-optimal points for smooth visualization. This strategy clarifies interactions among
objectives and shows how trade-offs shift when one metric is removed. Figure 19 displays the Pareto fronts
of four optimization cases, with blue markers as optimal solutions, gray dots as raw data, and smoothed
surfaces highlighting trade-off structures. Figure 19 (a) highlights the dominant compromise between
economy and serviceability when the damage ratio is not explicitly constrained. Figure 19 (b) shows both
deflection and damage improve until a threshold, after which further deflection reduction yields little damage
benefit. The front on Figure 19 (c) forms a smooth ridge, indicating that without budget constraints,
performance improves across all metrics. Figure 19 (d) shows a knee at cost 6-12 per unit, load 65-75 kN,
and damage 0.007-0.013. Below this, cost cuts add little; above 75 kN, strength gains raise cost and
damage. This balance preserves strength and damage ratio at a moderate cost.
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Figure 19. Pareto front of different multi-objective optimization cases: (a) min cost — max load capacity — min
deflection; (b) min cost — min deflection — min damage ratio; (c) max load capacity — min deflection — min damage
ratio; (d) min cost — max load capacity — min damage ratio.
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6. Conclusions and recommendations:

This report presents a integrated experimental, numerical, and Al-assisted framework for analyzing and

optimizing the performance of reinforced precast concrete components. The proposed approach

demonstrates a scalable and data-driven pathway for achieving efficient and reliable beam designs across

a broad range of structural configurations. By integrating laboratory testing, FEA simulations, and advanced

metaheuristic optimization techniques, the study establishes an intelligent design methodology capable of

supporting both performance evaluation and decision-making. This framework offers a versatile tool for
optimizing reinforced concrete systems according to user-defined objectives such as cost, strength,
serviceability, and durability. The main conclusions of the work are summarized as follows:

. Experimental results show that incorporating fibers requires additional mixing water to maintain
workability, which can reduce the compressive strength of concrete and the modulus of rupture of
reinforced PC beams. However, adding 0.6% PVA fiber (by volume) significantly increases the energy
dissipating capability of the reinforced PC beam. Beams with steel rebars still outperform ones with
GFRP in center-point flexural test. In addition, the FEA-predicted strain data and crack pattern agree
well with the experimental measurements, providing a solid foundation for the developed multi-
objective metaheuristic optimization framework.

e Avalidated database of 432 FEA cases was developed to capture how key design variables influence
reinforced concrete beam performance. Sensitivity analysis guided refinement of parameter ranges,
narrowing the concrete strength span and expanding the fiber content to ensure balanced effects
across variables. Automated Python scripts generated all models, geometry, materials, meshing,
loading, and result extraction under consistent displacement-controlled conditions. The database
includes multiple FRP and steel rebar types, manufacturing types of FRP and steel rebars, varying
rebar sizes, presence of stirrups, concrete strengths, and fiber contents. Material properties were
sourced from literature, and market pricing data for steel, FRP, concrete, and fibers were integrated
to support later cost—performance optimization. This comprehensive dataset provides the foundation
for the multi-objective optimization framework.

e A surrogate-assisted multi-objective optimization framework was successfully applied, integrating
Random Forest regressors with GA, to identify optimal designs for reinforced precast concrete beams.
By leveraging 432 FEA simulation cases, the framework simultaneously addressed four competing
objectives: minimizing total cost, deflection, and surface damage, while maximizing yield load capacity.
The optimization process demonstrated high efficiency, achieving convergence and stabilizing within
just 10 generations. Additionally, the analysis of 3D Pareto fronts visualized critical trade-offs,
identifying a specific region that secures high strength and damage resistance at a moderate cost.
Ultimately, this framework effectively navigates the non-linear design space, providing engineers with
a robust tool for achieving balanced, cost-efficient structural performance.

Based on our findings, future work includes the investigation the long-term benefits of using non-corrosive
FRP rebars, particularly with respect to durability, service life, and life cycle assessment. In addition, in FEA
simulation, a major challenge is that each CDP model is highly demanding, consuming substantial
computing resources while producing only a single data point for the Pareto front. Therefore, future research
should focus on maximizing the utility of each simulation. Alternatively, one potential solution is to develop
theoretical formulations based on ACI standards, allowing generalized predictions and generating
additional Pareto front points without running every FEA case. While the current study focuses on the
center-point bending, the framework can be extended to other loading conditions or more complicated
structural geometries. In addition, further study includes the selection of appropriate weight factors for the
various optimization objectives plays a critical role in maintaining the convergence stability of the Genetic
Algorithm and in avoiding biased or skewed optimization outcomes.

7. Practical application/impact on transportation infrastructure:
In practical transportation applications, the experimental beam can serve as a representative prism of a

slab or pavement, allowing the structural response of the full system to be inferred from prism-level analysis.
This section provides an application example to illustrate how beam-scale modeling can be applied to
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pavement design. This schematic in Figure 20 is adapted from the Federal Highway Administration’s
analytical modeling approach for continuously reinforced concrete pavements, where a representative
reinforced concrete prism with a centrally embedded rebar. Building on this concept, the prism methodology
from the experimental beam tests and the accompanying simulation database was extended to the context
of precast concrete pavements (PCP) [53]. In PCP design, a representative prism can be extracted from a
panel and analyzed under a 4000 Ib axle load of a design truck to capture the local stress response [54].
This approach avoids the need to model the entire panel while still reflecting its structural behavior. Within
this database, parameters were varied by adjusting the rebar size at the prism center and by changing the
rebar material, resulting in a dataset of 25 cases. By varying design parameters, a range of design scenarios
can be explored to achieve an optimal balance between structural performance and cost efficiency for
overall pavement systems.

Precast Concrete Pavement

V77777

\N___i 1TV ar arF ¢ v

. I Representative Prism

|
| Representative Prism | _ . —.—-—"—""" 7" - 'Lsimu]atiﬂll .

Figure 20. Schematic of a representative reinforced concrete prism for road pavement analysis.

An optimization framework is also developed to evaluate design alternatives for this prism structural
element. The analysis considers two key design variables: the rebar material placed at the prism center,
including steel rebar, Aramid Fiber Reinforced Polymer (AFRP), Basalt Fiber Reinforced Polymer (BFRP),
Carbon Fiber Reinforced Polymer (CFRP), and Glass Fiber Reinforced Polymer (GFRP), with five different
cross-sectional geometries (129, 200, 283.9, 387.1 and 509.7 mm?), producing a dataset of 25 design
cases. The aim is to simultaneously minimize total cost and mid-span deflection. Figure 21 shows the
Pareto front to identify the non-dominated designs. As illustrated in the resulting Pareto plot, the optimal
solutions mainly involve steel rebar. This outcome is consistent with structural mechanics expectations, as
steel offers high stiffness at a comparatively low cost, giving it a natural advantage when only structural
performance and initial cost are considered. However, composite rebars possess benefits that are not
reflected in this simplified two-objective analysis, particularly durability, corrosion resistance, and long-term
maintenance savings. Future work will therefore incorporate life-cycle assessment and additional
sustainability metrics to more comprehensively evaluate the potential advantages of composite rebar
materials.
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Figure 21. Optimized design for prism structures.
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Figure 22 illustrates a bridge girder subjected to standard AASHTO HL-93 design loading . The HL-93 truck,
a three-axle design vehicle under the same axle loads as in the previous pavement condition, represents
the critical live load condition considered in bridge design. In addition to the live load at 9.3 kN/m, the design
also incorporates dead load components, including the structural self-weight at 21kN/m and superimposed
dead load at 10 kN/m. Together, these load cases reflect the comprehensive load combination used in
AASHTO bridge design specifications. To improve the design of bridge girders under roadway loading
conditions, a 25-case simulation database is developed. The database varies the size and material
properties of the longitudinal rebar to identify an optimal balance between safety and economy while
satisfying design safety requirements.

The developed Al-driven smart composite rebar provides continuous strain monitoring results along the
entire length of the bridge girder, enabling the detection of localized strain peaks associated with crack
formation. By identifying these distinct strain signals, the location and severity of cracks can be accurately
determined. Furthermore, FEA is employed to correlate the strain results and provide a visualization
representation of structural behavior through the digital twin model, as well as a physics-informed database
for optimal design of the transportation infrastructure.

y 11.9m ~ Girder simulation

7z

o
Design parameters: longitudinal

‘J\ rebar material and size
| : x

Tributary area for loading

Figure 22. Bridge girder simulation framework with variable longitudinal rebar parameters.
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