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ABSTRACT: Correlation function of acceleration responses-based damage identification methods has been developed
and employed, while they still face the difficulty in identifying local or minor structural damages. To deal with this issue,
a robust structural damage identification method is developed, integrating a modified holistic swarm optimization
(MHSO) algorithm with a hybrid objective function. The MHSO is developed by combining Hammersley sequence-
based population initialization, chaotic search around the worst solution, and Hooke-Jeeves pattern search around the
best solution, thereby improving both global exploration and local exploitation capabilities. A hybrid objective function
is constructed by merging acceleration correlation function-based and strain correlation function-based objective
functions, effectively leveraging the complementary sensitivities of global and local responses. To further suppress
spurious solutions and promote sparsity in parameter estimation, an additional L0.5 regularization term is introduced.
The effectiveness of the proposed method is validated through numerical simulations on a simply supported beam and
a steel girder benchmark structure. Comparative studies with sequential quadratic programming, genetic algorithm,
and HSO demonstrate that the MHSO achieves superior accuracy and convergence efficiency, even with limited sensors
and 20% noise-contaminated measurements. Results highlight that the hybrid objective function significantly enhances
the detection of both major and minor damages, while the inclusion of sparse regularization improves robustness
against noise and model uncertainties. The findings indicate that the proposed framework provides a reliable and
computationally efficient solution for simultaneous localization and quantification of structural damages, offering
promising applicability to real-world structural health monitoring scenarios.

KEYWORDS: Damage identification; holistic swarm optimization algorithm; combined correlation function; hybrid
objective function; sparse regularization; grid structure

1 Introduction
Ensuring the safety of civil infrastructure is a critical challenge, as bridges, towers, and other large-scale

systems are continuously exposed to environmental and operational stresses [1]. Even minor damage, if left
undetected, can propagate and lead to severe performance degradation or sudden collapse. Consequently,
structural health monitoring (SHM) and damage identification have attracted significant research attention
as indispensable tools for maintaining resilience and reducing life-cycle costs. The integration of advanced
sensing technologies and artificial intelligence provides new opportunities to detect early-stage damage with
high accuracy.
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Current damage identification approaches can be broadly categorized into physics-based and data-
driven methods. Physics-based approaches rely on structural models and inverse analysis, such as finite
element model updating and vibration-based identification. On the other hand, data-driven approaches
exploit sensor data and learning algorithms to directly map structural responses to damage patterns. Recent
advances in machine learning and deep neural networks have significantly improved detection accuracy,
even under noisy or incomplete data conditions. Among these methods, vibration-based techniques have
emerged as one of the most widely adopted strategies for structural damage identification, primarily because
vibration responses inherently capture global information about the system [2]. Frequency-domain methods
rely on shifts in natural frequencies [3], mode shapes [4], modal strain energy [5], flexibility matrices [6],
and frequency response functions [7], etc., to infer damage. These methods are attractive due to their
simplicity, low computational requirements, and the ability to capture global damage signatures. Although
these approaches have demonstrated high accuracy in many applications, their practical utility is limited by
the insensitivity of low-order modes to minor damage and the difficulty of accurately extracting higher-order
modes from real structures due to measurement noise [8].

In contrast to frequency-domain techniques, time-domain methods exploit detailed temporal responses
such as acceleration or displacement signals. By incorporating techniques like impulse response analysis,
autoregressive modeling, or time-series reconstruction, these methods provide richer information for
identifying both the location and severity of damage. Their major strength lies in sensitivity to local changes,
but they are more vulnerable to measurement noise and require higher data quality. Several representative
approaches have been developed and successfully applied, including the iterative least squares method [9],
maximum likelihood estimation [10], extended Kalman filter [11], and particle filter [12]. These classical
methods are grounded in rigorous mathematical theory and offer reliable frameworks for parameter esti-
mation. However, their effectiveness strongly depends on providing accurate initial guesses of the unknown
parameters and on the availability of appropriate gradient information. Moreover, their inherent point-to-
point search mechanism increases the risk of premature convergence, making them prone to being trapped
in local optima, particularly when dealing with highly nonlinear or large-scale structural systems.

In recent years, machine learning techniques, particularly neural networks and heuristic optimization
algorithms, have emerged as powerful tools for structural damage identification [13,14]. Neural networks
excel at learning hidden patterns from large datasets, enabling automated feature extraction and damage
classification. Meanwhile, heuristic optimization algorithms provide efficient search capabilities in high-
dimensional spaces, making them well-suited for solving inverse identification problems [15]. Genetic
algorithm (GA) [16], differential evolution (DE) [17], artificial bee colony algorithm [18], tree seeds algo-
rithm [19], monkey algorithm [20], gray wolf optimization [21], exponential-trigonometric optimization
algorithm [22], improved termite life cycle optimizer [23], and slime mold algorithm [24], have been adopted
due to their simplicity, flexibility, and robustness. For instance, Zhou et al. [25] introduced an improved
butterfly optimization algorithm that integrates a sampling technique and search space reduction method
to enhance structural parameter identification. Xu et al. [26] combined particle swarm optimization (PSO)
with support vector machines to determine the damage extent of carbon fiber reinforced polymer cables.
These studies indicate that computational intelligence approaches exhibit strong potential and effectiveness.
Nevertheless, they still encounter the following three challenges:

First, for most heuristic algorithms, to determine algorithm-specific parameters, trial-and-error pro-
cedures not only demand considerable computational resources but also undermine their applicability in
large-scale problems. Second, structural excitations such as wind or traffic loads are often unavailable in real
engineering environments, highlighting the need for output-only identification methods that can operate
under unknown ambient excitations. Third, practical issues including high levels of measurement noise,
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minor or localized damage, and limited sensor availability are rarely addressed in existing studies, yet they
frequently occur in real-world applications. These challenges underscore the necessity of developing more
robust, adaptive, and practically oriented approaches for structural damage identification.

To address the first challenge, notable progress has been made in metaheuristic optimization. Recent
years have witnessed the rapid proliferation of algorithms inspired by natural, physical, and social metaphors.
Although such approaches have demonstrated competitive performance, increasing evidence suggests that
metaphorical analogies are not essential for designing efficient optimizers. Instead, more rigorous and
generalizable frameworks can be developed without reliance on metaphors. Within this paradigm, the
Holistic Swarm Optimization (HSO) algorithm [27] has been proposed as a novel metaphorless frame-
work that utilizes information from the entire population to guide the search process. In contrast to
existing metaphorless optimizers such as Jaya [28] and the Rao family of algorithms [29], which rely on
best-worst interactions or limited statistical comparisons, HSO systematically integrates feedback from
the global population distribution to determine search directions. Nevertheless, HSO often suffers from
slow convergence and premature stagnation, which can largely be attributed to its relatively simplistic
updating mechanism and insufficient adaptability in balancing global exploration with local exploitation.
To overcome these limitations, this study introduces a modified HSO (MHSO) by integrating advanced
strategies, including Hammersley sequence-based population initialization, chaotic search around the worst
solution, and Hooke-Jeeves pattern search around the best solution, thereby enhancing both exploration and
exploitation capabilities.

To address the second challenge, some output-only damage identification approaches have been
proposed. Ni et al. [30] introduced a method based on the correlation functions of acceleration responses,
which successfully identified damages in a laboratory four-story steel frame. Wang et al. [31] further
extended the correlation functions by incorporating four different evolutionary algorithms and validated
their effectiveness on the ASCE benchmark frame structure. To mitigate the potential influence of improper
reference point selection, Zhang et al. [32] developed an adjacent acceleration correlation function approach,
yielding satisfactory identification accuracy. However, structural damage is inherently a localized phe-
nomenon [33]. Strain-based measurements can offer higher sensitivity to local variations, enabling the
detection of small-scale damage. For instance, Li et al. [34] proposed a strain covariance response function
method, demonstrating its ability to detect damage under white noise excitation. Similarly, Li et al. [35]
utilized the amplitude vector of dynamic strain cross-correlation functions to detect structural damage.
Nevertheless, a large number of strain gauges are typically required.

To address the last challenge, the use of multiple types of sensors has been increasingly advocated due to
their complementary characteristics. Accelerometers provide global structural responses, while strain gauges
are capable of capturing localized damage information. By integrating local and global measurements, the
limitations of single-sensor approaches can be alleviated, leading to more accurate and reliable identification
results. For instance, accelerometers and strain gauges have been jointly applied for structural damage
detection [36], foundation system parameters estimation [37], random excitations reconstruction [38], and
detection cracks as well as bolt loosening in steel frames [39]. In practical applications, damages in the Tsing
Ma suspension bridge were successfully identified with the aid of a multi-sensor monitoring system [40].

This study presents a novel approach for structural damage identification that integrates a modified
holistic swarm optimization algorithm with a hybrid objective function. The proposed MHSO enhances the
traditional HSO by introducing three key strategies: Hammersley sequence-based population initialization
to ensure uniform search space coverage, chaotic search mechanisms around the worst solution to enhance
exploration, and Hooke-Jeeves pattern search around the best solution to accelerate convergence and
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improve local exploitation. Simultaneously, a hybrid objective function is formulated by combining acceler-
ation correlation functions with strain correlation functions, leveraging their complementary sensitivities to
damage. This hybrid formulation enhances the detection of small or localized damages while maintaining
robustness against noise, and significantly reduces the number of required sensors compared to strain-
only approaches. To further improve performance in sparse damage scenarios, the L0.5 sparse regularization
technique [41] is incorporated. For validation, four objective functions are compared alongside sequential
quadratic programming [42], genetic algorithm, and HSO. Numerical case studies on a simply-supported
beam and a steel girder benchmark structure demonstrate that the proposed MHSO with hybrid objective
function achieves superior performance in both damage localization and severity quantification, offering a
promising tool for practical structural health monitoring applications.

2 Combined Correlation Function-Based Damage Identification

2.1 Structural Damage Identification Problem
Optimization-based structural damage identification treats damage detection as an inverse problem,

aiming to infer unknown damage parameters by minimizing the difference between experimentally mea-
sured and numerically predicted structural responses. The underlying principle is that damage induces
changes in structural properties, which alter the dynamic behavior of the system. By systematically com-
paring measured vibration responses with computational model outputs, both the location and severity of
damages can be accurately estimated.

The identification process generally begins with establishing a high-fidelity finite element model of the
intact structure. Structural damage is generally modeled as a reduction in stiffness [43,44]. A damage model
is then introduced to simulate local deterioration, where αi is the damage index representing the stiffness
reduction of the i-th element. An objective function is constructed to quantify the discrepancy between
measured and reconstructed responses, serving as the criterion for damage identification. Optimization
algorithms, including genetic algorithms, particle swarm optimization, differential evolution, and hybrid
swarm strategies, iteratively adjust the damage indices to minimize this objective function.

2.2 Hybrid Objective Function
Correlation functions of acceleration have been widely applied in structural damage identification due

to their ability to capture dynamic relationships between different measurement points without requiring
explicit input force information. These functions are effective in detecting large-scale damages by high-
lighting changes in vibration patterns. Their main advantages include robustness to noise and simplicity
of implementation [30–32]. In Ref. [45], the combined correlation function of acceleration responses was
proposed, which eliminates the need for selecting reference points, enhancing robustness and improving
damage localization accuracy, especially in complex structural systems.

Rü = [Rü1,2 , Rü1,3 , . . . , Rü1,na , Rü2,3 . . . , Rü2,na , Rü3,4 . . . , Rüna−1,na ]
T (1)

where na denotes the total number of accelerometers.
The objective function based on the combined correlation function of acceleration response, denoted

as Obj1, is defined as

Ob j1 =
na
∑
i=1

n p

∑
j=1

∣Rmea (i , j) − Rest (i , j)∣2

E (Rmea
2 (i))

(2)
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where Rmea and Rest are the combined correlation function of the measured and estimated acceleration
response, respectively; na and np are the number of measurements and data points; E (Rmea

2 (i)) =
∑n p

n=1 Rmea
2 (i , j) /np stands for the mean squared value of the i-th measured combined correlation

function.
Similarity, combined correlation function of strain responses is given as

⌢

Rε = [
⌢

Rε1,2 ,
⌢

Rε1,3 , . . . ,
⌢

Rε1,ns ,
⌢

Rε2,3 . . . ,
⌢

Rε2,ns ,
⌢

Rε3,4 . . . ,
⌢

Rεns−1,ns]
T

(3)

where ns represents the number of strain gauges.
The objective function based on the combined correlation function of strain response, denoted as Obj2,

is defined as

Ob j2 =
ns
∑
i=1

n p

∑
j=1

∣
⌢

Rmea (i , j) −
⌢

Rest (i , j)∣
2

E (
⌢

Rmea
2
(i))

(4)

where
⌢

Rmea and
⌢

Rest are the combined correlation function of the measured and estimated strain responses;
ns and np mean the number of measurements and data points.

Simultaneously using acceleration and strain measurements for structural damage identification pro-
vides a more comprehensive and reliable assessment of structural health. Acceleration sensors capture global
dynamic responses, reflecting overall structural behavior and enabling detection of major damage. However,
they are often insensitive to minor or localized damages, as such changes may not significantly affect global
vibration characteristics. Strain sensors, in contrast, are highly sensitive to local deformations and can
detect subtle damage at specific locations. Their limitation lies in the fact that they provide only localized
information, requiring dense sensor deployment for full coverage, which increases cost and complexity. By
combining acceleration and strain data, these complementary strengths are leveraged. Acceleration offers
global insight while strain provides fine-grained local detection. This integrated approach enhances damage
detection accuracy, reduces false negatives, and improves robustness against noise, making it highly effective
for practical structural health monitoring applications where both local and global damage information is
essential. Moreover, simultaneous use of multiple types of sensors is more consistent with the actual situation
of structural health monitoring. Therefore, a novel objective function, denoted as Obj3, is established
using the combined acceleration correlation function-based objective function Obj1 and combined strain
correlation function-based objective function Obj2 as follows

Ob j3 = Δ1 ⋅ Ob j1 + Δ2 ⋅ Ob j2 (5)

where Δ1 and Δ2 stand for the weight coefficients. They are introduced into the objective function to balance
the Obj1 and Obj2 according to their sensitivity to elemental damages, and they can be calculated as

Δ1 =

ne
∑

j

nd
∑
i
(Ob j1i j) / (Ob j2i j)

ne
∑

j

nd
∑
i
(Ob j1i j) / (Ob j2i j) + ne2

, Δ2 = 1 − Δ1 (6)
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where Ob j1i j and Ob j2i j mean the value of Obj1 and Obj2 for the i-th damage level of the j-
element; ne and nd stand for the number of elements and damage levels. Ten damage levels, i.e.,
nd = {0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9, 1.0} are considered.

Incorporating a sparsity term into the objective function enhances structural damage identification by
promoting sparse solutions, reflecting the realistic scenario that damages are usually localized. This regu-
larization reduces ill-conditioning in the inverse problem, improves identification accuracy, and suppresses
noise effects, enabling more precise localization and quantification of damage with fewer false positives. The
new objective function based on Obj3 and sparse regularization, denoted as Obj4, is presented in following
equation

Ob j4 = Δ1 ⋅ Ob j1 + Δ2 ⋅ Ob j2 + λ ∥α∥0.5 (7)

where λ denotes the regularization parameter; ∥α∥0.5 represents the L0.5 norm of the solution.
Compared with the L1 and L2 regularization, the L0.5 regularization is more suitable to stimulate the

sparsity of structural damages. Introducing the sparse penalty item λ ∥α∥0.5 can refine the ill-condition of the
original problem and improve robustness to noise. The effectiveness of the proposed four objective functions,
i.e., Obj1, Obj2, Obj3, Obj4, will be verified and compared in the present study.

3 Identification Algorithms

3.1 Basic Holistic Swarm Optimization Algorithm
The Holistic Swarm Optimization (HSO) algorithm [27], proposed by Akbari in 2025, is an advanced

metaheuristic optimization method inspired by swarm intelligence. Unlike traditional heuristic algorithms
such as GA, PSO, DE, Jaya algorithm, Artificial bee colony (ABC) algorithm, which often depend on
partial or pairwise information, HSO could dynamically balance exploration and exploitation using whole
population information in iteration process. Specifically, the algorithm defines displacement coefficients
using the root-mean-squared (RMS) fitness values of the population, ensuring that agents are systematically
attracted toward promising regions and repelled from poor solutions. This mechanism provides a global,
population-level perspective that significantly enhances search efficiency and robustness compared to local
or sample-based strategies. A brief review of the proposed HSO algorithm is described as follows:

The initialization of the population is performed by generating individuals randomly within the upper
limit Ui , j and lower Li , j. Mathematically, the initialization can be expressed as

Xi , j = Li , j + rand (0, 1) × (Ui , j − Li , j) (8)

where Xi , j denotes the value of the j-th variable for the i-th candidate in the population; rand(0,
1) stands for a uniformly distributed random number between 0 and 1; In Eq. (8), i ∈ (1, 2, . . . , NP) ,
j ∈ (1, 2, . . . , Dim), population size NP and the dimension Dim define the total number of individuals and
the number of variables to be optimized.

Each individual represents a candidate solution for the optimized problem. The fitness of each individual
is calculated. Then, the whole-population information is considered by using root-mean-squared (RMS)
fitness values as follows

RMS f =
�
��� 1

n

n
∑

1
f (Xi)2 (9)

where f (Xi)means the fitness value of the i-th agent.
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The difference between the RMS and fitness value of the i-th agent is computed by

di = RMS f − f (Xi) (10)

Next, calculate the displacement coefficients. The coefficients ci are set positive or negative depending on
whether the difference is below or above the RMS, and then normalized so that their absolute sum equals one

ci =
sign (di) ⋅ ∣di ∣

n
∑
i=1
∣di ∣

(11)

where sign (di) stands for the sign function.
The positions of the search agents are updated in an iterative manner. At each iteration, the position of

an agent Xi is adjusted based on a weighted combination of the differences between its current position and
the positions of the remaining agents in the population. The corresponding position-update formulation can
be expressed as

Xi
′

= Xi + χ
n
∑
j=1

γi j ⋅ c j ⋅ (X j − Xi) (12)

where χ is a fixed parameter, and γi j is a random factor that introduces diversity and ensures a more
exhaustive search of the solution space.

The flowchart of the basic holistic swarm optimization algorithm is shown in Fig. 1.

Figure 1: The flowchart of the basic holistic swarm optimization algorithm

3.2 Modified Holistic Swarm Optimization Algorithm
To enhance the efficiency and robustness of the basic HSO algorithm, a modified variant is developed by

incorporating three strategies in this section including population initialization with Hammersley sequence,
chaotic search around the worst solution, and Hooke–Jeeves pattern search around the best solution.
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3.2.1 Population Initialization with Hammersley Sequence
Population initialization plays a critical role in the performance of swarm intelligence algorithms.

Traditional random initialization in Eq. (8) often leads to uneven distribution of individuals, causing
premature convergence or insufficient coverage of the search space. To overcome this limitation, the
Hammersley sequence [46] can be employed to generate the initial population. The Hammersley sequence
belongs to the family of low-discrepancy sequences, which are designed to uniformly distribute points in a
multidimensional space. By using this quasi-random sequence, individuals are placed more evenly across
the feasible domain, thereby ensuring a comprehensive sampling of the search space. This improves the
algorithm’s global search ability and reduces the risk of stagnation in local optima.

The implementation process is straightforward. First, the dimensionality of the optimization problem
is determined. Then, the Hammersley sequence is generated according to the problem dimension and
population size, producing uniformly distributed points within the unit hypercube. Finally, these points are
mapped to the actual search domain by following equation.

Xi , j = Li , j + ψ × (Ui , j − Li , j) (13)

where ψ means the Hammersley sequence with NP rows and Dim columns.
This initialization strategy provides the algorithm with a well-spread and diverse population, which

enhances convergence speed and solution quality.

3.2.2 Chaotic Search around the Worst Solution
In the basic holistic swarm optimization algorithm, whole population information is used while the

worst solution is not well considered. In fact, the worst solution in the population often provides limited
contribution to the search process and may even hinder convergence due to its poor fitness and lack of
exploration potential. Such inferior individuals tend to reduce the overall population diversity and accelerate
premature convergence, particularly in complex, multimodal optimization landscapes. To mitigate this
drawback, a chaotic search strategy is incorporated to adjust the worst solution dynamically. Specifically, the
tent map [47] is employed to generate a chaotic sequence with superior ergodicity and uniformity compared
to conventional random sequences. The tent mapping is defined as

Xn+1 = {
ζXn , 0 ≤ Xn ≤ 0.5
ζ (1 − Xn) , 0.5 < Xn ≤ 1 (14)

where ζ = 2 and Xn ∈ [0, 1].
By iterating tent map, a series of chaotic numbers is obtained and then linearly transformed into the

feasible solution space. The reconstructed candidates generated from the chaotic sequence replace or perturb
the worst solution, and the best-performing candidate is retained. This mechanism not only prevents the
stagnation caused by the worst individual but also introduces adaptive randomness, thereby enhancing the
global search capability and robustness of the algorithm.

3.2.3 Hooke–Jeeves Pattern Search around the Best Solution
In swarm intelligence algorithms, the best solution plays a dominant role in guiding the population

toward promising regions of the search space. However, excessive dependence on the current best solution
may lead to premature convergence, particularly when the best individual is trapped in a local optimum.
To address this issue, the Hooke–Jeeves (HJ) pattern search method [48] is introduced to refine the best
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solution through a systematic local exploration process. The HJ algorithm alternates between exploratory
moves, which probe the neighborhood of the current best solution along coordinate directions, and pattern
moves, which accelerate the search toward more promising regions based on successful exploratory steps.
Exploratory moves and pattern moves are repeated until a termination criterion is met, as presented in Fig. 2.

Figure 2: Hooke–Jeeves pattern search method

By embedding HJ pattern search into the optimization framework, the best solution is locally intensified
and adaptively updated. This hybridization not only strengthens the exploitation ability of the algo-
rithm but also improves convergence accuracy while maintaining computational efficiency. Consequently,
the incorporation of the Hooke–Jeeves pattern search enhances the balance between exploration and
exploitation, enabling the holistic swarm optimization algorithm to achieve more reliable performance in
high-dimensional and multimodal optimization problems.

3.2.4 Framework of the Modified Holistic Swarm Optimization Algorithm
Fig. 3 shows the flowchart of the proposed modified holistic swarm optimization (MHSO) algorithm. In

the proposed MHSO, initial individuals are generated with Hammersley sequence across the feasible domain,
thereby improving population diversity and providing a more representative sampling of the search space
compared with purely random initialization. Then, all agents in the population are divided into common
agent, the worst agent and the best agent. Different search operations are implemented corresponding to the
type of agent. Specifically, common agents are updated using basic HSO. A tent mapping-based chaotic search
is applied to the worst individual, enabling it to escape low-quality regions and explore new promising areas.
An HJ pattern search is performed in the vicinity of the best solution, where exploratory and pattern moves
accelerate progress toward high-quality optima. By seamlessly integrating these mechanisms into the HSO
framework, the proposed MHSO algorithm achieves a better balance between exploration and exploitation,
accelerates convergence, and enhances robustness in solving complex nonlinear and high-dimensional
optimization problems.
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Figure 3: The flowchart of the proposed modified holistic swarm optimization algorithm

4 Procedures of Damage Identification
The implementation of the proposed output-only structural damage identification method, as shown

in Fig. 4, integrating the MHSO algorithm with a hybrid objective function based on the combination of
acceleration correlation function and strain correlation function involves the following key steps:

Step 1: Structural system is instrumented with a sparse network of acceleration and strain sensors to
collect dynamic responses under ambient or operational loading.

Step 2: Compute combined acceleration correlation function Rmea and combined strain correlation
function

⌢

Rmea with the selected reference points.
Step 3: Initial finite element model of the target structure is constructed, and initial solutions θ0 for the

optimization process are generated.
Step 4: Compute the estimated acceleration correlation function Rest (θi) and estimated strain cor-

relation function
⌢

Rest (θi). Evaluate the hybrid objective function using Eqs. (5) or (7) for each candidate
solution θi .

Step 5: MHSO algorithm iteratively minimizes the hybrid objective function by updating struc-
tural parameters.
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Step 6: Repeat Step 3 to Step 5 until a predefined convergence criterion or maximum iteration count
is reached.

Figure 4: The flowchart of the proposed output-only structural damage identification method

5 Numerical Studies
To verify the feasibility and accuracy of the proposed method, a simply supported beam was employed

as a test case. The finite element analysis is implemented using MATLAB R2021b on a Windows 10 64-bit
platform, powered by an Intel Core i7-12700 CPU at 2.10 GHz with 32 GB of RAM. As show in Fig. 5, a detailed
finite element model of the beam is constructed using beam elements with sufficiently refined discretization
to ensure computational precision. The beam considered has a total length of 1.6 m, a width of 50 mm, and
a height of 3 mm. The beam is discretized into 16 equal-length elements, resulting in 17 nodes with a nodal
spacing of 100 mm. Each intermediate node is assigned two degrees of freedom. Boundary conditions are
ideal simply supported constraints at both ends of the beam. Material properties, including Young’s modulus
and density are E = 2.1 × 1011 N/m2 and ρ = 7850 kg/m3, respectively.

Four damage cases and measurement arrangements on the simply-supported beam structure are
studied, shown in Fig. 5 and Table 1. Structural simulated responses including acceleration and strain signals
are recorded. These data sets are used as reference inputs to test the proposed method’s performance in
accurately identifying damage locations and quantifying damage severity. The simulation is conducted over
a total duration of 1800 s, with a sampling frequency of 400 Hz to ensure high-resolution capture of the
structural dynamic response. To comprehensively evaluate the capability of the proposed method, damage
scenarios of varying severity are systematically investigated. Specifically, damage levels are classified into
two categories: severe damage and minor damage. Severe damage is defined as cases where the damage
extent exceeds 10% of the structural parameter under consideration, representing significant degradation of
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structural integrity. Minor damage corresponds to situations in which the damage extent is equal to or below
10%, representing early-stage or subtle structural deterioration. This categorization allows for the assessment
of the method’s sensitivity and robustness across a wide range of damage conditions.

Figure 5: 16-element simply-supported beam structure

Table 1: Four different damage and measurement cases for a simply-supported beam

Damage
cases Damage type Data type Objective

function
Element

no. Damage extent

Case 1 Large damages Acceleration Obj1 6, 13 α6 = 30%, α13 = 15%
Case 2 Small damages Acceleration Obj1 6, 13 α6 = 10%, α13 = 8%
Case 3 Small damages Strain Obj2 6, 13 α6 = 10%, α13 = 6%

Case 4 Large + small
damages

Acceleration +
strain Obj3/Obj4 6, 10, 13 α6 = 20%, α10 = 10%,

α13 = 6%

5.1 Comparison on Different Objective Functions
Identification of structural damages using the proposed MHSO algorithm with four different objec-

tive functions, i.e., Obj1, Obj2, Obj3, Obj4, is performed and compared. Regarding the configuration of
the proposed MHSO algorithm, key parameters are selected to balance computational efficiency and
identification accuracy. The algorithm is executed with a population size of 100 agents and a maximum
number of 200 iterations. To ensure the robustness of the identification results, the reported performance
is based on the average results from 30 independent trials, minimizing the influence of random variations
inherent to heuristic optimization. Furthermore, to assess the method’s robustness, white Gaussian noise
with noise levels of 0%, 10%, and 20% are considered. By incorporating these noise scenarios, the perfor-
mance of the proposed method can be systematically tested under varying signal-to-noise ratios, thereby
demonstrating its reliability and practical applicability in structural health monitoring under imperfect
measurement conditions.
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The combined correlation function of acceleration responses based objective function Obj1 is employed
to identify both large and small structural damages. In damage case 1, stiffness reductions of 30% and 15% are
introduced in elements 6 and 13, respectively. In damage case 2, smaller stiffness reductions of 10% and 8% are
assumed in elements 6 and 13. For both cases, acceleration responses are extracted from nodes 4 and 11. The
identification results obtained with Obj1 are illustrated in Fig. 6. In case 1, the large damages are successfully
identified with a mean error of 1.75% and a maximum error of 7.69% under 20% measurement noise. In
contrast, the locations and severities of the small damages in case 2 are not detected. These findings suggest
that while the combined acceleration correlation function-based objective function is effective in identifying
relatively large damages, it may not be sufficiently sensitive to capture small or minor damage scenarios.

Figure 6: Damage identification with Obj1: (a) case 1; (b) case 2

Compared with acceleration response, strain measurement is more sensitive to structural local or
minor damages. Thus, objective function Obj2 established based on combined correlation function of strain
response is employed to identify small damages. In damage case 3, assuming 10% and 6% stiffness are reduced
in elements 6 and 13, respectively, namely α6 = 0.1, α13 = 0.06. Two strain gauges at elements 4, 10, and eight
strain gauges at elements 2, 4, 7, 8, 10, 12, 14, 16, are adopted to consider the effect of the number of sensors,
and their damage identification results using Obj2 are provided in Fig. 7. Several false identifications are
obviously observed at elements 6, 12, and 13 with two sensors. On the contrary, pleasant results are obtained
with average error of 0.81% and maximum error of 2.41% under 20% noise, as listed in Table 2, when installed
eight strain gauges on the structure, which demonstrates that combined strain correlation function-based
objective function Obj2 is able to accurately identify relatively small damages but requires more sensors for
the reason that strain gauges can only reflect the point-to-point local information near the sensor’s proximity.
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Figure 7: Identified damage results with Obj2 in case 3: (a) two sensors; (b) eight sensors

Table 2: Identified results based on four different objective functions (%)

Cases Objective functions Noise free 10% noise 20% noise

Mean error Max error Mean error Max error Mean error Max error
Case1 Obj1 0.66 2.54 1.13 5.82 1.75 7.69

Case2 Obj1 1.86 9.14 4.07 12.96 3.75 13.73

Case3 Obj2-2 sensors 1.25 5.18 2.03 7.29 2.01 8.11
Obj2-8 sensors 0.35 1.15 0.36 1.72 0.81 2.41

Case4 Obj3 0.34 2.14 0.88 3.56 1.05 3.93
Obj4 0.15 0.87 0.37 1.49 0.42 1.56

To evaluate the effectiveness of the proposed hybrid objective functions Obj3 and Obj4, a comprehensive
case study, denoted as case 4, is conducted. This study examines the identification performance under both
severe and minor damage conditions to ensure the method’s versatility. Assuming 20%, 10% and 6% stiffness
are reduced in elements 6, 10 and 13, namely α6 = 0.2, α10 = 0.1, α13 = 0.06. To closely mimic actual engineering
practice, two accelerometers and two strain gauges are placed to capture both dynamic and local strain
responses. The regularization parameter λ is set as 1× 10−4. Identified damage results using Obj3 and Obj4 are
shown in Fig. 8 and Table 2. When Obj3 is applied, the identification accuracy remains acceptable even under
20% noise, with the maximum error of estimated parameters below 4%. However, several intact elements,
such as 4, 5, 9, 11, and 15, are mistakenly identified as damaged, indicating its limited robustness against noise.
In contrast, Obj4, enhanced with sparse regularization, yields significantly improved results. The average
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error decreases to 0.42% and the maximum error is reduced to 1.56%, with nearly no false identifications.
These results confirm that introducing sparsity not only enhances numerical stability but also ensures reliable
discrimination between real and spurious damage, thereby providing a more robust framework for practical
structural damage detection.

Figure 8: Identified damage results with the proposed hybrid objective function: (a) Obj3; (b) Obj4

5.2 Comparison with Other Optimization Algorithms
The effectiveness and advantages of the proposed MHSO algorithm are further evaluated in damage case

5 through a comparative study involving three widely used optimization methods. The adopted parameters
of sequential quadratic programming (SQP), GA, HSO and MHSO are listed in Table 3. Stiffness reductions
of 8% and 15% are introduced in elements 6 and 13, corresponding to damage indices of α6 = 0.08, α13 = 0.15 to
simulate both minor and moderate damage scenarios. The monitoring arrangements are two accelerometers
positioned at nodes 5 and 10, along with two strain gauges placed at the midpoints of elements 8 and 14,
thereby capturing both dynamic and local strain responses. The hybrid objective function Obj4 is adopted
for damage identification, with a regularization parameter set to λ = 1 × 10−4, enabling the effective balancing
of accuracy and sparsity. This comparative analysis is designed to highlight the superior performance of
the MHSO algorithm in terms of damage localization accuracy, robustness under noise contamination,
and convergence efficiency, thereby demonstrating its significant potential for practical structural health
monitoring applications.

Table 3: Parameters of SQP, GA, HSO, MHSO

Parameters SQP GA [49] HSO MHSO
Initial value 0.8 × θact

Population size NP 100 100 100
Maximum iterations Gm 400 200 100

(Continued)
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Table 3 (continued)

Parameters SQP GA [49] HSO MHSO
Mutation probability 0.2
Crossover probability 0.8

A comparative analysis of damage identification performance using SQP, GA, HSO, and the proposed
MHSO algorithm under different noise conditions (0%, 10%, and 20%) is presented to evaluate their robust-
ness and accuracy. As presented in Fig. 9 and Table 4, SQP and GA, representing gradient-based and classical
heuristic optimization approaches, exhibit significant degradation in accuracy when noise levels increase.
In particular, both methods fail to reliably detect minor stiffness reductions, under moderate and high
noise contamination. The HSO algorithm, as a modern swarm intelligence technique, demonstrates better
robustness to noise and is able to locate damaged elements; however, it encounters difficulties in precisely
quantifying damage severity, resulting in noticeable estimation errors. In contrast, the proposed MHSO
algorithm achieves consistently high accuracy across all noise levels. Even under the harsh condition of 20%
noise contamination, MHSO maintains superior performance with minimal error, effectively identifying
both damage location and magnitude. In addition, the statistical results of SQP, GA, HSO and MHSO under
0% noise are listed in Table 5. It is evident that the proposed MHSO achieves the smallest mean error and
standard deviation, indicating its strong stability and high reliability in damage identification performance.
The comparative results clearly highlight the advantages of MHSO in both stability and precision over
traditional and existing optimization approaches. Fig. 10 illustrates the iterative convergence process of the
MHSO algorithm, showing that identified damage parameters steadily approach the true values. Notably,
convergence is achieved within approximately 80 iterations, demonstrating the algorithm’s high efficiency.
These results clearly highlight the robustness, precision, and rapid convergence capability of the proposed
MHSO approach.

Figure 9: Identification results for SQP, GA, HSO, MHSO: (a) 0% noise; (b) 10% noise; (c) 20% noise
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Table 4: Identified mean and maximum errors under three levels of noise (%)

Methods 0% noise 10% noise 20% noise

Mean error Max error Mean error Max error Mean error Max error
SQP 1.35 4.62 1.89 7.63 1.72 8.00
GA 2.36 8.28 2.28 8.67 2.46 8.27

HSO 0.74 3.14 0.82 3.45 1.39 4.61
MHSO 0.23 1.09 0.58 1.73 0.60 1.98

Table 5: The statistical results of the identified elemental damage

Element SQP GA HSO MHSO

Mean Value Std. Mean Value Std. Mean Value Std. Mean Value Std.
α6 = 0.08 0.0344 0.042 0.0382 0.030 0.0486 0.024 0.0799 9.21E−04
α13 = 0.15 0.1395 0.030 0.0950 0.035 0.1533 0.011 0.1406 4.71E−05

Note: std. denotes the standard deviation.

Figure 10: The evolutionary process of the identified damage elements with the proposed MHSO

In addition to the identification accuracy, the computational efficiency for SQP, GA, HSO, MHSO is
also investigated, listed in Table 6. SQP has the fastest computational speed due to its gradient-based search
characteristic. Compared with 2012, 608 and 311 s consumed by GA, HSO, MHSO, only 226 s is needed for
SQP, but a good initial guess has to be given. Otherwise, the identified solution is probably trapped into
local optimum. Taking the computational time and damage identification accuracy into consideration, the
proposed MHSO can achieve better performance than SQP, GA, HSO.
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Table 6: Comparison of computational time for SQP, GA, HSO, MHSO

Methods Number of
iterations

Computational time for
single iteration (s)

Computational
time (s)

SQP 88 2.56 226
GA 400 5.03 2012

HSO 200 3.04 608
MHSO 100 3.11 311

6 Validation with a UCF Benchmark Structure

6.1 Finite Element Model
Further investigations are carried out on a steel grid benchmark structure [50] to comprehensively

validate the effectiveness of the proposed damage identification strategy. The experimental tests were
conducted at the University of Central Florida, as illustrated in Fig. 11a. The benchmark grid structure has
an overall length of 5.49 m and a width of 1.83 m, representing a realistic structural system for validation
purposes. A finite element model of the structure is developed, consisting of 19 beam elements interconnected
at 14 nodes to accurately simulate its dynamic characteristics. For the boundary condition, columns provide
a pinned support for the grid. The elastic modulus and density of steel materials are 2.1 × 1011 N/m2 and
7850 kg/m3, respectively. The UCF steel gird benchmark structure was excited by a white noise excitation at
node 3. Three accelerometers are installed at nodes 2, 7, 11, to captured the accelerations in vertical direction.
Five strain gauges are placed at the midpoint of elements 4, 9, 11, 14, 18 to measure the strain responses. The
total duration and sampling rate are of 1800 s and 400 samples/s. More detailed description about the steel
gird benchmark structure can be found in Ref. [51].

6.2 Damage Identification Results
As shown in Fig. 12, two damage cases, including large elemental damages and small elemental damages,

are considered to verify the effectiveness of the proposed approach. In damage case 1, 20% and 15% stiffness
are reduced in elements 15 and 18, respectively, namely α15 = 0.2, α18 = 0.15. In damage case 2, 10% and 8%
stiffness are reduced in elements 10 and 17, respectively, namely α10 = 0.1, α17 = 0.08. Only MHSO algorithm is
used owing to its pleasant performance. Population size and maximum iterations are set as 100 and 200. The
identified results of damage case 1 and case 2 using MHSO algorithm and hybrid objective functions Obj4
are presented in Fig. 12. For case 1, the identified values are α15 = 0.1942, α18 = 0.1531, very close to the exact
values. Mean error and maximum error listed in Table 7 are 0.66% and 2.92%. For case 2, the identified values
are α10 = 0.1017, α17 = 0.0767, corresponding to 1.67% and 1.66% small relative errors. The results demonstrate
that the proposed output-only damage identification method, which integrates the MHSO algorithm with
a hybrid objective function based on combined acceleration function and strain correlation function, is
capable of accurately detecting both significant and subtle structural damages, offering a promising solution
for efficient and reliable damage detection in complex structural systems.
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Figure 11: Steel gird benchmark structure: (a) experimental model; (b) setup of sensors and damage cases

Figure 12: Damage identification results for steel gird benchmark structure: (a) case 1; (b) case 2
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Table 7: The identified values and errors for steel gird benchmark structure

Damage cases Damage element Error (%)

Identified values Relative error (%) Mean error Maximum error

Case 1 α15 = 0.1942 2.92 0.66 2.92α18 = 0.1531 2.09

Case 2 α10 = 0.1017 1.67 0.61 2.23α17 = 0.0767 1.66

7 Discussions

7.1 Robustness to Non-Gaussian Noise
To comprehensively evaluate the robustness and stability of the proposed approach, additional numeri-

cal simulations are conducted under non-Gaussian noise conditions, including impulsive noise and outliers,
which commonly occur in real-world monitoring. Unlike Gaussian noise, which affects all measurements
uniformly, impulsive noise and outliers introduce sporadic, large-magnitude disturbances that can sig-
nificantly distort the measured responses and challenge the identification process. The proposed MHSO
algorithm with L0.5 sparse regularization is applied to these noise-contaminated measurements to assess its
resilience in maintaining accurate and stable damage identification. The damage case 4 of the 16-element
simply-supported beam structure is utilized as numerical example. Results show that the method exhibits
strong robustness against impulsive interference, effectively distinguishing structural response patterns from
abnormal measurement. Even when up to 10% of the measurements were corrupted by impulsive outliers,
the algorithm accurately localized the damaged elements. This performance can be attributed to the inherent
sparsity-promoting and outlier-suppressing capability of the L0.5 sparse regularization, which adaptively
reduces the influence of non-Gaussian perturbations while preserving essential structural features. These
results confirm that the proposed MHSO framework achieves high robustness and stability across diverse
noise environments.

7.2 Comparative Analysis with Traditional Regularization Methods
Comparative studies of L0.5 sparse regularization method introduced in the paper with traditional L1

and L2 regularization methods are conducted. The damage case 4 of the 16-element simply-supported beam
structure is utilized herein. Assuming 20%, 10% and 6% stiffness are reduced in elements 6, 10 and 13, namely
α6 = 0.2, α10 = 0.1, α13 = 0.06. The identified results using MHSO with different regularization methods are
shown in Table 8.

Table 8: Identified results based on four different objective functions (%)

Regularization
methods

Noise free 10% noise 20% noise

Mean
error

Max
error

Mean
error

Max
error

Mean
error

Max
error

L1 0.54 4.72 1.70 7.46 2.06 8.49
L2 0.46 5.92 1.65 6.99 2.13 9.44

L0.5 0.15 0.87 0.37 1.49 0.42 1.56
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Under identical noise conditions (0%, 10%, and 20%). The results show that L0.5 achieves the smallest
mean error and highest noise robustness. In comparison with conventional L1 and L2 regularizations, the
proposed L0.5 sparse penalty provides a non-convex approximation to the ideal L0 norm, thus achieving
stronger sparsity. Numerical comparisons indicate that while L1 regularization may introduce bias in small-
damage estimation and L2 regularization tends to over-smooth the results, L0.5 effectively suppresses noise
and maintains the true sparsity pattern of damage indices. This advantage becomes particularly evident
under high noise contamination or when multiple minor damages coexist. Therefore, L0.5 regulariza-
tion offers a practical balance between computational tractability and physical interpretability for robust
damage identification.

7.3 Strategies for Improving Computational Efficiency
Computational efficiency is crucial for practical SHM applications, particularly when dealing with large-

scale structures or real-time systems. In the current study, the computational cost of MHSO is moderate due
to the lightweight population update mechanism of the holistic swarm framework, which eliminates complex
control parameters and gradient evaluations. For large-scale structures with thousands of elements, further
acceleration is desirable. To this end, several strategies can be implemented and validated in our future work
to extend the applicability of MHSO to large-scale or real-time SHM scenarios.

(1) Parallelization: The evaluation of the objective function for different individuals can be parallelized
using multi-core Central Processing Unit (CPUs) or Graphics Processing Unit (GPUs) to significantly
reduce computation time.

(2) Surrogate-assisted optimization: Incorporating surrogate models (e.g., radial basis functions or
Gaussian processes) can approximate the objective function and reduce the number of finite ele-
ment evaluations.

(3) Model reduction: The combination of MHSO with reduced-order modeling (e.g., component mode
synthesis or substructure) will be explored to further enhance real-time applicability.

7.4 Practical Applicability
Structural health monitoring often involves dealing with environmental variations, temperature

changes, and non-linear damage. The adaptability of the proposed method to more realistic conditions will
be pursued in future work through the following directions:

(1) Environmental and temperature effects: Incorporate environmental variability compensation
techniques (e.g., cointegration analysis or temperature-response decoupling) to reduce false dam-
age indications.

(2) Nonlinear damage modeling: The MHSO framework will be extended to handle nonlinear stiffness
degradation or contact-type damages by integrating nonlinear finite element models or hybrid data-
model fusion strategies.

(3) Complex large-scale systems: The algorithm will be validated on large-scale numerical and experimen-
tal structures (e.g., steel truss bridges or composite girders) to examine scalability and reliability.

(4) Real-time integration: Coupling the proposed approach with edge computing and digital twin
platforms will be investigated to enable continuous, online monitoring and rapid damage assessment.

8 Conclusions
This study introduces a novel and robust strategy for structural damage identification that integrates

a modified holistic swarm optimization algorithm with a hybrid objective function. To overcome the
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limitations of the conventional HSO framework, several enhancements are incorporated. First, the pop-
ulation initialization is improved through the application of the Hammersley sequence, which ensures a
more uniform distribution of candidate solutions in the search space. Second, a chaotic search strategy
is performed around the worst individual to strengthen global exploration ability and avoid premature
convergence. Third, a local refinement is conducted using the Hooke–Jeeves pattern search in the vicinity of
the best solution, thereby improving the convergence speed and accuracy of the optimization process. The
effectiveness of the proposed methodology is validated through two benchmark studies: a simply supported
beam model and a steel grid benchmark structure. Validation on a simply supported beam and a steel grid
benchmark confirms the reliability of the approach. Conclusions can be summarized as follows:

(1) In terms of computational efficiency and accuracy, MHSO consistently outperforms SQP, GA, and
the standard HSO. The improved search mechanism effectively balances exploration and exploitation,
resulting in superior convergence behavior.

(2) While acceleration-based correlation functions struggle to detect small-scale damage, and strain-based
correlation functions require dense sensor networks, the hybrid formulation successfully addresses
both limitations. The introduction of sparse regularization further improves identification accuracy
and robustness in noisy environments.

(3) The proposed approach demonstrates the ability to detect both large and small damages with limited
sensor deployment, maintaining reliable performance even when the measurements are contaminated
with up to 20% Gaussian noise.

Despite its promising performance, several limitations of the proposed approach should be acknowl-
edged. First, the current validation is limited to beam-type and benchmark girder structures. The extension
to more complex or large-scale systems may introduce higher-dimensional parameter spaces, which could
affect convergence efficiency and computational scalability. Second, although the hybrid optimization
strategy accelerates convergence, the combined use of Hammersley initialization, chaotic search, and Hooke–
Jeeves refinement inevitably increases computational cost compared with standard metaheuristics. Future
work will focus on employing parallel computation and surrogate-assisted optimization to mitigate this issue.
Third, while the hybrid objective function reduces sensitivity to sensor configuration, damage detection
accuracy still depends on sensor density and placement. Optimization of sensor layout and fusion with
additional sensing modalities will be further investigated.
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