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Abstract

This study develops an integrated artificial intelligence solution that simultaneously addresses structural health monitoring,
mechanical-performance prognosis, and engineering optimization by leveraging open-sourced Indian experimental case
bases. Structural monitoring assessment was based on the six-storey II'T Patna shear-building benchmark with fourth-storey
damage, whereas mechanical behavior predictions were based on an innovative 188-sample experimental database of
recycled-aggregate concrete mixes from [1T Bhubaneswar. The functioning of the automated XGBoost regressor was
validated on the independent test set, achieving R*=0.943 , RMSE=3.99 MPa, and MAE=2.90 MPa for the mechanical
performance prognosis task. The five-fold cross-validation procedure scored R*=0.946 £0.009. The observed-data Pareto
front analysis revealed that an observed 28-day strength of 59.0 MPa was reached with 41.2% lower cement content while
still retaining 83.2% of the maximum compressive strength. This finding highlights the potential of the proposed framework
to enable transparent decision-making in engineering by integrating sensing, mechanical-performance models, and design
optimization in a unified data-driven paradigm.

Keywords: artificial intelligence; structural health monitoring; XGBoost; recycled aggregate concrete; explainable Al; engineering optimization
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Introduction

In recent decades, the need to satisfy a growing demand for mobility, address aging infrastructure, adapt to
environmental changes, and limited maintenance budgets have led civil infrastructures to increasingly complex
traffic conditions. While traditional inspections are necessary, they cannot provide a constant assessment of the
state of structures, such as a variation in stiffness, vibrations, degradation, or load capacity. Structural health
monitoring (SHM) is a way to address this challenge by using sensors, signal processing, mechanics, and decision-
making processes to recognize states of a structure associated with damage (Farrar and Worden, 2007; Anjneya
and Roy, 2021a).

Artificial intelligence (Al) approaches enable SHM (structural health monitoring) ranging from threshold alarms
to pattern, anomaly, damage classification, prognosis, and predictive maintenance. Deep learning models allow for
directly learning patterns from vibration or images. In contrast, ensemble machine-learning approaches seem
better suited to data from a table, as they can capture more complicated relationships, while still having a lower
requirement for sample size compared to classical methods (Cha et al., 2024; Plevris and Papazafeiropoulos, 2024;
Di Mucci et al., 2024). Current research emphasizes the importance of model interpretation, as decisions based on
predictions need to be justified to ensure effective prioritization of inspections and a reasonable allocation of
resources towards the most cost-effective interventions (Plevris and Papazafeiropoulos, 2024).
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The Indian context gives this topic an additional level of interest. The Indian Bridge Management System was
developed to ensure the country’s first inventory and database about the state of its bridges. At the same time, the
road sector policy calls for regular inspections, ensuring their performance, durability, safety, and cost-effective
maintenance. Moreover, India possesses a considerable amount of laboratory and field research data about
concrete, vibrations, recycled aggregates, or supplementary cementitious materials that can be used to create Al
studies based on reality, not a theoretical model (Ministry of Road Transport and Highways, 2025; Press
Information Bureau, 2016).

A second category of challenges is connected to the materials. The mechanical performance of concrete depends
on the different variables like binder, water-to-binder ratio, type of aggregates, admixture, period of curing, and
the percentage of recycled aggregates. The variables present a non-linear relationship to the material’s
compressive strength. Moreover, the heterogeneity of the recycled aggregates and the initial moisture level also
challenge the mix proportioning exercise. Therefore, it is essential to perform laboratory experiments and apply
machine learning techniques to assess the compressive strength of these concrete mixtures and determine the
optimal mix composition (Biswal et al., 2022; Olvera-Mayorga et al., 2025).

Table 2. Held-out regression performance on the II'T Bhubaneswar dataset.

Model R? RMSE (MPa) MAE (MPa)
Tuned XGBoost 0.943 3.99 2.90
SVR-RBF 0.907 5.10 3.38
Random Forest 0.905 5.16 3.81
Extra Trees 0.903 522 3.87
Gradient Boosting 0.895 5.43 4.12
Ridge 0.823 7.05 5.36

Despite significant advances in the field, many studies still focus on simplified scenarios in which structural health
monitoring (SHM) data are used to classify structural conditions, constitutive models estimate the performance of
candidate materials, and optimization algorithms explore a single design variable. Instead, a deployable
engineering intelligence should operate at higher levels of organization by linking the information to drive from
SHM, relating this information to constitutive law assumptions, and exploiting this knowledge to define a set of
possible trade-off options in the optimization process. At a higher level, this approach is fully compatible with
cyber-physical and digital-twin paradigms, where the response of a monitored asset, its estimated evolution, and
the optimization guidance are permanently cross-referenced.

By virtue of this study, we develop an integrated artificial intelligence framework using two independently
published Indian experimental databases, namely, a six-storey shear-building vibration benchmark generated at
IIT Patna with repeated undamaged and damaged measurements, and an 188-mix concrete database generated at
IIT Bhubaneswar for recycled aggregate concrete blended with fly ash and ground granulated blast-furnace slag
and metakaolin Given that the study aims to (i) develop a structural-monitoring layer using the Indian vibration
data, (ii) formulate and validate a nonlinear mechanical-performance model for compressive strength, (iii)
interpret the dominant material variables, and (iv) carry out an observed-data multi-objective screening to enable
strength-cement trade-off analysis for engineering decision-making, our arguments unfold around these topical
underpinnings.

2. Materials and Methods
2.1 Study design and integrated framework

The research was implemented through a reproducible secondary-data computational analysis, with no fabricated
measurements added into the primary validation sets. The process involves three interconnected levels: 1) a
sensing and state identification layer informed by responses of acceleration; 2) a materials-performance layer,
which regresses the compressive strength on the mix components; 3) an optimization layer, which identifies
Pareto frontier mixtures on the basis of identified performance characteristics. Open experiment datasets have
been used, so as to allow independent verification and avoid conflating fabricated values with field observations.

The structural layer may provide a condition indication that can trigger inspection or model updating. The material
layer supplies a strength estimate plus variable sensitivity information for candidate concrete mixtures. The
optimization layer weighs material options against competing objectives. As a practical matter, these layers can
be instantiated in an asset-management framework in which sensor-driven anomaly detection triggers inspection
and in which rehabilitation options are evaluated in terms of material performance and resource use.
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2.2 Indian structural-health-monitoring dataset

The structural data was acquired from laboratory SHM benchmark (Anjneya & Roy, 2021a) provided by the
Department of Civil and Environmental Engineering, Indian Institute of Technology Patna, Bihar, India. The test
structure was a 1:20 geometric scale 3D six-storey shear-building model. a set of six piezoelectric accelerometers
were mounted on the floor levels in the direction of free vibration. The number of acceleration time-history
records for the undamaged and damaged structures was twenty-five each.

Damage was introduced into the structure by changing the cross-section of the columns on the fourth storey from
7.8 mm x 7.8 mm square columns to 6.5 mm x 6.5 mm ones. Flexural stiffness for a square cross-section reduces
with the fourth power of the side length (for the same material and length). Therefore, the analytically identified
stiffness reduction matches the experimentally identified one (51.8%) and equals approximately 51.7%. The
sampling interval was 24 x 10-5 s, i.e.,, the sampling frequency was about 4166.7 Hz. The data can be used for
vibration-based binary structural-state identification and modal analysis.

Table 1. Indian experimental datasets used in the integrated framework.

Dataset Institution/location Observations Primary variables Role in framework
Shear-building IIT Patna, Bihar, India 25 undamaged + 25 Six-floor acceleration Structural-state
acceleration benchmark damaged records time histories; known monitoring and external
fourth-storey damage Al benchmark
Recycled-aggregate IIT Bhubaneswar, 188 tested concrete Binder, water, Mechanical-
concrete database Odisha, India mixes admixtures, performance prediction
natural/recycled and optimization
aggregates, age,
compressive strength

For the purpose of external benchmarking of the present structural-monitoring layer, the current study refers to
the publicly available results of the independent research conducted by Sarma et al. (2025). These researchers
trained an extremely lightweight 1D CNN and a Transformer model on the same IIT Patna database resulting in
99.44% and 98.87% validation accuracy, respectively. For the sake of consistency and to avoid double-counting,
these accuracy measures are used in the current study as external benchmark results rather than results of the
present computation. According to Sarma et al. (2025), their explainability analysis revealed that global patterns,
including the response of the base sensor, contain damage-discriminatory information, thus serving as important
features for vibration-based damage detection models.

2.3 Indian concrete mechanical-performance dataset

The mechanical-performance database was obtained from the open IIT Bhubaneswar concrete laboratory
database of Biswal, Pasla, and Mishra related to the experimental study of Biswal et al. (2022). The database
includes 188 concrete mixtures experimentally studied. It covers recycled aggregate concrete and includes the
following variables: cement, fly ash, GGBS, metakaolin, total cementitious materials, water, water-to-total-
cementitious-material ratio, superplasticizer, viscosity-modifying admixture, natural and recycled coarse
aggregate (in fractions), sand, curing age, and compressive strength.

In the provided data file, the compressive strength accounts for 6.00 - 73.76 MPa with an average of 34.42 MPa.
The range of the variable curing age (days) was 3, 7, 14, 28, 56, 90 days. The water-to-total-cementitious-material
ratio varied from 0.25 to 0.75. There were no missing values in the 188 observations used to build the model, and
serial number was removed from the set of predictors.

2.4 Machine-learning models and validation

Six regression approaches were considered, namely, ridge regression, radial-basis-function support vector
regression, Random Forest, Extra Trees, Gradient Boosting, and Extreme Gradient Boosting (XGBoost). The study
selected XGBoost as a main candidate for modeling nonlinear relationships because gradient-boosted decision
trees are particularly effective in case of medium-sized tabular data and able to account for nonlinear interactions
between mixture variables (Chen and Guestrin, 2016).

The data was separated into an 80% training set and a 20% held-out test set using random_state=42. The
hyperparameters for the XGBoost model were selected using a randomized search with a five-fold cross-validation
on the training set. The final model had 889 trees, a tree depth of 5, a learning rate of 0.0560, a subsample of 0.943,
a column subsampling of 0.960, a minimum child weight of 4 and L1 and L2 regularization coefficients of 0.0197
and 0.181, respectively. The final model was evaluated using the R* score, root mean squared error (RMSE), and
mean absolute error (MAE). Subsequently, the procedure was repeated using a second round of five-fold shuffled
cross-validation on randomly split and shuffled samples.
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Permutation importance was calculated on the held-out test set with 50 repeated shuffles per feature and the R?
score as the metric. This model-agnostic procedure estimates the decrease in performance of a model when the
input features are randomly permuted, thus providing an engineering interpretation of the variables responsible
for the model’s predictions.

2.5 Observed-data engineering optimization

The optimization procedure of mix proportioning deliberately does not aim at predicting non-observed mix
designs but rather focuses on the observed experimental region. For all 28-day target records, the optimization
process used two objectives to maximize the observed compressive strength and minimize the amount of cement.
The Pareto front is then constructed, where a 28-day target record is a supported solution if there is no other
observed mixture that has both lower cement content and higher compressive strength. The supported solutions
are used to identify the mixtures that are directly comparable to the tested and observed Indian laboratory
mixtures.

For a practical example of decision-making, the lowest-cement observed mixture that achieved at least 50 MPa at
28 days was compared to the corresponding 28-day maximum strength mixture. [t was reported as a percentage
of the cement factor reduction and the retained strengths. The intention is not to dictate a code-specified concrete
mixture design with additional durability and workability criteria but to illustrate what an Al-assisted engineering
system can do in terms of design space reduction prior to a detailed laboratory qualification process.

2.6 Software and reproducibility

The computations were carried out in Python programming language using pandas 2.2.3, numpy 2.3.5, scikit-learn
1.8, and XGBoost 3.1.3 libraries. For the purposes of this study, a random seed was set for both data splitting and
model evaluation. The data used as the basis for this research has been made public and is available in the
repositories indicated, thus allowing the reproduction of the computations.

3. Results and Discussion
3.1 Structural-monitoring evidence and physical consistency

Perhaps the most valuable Indian SHM benchmark concerns the IIT Patna case, as it involves a scenario with a
known damage state, documented geometry, and multiple measured acceleration records. In this situation, the
analytically identified loss of stiffness of 51.8% is close to the given value of 51.7% damage, which can be regarded
as a good indication of internal consistency between the physical modification and the metadata used for Al
classification.

Independent published testing on the same database confirms that raw time histories contain sufficient
information to achieve extremely high levels of accuracy in state identification: the reported Fast CNN and Fast
Transformer validation accuracies are 99.44% and 98.87%, respectively (Sarma et al., 2025). However, this does
not mean that one can expect such accuracy in the identification of every possible field structure. The lab-bench
case involves a controlled structure, a deliberately excited vibration response, while the state to be identified is
binary. In real structures, many factors affecting their behavior can vary simultaneously (temperature, traffic,
sensor biasing, boundary conditions, and damage mechanisms).

Nevertheless, the finding is critical for the proposed integrated framework as it demonstrates that an Indian
experimental vibration dataset can be utilized for the sensing-to-diagnosis layer. In practice, the outcome of the
classifier should be used as a condition indicator for initiating engineering reassessment rather than claiming
structural safety by itself. This conclusion aligns with recent trends in the XAl and SHM literature that emphasize
physically interpretable findings, epistemic uncertainty, and human-centered decision-making (Cha et al., 2024;
Plevris and Papazafeiropoulos, 2024).

Table 3. Structural-monitoring benchmark on the IIT Patna dataset.

Evidence Model/quantity Result Interpretation

Physical consistency Analytical stiffness reduction 51.8% Matches reported fourth-storey
from 7.8 mm to 6.5 mm square damage severity (~51.7%)
columns

External published benchmark | Fast 1D CNN 99.44% validation accuracy High separability of

undamaged vs damaged
vibration states

External published benchmark | Fast Transformer 98.87% validation accuracy Comparable high classification
accuracy with attention-based
sequence modeling
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Table 4. Pareto-efficient observed 28-day mixtures for compressive strength versus cement content.

Serial no. Cement Fly ash GGBS Metakaolin w/TCM CS (MPa)
134 113 0 113 0 0.75 16.34
133 131 0 131 0 0.65 18.77
132 155 0 155 0 0.55 24.43
25 165 0 385 0 0.31 47.69
24 275 0 275 0 0.29 59.00
129 340 0 340 0 0.25 60.00
23 385 0 165 0 0.28 61.11
27 468 0 0 82 0.35 70.92

3.2 Mechanical-performance prediction

The tuned XGBoost model produced the strongest held-out performance, with R?=0.943, RMSE=3.99 MPa, and
MAE=2.90 MPa. Five-fold cross-validation yielded mean R%=0.946+0.009, RMSE=4.14+0.57 MPa, and
MAE=2.93%0.13 MPa. The close agreement between held-out and cross-validated results indicates that predictive
performance was not dependent on a single favorable split.

The model comparisons demonstrated that the linear Ridge model performed less strongly, with R*=0.823. At the
same time, the performance of the nonlinear methods was close to or better than 0.89 for the test dataset, which
suggests that the relationship between the input parameters and the target variable is indeed governed by
nonlinear interactions. This is not surprising, given that the factors affecting concrete strength are numerous and
complicated and that they benefit from being combined in specific ways (e.g., the amount of water depends on how
much binder is used, aggregate composition and admixtures), which is challenging to capture using linear trends.

The observed versus predicted in Figure 1 falls along the identity line for the range of low, medium, and high-
strength. There were residual errors, as could be expected for a heterogeneous laboratory database. From an
engineering standpoint, a prediction error of about 4 MPa (RMSE) is reasonably good, and therefore, the model
can be used for screening and sensitivity analyses; nevertheless, it does not replace the need for a confirmatory
cube or cylinder test when the mixture is used in practice.

Held-out prediction performance of tuned XGBoost

70 A ®

N w H (O} o))
o o o o o
1 1 1 1 1

Predicted compressive strength (MPa)

[}
o
1

10 20 30 40 50 60 70
Observed compressive strength (MPa)

Figure 1. Observed versus predicted compressive strength for the held-out IIT Bhubaneswar test set using tuned
XGBoost.
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3.3 Explainability and dominant material variables

Permutation importance ranked curing age as the most important predictor, followed by cement content, fly ash,
total cementitious material and 10-mm-down recycled coarse aggregate fraction. The contribution of GGBS, the
superplasticizer dosage and the water-to-total-cementitious-material ratio was also non-negligible. The ranking
is in line with mechanistic considerations, since age determines the degree of binder hydration, cement and fly ash
contents define the reactivity of the binder system, and different types of aggregates affect the properties of
interfacial transition zones and the effective stiffness of the mortar.

The fly ash content and total amount of cementitious material were found to contribute to prediction, but not
necessarily positively to increased strength in all cases; permutation importance does not identify monotone
features. The permutation importance quantifies the variable’s contribution to the prediction, but it does not
establish a monotone relationship. For instance, fly ash may benefit particular concrete elements at given ages,
replacement levels, and water-to-binder ratios but harm others. Therefore, the model’s explanation should be
combined with domain knowledge to understand how the changes in explanatory variables affect the response.

This distinction is critically important for integrated engineering Al. A model that forecasts accurately but cannot
specify which physical variables drive its results is not readily interpretable. The importance of individual
predictors provides a useful degree of transparency, while future work can employ SHAP values, partial-
dependence analysis, or monotonicity constraints, as appropriate, to enhance understanding (Lundberg and Lee,

Top predictors of concrete compressive strength

AGE
cement
flyash
TCM

RCA_10_DOWN

Feature

GGBS

SP
water_TCM
SAND

MK

0.00 0.05 0.10 0.15 0.20 0.25 0.30 0.35 0.40
Permutation importance (decrease in R2)
2017).

Figure 2. Permutation importance of the ten most influential concrete predictors on the held-out test set.

3.4 Engineering optimization and Pareto trade-offs

Among the 28-day experimental records, the maximum observed compressive strength was 70.92 MPa at 468
kg/m? cement. In contrast, the lowest-cement observed mixture exceeding 50 MPa used 275 kg/m?® cement and
275 kg/m?® GGBS, with a water-to-total-cementitious ratio of 0.29 and a measured 28-day strength of 59.00 MPa.

The alternative used 41.2% less cement than the mixture with the highest strength. Its compressive strength was
83.2% of the maximum mixture’s strength. It can be concluded that the mixture with the highest strength is not
necessarily the best option if a project only requires a specific strength level. The Pareto frontier in Figure 3 below
represents mixtures for which there is no better alternative in terms of both strength and decreased amount of
cement used.
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Observed-data Pareto frontier: strength vs cement content

70

w H (%) [e)]
o o o o
1 1 1 1

28-day compressive strength (MPa)

N
o
1

10 A

100 200 300 400 500 600 700
Cement content (kg/m3)

Figure 3. Pareto-efficient frontier among observed 28-day mixtures, maximizing compressive strength while minimizing
cement content.

The optimization outcome that has to be read as a design-support statement rather than a final mixing
recommendation comes from the fact that cement reduction affects workability, early strength, carbonation
resistance, chloride ingress, shrinkage, and sensitivity to curing. Indian long-term exposure data that include the
IIT Madras ten-year natural carbonation database for blended cements show that the durability function needs to
be added to the mix-design multi-objective function (Hule et al., 2024). A competent engineering optimizer would
have to address strength, durability, carbon footprint, cost, workability, and process variability.

3.5 Integrated deployment pathway for Indian infrastructure

The main contribution of the present work is the link between the structural-state intelligence and the material-
design intelligence. Specifically, in a closed-loop infrastructure monitoring-assessment-upgrade framework,
accelerometers or other response sensors provide the in-situ continuous condition assessment. An anomaly
classifier determines whether the event needs investigation. The event is then subjected to a combination of
model-based physics-informed diagnosis, inspection information, and history of the asset to determine if it
requires repair. The material performance model then identifies candidate properties, and a multiobjective
optimizer selects the best upgrade options based on the design criteria relevant to the project’s needs.

Such a workflow would be appropriate to the intent of bridge-management and infrastructure-maintenance
systems in India, where the condition information is intended to be used to prioritize maintenance activities. Thus,
Al is most useful when it allows to make shorter work of the period between acquiring raw measurements and
arriving at a set of justified recommendations; it should not replace the structural engineer, laboratory
qualification, code checking, and field inspection.

The framework presented is also scalable; the structural layer can be adapted from a binary lab-scale benchmark
to multi-class field damage states, transfer learning based health-state identification or anomaly detection, or
digital-twin model updating; the material layer can be expanded to predict beyond compressive strength to other
material response functions such as tensile strength, modulus, durability, and remaining service-life indices; and
the optimization layer can then account for life-cycle costs and maintenance scheduling. Connecting all these
contributions is traceability, from data to models to physics to actions.
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3.6 Limitations

The structural data set is a laboratory-scale shear building benchmark, not a full-scale field bridge or building. Its
controlled binary damage state is useful for validation, but a real-world structure would have more nuanced
performance degradation states that are not captured by such a simplified model. The CNN and transformer
accuracies reported in this paper are independent published results on the same dataset; they are not the results
of the present computation.

The concrete database consists of 188 mixtures, which is sufficient for the careful validation using tabular machine
learning, but it represents a relatively narrow data set for general industrial applications. In this database, a
random train/test split can result in the same family of mixes in both data sets. It is recommended to perform a
grouped validation with mixes of the same base blend or campaign if the data set contains this information. Finally,
the Pareto front analysis used only the 28-day-old mixes and optimized two objectives, but in reality, it is necessary
to optimize more than one objective, while ensuring code compliance, durability, cost, and sustainability.

4., Conclusion

The developed framework was evaluated using the IIT Patna Structural Health Monitoring (SHM) benchmark
dataset, which provides a physically documented damage scenario with replicable acceleration measurements,
and the IIT Bhubaneswar database, which enables the nonlinear prediction of the compressive strength of recycled
aggregate concrete.

The tuned XGBoost model achieved R?=0.943, RMSE=3.99 MPa, and MAE=2.90 MPa on held-out data, with five-
fold mean R?=0.946. Permutation importance showed that age and binder-related variables dominated prediction.
Observed-data Pareto screening identified a 59.0 MPa, 28-day mixture using 41.2% less cement than the
maximum-strength mix while retaining 83.2% of its strength.

The general conclusion is that the main benefit of Al for engineering comes from linking separate tasks of
prediction into a transparent decision chain. Monitoring data can provide information about change in structure
behavior. Material models can evaluate potential interventions. Multiobjective screening can make trade-offs in
multiple objectives explicit. The framework is thus best interpreted as a decision support system for engineers
rather than as a safety assessment tool.
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