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Abstract: Concrete bridge decks are susceptible to subsurface defects such as delamination, caused by aging, corrosion,
and environmental stressors, underscoring the need for timely, reliable nondestructive evaluation. While traditional
acoustic methods, such as hammer or chain drag, remain widely used, they suffer from subjectivity, inconsistent impact
forces, and limited applicability on overhead or vertical surfaces.

This study introduces a novel Smart Acoustic Sounding System that modernizes impact sounding through an
integrated framework consisting of a broadband electronic chirp excitation source, high-sensitivity Micro-Electro-
Mechanical Systems microphones with acoustic shielding, and a tracking camera for automated and location-aware
inspections. Advanced signal processing techniques, such as empirical mode decomposition, power spectral density,
and the Hilbert-Huang transform, are employed to filter noise, extract frequency-based features, and support machine
learning—based defect classifications. Laboratory testing on a full-scale concrete slab embedded with known artificial
defects (e.g., shallow and deep delamination, voids, and honeycombing), as well as a deteriorated concrete beam,
confirmed the system’s ability to accurately identify defect zones, particularly shallow delamination with characteristic
frequency signatures in the range of 1-3 kHz. The system produced real-time defect maps with minimal human input,
demonstrating its potential to improve the accuracy, repeatability, and efficiency of bridge deck inspections and support
data-driven maintenance decisions.

Author keywords: Structural health monitoring; delamination detection; concrete bridge decks; acoustic impact sounding;
machine learning; nondestructive evaluation; signal processing

Background and Motivation

Concrete structures, especially bridges, are critical com-
ponents of transportation infrastructure. Their timely
inspection and maintenance are essential to ensure pub-
lic safety and uninterrupted service. In the United States,
the American Society of Civil Engineers (ASCE) estimates
that over 42,000 bridges (approximately 6.8%) are in poor
condition, and nearly 45% have exceeded their original
50-year design life.'! These statistics underscore the urgent
need for scalable, accurate, and objective inspection methods
to assess structural health, particularly for aging concrete
bridge decks prone to subsurface deterioration. Among vari-
ous deterioration mechanisms, delamination, a separation of
concrete layers typically caused by corrosion of steel rebars,
is one of the most prevalent and structurally significant.
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These hidden defects compromise the durability of bridge
decks and can progress to spalling and eventual degradation
in the structural performance. Since delamination is not
visually observable, inspectors have traditionally relied on
impact acoustic methods, where variations in sound (such
as ringing versus hollow) indicate the presence of defects.
Manual sounding techniques, such as hammer tapping and
chain dragging, remain widely used by state Departments of
Transportation (DOTs) due to their simplicity and low cost.

However, conventional acoustic sounding methods suffer
from critical limitations. The process is inherently subjective
and depends heavily on an inspector’s auditory interpre-
tation and experience. It is also labor-intensive, requiring
surface gridding and individual point-wise testing, mak-
ing it time-consuming, inconsistent, and prone to human
error. Environmental noise, variable impact forces, and lim-
ited accessibility to vertical or overhead surfaces further
reduce the reliability and efficiency of these methods. Uncon-
trolled broadband impact sounding may fail to capture
frequency-specific signatures from defects such as shallow
delamination, which often resonate within the 1-3 kHz
range.

Despite these challenges, impact-based sounding remains
one of the most trusted nondestructive evaluation (NDE)
methods for concrete decks in practice. According to a
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2024 Federal Highway Administration (FHWA) survey of
state highway agencies, methods such as hammer sounding,
chain dragging, and impact echo are among the most com-
monly used and are perceived as reliable for concrete deck
evaluation.” Fig. 1 shows a comparison of the performance
of various methods based on the FHWA study. These find-
ings highlight the continued relevance of traditional acoustic
methods while pointing to the need for modernization of the
sounding approach to improve its consistency, objectivity,
and data capture.

Advances in acoustic sounding and automation

Over the past two decades, researchers have sought to
automate and improve acoustic sounding through better
hardware and signal processing. Tong et al.> and Luk et
al.*> applied wavelet transforms and hidden Markov models
to impact-acoustic signals for defect detection in bonded
structures. Popovics® introduced a rolling cart with multiple
hammers and microphones that used power spectral density
(PSD) analysis to map delamination, though it required
the cart to remain stationary during each strike. Sun et
al.” introduced a continuous scanning device using smooth
steel “ball-chain” drags and short-time Fourier transform
analysis. This design reduced low-frequency noise (<5 kHz)
and increased coverage speed, but it still required contact
and was limited to horizontal surfaces. Larsen et al.® imple-
mented a multichannel impact mechanism for continuous
deck inspection from a moving vehicle, while Hendricks
et al.’ demonstrated high-speed, impact-echo testing for
rapid data collection. These systems significantly reduced

human involvement, but their mechanical complexity intro-
duced challenges related to weight, power demands, and
operational stability. In a more unconventional approach,
explored using drones to drop small
hammers and record acoustic responses. However, payload
limitations and flight stability hindered practical implemen-
tation. Despite their promise, fully autonomous mechanical
impact systems remain constrained by size, payload, and
the need for physical contact at each test point. These lim-
itations restrict deployment on small or airborne robotic
platforms and confine inspections to accessible, contact-

Blaney and Gupta'”

friendly surfaces.

Noncontact excitation and chirp-based methods

To overcome the contact-related limitations, researchers
have explored noncontact acoustic sources. Noncontact
NDE techniques aim to excite vibrations in the structure
without direct impact, thereby avoiding some constraints of
mechanical systems. High-power speakers and even focused
electric spark discharges have been studied as impact alter-
natives that can launch stress waves into concrete from
a standoff distance.!"!> Such approaches can potentially
enable fast, continuous scanning since no physical reset is
needed between test points. Dabous and Feroz'? further
reviewed the state-of-the-art noncontact testing technolo-
gies for condition monitoring of bridges, highlighting the
potential for automated data acquisition and processing, an
area that Smart Acoustic Sounding System (SASS) directly
builds upon. Among these, broadband chirp signals offer
significant advantages: they excite a wide range of struc-
tural resonant modes in a single sweep, and post-processing
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allows for targeted frequency-band analysis. Michaels et al.'*

demonstrated the effectiveness of chirp excitation in guided
wave testing, showing improved defect imaging through mul-
tifrequency excitation. Michaels et al.'>!® expanded on this
by demonstrating how chirp-generated acoustic wavefield
images can be used for high-resolution defect visualization,
validating the use of chirp excitations in complex struc-
tural materials. Similarly, Feng et al.!” and Mizutani and
Inokawa'® used chirp-excited Lamb waves for delamination
detection in composite plates, an approach that translates
well to concrete bridge decks. Chirp-based excitation pro-
vides standardized, repeatable inputs that are independent of
operator variability. It also supports rapid repetition and is
well-suited for integration with robotic systems. By covering
a wide frequency range, chirp signals can excite multiple
resonant modes simultaneously. Preliminary studies suggest
that shallow delamination in concrete responds strongly in
the 1-3 kHz range, while pristine areas exhibit energy at
higher frequencies, an insight that informed the detection
algorithms developed in this study.

ML and Al integration

In parallel, machine learning (ML) has emerged as a power-
ful tool for pattern recognition in acoustic NDE. Muramatsu
et al.'” proposed a noncontact approach for flaw detec-
tion using neural network classification of signals from
laser Doppler vibrometers, showing the growing influence
of artificial intelligence (Al)-driven feature classification
in vibration and acoustic analysis. Ye et al.>’ implemented
an online learning system where human inspectors’ clas-
sifications were used to train an algorithm in real time.
More recent efforts include the application of deep learning.
For example, Alhebrawi et al.’! used AI to identify con-
crete cracks from acoustic hammer data with high accuracy.
Convolutional neural networks (CNNs), combined with
acoustic emission sensors, have shown effectiveness in rec-
ognizing time—frequency patterns of crack signals.”>?} Jafari
and Dorafshan? applied Naive Bayes classifiers to features
extracted from impact-echo signals, while Barbosh et al.?’
used wavelet-enhanced deep learning for damage localiza-
tion. Another emerging trend is the integration of multiple
NDE modalities with autonomous data collection. Hoxha
et al.”® combined impact-echo and ground-penetrating radar
with visual SLAM (Simultaneous Localization and Map-
ping) for navigation, creating a robotic platform capable
of generating three-dimensional defect maps through sensor
fusion. Lavadiya and Dorafshan®’ reviewed deep learn-
ing applications across NDE domains and emphasized the
importance of data consistency and sensor integration.
They noted that variability across acquisition systems ham-
pers reproducibility, highlighting the value of standardized
excitation and processing. Similarly, Scherr and Grosse®?
argued that inconsistent signal quality undermines the com-
parability of NDE results and advocated for improved data
quality control.

This technological convergence of advanced sensing and
Al was summarized in our recent review,’’ which outlined
the role of hybrid approaches where decomposed acoustic
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signals (e.g., via empirical mode decomposition [EMD],
PSD) are fed into ML models such as CNNs, support vec-
tor machines (SVMs), or ensemble classifiers to enhance
the detection of delamination, cracking, and other anoma-
lies. However, a significant challenge remains in developing
generalizable Al models that can adapt to variable field
environments and data sources. Lehman®! similarly stressed
the importance of data-driven inspection tools in national
infrastructure assessments.

Gap and study objective

Despite advances in mechanized and Al-driven methods,
current approaches to bridge deck inspection continue to
face key challenges: heavy reliance on operator skills, the
mechanical complexity of contact-based systems, and incon-
sistent data interpretation across different platforms. To
address these limitations, this study introduces a SASS,
which is a portable and fully integrated framework that
reimagines conventional sounding. SASS incorporates:

e a programmable broadband chirp excitation source
for consistent, repeatable impacts,

e Micro-Electro-Mechanical Systems (MEMS) micro-
phones with acoustic shielding for robust noise
suppression,

e visual SLAM cameras for location-aware defect map-
ping, and

e real-time signal processing and ML algorithms
(EMD, Hilbert-Huang transform [HHT], PSD) for
automated classification.

This system is designed for pole-mountable or portable
deployment, enabling reliable inspection of both horizontal
and overhead surfaces with minimal human input. Labora-
tory and field experiments on slabs with artificial defects and
deteriorated beams validate its performance.

The key contributions of this work are:

e Development of a standardized, broadband chirp-
based sounding method for operator-independent
delamination detection.

e Integration of acoustic, visual, and computational
modules into a single automated inspection device.

e Demonstration of real-time defect mapping and
classification accuracy through laboratory and field
experiments.

Methodology

Overview of research approach

This study follows a two-phase experimental approach to
develop and validate the SASS. The methodology integrates
system development, laboratory testing, and comparative
evaluation against conventional manual sounding methods.
In the first phase, a large-scale concrete slab embed-
ded with engineered defects, including shallow and deep
delamination, honeycomb regions, and voids, was tested
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using traditional hammer-based acoustic methods. A hand-
held hammer was used to apply impacts across the slab
surface, and the resulting acoustic signals were recorded
and analyzed. This baseline evaluation served to charac-
terize the frequency responses of each defect type while
also documenting the challenges of manual inspection, such
as subjectivity, inconsistent impact force, and the absence
of automated localization. In the second phase, the same
specimen was tested using the SASS developed in this study.
The system integrates an electronic chirp excitation device,
which generates a broadband acoustic pulse in a controlled
and repeatable manner. A high-sensitivity MEMS micro-
phone captures the resulting structural response, and a visual
SLAM-based tracking camera logs the spatial coordinates
of each impact location. This hardware combination enables
real-time, location-aware defect mapping without requiring
manual surface gridding or positioning.

Signal data collected from both traditional and smart
methods were processed using advanced signal processing
algorithms. These techniques filter noise, isolate dominant
frequency content, and extract relevant features for auto-
mated classification. A supervised ML model was then
trained to classify each acoustic response based on these
features. This two-phase design enabled direct, side-by-side
comparison of manual and smart methods under identical
conditions, and allowed for assessment of how automation
improves repeatability, objectivity, and efficiency in field
inspections.

Test specimen and defect configuration

A full-scale concrete slab in the NDE laboratory of the
FHWA Turner Fairbank Highway Research Center has
been used as a controlled test bed for acoustic sounding
experiments. The slab measures 40 inches by 120 inches in
plan, with a thickness of 8 inches. Within this slab, four
types of artificial defects were embedded during casting to
simulate common defects simulating deterioration in bridge
decks: a shallow delamination, a honeycomb, a void, and a

deep delamination. The delamination defects were simulated
using thin plexiglass inserts placed at specific depths below
the top surface (approximately 2.5 inches for the shallow
delamination and 6 inches for the deep delamination). The
honeycomb region was created by deliberate poor consoli-
dation in one area to create air pockets, and the void was
simulated by an inflated bladder that was later removed,
leaving an air cavity. The locations and sizes of these defects
are shown in Fig. 2, along with a schematic of the slab’s rein-
forcement and construction joints. This controlled specimen
allows direct comparison of acoustic signals from known
defect areas versus solid (intact) concrete areas. Detailed
information about the construction of the slab with defects
can be found in Lin et al.*.

To further validate the applicability of the system under
more realistic conditions, an additional concrete beam
approximately 6 feet in length was evaluated. Unlike the slab,
this beam contained unknown, naturally visible deteriorated
regions including cracks and spalls. Its surface was divided
into a reference grid and was visually inspected to mark
damage-prone areas. This secondary test helped assess how
well the system generalized to in situ conditions and to
defects not explicitly pre-labeled.

Evaluation of traditional acoustic sounding
techniques

In the initial testing phase, traditional manual acoustic
sounding using a hammer was employed on the slab. The
acoustic response at each impact point was recorded using
a high-sensitivity MEMS microphone placed near the test
location. Different locations on the slab were impacted mul-
tiple times to ensure statistical reliability. Impact signals
were recorded at a sampling rate of 44.1 kHz over a 1-
second window. In an effort to standardize the excitation and
improve signal repeatability, additional tests were conducted
using a steel ball mounted on a flexible rod. This setup
produced consistent, high-energy impacts and allowed for
rapid resetting between tests. The steel ball’s sharp acoustic
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Figure 2. Schematic of the concrete slab specimen with embedded artificial defects, including shallow and deep
delamination, honeycombing, and voids
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signature and repeatability made it ideal for collecting high-
quality reference signals. Across all methods, care was taken
to replicate outdoor-like conditions, including the presence
of ambient noise and handling variations, to assess signal
robustness in practical inspection scenarios.

Signal processing and feature extraction

As data acquisition becomes increasingly automated, the
primary challenge in acoustic delamination detection shifts
from signal collection to accurate and efficient real-time
interpretation. Traditional field methods often rely on audi-
tory cues or basic frequency-domain metrics such as peak
frequency. However, these approaches are inherently sub-
jective and highly susceptible to environmental noise and
inconsistencies in impact conditions. To overcome these
limitations, this study adopted a hybrid signal processing
strategy that began with EMD as a front-end noise filter,**
followed by feature extraction using either PSD or Hilbert
marginal spectrum (HMS) for frequency-domain analysis,
and HHT for energy-based interpretation.

EMD is an adaptive data analysis tool that is commonly
used to break down any complicated signal set into several
components, which usually pertain to different vibration
modes and different physical meanings. These components
can also be described as intrinsic mode functions (IMFs),
which build a nearly orthogonal basis for the original data

YO = X+, (1)

where y (¢) is the original signal, x;(¢) is the i, IMF and r,, is
the residue.

PSD is a frequency-domain analysis tool that quanti-
fies how the power (energy per unit frequency) of a signal
is distributed across different frequencies. It helps identify
dominant frequencies and is commonly used in vibration
and acoustic analysis. PSD assumes signal stationarity and
is calculated as

P(f) = hmT%a |XT(f)|2 (2)

where X7(f) is the Fourier transform of the time-limited
signal. Although useful for identifying peaks and comparing
energy content, PSD does not preserve the time variation of
frequency components, which limits its utility in analyzing
short, nonstationary signals like impact sounds.

HHT is a two-step method for analysis of nonlinear
and nonstationary signals.>> The first step uses EMD that
decomposes the original signal into a finite number of IMFs
as shown in Eq. (1). The second step of HHT is the Hilbert
transform, which produces an orthogonal pair for each IMF
that is phase-shifted by 90°

Hman=%/m‘“\h 3)

o t—T

The analytic function A; (t) of any real signal x (t) can be
defined as
A; () = x; (1) +jH[x; ()] “)

or
A; (t) = a; (1) 5
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where

a; () = /%] () + H2[x; (V)] (6)

H[x; (t
6; (t) = arctan [ (O] (7)
X; (1)
The instantaneous frequency can be defined as
de; (t)
(D) = 8
o (1) = = ®

After performing the Hilbert transformation, the original
signal can be obtained from the real part of the analytic func-
tion A; (t). The frequency-time distribution of the amplitude
is designated as the Hilbert spectrum H (w, t),

H(w,t) = Re (Z;l a (t) e/ wimdt) 9)

From the Hilbert spectrum, HMS?® can be defined as

T
H(w):/ H (w, t) dt (10)
0

The HMS offers a measure of the amplitude contribution
from each frequency over time, while the marginal spectrum
provides a measure of the total amplitude (or energy) contri-
bution from each frequency value.

In this study, all acoustic signals recorded by the
SASS were first processed using EMD. This adaptive
technique separated each raw signal into a finite set of
IMFs, each representing local oscillatory behavior. Among
these, the first IMF (IMF1) consistently captured the pri-
mary transient response triggered by the impact, while
the higher-order IMFs typically contained environmental
noise, wind-induced vibrations, and mechanical handling
artifacts. These noise-dominated IMFs were excluded from
further analysis. As a result, EMD functioned as a powerful
front-end filter, isolating the most physically meaningful
components of the signal prior to spectral interpretation.

With IMF1 extracted, two parallel spectral analysis
approaches were applied. First, PSD was computed to quan-
tify how signal energy was distributed across frequencies.
This helped identify dominant spectral peaks and allowed
for comparative energy-level assessment under different
defect conditions. However, PSD assumes stationarity and
does not account for time-dependent variations in frequency
content. This made it less effective in fully capturing the
dynamics of impact-based acoustic signals. To address this
limitation, HHT was applied to IMF1, generating the cor-
responding HMS, which retained the temporal evolution
of frequency content while integrating it over time. This
provided a more informative view of nonstationary acoustic
responses, particularly useful for short-duration events typ-
ical of hammer-sounding inspections. Both PSD and HMS
revealed distinct frequency bands consistently associated
with defect types; for instance, shallow delamination was
characterized by elevated energy in the 1.5-3 kHz range.
From these processed spectra, a comprehensive set of quanti-
tative features was extracted. These included peak frequency,
spectral centroid, mean frequency, and energy content within
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predefined diagnostic bands (e.g., 1.5-3, 24, and 5-7 kHz).
These features were chosen to capture subtle yet consis-
tent spectral differences between sound and defective zones,
thereby enhancing the discriminative power of the system.

Although both PSD- and HMS—derived features proved
effective in characterizing signal behavior, HMS features
consistently provided sharper separation between healthy
and defective areas, particularly under noisy or variable
field conditions. The combined use of PSD and HMS,
both derived from EMD-filtered IMF1, enabled a robust
and flexible feature extraction process across varying signal
qualities. This integrated framework established a reliable
foundation for the subsequent ML-based classification of
delamination and other defects.

ML for automated defect classification

A supervised ML approach®”** was developed to automat-
ically classify each measurement point as either “defect”
or “sound,” with the ability to further differentiate specific
defect types based on extracted acoustic features. A dataset
comprising over 1,100 sample points was compiled from
controlled testing on the concrete slab. Each sample corre-
sponded to a known physical location with ground truth
labels, such as shallow delamination, deep delamination,
honeycomb, void, or intact concrete, and was paired with
a set of features extracted from the corresponding acoustic
response.

Building on the spectral analysis of signals processed
through PSD and the HMS of EMD-filtered IMF1, the
features for ML were derived. Several diagnostic frequency
ranges were identified: a low-frequency band (~1.5-3 kHz)
associated with shallow delamination, a mid-frequency band
(~2-4 or 2-5 kHz) often linked with general defect behavior,
and higher-frequency bands (5-7 and 6-10 kHz) where intact
concrete typically exhibited stronger responses. For each
sample, the area under the normalized spectrum within these
bands, representing band-limited energy, was computed as
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input features. Additional features included the dominant
frequency, which proved effective in differentiating between
sound and defective zones.

Various classification algorithms were tested, including
decision trees,” SVMs,* and ensemble methods.* Among
these, a decision tree classifier was selected for its strong
balance between predictive accuracy and interpretability.
The model was trained using 70% of the labeled dataset
and evaluated on the remaining 30%. The ML model
achieved high accuracy in distinguishing between sound
and defective points. Remarkably, the model was also able
to identify an unlabeled surface crack on the slab, which
was not included in the training dataset. This “unseen”
region was correctly flagged as damaged, demonstrating
the model’s ability to generalize learned patterns beyond
explicitly defined categories.

Although more advanced models such as neural networks
could be explored in future work, the current dataset size
favored simpler classifiers. The decision tree model also
offered the advantage of real-time execution on the embed-
ded processor, aligning with the system’s design goals of
portability and on-device analytics for field deployment.

Design and integration of smart sounding
system

Building upon insights from conventional impact testing,
a portable SASS was developed to deliver consistent exci-
tation, suppress ambient noise, and automate both data
acquisition and defect classification. The system is designed
for use on both flat and overhead concrete surfaces, address-
ing key limitations of traditional methods such as operator
subjectivity, inconsistent impact force, and physical fatigue
associated with manual chain drag or hammer sounding.
Fig. 3a illustrates the system components and operation.
A high-power vibration speaker embedded in a cylindri-
cal acoustic waveguide (approximately 0.5 m in length)
functions as the broadband chirp excitation source. When

Delamination in the
bottom of the deck

Concentrated/high
speed audio sound

(((:C : (&/

Figure 3. Overview of the Smart Acoustic Sounding System (SASS): (a) system components including chirp speaker,
MEMS microphone, and SLAM camera; (b) pole-mounted setup for inspecting overhead concrete surfaces
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the tube is pressed against a concrete surface, it concen-
trates acoustic energy into the material, analogous to a
localized shock wave. A programmable signal generator
emits chirp signals sweeping from approximately 500 Hz to
16 kHz, covering the key resonance frequencies for typical
defects like delamination (~1-3 kHz), while also capturing
higher-frequency reflections from intact areas. The chirp
signal can be initiated via a graphical user interface or a
remote-control interface, ensuring consistency and eliminat-
ing manual impacts.

A MEMS microphone, positioned near the tube opening
and enclosed within an acoustic shield, records the structural
response. Foam gaskets at the rim provide sealed contact,
minimizing airborne noise and improving signal-to-noise
ratio. A stereovision tracking camera mounted near the
device captures the spatial coordinates of each test point
using visual SLAM. As the system is swept across a surface,
avirtual inspection grid is automatically generated, eliminat-
ing the need for manual marking or gridding.

On-board hardware manages signal generation, data
acquisition, and real-time processing. Once activated, the
system executes the full inspection loop: chirp emission,
acoustic response recording, EMD-based signal filter-
ing, spectral feature extraction, defect classification, and
real-time visualization of results. This workflow typically
completes within a few seconds per test point. The unit
is lightweight, battery-powered, and designed for field use.
It can be operated by hand or mounted on an extendable
pole, as illustrated in Fig. 3b, for testing the undersides of
bridge decks or other overhead surfaces. Its integrated pro-
cessing and sensing capabilities remove the need for external
computing tools or surface preparation, enabling rapid and
repeatable inspections.

Results and Discussion

Laboratory testing of the developed detection
algorithm

To establish baseline performance and identify acoustic sig-
natures for various defect types, laboratory experiments were

—

Microbhone

o

conducted using manual hammer sounding. The test setup is
shown in Fig. 4. A handheld hammer was used to strike the
surface of a large concrete slab embedded with engineered
defects. A common vocal microphone wrapped with foam to
suppress ambient noise was positioned near the impact point
to capture the structural acoustic response. The microphone
was connected via USB to a laptop for signal acquisition
and real-time recording at a sampling rate of 44.1 kHz
(Fig. 4a). The basic defect detection mechanism is illustrated
in Fig. 4b, where impact-induced stress waves reflect off
subsurface anomalies, and the returning signal is recorded
for analysis.

Fig. 5 presents the Fourier spectra of acoustic responses
from five distinct test locations: a sound area (no delamina-
tion), a shallow delamination, a honeycomb region, a void,
and a deep delamination. The spectrum corresponding to the
intact (sound) area (Fig. 5a) shows distinct high-frequency
peaks, primarily above 4 kHz, indicating strong resonant
behavior of solid concrete. In contrast, shallow delamination
(Fig. 5b) and honeycomb (Fig. 5¢) cases exhibit broader,
flatter spectra with most energy concentrated below 4 kHz.
These low-frequency components are associated with dis-
rupted wave propagation caused by internal defects. The
spectrum for the void (Fig. 5d) also displays prominent
energy in the low-frequency range, with reduced high-
frequency response. Notably, deep delamination (Fig. Se)
shows spectral characteristics more similar to intact concrete
than to shallow defects, suggesting that manual sounding
may be less sensitive to defects located deep beneath the sur-
face. In all defect cases, multiple low-frequency peaks appear
below 2.5 kHz, likely corresponding to flexural modes and
environmental or residual noise.

To further isolate and interpret these signals, EMD was
applied. The results, shown in Fig. 6, decompose each raw
signal into IMFs, enabling adaptive separation of signal and
noise content. The original PSD plots (first column) reveal
total frequency content. In most cases, the IMF1 (second
column) captures the dominant acoustic signal correspond-
ing to the actual impact response. Subsequent IMFs (IMF2
and IMF3) (third and fourth columns) primarily capture
low-amplitude noise, confirming the effectiveness of EMD
as a noise filtering tool. Across all defect types, the IMF1

Acoustic
shield
Hammer

(®)

Microphone

(shielded with foam)

Figure 4. Manual acoustic sounding setup: (a) sounding instruments; (b) conceptual illustration of acoustic wave
propagation
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Figure 5. Frequency spectra from hammer sounding at five locations: (a) intact concrete, (b) shallow delamination, (c)
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Figure 7. Comparison of time and frequency responses for shallow delamination and solid zones: (a, b) time histories,

(c, d) PSD plots, and (e, f) HMS plots

spectra preserve the key low-frequency resonance signatures
observed in raw data while suppressing random noise. The
differences between defect and sound conditions become
more apparent post-EMD, demonstrating how filtering and
decomposition enhance interpretability. These processed sig-
nals later serve as inputs for feature extraction and ML
classification.

The time-history plots of signals for shallow delamination
and solid surfaces, shown in Figs. 7a and 7b, respectively,
show clear differences between the delaminated and solid
areas. The delaminated region has a higher peak and vibrates
for a longer time, while the solid area shows a faster decay
and lower amplitude. After applying EMD, the IMF1 was
used to calculate both the PSD and the HMS (Figs. 7c-7f).
These plots highlight important differences: the delamina-
tion case shows stronger energy in the lower frequency range
(1.5-3 kHz), while the solid region spreads energy across
higher frequencies above 3 kHz. In particular, the HMS plot
for the solid part shows more scattered and weaker low-
frequency energy. These results support using a frequency
threshold and ML for accurate defect classification.

214250033-9

Frequency-based damage index visualization
using PSD and HMS

To enhance the detection and spatial visualization of sub-
surface defects, a damage index metric was developed based
on frequency-domain analysis. This index is defined as the
ratio of spectral energy in the 2-4 kHz band to the total
energy in the 0-8 kHz range and was computed using both
the PSD and HMS of IMF1 signals. The 2-4 kHz frequency
range was chosen based on prior observations indicating that
shallow delamination consistently exhibits dominant energy
in this band.

Fig. 8a presents the layout of the concrete slab used in this
study, showing the locations of engineered defects, including
shallow delamination, honeycomb, void, and deep delami-
nation, as well as two surface cracks that occurred naturally
during curing. At each grid point, a hammer was used to
excite the slab, and the acoustic response was recorded using
a foam-shielded microphone. The recorded signals were
decomposed using EMD to isolate the dominant response
(IMF1), from which spectral features were extracted for
index calculation. The resulting PSD-based damage index
map is shown in Fig. 8b. Ground-truth defect locations
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Figure 8. (a) Defect layout of the concrete slab, (b) damage map visualization using PSD, and (c) damage map using HMS

are marked with red rectangles. The PSD plot effectively
highlights several damage zones, particularly the shallow
delamination areas and a horizontal crack near the lower
right region, which appears as a bright patch. However, the
deep delamination region is less distinguishable, consistent
with earlier findings that hammer sounding is relatively less
effective in detecting deeper defects. Fig. 8c shows the HMS—
based damage index map, which leverages time-integrated
energy from the nonstationary acoustic signal. The shallow
delamination zones appear more localized and better defined
in the HMS plot compared to the PSD results. Additionally,
the background (non-defect) regions show reduced noise and
higher contrast, enhancing defect visibility. However, HMS
displays reduced sensitivity to voids and deep delamination,
as expected from its frequency-energy focus.

In summary, while both PSD and HMS provide valuable
insights into damage localization, HMS offers enhanced
clarity and spatial contrast for detecting shallow delam-
ination, often the most critical for early maintenance
intervention. PSD, on the other hand, is more respon-
sive to broader spectral anomalies such as cracks and
voids. Together, these complementary techniques support
improved diagnosis of surface-level and subsurface deteri-
oration, with HMS being especially useful for identifying
early-stage, non-visible damage.
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ML-based defect detection algorithm

While earlier studies*>* often relied on a single frequency

band, typically 1.5-3 kHz, to identify damaged regions in
concrete structures, this approach has limitations due to
its subjectivity and narrow scope. Although this frequency
range has shown utility in identifying shallow delamina-
tion, the effectiveness of such fixed-band approaches can
vary depending on the defect type and surrounding mate-
rial conditions. In response to this limitation, the present
study introduces an ML framework that leverages multiple
diagnostic frequency bands and statistical signal features
to automatically classify defects with higher robustness and
generalizability.

To train and validate the ML model, a dataset of more
than 1100 acoustic response points was collected from a
controlled concrete slab at the FHWA Resource Center. The
slab measured 40 inches by 120 inches and included various
engineered defects such as shallow delamination, honey-
combs, voids, and deep delamination. Acoustic signals were
acquired every two inches across the grid, ensuring dense
spatial coverage. Each recorded data point was paired with
a ground-truth label corresponding to its physical condition.
The acoustic responses were preprocessed using EMD, and
features were extracted from the IMF1 to ensure noise-
filtered spectral data.
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Instead of selecting a single spectral band, the ML model
utilized multiple frequency-based features, including the area
under the normalized spectral curve across several bands
such as 1.5-3, 2-4, 2.5-4, 5-7, and 6-10 kHz. Additional
time-domain statistics, such as signal mean and variance,
were also computed. These features enabled the model to
learn characteristic patterns associated with both sound and
defective zones. A decision tree classifier was chosen for its
balance of accuracy and interpretability, and was trained
using 70% of the dataset, with the remaining 30% used for
validation.

The classifier achieved high accuracy in identifying dam-
aged zones across the slab. As shown in Fig. 9, the predicted
damage regions (highlighted in yellow) align closely with
the actual defect zones marked by red dashed boxes. Impor-
tantly, the model also detected an unlabeled vertical surface
crack at the center of the slab, demonstrating its ability to
generalize beyond the training data. This finding highlights
the model’s strength in learning structural damage patterns
and applying them to novel conditions.

The successful detection of both known and unknown
defect areas underscores the potential of supervised ML
models in acoustic-based NDE. Unlike fixed-band tech-
niques, the data-driven approach captures subtle differences
in signal characteristics across a range of frequencies. This

approach, thus, allows for more nuanced and accurate classi-
fication of various defect types, including those not explicitly
represented during training. The ability to operate in real-
time on embedded processors further supports the field
deployment of such models as part of portable inspection
systems.

Chirp-based excitation and signal processing for
automated defect detection

The use of chirp-based excitation represents a significant
advancement over traditional hammer sounding for con-
crete inspection. The experimental setup shown in Fig. 10
demonstrates a portable electronic configuration, where a
vibration speaker generates a chirp signal directed at the
concrete surface, and the resulting acoustic response is
captured using a foam-shielded microphone. Compared to
manual impact methods, this approach offers repeatability,
reduced operator dependency, and the potential for robotic
deployment. The chirp signal, spanning 0-10 kHz, can be
triggered repeatedly without variation in amplitude, allowing
for controlled, high-resolution frequency analysis.

Fig. 11 presents the source chirp and the corresponding
recorded response, with the latter showing the system’s sensi-
tivity to subsurface conditions. By applying cross-correlation

Predicted Damage Locations

Acoustic
5 “shield

Speaker

Chirp sounding?

=
Microphone 3+,

Microphone
(covered with a foam cup)

Figure 10. Chirp excitation test setup: (a) SASS components during slab testing and (b) schematic of acoustic signal
emission and response capture
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Figure 12. Noise suppression in chirp data using empirical mode Decomposition (EMD)

between the transmitted and received chirp signals, phase
variations were removed, enhancing the signal-to-noise ratio.
Notably, the resulting waveform closely resembles that of
hammer sounding but exhibits much less ambient noise.

To further isolate structural responses, EMD was applied
to the correlated chirp signal, followed by HHT analysis.
As depicted in Figs. 12 and 13, the EMD method effectively
removed low-frequency noise, with IMF1 containing most of
the signal energy related to structural vibrations. The HHT
spectrum of the filtered data (Fig. 13) revealed dominant fre-
quencies in the 6-7 kHz range for solid regions and 2-3 kHz
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for delaminated areas, consistent with earlier hammer-based
findings.

Fig. 13 confirms that EMD-filtered chirp responses are
comparable in behavior to hammer sounding while offering
higher repeatability and reduced noise interference. These
insights validate chirp excitation as a reliable alternative
for detecting shallow delamination, with EMD and HHT
providing robust signal filtering and time-frequency resolu-
tion. This combined methodology enhances the detection
capability of the smart sounding system and paves the way
for automated, scalable NDE solutions for bridge decks and
concrete structures.
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Smart sounding tool evaluation a deteriorated in situ concrete beam located in an exist-
Controlled experiments were conducted to evaluate the per- ing building. These scenarios allowed assessment of system
formance of the proposed SASS under both laboratory and behavior in both controlled and practical environments.
field conditions. The testing involved two scenarios: (1) a Fig. 14 shows the test setup on the concrete slab.
concrete slab embedded with engineered defects and (2) Initial testing of the concrete slab showed that solid
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Figure 16. Frequency-based comparison of shallow and void delamination signals versus solid regions using PSD

Figure 17. Deteriorated concrete beam at CCNY campus

regions generated higher excitation beyond 3 kHz, cor-
roborating past research findings. However, inconsistencies
were observed in the lower frequency domain. Unexpect-
edly, defective areas did not exhibit significantly stronger
responses at frequencies below 3 kHz, and instead, showed
a similar spectral profile to the solid zones. Upon further
investigation, it was determined that acoustic leakage from
the speaker, due to inadequate sealing between the speaker
tube and the rough concrete surface, was contaminating the
signal. The sound, bypassing the concrete, directly reached
the microphone, resulting in misleading low-frequency com-
ponents in the PSD. Fig. 15 illustrates this issue, showing
that the airborne noise emitted by the speaker dominates
the frequencies below the 3 kHz region, masking the surface
vibrations critical for defect detection.

To mitigate this interference, a circular foam ring was
installed at the base of the speaker tube to ensure tighter
acoustic isolation between the speaker and the concrete sur-
face (see Fig. 14b). This modification significantly reduced
noise intrusion and allowed for more accurate measurement
of surface-transmitted signals. With the enhanced setup,
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subsequent testing produced results that aligned closely with
theoretical and empirical expectations. As shown in Fig. 16,
shallow delamination and voids now exhibited prominent
spectral peaks below 3 kHz, while solid regions maintained
dominant responses above this threshold. This clear sep-
aration validated the application of a 3 kHz threshold as
a reliable criterion for distinguishing defective zones from
intact concrete.

Field testing on a damaged beam

The refined system was field-tested on a deteriorated con-
crete beam as shown in Fig. 17. A grid pattern of 6 x 6-inch
squares (Fig. 19) was used for mapping, and signals were
collected at each node using the smart sounding tool. The
frequency-domain response from each grid cell was analyzed
by integrating spectral energy in the 1.5-3 kHz band, a
frequency range previously associated with shallow defects.

The PSD and HMS outputs from EMD-filtered IMF1
signals revealed strong correspondence between low-
frequency excitation and known damaged areas (Fig. 20).
Delaminated zones showed elevated spectral energy within
the 1.5-3 kHz range, while solid areas showed dominant
responses above this range. HMS plots provided com-
plementary visual evidence of energy concentration in
defect-prone locations.

The smart sounding system accurately identified dam-
aged regions, which were visually represented using a
color-coded grid in Fig. 19. Purple zones corresponded to
visibly damaged regions such as delamination, cracks, and
spalling (e.g., grids 4, 9, 14, and 32), while yellow indicated
moderate or potential damage. Interestingly, some surface-
visible cracks (e.g., grid 6) were not flagged as defects, likely
due to intact bonding behind the surface, highlighting the
system’s sensitivity to unbonded or hollow regions rather
than superficial cracking. Proper microphone-speaker iso-
lation proved essential. Initial tests suffered from airborne
speaker noise leakage, which was resolved by the foam ring
(Fig. 18), yielding significantly cleaner signals and more
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accurate damage differentiation. Overall, the system pro-
vided rapid, repeatable, and visually interpretable feedback
on shallow defect conditions. Future improvements, such
as slimmer tubes, directional speakers, or higher-resolution
microphones, could enhance detection depth and resolution,
particularly in complex structural settings.
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Discussion of novelty and contributions

The SASS developed in this study represents a notable depar-
ture from traditional manual impact sounding techniques
by addressing key challenges of subjectivity, repeatability,
and data interpretation. A primary innovation lies in the
use of a programmable chirp signal, which allows consistent
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excitation across all test points without dependence on oper-
ator skill or variability in force application. This uniformity
is crucial for reliable comparison across large surfaces and
under varying field conditions.

The integration of EMD and HHT enables the decompo-
sition of noisy, nonstationary acoustic signals into intrinsic
components, isolating frequency bands linked to common
defects like delamination and voids. HMS analysis, derived
from these IMFs, proved superior to conventional PSD in
distinguishing closely spaced spectral features. In particular,
defect zones showed elevated responses in the 1.5-3 kHz
range, which were accurately captured using IMF1-based
transformations. The enhanced resolution provided by HMS
improved both interpretability and ML model classification
performance. The visual SLAM camera further contributes
to operational efficiency by automating spatial referencing,
allowing direct mapping of test points and defect regions
without manual gridding or drawing overlays. This spatial
automation supports real-time mapping of deterioration and
lays the foundation for digital asset management and robotic
inspections.

However, limitations remain. The system currently
depends on surface contact through a foam interface, which
may limit usage in inaccessible or irregular geometries.
Detection is primarily sensitive to near-surface flaws, and
expanding its applicability to deeper defects would require
broader frequency excitation or alternative techniques such
as impact-echo. Field deployment also demands improved
environmental shielding and robustness of the electronic
components to handle temperature, dust, and moisture
variability.

Conclusions

This research demonstrates the feasibility and effectiveness
of a SASS for detecting and mapping subsurface defects in
concrete. The combination of broadband chirp excitation,
EMD-HHT-based signal analysis, and automated spatial
tracking enables a portable, objective, and high-resolution
inspection method. Controlled laboratory experiments and
field validation in an existing building confirmed the sys-
tem’s ability to distinguish solid and defective regions based
on frequency-domain features, particularly those in the
lower-frequency range associated with delamination. ML
classifiers trained on HMS features achieved high accuracy,
even generalizing to untrained defect types, demonstrating
the robustness of the spectral signatures. The system elim-
inates many of the manual steps involved in traditional
acoustic inspections, such as grid layout, subjective sound
interpretation, and post-processing, offering a scalable solu-
tion for large-scale bridge assessments. The ability to map
results in real-time supports timely maintenance decisions
and improved record-keeping for long-term monitoring.
Future work will focus on expanding the training dataset,
integrating more advanced classification models, and minia-
turizing hardware components to facilitate deployment in
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constrained environments. Enhancements to system durabil-
ity and automation will be essential for widespread adoption
by transportation agencies and infrastructure managers.
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