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Abstract — The structural assessment and retrofitting of
aging concrete infrastructure are critical for public safety and
sustainability. Non-destructive testing (NDT) methods, such
as the rebound hammer test, provide surface hardness
estimates correlated to concrete compressive strength, aiding
in preliminary evaluation stages. However, rebound hammer
results are influenced substantially by factors including
surface condition, moisture, carbonation, and aggregate
properties, complicating direct strength estimation. This
paper explores the integration of Artificial Neural Networks
(ANNs), a powerful machine learning tool, to accurately
predict concrete compressive strength from rebound hammer
data while accounting for influencing environmental and
material variables. Extensive experimentation, including data
acquisition from various aged structures and destructive core
testing for validation, is coupled with ANN development and
training to improve predictive accuracy beyond traditional
empirical correlations. The results ~demonstrate  ANN’s
superior ability to manage non-linear relationships and data
variability inherent in rebound-hammer outputs, facilitating
enhanced and reliable retrofitting decisions. Moreover, this
study underscores how this approach promotes cost-efficient,
sustainable structural rehabilitation through precise strength
mapping, prioritization of repairs, and minimization of
material waste.
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. INTRODUCTION

A. Background on Concrete Retrofitting and NDT

Concrete infrastructure worldwide faces deterioration from
aging, environmental degradation, loading conditions, and
construction defects, necessitating effective retrofitting
interventions to maintain serviceability and safety. Accurate
estimation of in-situ concrete strength is fundamental for
planning these interventions[*T10]. Non-destructive testing
(NDT) methods have emerged as preferable alternatives to
invasive testing given their minimal impact on structural
integrity, low cost, and ease of deployment. The rebound
hammer test, also known as the Schmidt hammer test, is
among the most common NDT techniques, providing a
measure of surface hardness which correlates statistically
with compressive strength.

B. Challenges of Rebound Hammer Testing

Despite its popularity, rebound hammer testing is sensitive to
various factors such as surface roughness, moisture levels,
carbonation depth, aggregate type, and test orientation, all of
which modify results and pose challenges to interpretation
[*T1], [~T8]. Direct application of rebound number to
strength correlations can lead to significant inaccuracies if
these modifiers are not accounted for.

C. Artificial Neural Networks for Enhanced Prediction

Artificial Neural Networks (ANNS), inspired by biological
neurons, are computational methods capable of modeling
complex, non-linear relationships in data sets. In civil
engineering, ANN applications span structural health
monitoring, material property prediction, and damage
identification[*T9]. Integrating ANNSs with rebound hammer
testing can facilitate precise prediction of compressive
strength by learning from multi-variable data inputs,
effectively handling variability and dependencies often
missed by standard regression or empirical formulas.

D. Objectives and Scope of the Study

This research aims to:
— Develop and validate ANN models predicting concrete
compressive strength from rebound hammer data

supplemented by environmental and material
parameters.

— Evaluate the improvement in accuracy over traditional
methods.

— Demonstrate applicability in retrofitting scenarios for
sustainable infrastructure management.

— Propose guidelines for integrating ANN-enhanced
rebound hammer testing in routine structural
assessments.

Il. LITERATURE REVIEW

A. Non-Destructive Tests in Concrete Assessment

NDT techniques, including rebound hammer (RH) test,
Ultrasonic Pulse Velocity (UPV), and infrared thermography,
play pivotal roles in concrete evaluation. Studies show
rebound hammer’s advantage in screening but limitations
related to surface effects and narrow data scope [T7],
[*T10]. Combining multiple NDT methods enhances
robustness.

B. Correlation of Rebound Hammer with Core Strength

Core extraction remains the gold standard for in-situ strength
determination but is invasive and costly. Calibration of
rebound values using core test data improves reliability.
However, site-specific calibration is imperative due to
variability in concrete properties and environmental
conditions [*T1], [*T7].
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C. Machine Learning and ANN in Concrete Strength
Prediction

Recent advances apply machine learning for strength
prediction. Yousefi et al. (2020) integrated rebound values in
ANN models accounting for moisture, carbonation, and other
variables, outperforming traditional regression. ANNs excel
in modeling non-linear mapping and can be trained for site-
specific contexts [*T9]. Yet, literature highlights the need for
comprehensive datasets and robust architectures tailored for
retrofitting applications.

D. Technological Structural Health

Monitoring

The emergence of loT-enabled NDT devices and cloud
computing platforms enables real-time data logging,
visualization, and predictive analytics, fostering smarter
structural assessments. ANN-supported rebound hammer
testing promises efficient, automated decision-making [*T6].

Integration  for

I1l. METHODOLOGY

A. Experimental Setup and Data Collection

Rebound hammer tests were performed on various concrete

structures aged between 10 to 50 years across different

exposure conditions. Variables recorded included:

—  Rebound number (RH)

— Surface moisture condition (dry, damp, wet)

— Surface carbonation depth  (measured

phenolphthalein test)

— Aggregate type (granite, limestone)

— Test orientation (vertical column, horizontal beam)

— Environmental exposure (urban, industrial, marine)

—  Core compressive strength obtained from drilled samples
Approximately 500 data points were gathered,

ensuring variation across all parameters for robust training.

through

B. Data Preprocessing

Raw data were normalized and categorical parameters
converted via one-hot encoding. Missing values were
addressed by interpolation. Dataset was split into training
(70%), validation (15%), and testing (15%) subsets randomly
but ensuring representation across categories.

C. ANN Architecture and Training

Several feedforward multilayer perceptron (MLP)
architectures were evaluated for best predictive performance.
The final architecture used includes:
— Input layer: 7 neurons (RH value and 6 influencing
parameters)
— Two hidden layers with 15 and 10 neurons respectively,
using ReL.U activation
— Output layer: single neuron predicting compressive
strength (MPa), linear activation
Backpropagation with Adam optimizer was used,
mean squared error (MSE) as loss function. Early stopping
prevented overfitting.

D. Model Validation and Comparison

Model performance was evaluated through:
—  Coefficient of determination (R?)
— Mean Absolute Error (MAE)

— Root Mean Square Error (RMSE)
Comparisons were made with traditional linear and
polynomial regression models using rebound values alone.

IV. RESULTS AND ANALYSIS

A. Data Trends and Influencing Factors

Results reaffirm previous findings where rebound numbers
correlate with compressive strength but with significant
scatter due to surface and environmental influences [*T8].
For example, carbonated surfaces showed inflated rebound
numbers relative to true strength, while wet surfaces yielded
lower rebounds. Aggregate type shifted rebound-strength
relationship subtly.

B. ANN Prediction Performance

The ANN model achieved:

— Training Rz = 0.92, Validation R? = 0.89, Testing R? =
0.88

— MAE = 1.3 MPa on the test set compared to ~3.8 MPa
with linear regression

— RMSE = 1.7 MPa vs 5.2 MPa for linear regression

Scatter plots clearly demonstrate ANN’s superior fit
to observed compressive strength compared to traditional
approaches (Figure 1).

C. Impact of Input Variables

Sensitivity analysis via features ablation showed rebound
number remains primary driver, but moisture condition and
carbonation depth strongly influence prediction accuracy,
confirming the necessity of incorporating these inputs for
reliable strength estimation.

D. Generalization Across Structures

Testing on composite datasets involving different structural
types and exposure conditions confirmed robustness. Some
decline in accuracy occurred with marine-exposed samples,
suggesting potential need for further data augmentation in
harsh exposure scenarios.

V. DIsCcuUsSION

A. Advantages of ANN Integration

The ANN approach effectively captures complex, non-linear
dependencies among rebound hammer test results and
concrete strength. It mitigates errors arising from surface and
environmental variability better than static empirical
formulae, aligning with literature emphasizing variable
influence and data-driven modeling [*T1], [*T7], [*T9].

B. Practical Implications in Retrofitting

Engineers can employ ANN-enhanced rebound hammer
testing to create accurate strength maps of existing structures,
enabling identification of critical deterioration zones. This
enables phased and prioritized retrofitting strategies,
optimizing resource allocation and minimizing material
wastage, consistent with sustainable practices [T4], [*T6].

C. Implementation Challenges and Solutions

— Data requirements: Broad, high-quality datasets are
needed to train generalizable models. Collaborative data
sharing among engineering institutions may help.
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— Calibration necessity: ANN models require local
calibration and validation, necessitating pairing with
core extractions.

— Technological access: Integration with portable digital
rebound hammers and mobile software can facilitate
operational use.

D. Future Research Directions

— Expand dataset diversity with extreme environmental
conditions and newer concrete types.

— Explore hybrid models combining ANN with physical
modeling approaches to enhance interpretability.

— Develop real-time loT-enabled rebound hammer devices
with embedded ANN inference for on-site immediate
assessments.

— Investigate transfer learning for adapting models across
different regions and structure classes.

VI. CONCLUSIONS

The rebound hammer test is established as a very useful and
widely adopted non-destructive testing (NDT) method in civil
engineering, particularly within the context of retrofitting
aging structures. This study highlights its relevance given the
increasing need for structural rehabilitation due to factors
such as environmental degradation, overloading, and aging
concrete infrastructure.

By systematically investigating the test’s principles,
procedures, and influencing variables—including surface
condition, moisture content, carbonation depth, aggregate
type, and test orientation—this research identifies critical
considerations that affect rebound values and thus influence
the estimated compressive strength of concrete.

A. Key conclusions drawn include:

—  The rebound hammer test remains a valuable preliminary
diagnostic tool to estimate surface hardness and infer
compressive strength non-destructively. It is especially
advantageous for its speed, portability, and non-
destructive nature, allowing large-scale and rapid
screening of structural elements.

— Though rebound hammer testing alone cannot replace
more definitive methods such as core sampling, it serves
as an effective screening instrument to delineate strength
zones, prioritize inspection or retrofitting efforts, and
efficiently allocate resources.

— Calibration with core test data specific to the structure
under investigation is essential to improve the reliability
of strength estimations, as generic correlations do not
always hold due to material and environmental
variability.

—  Certain factors such as carbonation can artificially raise
rebound values, masking the true structural condition.
Thus, understanding and compensating for such
influences are vital to avoid misinterpretation.

— The test is especially valuable in heritage conservation,
bridge inspection, and urban retrofitting contexts, where
non-invasive methods are preferred or mandated.
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