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Accurate impact localization remains challenging for structural health monitoring (SHM) systems due to wave
propagation complexities and high measurement uncertainties. This study presents a novel baseline-free frame-
work that combines simulated annealing (SA) and genetic algorithm (GA) to characterize low-velocity impacts
in plate structures. The proposed framework provides robust impact localization without relying on baseline sig-
nals, material properties, or detailed geometric parameters. Experimental impact tests were conducted using a
coarse network of piezoelectric sensors arranged in multiple configurations to evaluate the performance of the pro-
posed framework for impact characterization, full-field group velocity mapping, and computational efficiency. The
framework predicted impact locations with an average relative error of less than 5% and R-values of about 0.98
under the optimal sensor configuration. The analysis of sensor placement indicated asymmetric sensor layouts
yield 50% higher performance compared to symmetric layouts. The combined SA-GA framework successfully
identified various impacts both inside and outside the regions confined by active sensor network with probabilities
exceeding 90%. Additionally, the results demonstrated that the proposed framework consistently outperformed
standalone SA and GA algorithms in both impact identification accuracy and the consistency of the velocity field.

1. INTRODUCTION

Global optimization algorithms such as Genetic Algorithm
(GA), Particle Swarm Optimization (PSO), and Simulated An-
nealing (SA) have been widely applied in SHM for impact
localization, damage detection and sensor placement due to
their ability to handle noisy measurements and nonlinear in-
verse problems.1–3 These standalone methods have demon-
strated effectiveness in estimating impact coordinates, wave
velocities, and structural parameters, particularly in plate-like
structures where dispersion and multimodal wave propagation
complicate deterministic solutions.4, 5 However, many existing
optimization-based SHM frameworks rely on baseline signals,
material properties, or detailed geometric models, which limits
their applicability in practical scenarios where such informa-
tion is unavailable or uncertain. In contrast, the combined SA
and GA approach proposed in this work is formulated for the
ill-posed and baseline-free inverse problem of impact local-
ization. The framework is designed to address solution mul-
tiplicity and measurement uncertainty without requiring prior
baseline data as well as material and geometric parameters.

Beyond stand-alone global optimization methods such as
GA, PSO, and SA, recent research has emphasized hybrid
frameworks that combine global exploration with local refine-
ment to address the challenges of multimodal and non-convex
search spaces.6–9 Memetic algorithms have emerged as a pow-
erful paradigm by embedding local search mechanisms within
evolutionary algorithms, thereby improving convergence re-
liability and solution quality.10, 11 Hybrid evolutionary-local
search schemes have demonstrated superior performance in
large-scale combinatorial optimization and inverse problems,

particularly when solution landscapes exhibit strong multi-
modality.8 Practical guidelines for designing such hybrid
frameworks highlight the importance of balancing exploration
and exploitation to avoid premature convergence while main-
taining computational efficiency.9 Additional studies in en-
gineering optimization have shown that hybrid metaheuristics
incorporating local refinement outperform classical evolution-
ary algorithms in structural design, scheduling, and parame-
ter identification tasks.12 Broader analyses of metaheuristic
design principles further emphasize that hybridization is of-
ten essential for robust performance in real-world optimization
problems characterized by uncertainty and noise.13 Recent de-
velopments in hybrid PSO-local search and differential evolu-
tion local search frameworks also demonstrate improved ac-
curacy in inverse parameter estimation and damage detection,
reinforcing the value of combining global and local search op-
erators in SHM-related applications.14–18 These studies collec-
tively underscore the relevance of hybrid optimization strate-
gies, where the trade-off between computational cost and solu-
tion accuracy must be carefully managed in practical engineer-
ing settings.

The reliable detection of impact events has emerged as a crit-
ical capability for modern SHM systems to address the grow-
ing need to identify barely visible impact damage (BVID) that
often precedes failures in aerospace, civil, and energy struc-
tures.19–21 This proactive monitoring approach represents a
paradigm shift in asset management, enabling real-time struc-
tural condition assessment that improves safety while reducing
life-cycle costs.22, 23 Impact monitoring systems leverage ad-
vance sensing technologies such as piezoelectric wafer active
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sensors (PWAS), fiber Bragg grating (FBG) arrays, and strain
gauges.24, 25 This technological diversity reflects the complex
trade-space between sensitivity, coverage density, and installa-
tion constraints across different engineering applications. This
study presents an optimization framework combining SA and
GA to yield low-velocity impact characteristics and group ve-
locity mapping of A0 mode in plate structures integrated with
piezoelectric sensors.

Time-difference-of-arrival (TDoA) methodology has gained
prominence as an effective geometric approach for impact
monitoring. Its application has been successfully demon-
strated across various engineered systems including aerospace-
grade composites, advanced polymer structures, and additive-
manufactured components.26–28 The complex nature of
impact-induced elastic waves presents significant characteriza-
tion challenges due to their inherent dispersion and multimodal
propagation characteristics.29, 30 These phenomena introduce
substantial uncertainty in time-of-flight determination from
sensor signals, complicating accurate impact localization. Re-
cent advances in uncertainty quantification have led to the de-
velopment of advance analytical frameworks to address these
limitations, including probabilistic methods, Bayesian infer-
ence techniques, fuzzy logic systems.31–36 These approaches
have demonstrated improvements in impact identification reli-
ability, simultaneously enhancing localization precision while
reducing false positive rates in SHM applications. The inte-
gration of such advanced computational techniques represents
a paradigm shift in SHM capabilities, enabling more robust as-
sessment of both impact events and damage conditions.

Recent developments in SHM have demonstrated the signif-
icant potential of optimization-driven signal processing tech-
niques for improving impact detection and localization accu-
racy. Global optimization algorithms including GA, PSO, and
SA have shown particular effectiveness in solving complex and
multi-objective problems.37–39 Research indicates that supple-
menting traditional TDoA methods with these optimization ap-
proaches yields substantially improved results. The adaptabil-
ity of these methods is evident in advanced material systems,
where optimization methods have successfully addressed wave
propagation complexities in laminated composites.

These methods have also proven effective for error reduc-
tion in acoustic emission analysis for composite materials and
optimization of sensor arrays to maximize system sensitivity
and monitoring coverage.40, 41 They have shown to be promis-
ing to address wave speed prediction in anisotropic materials,
optimal sensor grid configuration, and impact localization in
complex structures through optimized sensor placement.42, 43

Sensor measurement uncertainties are particularly problem-
atic for impact localization, where aging infrastructure and en-
vironmental changes significantly influence measurement reli-
ability.44, 45 Measurement quality directly affects localization
accuracy. Although increasing sensor density reduces uncer-
tainty, it increases computational costs. Machine learning ap-
proaches offer promising alternatives for handling these multi-
dimensional problems, but require extensive training datasets
to establish robust input-output relationships.46–48

This paper presents an optimization framework integrating
SA and GA to achieve accurate low-velocity impact localiza-
tion and group velocity mapping in plate structures while effec-
tively minimizing uncertainties. The framework formulation,
including group velocity mapping, is described first, followed
by details of the experimental setup for impact testing. The

subsequent section discusses validation analysis through wave
mode characterization using dispersion curves. A comparative
evaluation of the optimization algorithms performance and ef-
ficiency across different impact points and sensor configura-
tions was considered next. The study concludes by summariz-
ing key findings and observations.

2. MATERIALS AND METHODS

2.1. Impact Characterization
A low-energy impact on a thin plate induces localized elastic

deformation at the contact point as kinetic energy transfers to
the structure. This deformation generates radially propagating
elastic waves, predominantly in the form of fundamental Lamb
wave modes. These low-frequency wave components exhibit
propagation velocities governed by the plate material proper-
ties and thickness characteristics. Accurate determination of
impact coordinates (x, y) and wave propagation velocity C re-
quires a minimum of four strategically positioned sensors to
capture time delays of acoustic wavefronts. As illustrated in
Fig. 1, piezoelectric sensors are arranged in a spatial distri-
bution, with four transducers positioned at each corner S1 at
(x1, y1), S2 at (x1, y2), S3 at (x3, y3), S4 at (x4, y4), and the
fifth sensor S5 located at the center (x5, y5) of the plate, estab-
lishing a two-dimensional coordinate reference system for im-
pact localization. The experimental configuration incorporates
a fifth sensor S5 to enable comparative analysis of different
array geometries and their influence on localization accuracy.

For a thin a piezoelectric sensor operating in d31, the sensing
direction is along the poling axis (3-direction). The constitu-
tive equation can be simplified as:49

D3 = d31T1 + εT
33E3. (1)

The direct piezoelectric effect mathematically represented in
Eq. (1) shows how mechanical stress T1 along the 1-axis in-
duces electric displacement D3 along the orthogonal 3-axis.
In open-circuit sensing mode, the total charge generated by
impact-induced strain waves on the electrodes is obtained by:

Q =

∫
A

D3 dA = d31

∫
A

T1 dA. (2)

The voltage across a piezoeelctric sensor connected to a high-
impedance is defined as:

V =
d31Fh

2εT
33A

; (3)

where F is the impact force, A is the electrode area, and h is
the thickness of the piezoelectric sensor.

Upon elastic waves reaching piezoelectric sensors, the prop-
agating elastic waves induce time-varying strain fields that are
transduced into corresponding voltage signals. These acquired
waveforms encode essential characteristics for impact analysis
such as arrival times, amplitude variations, and spectral con-
tent. The TDoA technique leverages these temporal features
across multiple sensor locations to geometrically triangulate
the impact source position.50 The wave propagation paths from
impact location to each sensor are denoted as d1 through d4.
These path length differences correlate directly with measured
time delays ∆ti1 through the group velocity relationship.
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Figure 1. Plate diagram of a network of piezoelectric sensors and impact
located at T (x, y).

While mathematical formulations presented here consider
four-sensor configurations, the experimental configuration in-
corporates a fifth sensor S5 to enable a comparative analysis
of different array geometries achieved by activating different
combinations of four sensors to study their influence on local-
ization accuracy. The propagation distance from the impact to
the i-th sensor is denoted as d1, while d1 specifically represents
the path length to the reference sensor S1. The time delay ∆ti1
quantifies the difference in wavefront arrival duration between
the reference sensor S1 and the i-th sensor.

Wavefront detection is implemented through a threshold-
crossing method applied to the measured signals Vi(t). The
arrival time ti for each sensor is mathematically defined as the
first instance where the voltage signal exceeds a predetermined
threshold. To compute the time delays ∆ti1, the time of arival
(ToA) of S1 is set as a reference derive the system of equations
as:

di−1 − d1 − C∆ti1 = 0, i = 2, 3, 4. (4)

Using the Euclidean distance formula, the distances di are
computed in terms of impact location (x, y) and sensor coor-
dinates (xi, yi). Substituting the geometric relationships into
the system of equations yields:5

fi−1 =
√
(xi−x)2 + (yi−y)2 −

√
(x1−x)2 + (y1−y)2 −

C∆ti1 = 0, i = 2, 3, 4. (5)

The impact location can be solved deterministically by find-
ing the common intersection point of these hyperbolic curves,
representing the spatial solution that simultaneously satisfies
all time-delay measurements. For the sake of comparison with
deterministic methods, measured propagation time delays be-
tween sensor pairs are used to construct hyperbolic curves
whose intersection defines the probable impact coordinates.

2.2. Optimization Framework
2.2.1. Optimization Problem Formulation

The inherent nonlinearity of the hyperbolic equation sys-
tem presents significant computational challenges, includ-
ing solution multiplicity, trivial solutions, and a potential
non-existence solution. To overcome these limitations, an

optimization-based approach utilizing SA and GA was devel-
oped with group velocity incorporated as an optimization de-
sign parameter. The selection of SA and GA was based on
their complementary strengths for solving the nonlinear, multi-
modal inverse problem of impact localization. GA is excel-
lent for broad, population-based exploration of the solution
space, while SA provides a probabilistic mechanism for fine-
tuning and escaping local optima. Their combination is specif-
ically designed to address the challenges of solution multiplic-
ity and measurement uncertainty inherent in baseline-free lo-
calization.

The optimization process systematically minimizes both so-
lution error and associated uncertainties. The problem is for-
mulated through an objective function Z(X) that quantifies the
residual errors between predicted and observed wave propaga-
tion characteristics:5

Z(X) =

4∑
i=2

[(√
(xi − x)2 + (yi − y)2 −

√
(x1 − x)2 + (y1 − y)2 − C∆ti1

)2
]
. (6)

The optimization problem is solved under physically admis-
sible bounds to ensure meaningful and stable solutions. The
design vector is defined as X = [x, y, C]T , where (xi, yi)
denotes the coordinates of the i-th sensor, and (x, y) repre-
sents the unknown impact location. All design variables are
restricted to positive values, reflecting the physical nature of
the coordinate system and the group velocity. No geometric
constraints or shape-dependent assumptions are imposed on
the domain, which allows the formulation to operate indepen-
dently of plate geometry. Consequently, the method remains
applicable to structures of arbitrary size, aspect ratio, or bound-
ary configuration.

2.2.2. SA and GA

The nonlinear inverse problem was addressed using a two-
stage optimization framework combining SA and GA. These
methods were selected for their complementary strengths in
global search capability and local minima avoidance. The SA
stage begins with an initial estimate X0 and an initial tempera-
ture T0 = 100K. A multiplicative cooling schedule is adopted,
in which the temperature at iteration q is updated according
to:12

Tq = γ Tq−1; (7)

with a cooling factor γ = 0.95. This gradual reduction in tem-
perature governs the transition from exploratory behavior at
high temperatures to more conservative, exploitation-focused
behavior as the temperature decreases. At each temperature
level, a trial solution Xnew is generated by perturbing the cur-
rent state Xk within bounded limits.

The decision to accept or reject the trial point is based on
a probabilistic rule that favors improvements but still allows
occasional uphill moves. If the objective function decreases,
the new point is accepted outright. Otherwise, acceptance oc-
curs with a probability that depends on the increase in objective
value and the current temperature:

Maccept =
1

1 + exp

(
Z(Xnew)− Z(Xk)

Tk

) . (8)
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Because both the objective difference and the temperature are
positive for uphill moves, this probability lies strictly between
0 and 1

2 . As the temperature decreases, the likelihood of ac-
cepting inferior solutions diminishes, thereby reducing random
wandering and encouraging convergence toward a stable solu-
tion. The SA phase continues until the temperature falls below
a prescribed minimum value or until no further improvement
is observed over a fixed number of iterations. The best solution
obtained from this stage is then combined with the GA.

The GA was then implemented to solve the non-linear opti-
mization problem. The algorithm follows a population-based
approach, leveraging selection, crossover, and mutation oper-
ators to explore the solution space. The algorithm was ini-
tialized with a population size of n and candidate solutions
Pk = {X1,X2, . . . ,Xn}, where each Xi represents a poten-
tial solution of a real-valued vector. The population size was
set to 50, and the maximum number of generations was de-
fined as 100 times the number of design variables, allowing
sufficient evolution.

Each solution Xi in the population was evaluated using an
objective function Z(Xi). To align with GA conventions, the
objective function was transformed into a fitness value F (Xi),
where higher fitness corresponded to better solutions. For min-
imization problems, the transformation was:

F (Xi) = −Z(Xi). (9)

Parents are selected via stochastic uniform sampling, favoring
individuals with higher probability of selection. The probabil-
ity pi of selecting a solution Xi is given by:12

pi =
F (Xi)∑n
j=1 F (Xj)

. (10)

For two parents Xa and Xb, offspring were generated by in-
termediate crossover:

Xchild = Xa + θ(Xb −Xa); (11)

where θ is a random weighting factor. To preserve the best
solutions across generations, the top elites of the population
are carried forward unaltered. The algorithm iterated until ei-
ther, a maximum number of generations Gmax was reached, or
the population converged below a threshold ϵ. In this study,
crossover fraction of 0.8 was assigned to regulate the propor-
tion of offspring produced through crossover, while elite count
was determined as 5% times the population size to retain the
fittest individuals.

To evaluate the performance of the proposed framework, the
relative error between the predicted and the actual values is
determined. Additionally, the correlation coefficient (R2) in
the x and y coordinates for different impact locations were also
computed as:

R2
x = 1−

n∑
k=1

n∑
i=1

(xk,i − x̂k,i)
2

n∑
k=1

n∑
i=1

(xk,i − x̄)2
; (12)

R2
y = 1−

n∑
k=1

n∑
i=1

(yk,i − ŷk,i)
2

n∑
k=1

n∑
i=1

(yk,i − ȳ)2
; (13)

where xk,i and yk,i are actual observed values, x̂k,i and ŷk,i
are the predicted values from linear fit model, and x̄ and ȳ are
the grand mean of actual values.

The velocity mapping approach combines SA and GA op-
timization with spatial interpolation techniques. The method
begins by determining group velocity values at discrete grid
points across the structure. These discrete velocity estimates
are then interpolated to generate a full-field velocity map. The
probability distribution of group velocity values is established
through statistical analysis of N = 100 optimization iterations.
For each grid point, the probability associated with the j-th ve-
locity interval Vj is computed as:

p(C ∈ Vj) =
1

N

N∑
q=1

I
(
Cq ∈ [Cmin

j , Cmax
j )

)
; (14)

where I(·) is the indicator function. The most probable group
velocity at a test location is taken as the midpoint of the interval
with the highest probability:

C∗
n =

Cmin
j∗ + Cmax

j∗

2
, j∗ = argmax

j
p(C ∈ Vj). (15)

After the optimal velocities C∗
mn are obtained at the grid

points (xm, yn), a continuous velocity field is generated using
standard bilinear interpolation. In this step, the velocity at any
location within a grid cell is computed by weighting the four
surrounding nodal values according to the relative position of
the point inside the cell. The interpolation weights depend on
the normalized distances in the x- and y-directions, ensuring
a smooth transition between adjacent grid points. In parallel
with velocity estimation, the framework also constructs proba-
bility mass functions for the predicted impact coordinates. For
each spatial interval X̄k and Ȳl, the probabilities are computed
as:

p(x ∈ X̄k) =
1

N

N∑
q=1

I
(
xq ∈ [xmin

k , xmax
k )

)
; (16)

p(y ∈ Ȳl) =
1

N

N∑
q=1

I
(
yq ∈ [ymin

l , ymax
l )

)
; (17)

where X̄k and Ȳl denote the coordinate bins for the x- and
y-directions. These distributions provide a probabilistic repre-
sentation of the predicted impact location.

2.3. Experiments
2.3.1. Experimental Setup

The impact testing apparatus, shown in Fig. 2(a), features a
300×300×0.61 mm3 aluminum plate mounted within a drop-
test mechanism. This system enables controlled impact testing
through a guided steel ball (5mm diameter, mass m = 0.513 g)
released from a predefined height of 540 mm. The impact en-
ergy delivered to the plate, accounting for the elastic rebound
characteristics of the steel-aluminum contact, is estimated to
be approximately 1.15 mJ. This configuration ensures repeat-
able low-velocity impact condition across all experimental tri-
als. The material properties of sensors, aluminum plate and
the steel ball are provided in Table 1. The drop test mech-
anism incorporates two-axis positioning capability: a sliding
tube adjusts x-coordinate impacts along its slot, while the sam-
ple carrier provides y-coordinate positioning, allowing impacts
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(a)

(b)

Figure 2. (a) Experimental setup, (b) schematic of the aluminum plate show-
ing the 25 predefined impact test points in a 50 mm grid. The positioning
uncertainty of impact events is estimated at ±5 mm.

Table 1. Material properties of PZT, aluminum, and steel used in experiments.

Properties Symbol PZT Aluminum Steel
Piezoelectric coefficient (10−12 C/N) d31 -276 — —

d33 630 — —
Electromechanical coupling factor (%) k31 0.40 — —

Density (kg/m3) ρ 7800 2700 7830
Young’s modulus (109 N/m2) E 0.5 68.9 207.0

Poisson’s ratio ν 0.31 0.33 0.30

at any of 25 predefined grid points (Fig. 2(b)) for comprehen-
sive velocity field mapping. The 50 mm grid spacing provides
a balance between spatial resolution for full-field velocity map-
ping and experimental repeatability. The nominal positioning
uncertainty is ±5 mm. The framework prediction accuracy is
evaluated against these nominal target locations.

The aluminum plate rests on vibration-isolating foam sup-
ports to minimize external interference with wave propagation
measurements. Five piezoelectric sensors (11 mm diameter,
0.4 mm thickness) are bonded to the bottom surface of the
plate using non-conductive adhesive. A four-channel Hantek
oscilloscope records the sensor outputs at 1.25 MHz sampling
rate, capturing 4096-sample waveforms per impact. Edge trig-
gering synchronizes data acquisition across all channels when
signals exceed a predefined voltage threshold, ensuring precise
temporal alignment of impact events. All acquired waveforms
are digitally stored for subsequent processing and analysis.

Table 2. Configurations of active piezoelectric sensors and their respective
coordinates.

S1 S2 S3 S4 S5
S1234 Config. ✓ ✓ ✓ ✓ x
S1235 Config. ✓ ✓ ✓ x ✓
S1245 Config. ✓ ✓ x ✓ ✓

x (mm) 50 50 250 250 150
y (mm) 50 250 250 50 150

The experimental configuration incorporates five piezoelec-
tric sensors arranged in a square pattern with a central element.
This layout maintains minimum 50 mm clearance from plate
edges and 200 mm inter-sensor spacing to minimize boundary
reflections and ensure clear wavefront detection. Four sensors
are actively monitored during each test, enabling evaluation of
three distinct array arrangements. The network configurations
along with global coordinates of piezoelectric sensors are pro-
vided in Table 2. The sensor coordinates listed in Table 2 are
fixed inputs to the optimization framework, representing pre-
defined geometric arrangements under evaluation. They are
not variables optimized by the SA-GA algorithm, which solves
only for the impact location and group velocity. The three
specific sensor configurations were selected to systematically
evaluate the performance of asymmetric versus symmetric ar-
rays. This design allows us to investigate how geometry influ-
ences spatial resolution and localization accuracy for impacts
both inside and outside the sensor regions, which is critical for
practical SHM network design.

The acquired voltage signals undergo pre-processing using
a Savitzky-Golay filter.51 This filter is a computationally ef-
ficient smoothing technique that maintains critical waveform
features while reducing noise. A first-degree polynomial with
a 43-window was employed in this study for its advantages of
computational efficiency and signal integrity preservation. The
conditioned time-domain signals are subsequently analyzed in
the frequency domain through application of the Fast Fourier
Transform (FFT). The frequency-domain representation of the
smoothed voltage signal V̂ (j) is obtained by evaluating its dis-
crete Fourier transform. For the k-th spectral component, the
transform can be written as:

H(k) =

n−1∑
j=0

V̂ (j) exp

(
− i 2π

k j

n

)
. (18)

Here, H(k) denotes the complex amplitude associated with the
k-th frequency bin, n is the total number of uniformly sampled
time points, and j indexes the samples in the time domain. The
exponential factor exp(−i 2πkj/n) serves as the oscillatory
kernel that projects the time-domain signal onto its harmonic
components.

The signal-to-noise ratio (SNR) serves as a key metric for
evaluating the quality of impact-induced waveforms. Thus, the
root mean square (RMS) of waveform signals is computed as
follows:

VRMS =

√
1

τ

∫ τ

0

V (t)2dt; (19)

where τ denotes the measurement time period. The GSNR in
decibels (dB) is then derived as:

GSNR = 20 log10

(
VRMS

Vnoise

)
; (20)

with Vnoise corresponding to the RMS noise amplitude. For
reliable impact detection, the SNR should be maintained be-

International Journal of Acoustics and Vibration, Vol. 31, No. 1, 2026 135



H. Altammar, et al.: BASELINE-FREE IMPACT LOCALIZATION IN PLATE STRUCTURES USING A COMBINED SA-GA OPTIMIZATION. . .

Figure 3. Dispersion curves of fundamental Lamb modes in a 0.61 mm thick
aluminum plate.

tween 10−15 dB to ensure adequate signal distinction from
background noise.

3. RESULTS AND DISCUSSION

3.1. Waveform Analysis
3.1.1. Signal Characteristics

Analysis of Fig. 3 reveals the distinct velocity characteristics
of fundamental modes: the symmetric (S0) wave propagates
much faster than the antisymmetric (A0) wave at low excitation
frequencies, suggesting separable arrivals in recorded wave-
forms. The waveform signals and time delays for test point,
T4 are provided in Fig. 4(a). The recorded signals exhibit con-
sistent temporal features, with initial wavefronts correspond-
ing to direct impact waves followed by successive boundary
reflections. This characteristic propagation pattern is systemat-
ically observed in all sensor measurements, confirming proper
wave transmission through the plate structure. Signal quality
assessment revealed a minimum signal-to-noise ratio of 11 dB
across all channels. This favorable SNR enabled reliable time-
of-arrival detection through a fixed 0.5 V threshold, which was
uniformly applied to all sensors. The signals from sensors
show that the elastic waves arrive S4 sensor first with a neg-
ative time delay of 195 µs relative signal received by S1, while
positive delay recorded for the other signals suggesting that
these signals lag the reference signal. These signals exhibit
high amplitude peaks, which is attributed to reflection from
the plate boundaries. The signals show matching trends but
different timing for reflection.

The frequency spectra of waveform signals are provided in
Fig. 4(b) along with the group velocity dispersion curve of
A0 mode for the 0.61 mm thick aluminum plate. The dis-
persion curve of A0 indicates the exclusive excitation of the
A0 Lamb mode in the plate. Generally, transverse impact con-
ditions mostly excite the A0 mode, which consequently car-
ries the dominant portion of the impact energy, while the S0
mode contribution remains negligible under such loading con-
ditions. This modal selectivity arises from the low amplitude
of the S0 mode, which falls below the detectable threshold of
the acquisition system given the inherent noise floor of volt-
age measurements. The dominant frequency of received wave-
form signals in Fig. 4(b) is ranging between 500 and 2000 Hz.
Higher frequency A0 waves are expected to travel faster, and
consequently arrive sooner to sensors. Thus, the first arrival A0
waves are anticipated to have a group velocity of about 500 m/s

(a)

(b)

Figure 4. (a) Voltage waveforms obtained for impact at T4 under square sen-
sor configuration, (b) frequency spectra and dispersion curve of A0 mode for
0.61 mm thick aluminum plate.

at 11.1 kHz as labeled in Fig. 4(b). This frequency observed
across all received waveform signals which further reinforces
the observation of wave propagation in a homogeneous plate.

3.2. Impact Localization
3.2.1. Comparison Analysis of Optimization

Algorithms

Figure 5 compares the performance of optimization algo-
rithms, SA, GA, and the combined SA-GA, for impact T3
which occurred at x = 150 mm, y = 50 mm. The fig-
ure presents PMFs for impact coordinates and group veloc-
ity, providing insights into the accuracy and reliability of each
method. In Fig. 5(a)-(c), the standalone SA method shows
moderate precision in x-coordinate determination but exhibits
substantial dispersion in y-coordinate predictions, suggesting
limitations in vertical localization capability. Similarly, GA
displays comparable challenges with y-coordinate estimation
despite adequate x-coordinate performance, indicating this
may be a fundamental limitation of individual optimization ap-
proaches. The SA-GA framework, by contrast, achieves re-
markably sharp PMF peaks for both coordinates at the actual
impact. This performance indicates the combined SA-GA ap-
proach can potentially overcome the weaknesses of standalone
algorithms.

The combined SA-GA approach achieved better results by
leveraging the complementary strengths of both methods while
mitigating their individual weaknesses. SA excels at fine-
tuning solutions through local exploitation but suffers from
high variability due to its stochastic nature, often getting
trapped in local optima. In contrast, GA performs broader ex-

136 International Journal of Acoustics and Vibration, Vol. 31, No. 1, 2026



H. Altammar, et al.: BASELINE-FREE IMPACT LOCALIZATION IN PLATE STRUCTURES USING A COMBINED SA-GA OPTIMIZATION. . .

ploration of the solution space but can prematurely converge
to suboptimal solutions. By averaging their independent re-
sults, the combined SA-GA effectively compensates for these
limitations, SA random deviations and GA occasional biases
partially cancel each other out, leading to a more accurate and
stable final prediction. This error-compensation effect is par-
ticularly valuable in impact localization problems, where small
measurement errors in wave velocity or arrival time can lead to
significant deviations in predicted coordinates.

The group velocity estimation results in Fig. 5(d)-(f) follow
a parallel pattern. The standalone SA and GA produce widely
dispersed velocity PMFs that reflect considerable uncertainty
in wave speed determination. The combined SA-GA frame-
work again demonstrates superior performance, generating a
narrow, well-defined peak at the expected wave speed that in-
dicates both higher accuracy and lower uncertainty in veloc-
ity estimation. The subsequent analyses further examine the
combined SA-GA for impact localization and group velocity
determination.

3.2.2. Effect of Sensor Arrangement

The impact test points considered in this analysis are inside
and outside the region confined by active sensors. The per-
formance characteristics of the combined SA-GA framework
are provided in Table 3 and Fig. 6. Table 3 summarizes the
SA-GA outputs of PMFs and relative errors for different test
points under three sensor arrangements. The results exhibit
clear dependence on sensor placement with significant vari-
ations in localization accuracy across different arrangements.
For test point T4 illustrated in Fig. 6(a)-(c), the S1245 con-
figuration demonstrates perfect x-coordinate prediction prob-
ability (100%) with low uncertainty (±4 mm) and error (2%),
while the S1234 arrangement shows substantially wider disper-
sion (±15 mm) at 63% probability. This pattern continues for
y-coordinates at T4, where the results obtained from S1245 ar-
rangement maintain 99% probability with ±3 mm uncertainty
compared to 75% probability at ±25 mm uncertainty under
square arrangement.

Similar improvements emerge when examining T11 results
in Fig. 6(d)-(f). The triangular configurations achieve 98%
x-coordinate prediction probabilities with tight uncertainty
bounds (±4 to ±6 mm) and lower relative errors of less than
6%, while the square arrangement in Fig. 6(d) shows broader
distributions (±26 mm) and higher relative error. By contrast,
the y-coordinate prediction for T11 under S1245 configuration
reaches 100% probability with high precision (±2 mm) and
accuracy (1.6%).

The framework capability to handle diverse impact locations
becomes evident when analyzing T21 results in Fig. 6(g)-(i).
While all configurations show some performance degradation
for this test point, the triangular arrangements still maintain su-
perior probabilities (73–86% for x, 79–94% for y) compared to
the square configuration. It can be noted that the y-coordinate
prediction at T21 under S1235 arrangement predicted 94%
probability with ±13 mm uncertainty and 3.3% relative error.

The correlation analysis in each sub-figure of Fig. 7 repre-
sents plotting predicted versus actual values for 25 impact test
points in x and y coordinates. The square sensor arrangement
in Fig. 7(a)-(b) shows strong linear correlations, with R-values
of 0.92 for the x-coordinate and 0.95 for the y-coordinate. The
S1235 configuration in Fig. 7(c)-(d) demonstrates noticeable
improvements in x-coordinate accuracy as the fitted line more

Table 3. Outputs of SA-GA framework for impacts under different sensor
arrangements.

Config. T P(x) x± σx Ex P(y) y ± σy Ey

S1234 4 63% 204 ± 15 1.3% 75% 76 ± 25 8.6%
S1234 11 63% 68 ± 26 6.0% 59% 137 ± 4 4.3%
S1234 21 67% 64 ± 27 4.6% 63% 206 ± 15 14.6%
S1235 4 88% 184 ± 7 5.3% 73% 79 ± 4 9.6%
S1235 11 98% 67 ± 4 5.6% 90% 140 ± 3 3.3%
S1235 21 73% 44 ± 10 2.0% 94% 240 ± 13 3.3%
S1245 4 100% 206 ± 4 2.0% 99% 76 ± 3 8.6%
S1245 11 98% 67 ± 6 5.6% 100% 145 ± 2 1.6%
S1245 21 86% 37 ± 9 4.3% 79% 235 ± 13 5.0%

aligns along the diagonal line. Notably, the S1245 arrange-
ment in Fig. 7(e)-(f) achieves the highest performance, with
R-values reaching 0.98, suggesting that its sensor geometry
optimally balances sensitivity in both directions. The supe-
rior performance of asymmetric triangular configurations can
be attributed to fundamental geometric advantages in TDoA-
based localization. First, these arrangements provide a wider
variation in sensor-pair separations and orientations. This di-
versity increases the crossing angles of the hyperbolic curves
defined by Eq. (6) at the impact point, leading to a more dis-
tinct and noise-resistant intersection. Second, asymmetric lay-
outs mitigate ambiguity that arises in symmetric configurations
when impacts occur near geometric centers or symmetry axes,
where similar time delays can make the system of equations
ill-conditioned. By breaking spatial symmetry, triangular net-
works ensure more distinct time delay differences for a wider
range of impact locations, thereby improving the conditioning
of the optimization problem.

These results demonstrate that sensor placement fundamen-
tally affects localization performance. The triangular configu-
rations (S1235 and S1245) consistently outperform the square
arrangement (S1234) across all test points, in higher prediction
probabilities and lower uncertainty bounds and relative errors.
These findings emphasize that while the proposed framework
itself is crucial, proper sensor arrangement remains equally vi-
tal for achieving high-precision results in SHM applications.

3.3. Group Velocity
3.3.1. Determination of Group Velocity

The SA-GA framework predictions for group velocity under
the optimal sensor configuration are summarized in Table 4. It
was noticed that edge impacts are associated with higher prob-
ability and lower uncertainty in comparison to central impacts.
For edge impacts such as T4, the algorithm achieves high prob-
ability of 84% for a velocity of 515 m/s with 6.6% uncer-
tainty. This reflects a reliable A0 wave detection. Similarly,
the results of T24 maintains good performance (587± 36 m/s,
80%). Central impacts, as seen in T13 (150 mm, 150 mm)
exhibit higher velocity (599 ± 51 m/s) with 8.5% uncertainty
and lower probability (61%). This low probability could be
stemmed from symmetric wave propagation patterns that chal-
lenge TDoA-based localization. The surface diagram of the
objective function shown in Fig. 8 indicates a wide region for
the optimal solution, explaining both the expanded velocity
range and reduced confidence. Despite that, the proposed opti-
mization framework successfully narrows down the group ve-
locity to a limited range.

3.3.2. Optimization vs. Deterministic Approach

Identical test points from previous analyses are considered
herein to enable direct performance comparison. The results
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(a) SA (b) GA (c) SA-GA

(d) SA (e) GA (f) SA-GA

Figure 5. Comparison of optimization algorithm outputs for T3 (x = 150 mm, y = 50) under S1234 sensor configuration: (a-c) PMFs of impact coordinates;
(d-f) PMFs of group velocities.

Table 4. SA-GA optimization algorithm outputs of group velocity under the
optimal sensor arrangement.

T Sensors Location (mm) Predicted C (m/s)
x y Range P (C) C ± σC

4 1,2,4,5 200 50 454-545 84% 515 ± 34
13 1,2,4,5 150 150 545-636 61% 599 ± 51
21 1,2,4,5 50 250 545-636 70% 561 ± 42
24 1,2,4,5 200 250 545-636 80% 587 ± 36

in Fig. 9 superimposes the hyperbolic functions, the actual im-
pact coordinates, and the SA-GA predicted solution. Hyper-
bolic curves generated for each sensor pair, using the 11.1 kHz
group velocity from dispersion analysis, should theoretically
converge at the impact location. However in most cases, it
struggles to converge to a single solution evidenced by triple
intersections of hyperbolic curves. On the other hand, the pro-
posed optimization framework achieves accurate impact local-
ization, consistently yielding accurate predictions that closely
match true impact locations.

Figure 9 demonstrates close agreement between predicted
and actual impact locations across all test points, with the
combined SA-GA framework showing only minor deviations.
The framework performance becomes evident when compared
to deterministic methods, which frequently struggle to pro-
duce viable solutions even when using the optimal group ve-
locity. Comparative analysis reveals the proposed optimiza-
tion approach outperformed conventional deterministic meth-
ods. The algorithm demonstrates spatial discrimination capa-
bility, efficiently isolating high-probability impact zones while
excluding regions with low likelihood of impact occurrence.
While direct quantitative comparison with literature values
(e.g., PSO-based methods) is challenging due to differences
in experimental setups, materials, and sensor densities, the
achieved sub-5% relative error and probability of detection ex-
ceeding 90% without any baseline or material properties rep-
resent a significant advancement in reliable, baseline-free im-
pact characterization. By leveraging the combined SA-GA, it

provides an accurate and robust impact characteristics without
requiring material properties or geometric parameters.

3.3.3. A0 Mode Velocity Mapping

The full-field group velocity distribution over the aluminum
plate in Fig. 10 was reconstructed from data collected at 25
physical grid points, with each point tested under three distinct
sensor configurations, resulting in a total of 75 processed im-
pact events. These data were analyzed using three optimization
methods (SA, GA, and the combined SA-GA) and spatially in-
terpolated using a bilinear technique. Velocities ranged from
450−600 m/s, with variations attributed to uncertainties in data
acquisition, sensor placement, plate geometric and material
properties. On the other hand, the two circular low-velocity
zones exhibited damping-induced reductions are aligned with
the foam supports placed underneath the plate. Overall, the
combined SA-GA in Fig. 10(c) produced the most balanced
field, mitigating extremes seen in standalone SA and GA re-
sults. This spatially resolved velocity mapping enables SHM
by tracking localized deviations that could potentially indicate
material degradation.

3.4. Computational Efficiency Analysis
The computational performance of SA and GA was evalu-

ated on a standard hardware setup (11th Gen Intel© Core i5, 8
GB RAM) using MATLAB©, with consistent iteration counts
(SA: 3500; GA: 50 populations × 70 generations) to ensure
fair comparison. The convergence of SA and GA for a sin-
gle test point are provided in Fig. 11. For impact test point
T4, GA demonstrated high efficiency, requiring 0.0349 s which
is about one-third the time of SA (0.1029 s) to reach conver-
gence.

This trend persisted across sensor configurations as shown
Table 5, where GA average runtime ranges between 3.1−3.8 s
that is at least 3 times faster than SA, with narrower uncertainty
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(a) T4, S1234 (b) T4, S1235 (c) T4, S1245

(d) T11, S1234 (e) T11, S1235 (f) T11, S1245

(g) T21, S1234 (h) T21, S1235 (i) T21, S1245

Figure 6. PMFs of impact locations obtained using SA-GA framework under different sensor configurations.

Table 5. Computational time for impact test point, T4.

Sensor configuration Simulated annealing (s) Genetic algorithm (s)
S1234 13.1022 ± 0.3954 3.0938 ± 0.0873
S1235 12.5267 ± 0.2616 3.1867 ± 0.0952
S1245 12.2569 ± 0.5260 3.8360 ± 0.1251

bounds. These results represent 100 trials per configuration
with 5K data points per test. The disparity stems from funda-
mental algorithmic differences. GA is a population-based par-
allel search exploiting concurrent candidate evaluations, while
SA utilizes a perturbation-and-acceptance mechanism that in-
curs iterative overhead. It can be observed from the results that
SA runtime decreased with optimized sensor arrangements,
whereas GA exhibited an opposite trend. This inverse trend
in runtime sensitivity to sensor layouts suggest combined ap-
proaches could leverage GA speed for coarse global search and
SA precision for local refinement.

While the proposed SA-GA framework consistently demon-
strated superior accuracy and robustness compared to stan-
dalone GA and SA, it is important to acknowledge the trade-
off in computational cost. As illustrated in Fig. 5 and Table 5,
standalone GA and SA algorithms can in certain scenarios pro-
vide reasonable localization results with lower computational
demand. This highlights that engineering judgment should be
exercised in practice. When rapid and resource constrained
monitoring is prioritized, standalone algorithms may suffice,

whereas the SA-GA framework is more suitable for applica-
tions requiring higher accuracy under uncertainty. This bal-
ance between solution quality and computational efficiency is
consistent with broader findings in the literature.8–10 Thus, the
choice of algorithm should be guided by the specific require-
ments of the SHM application while considering both accuracy
and efficiency constraints.

4. CONCLUSIONS AND FUTURE WORK

The experiments conducted herein involve low-velocity im-
pacts on an aluminum plate integrated with a network of piezo-
electric sensors. This study has introduced an optimization
framework, combining SA and GA for impact characterization
in plate structures and group velocity mapping without relying
on material properties or baseline signals. Experimental vali-
dation across multiple sensor configurations and impact loca-
tions demonstrated the framework capability to accurately pre-
dict impact characteristics with high probability and low un-
certainty. Research key findings include:

• Dispersion curve analysis and experimental validation
confirmed the dominant A0 Lamb wave mode as the pri-
mary energy carrier with a center frequency of 11.1 kHz.

• The framework achieved impact localization probabilities
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Figure 7. Regression analysis for impact coordinates performed under different sensor configurations using SA-GA framework.

exceeding 90% with low relative error of 5% and uncer-
tainties below ±5 mm for optimal sensor arrangements,
even for impacts outside the region confined by piezo-
electric sensor networks.

• The combined SA-GA approach outperformed standalone
optimization methods, reducing impact coordinates un-
certainty by at least 50% compared to individual algo-
rithms.

• Sensor placement critically influenced the performance of
the proposed framework, with optimal asymmetric trian-
gular configurations achieving about 0.97 correlation co-
efficients between actual and predicted values.

• Full-field velocity mapping revealed the combined SA-
GA produced the most spatially consistent velocity fields.

The combined SA-GA framework demonstrated clear ad-

vantages over standalone SA and GA in terms of accuracy
and robustness. While the proposed framework has been suc-
cessfully validated for isotropic aluminum plates, its exten-
sion to anisotropic and composite materials presents a valu-
able direction for future research. In such materials, direc-
tional dependence of wave velocity and more complex dis-
persion relations would require the framework to simultane-
ously solve for an anisotropic velocity field or incorporate a
directional velocity model. Future work will explore adapt-
ing the SA-GA optimization to characterize these added com-
plexities, with potential applications to layered composites,
fiber-reinforced polymers, and additively manufactured (3D-
printed) structures, where baseline-free monitoring is equally
critical but more challenging due to inherent material hetero-
geneity and anisotropy. Furthermore, while this study evalu-
ated pre-defined sensor geometries, determining a globally op-
timal sensor network for a structure is a critical challenge. Fu-
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(a) T4, C = 515.4 m/s (b) T13, C = 599.0 m/s

(c) T21, C = 561.6 m/s (d) T24, C = 587.1 m/s

Figure 8. Surface diagrams of objective function at the mean group velocity using the SA-GA framework under optimal sensor arrangement.

ture work will investigate optimal sensor placement methods
to be integrated with the proposed the proposed SA-GA frame-
work to maximize localization accuracy for specific structural
geometries and expected impact regions.
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