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optimization- Harris Hawks optimization algorithm for damage detection in truss
structures based on dynamic structural responses. To evaluate the effectiveness of the
proposed method, two case study of planar truss is considered as a numerical examples.
The results highlight the importance of incorporating modal parameters to accurately
identify the damage scenario. The results demonstrate that the hybrid algorithm
significantly outperforms the individual algorithms in accurately detecting structural
damage.

1. Introduction

Structures may sustain damage during their service life due to various factors, including corrosion, deterioration, excessive
loading, and construction errors [1]. Damages may obvious as changes in the structural stiffness or effective mass, potentially
leading to disruptions in the structural performance. Proper inspection, monitoring, and maintenance of structures are essential to
ensure economic efficiency and promote sustainability in engineering [2,3]. Damage detection is considered the initial stage of a
broader process known as damage identification [4]. Non-destructive damage detection methods identify structural damage without
causing damage to the structure, utilizing its dynamic characteristics. Compared to destructive techniques, these methods are safer,
more cost-effective, and better suited for continuous structural monitoring [5]. Non-destructive methods are primarily implemented
through analytical approaches. For years, researchers have been investigating non-destructive techniques for damage identification.
In general, when a structural member is damaged, the resulting changes directly influence the stiffness matrix of the structure,
leading to alterations in its vibrational behavior [6]. For this reason, one of the effective approaches in non-destructive structural
damage identification is to examine changes in the dynamic properties of the structure by utilizing natural frequencies and mode
shapes [7,8]. On the other hand, various structural responses can be used as damage indicators, but modal parameters have the
advantage of being independent of external excitation [9].

The first studies on damage identification based on monitoring changes in natural frequencies are conducted by Adams et al.
[10,11]. They found that natural frequencies are highly dependent on the overall stiffness and mass distribution of the structure;
therefore, even minor damages can cause measurable changes in these frequencies. Moreover, modal behavior provides more
detailed information about the damage distribution, especially when frequency changes alone are insufficient to pinpoint the exact
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location of the damage [12,13]. Extensive research has been conducted to detect structural damage using various indicators derived
from dynamic characteristics [14-18]. Among these indicators are methods based on modal data correlation, parameter estimation
techniques [19], frequency response functions [20], and geometric transfer matrices [21].

Non-destructive damage identification methods in structures are typically formulated as inverse problems and addressed through
two main approaches: closed-form (analytical) solutions and optimization techniques. The closed-form solutions, which rely on
precise mathematical relationships, are suitable for simple structures and noise-free data [22]. However, for complex structures or
data contaminated with noise, optimization methods are preferred due to their flexibility and ability to handle uncertainties [23,24].
The general approach of optimization methods involves minimizing the discrepancy between the actual structural response and the
response predicted by the optimization model. Sahu and Maity [25] investigated the impact of damage on the static behavior of
structures using a neuro-genetic algorithm. In various studies, different optimization algorithms have been employed together with
modal analyses of structures for damage identification [26-28]. Kaveh and Zolghadr [9] investigated and evaluated the damage
present in truss structures under both two-dimensional and three-dimensional conditions using a population-based algorithm.

In this study, a hybrid metaheuristic algorithm is proposed for damage identification in truss structures using an inverse
optimization approach. The objective function is designed to compare the dynamic characteristics of the intact (undamaged)
structure with those of the structure under various damage scenarios. Initially, the dynamic characteristics of the intact structure are
obtained through structural analysis. Then, by reducing the stiffness in certain truss members, possible damage scenarios are
simulated. For each scenario, the dynamic response is computed, and the objective function quantifies the discrepancy between the
dynamic characteristics such as natural frequencies and mode shapes of the intact and damaged structures. The metaheuristic
optimization algorithm iteratively searches for the damage scenario that minimizes this discrepancy, effectively identifying the most
probable location and extent of the damage. This method enables an efficient and automated damage identification process without
the need for direct damage measurements, relying solely on changes in the dynamic behavior of the structure. The remainder of the
paper is organized as follows: Section 2 presents the damage identification formulation. Section 3 describes the proposed
metaheuristic algorithm. Section 4, presented the optimization formulation of this study. Section 5, described the methodology of
damage detection with hybrid optimization algorithms. Section 6 presents a structural case study to evaluate the efficiency of the
proposed method. Section 7 discusses the results of the case study, in Section 8 discusses the limitation of this study, and finally,
Section 9 provides the conclusions of the research.

2. Modal-based damage identification in truss structures

In the term of structural health monitoring, damage identification is modeled as an optimization problem aimed at detecting
changes in dynamics structural parameters such as natural frequencies, mode shape, particularly reductions in member stiffness.
These changes lead to observable variations in dynamic properties such as natural frequencies and mode shapes. In this section, a
concise formulation for structural damage identification based on changes in natural frequencies is presented. The analysis process
begins with a review of the displacement-based finite element equations.

2.1. Structural dynamic equation

The dynamic equation of motion for an undamped multi-degree-of-freedom system is expressed in Eq. 1:
[M]{%} + [K]{x} = 0 €

where K is the stiffness matrix and M is the mass matrix, while x is the displacement vector corresponding to the dynamic problem.
For clarity in expressing the finite element terms, a truss structure composed of n elements is considered as the system in this study.
In finite element modeling of truss structures, each member is idealized as a two-node bar element that is subjected only to axial
forces. This method follows a displacement-based approach, in which the overall structural response is assembled from the behavior
of individual elements. Accordingly, the equations corresponding to the dynamic characteristics of the truss structure are presented
in following. For a bar element with length L, cross-sectional area A, and Young’s modulus E, the stiffness matrix in the local
coordinate system is defined by Eq. 2 [29].

kel =221 2)

Assuming a uniform mass distribution along the member, the mass matrix in the local coordinate system is defined as shown in
Eq. 3.

2 1
(o] =25 [1 2 ®)

For an element in a two-dimensional structure, the structural properties are transformed from the local coordinate system to the
global coordinate system using the transformation matrix T, as defined in the Eq. 4.

c S 0 o0
|-s ¢ 0o o
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where C and S represent coso and sina, respectively. The transformed stiffness and mass matrices in the global coordinate system
are then obtained through Equations 5 and 6, respectively.

[K] = [T]".[ke].[T] ®)

[M] = [T]".[m,].[T] (6)

2.2. Damage formulation

The modal properties of the undamaged structure are obtained by solving the eigenvalue problem. The Eq. 7 is formulated based
on the dynamic model of the structure in its free-vibration state, without incorporating any damage.

[Kl{p:} — w;*[M]{p;} = {0} )
where @ denotes the ith natural frequency, and ¢i represents the corresponding mode shape. These parameters characterize the
undamaged modal properties of the structure.

Within the concept of inverse problem-based damage identification, each structural member is typically assigned a damage index
that reflects its health condition and quantifies the potential stiffness reduction due to damage. This index, typically denoted by a;,
takes a value between zero and one, where zero indicates a completely healthy member and one corresponds to a fully damaged
member. In this study, the stiffness matrix is modified to account for the effect of damaged members and is reformulated accordingly,
as presented in Eq. 8

[K4] = ZE5(1 — a). [Ki] ®)

To incorporate structural damage, the global stiffness matrix K is replaced by a modified stiffness matrix K9 (see Eq. 9), which
reflects the stiffness reduction caused by damage. It is assumed that the mass matrix M remains unaffected by the damage [30].

[K{gf} — wf [M1{ef} = {0} ©
where @; and ¢; correspond to the jth natural frequency and its associated mode shape of the damaged structure. This eigenvalue

equation determines the natural frequencies and mode shapes of the damaged structure, which are utilized in the damage
identification process. The process of frequency and mode shape variation due to damage is illustrated schematically in the Fig. 1.
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Fig. 1. Schematic representation of frequency and mode shape variations due to structural damage.

3. Optimization approach

In structural damage identification through inverse problem solving, the objective function is typically formulated based on the
difference between the observed structural responses and those predicted by the model [31]. This approach typically presents a
complex landscape with numerous local minima and multiple global optimal solutions [32]. Therefore, an effective solution to this
inverse problem necessitates the use of a robust optimization algorithm capable of thoroughly and efficiently exploring the search
space to accurately identify the most probable damage configuration. In recent years, metaheuristic algorithms have been widely
employed for structural damage identification [33-35]. Inspired by natural phenomena such as evolution, swarm behavior, or
physical laws, these algorithms exhibit strong global search capabilities and are less susceptible to the challenges posed by the non-
convex nature of the objective function. Their ability to effectively handle discrete or continuous variables, noisy data, and complex
search spaces makes metaheuristic algorithms particularly well-suited for solving inverse problems related to structural damage
identification [36]. In this study, a hybrid metaheuristic algorithm combining particle swarm optimization and the harris hawks
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optimization algorithm is proposed. First, the structures of each base algorithms are reviewed, and subsequently, the hybrid
algorithm is presented.

3.1. Particle swarm optimization (PSO) algorithm

The PSO is a population-based metaheuristic algorithm inspired by the social behavior of animals searching for food [37]. In
this algorithm, each particle represents a potential solution and navigates through the search space by updating its position based on
its own experience and the experience of neighboring particles. Each particle possesses both a position and a velocity, and its
movement is influenced by personal experience (its own best previous position) and social experience (the best position found by
the entire swarm). In each iteration, the velocity of a particle is updated based on its personal best position and the global best
position found by the swarm. Subsequently, the particle's new position is determined [38,39]. Through repeated iterations, the
particles gradually converge toward optimal regions of the search space. The general steps of the PSO algorithm can be summarized
as follows:

1. Initially, the position and velocity of each particle are randomly initialized within the defined bounds of search space, as
expressed in Eqg. 10.
0
xi( ) = Xmin T 11 (xmax - xmin)

0 _
vi = Unin + 7. (vmax - vmin)

(10)
The variables r; and r; are uniformly distributed random numbers in the range [0, 1]. The subscripts min and max denote
the lower and upper bounds of the search space for the particle's position x and velocity v, respectively.

2. The objective function is evaluated for each particle, and both the personal best position and the global best position are
updated accordingly.

3. The velocity of each particle is updated based on three components: momentum, the tendency toward its own best-known
position (P;), and the tendency toward the best-known position of the entire swarm (Pg), according to the Eq. 11. Using the
updated velocity, the position of each particle is updated according to the following Eqg. 12.

D) — g, vi(t) +cp.1y. (P — xl.(t)) +cy.1y. (P — xl.(t)) (11)

Y

xi(c+1) _ xi(t) n vi(t+1) (12)

4. In each iteration, if a particle's current objective function value is better than its personal best, its best-known position is
updated accordingly. Similarly, if the Pg improves, it is also updated. This process continues until a stopping criterion is
met either reaching the maximum number of iterations or observing no significant improvement in the global best over
several consecutive iterations [40]. Further details of the PSO algorithm are presented in [41,42].

3.2. Harris hawks optimization (HHO) algorithm

The HHO algorithm is a bio-inspired metaheuristic approach that draws inspiration from the collaborative hunting tactics of
harris' hawks, introduced by Heidari et al. in 2019 [43]. These birds employ adaptive, group-based strategies that respond
dynamically to prey movements and environmental factors. The HHO replicates these behaviors through an iterative process that
effectively balances global exploration with local exploitation using probabilistic and adaptive techniques. By modeling hunting
stages such as sudden ambushes and varied besieging maneuvers, the algorithm navigates complex search spaces to identify optimal
solutions. Owing to its flexibility, robustness, and ease of implementation, the HHO has been successfully applied to a wide range
of optimization problems in engineering and science. The main step of the HHO algorithm described in following.

1. Generate an initial population of n hawks, each representing a solution vector in a search space. Each variable is randomly
initialized within its bounds, as expressed in Eq. 13:

¥ = 2D 4. (x9), — xO) (13)

min max min

The variables r is random number uniformly distributed in the range [0, 1]. The subscripts min and max denote the lower
and upper bounds of the search space for the hawk's position x.

2. After initializing the population, the algorithm evaluates each hawk’s fitness and selects the best one (with the lowest
objective value) as the rabbit (i.e., the current best solution). This best solution guides the movement of the rest of the hawks
and is updated whenever a better solution is found during the iterations.

3. The HHO algorithm adjusts its search based on the prey's escape energy, defined by Eq. 14.

E =2Ey(1-5) (14)
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where Eo in range -1 to 1, is the initial energy, t is the current iteration, and T is the maximum iterations. If |[E| = 1, the
HHO algorithm explores broadly by using Eqg. 15.

x — Xrand — allxrand - Zazxtl q= 0.5 (15)
t+1 Xrappit — X — a3(IB + a4(uB — IB)) q<0.5

where Xrang is @ randomly selected hawk, X is the average position of hawks, and a;, g are random numbers. In |E| < 1, the

hawks switch to exploitation with different strategies depending on £’a random number a. In this phase, for soft besiege

(IEl = 0.5and a = 0.5) and hard besiege (|E| < 0.5 and a = 0.5), using Egs. 16 and 17, respectively.

Xep1 = A% — E.|]. Xpqppic — Xel, AX = Xpqppie — X¢ (16)
Xer1 = Xpappie — E-14x] (17)

4. After reaching the maximum iteration T, return the best solution Xrabir as the optimal result. More detail of the HHO
algorithms is expressed in [44].

3.3. Hybrid metaheuristic optimization algorithm PSO-HHO

The hybrid PSO-HHO algorithm integrates the strengths of both methods to address complex optimization problems effectively.
The PSO’s rapid convergence and robust global search complement HHO’s adaptive strategies, which balance exploration and
exploitation [45]. This hybridization mitigates PSO’s tendency to get trapped in local optima by leveraging HHO’s diverse hunting
mechanisms [46], such as surprise pounce and Levy flight-based jumps, while enhancing HHO’s slower convergence in high-
dimensional problems through PSO’s collective dynamics. By integrating these features, the hybrid algorithm achieves improved
efficiency, stability, and solution quality in multimodal optimization tasks.

The hybrid PSO-HHO algorithm integrates PSO and HHO by dividing the population into two interacting subgroups to optimize
complex problems. The PSO subgroup rapidly explores the search space using collective particle dynamics, updating positions
based on individual and global best solutions. Meanwhile, the HHO subgroup refines solutions through adaptive hunting strategies,
such as surprise pounce and dynamic besieging, focusing on precise exploitation. Interaction occurs iteratively: PSO shares its top-
performing solutions with HHO to enhance local search precision, while HHO’s best solutions guide PSO’s global exploration by
updating its reference points [47]. A probabilistic crossover mechanism blends solutions from both subgroups to maintain diversity
and prevent premature convergence. This cooperative framework leverages PSO’s fast global search to accelerate HHO’s slower
convergence in high-dimensional spaces. In turn, HHO’s adaptive strategies help PSO escape local optima, resulting in improved
solution accuracy, robustness, and efficiency for multimodal optimization tasks [48]. The Fig. 2 provides an overview of the hybrid
algorithm, illustrating the interactions between PSO and HHO algorithm.

4. Optimization formulation

This section addresses the key aspects of applying the proposed optimization algorithm to structural damage identification. The
formulation includes the definition of decision variables, the specification of problem constraints, and the construction of the
objective function that are fundamental components of any optimization process. The decision variables in this study are defined as
stiffness reduction factors for each structural element, resulting in a total variable count equal to the number of elements in the
model. The optimization problem is formulated as an unconstrained problem, with no additional constraints applied to the decision
variables or the solution space. The primary objective is to minimize the discrepancy between the dynamic response obtained from
the computational model and the response measured from the actual (possibly damaged) structure. This discrepancy is quantitatively
represented through an objective function. To this end, the objective function is defined as f(a), which evaluates the difference
between the computed and measured modal parameters. This function typically consists of two main components:

1. Frequency difference term: this component evaluates the relative difference between the natural frequencies computed from
the numerical model and those measured from the damaged structure, as expressed by the Eq. 18:

fil@) =2 (2 (18)

d
Wi —Wj
i

2. Mode shape difference term: this component quantifies the discrepancy between the measured and computed mode shapes
as expressed in Eq. 19. Finally, the objective function is computed as a weighted combination of the previously defined
components, as expressed in the Eq. 20.

JACEDHIHC Py (19)
f@ = i@+ (@) (20)

3. wehrer ns and n are representing the number of modes and the number of degrees of freedom, respectively. The objective
function is formulated to assess the degree of agreement between the response of the damaged structure and that predicted
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by the assumed damage scenario. The aim of the optimization process is to identify the damage scenario that results in the
smallest discrepancy from the actual behavior of the damaged structure. A lower objective function value reflects a closer
match between the simulated scenario and the true structural response. This process involves repetitive iterations to achieve
minimization. The next section introduces the methodology of damage detection based proposed hybrid metaheuristic
algorithm used in this study.
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Fig. 2. Flowchart of the hybrid PSO-HHO algorithm.

5. Proposed framework for detecting structural damage

In this research, structural damage is identified and evaluated by leveraging principles related to the dynamic response of the
system. Techniques based on vibration analysis rely on the premise that a structure’s dynamic characteristics are inherently linked
to its physical properties. Alterations in key structural matrices lead to observable variations in natural frequencies and mode shapes.
This relationship forms the basis for damage detection, which can be approached by defining an optimization problem. As discussed
in the preceding sections, the aim is to reduce the difference between the dynamic behavior represented by the damaged model and
that observed in the experimental data, which forms the basis for defining the objective of the analysis.

The initial phase of the proposed approach involves modeling of a finite element model that reflects the intact state of the
structure. The damaged structural model is simulated by reducing the stiffness in the basic structural members through the stiffness
matrix. In this framework, for second phase, the optimization variables are defined as stiffness reduction coefficients assigned to
individual structural elements, with the total number of variables corresponding to the number of elements within the model. The
parameters selected for formulating the objective function should exhibit high sensitivity to structural damage. Accordingly, the
objective function is formulated based on a combination of the structure's modal properties, namely natural frequencies and mode
shapes. In the third phase, the dynamic parameters corresponding to the damaged condition must be obtained experimentally. Each
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damage scenario is characterized by a set of affected elements and their associated levels of damage. Choosing and setting up the
optimization algorithm is key for effective damage detection. In this study, a hybrid PSO-HHO algorithm is employed to leverage
the complementary strengths of both algorithms. The initial population is generated using heuristic strategies to effectively explore
the search space, focusing on potential damage scenarios with varying severity. The hybrid algorithm iteratively updates candidate
solutions, ultimately selecting the best-performing solution as the damage identification result. The identified damage scenario
includes all elements exhibiting damage levels exceeding a predefined threshold, while elements with lower damage values are
treated as undamaged. The hybrid PSO-HHO algorithm is executed multiple times, and the solution corresponding to the lowest
objective function value is selected as the most representative damage scenario. The step-by-step process of the proposed damage
detection methodology presented in this study is illustrated in Fig. 3.

e Develop a finite element model of the undamaged

Create initial structure model structure.

Introduce damage by reducing element stiffness.
Define optimization variables (stiffness reduction

Simulate damage and define factors)
objective function e Formulate the objective function using natural
frequencies and mode shapes.

Use a hybrid PSO-HHO algorithm.
Run the algorithm multiple times to minimize the
objective function.

Apply the hybrid PSO-HHO
Algorithm

Identify and evaluate
damage scenario

Select the best solution (lowest objective function)
e Determine damaged elements based on a threshold.

Fig. 3. Flowchart of the proposed damage detection method using a hybrid PSO-HHO algorithm.

6. Proposed examples

This section provides numerical simulations to evaluate the effectiveness of the proposed hybrid PSO-HHO algorithm in
identifying structural damage within 2D truss systems. Since the damage identification algorithm is implemented based on the
behavior of truss structures, two benchmark truss case studies are considered in this section. The first case involves a 15-element
planar truss, as illustrated in Fig. 4, based on the model presented by Laier and Villalba [49]. In terms of degrees of freedom, all
nodes except Node 1 and Node 5 have two translational degrees of freedom in the 2D plane. Node 1 is constrained in one direction
and therefore retains only a single degree of freedom. In total, the truss system comprises 13 degrees of freedom. Both vertical and
horizontal elements have a length of 1 meter.

© o D o ®
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Fig. 4. Schematic of the first case study.
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The second case study is an 11-member planar truss structure introduced by Russell Hibbeler, as shown in Fig. 5, with specific
constraint [50].
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Fig. 5. Schematic of the second case study [50].

In two case study, the structural members are defined with a Young’s modulus of E=200 GPa, material density of p=7800 kg/m?,
and a uniform cross-sectional area of A=0.001 m2. For this case study, various damage cases are considered, as summarized in Table
1.

Table 1. Various damage cases considered for the truss.

Case study Damage scenario Damaged structural element damage intensity
. Scenario 1 13 0.33
First
Scenario 2 6,11 0.2,0.15
Scenario 1 1 0.55
Second Scenario 2 8 0.45
Scenario 3 6,11 0.25,0.15
7. Result

This section presents the observations and results related to truss damage identification under various damage scenarios in each
truss case study. Generally, the truss structure in each case study is analyzed for 500 iterations with a population size of 300 for both
single-element damage and multiple-element damage. The hybrid PSO-HHO algorithm combines the strengths of PSO and HHO
to achieve a well-balanced trade-off between exploration and exploitation in complex search spaces. In the PSO component, key
parameters such as inertia weight, cognitive coefficient, social coefficient, and velocity limits govern the dynamic behavior of
particles. The inertia weight in this study starts at 0.9 and gradually decreases over the course of iterations. The cognitive and social
learning coefficients typically range from 1.0 to 2.5, with standard values often set around 2.0. However, in this study, both the
cognitive and social coefficients were set to 1.12, based on trials within the conventional range. Higher values led to decreased
performance or failure to converge. On the other hand, the HHO component incorporates adaptive mechanisms for diversification
through two key parameters: escaping energy and jump strength. The gradual decay of escaping energy across iterations facilitates
the transition from global exploration in the early stages to local exploitation in the later stages. This adaptive behavior helps prevent
premature convergence and encourages a more comprehensive exploration of the solution space. The escaping energy decreases
linearly to enhance diversity and avoid entrapment in local optima. The jump strength, which determines the magnitude of random
movement, is governed by randomly generated values. A summary of each parameter and its corresponding value is provided in
Table 2. The following section presents the results related to the two case studies. In the first case study, in addition to the initial
damage detection results, detailed statistical analyses and the individual performance of each algorithm are provided. Finally, in the
second case study, the results of damage identification are presented and discussed.

Table 2. Parameters of the Hybrid PSO-HHO Algorithm.

Parameter Description Value or Range
Inertia weight controlling the influence of the previous velocity on
w 0.9
the current one (PSO)
c Cognitive acceleration coefficient; determines the impact of the 112
! particle's own best experience on its velocity (PSO) )
& Social acceleration coefficient; determines the influence of the 112

global best position (rabbit) on the particle's movement (PSO)

Maximum velocity

Maximum velocity allowed for particles; used to limit how far a
particle can move in a single iteration (PSO)

0.2*(upper bound-lower bound)

Minimum velocity

Minimum velocity allowed for particles; ensures that the movement
doesn’t become too small to be effective (PSO)

-upper bound
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Dynamic parameter in HHO controlling the transition between 2%(1-
exploration and exploitation; decreases with each iteration (HHO) ma
Controls the intensity of the Lévy flight-based jumps in HHO; adds
Jump strength randomness to enhance search diversification (HHO) 2*(1-rand ())

Escaping energy ;t it) * unifran (-1,1)

it: current iteration, max_it: maximum iteration
unifrand (-1,1): a random number from a uniform distribution in the range between -1 and 1.

7.1. First case study

The results of damage detection using the proposed hybrid PSO-HHO algorithm are presented in the next. Fig. 6 shows the
convergence behavior of the hybrid algorithm across different runs for scenario 1. It is evident that from iteration 100 onwards, the
algorithm achieves faster and more accurate convergence. The Table 3 summarizes three key performance indicators mean, initial
rate of decrease, and stability for each of the four runs. The initial rate of decrease quantifies the early convergence behavior,
measured by the drop in values between the first and second iterations. Stability is assessed by the standard deviation over the final
20% of the iterations, indicating the solution's consistency in the latter stages of the run; lower values correspond to higher stability.

( —
’ e PSO-HHO (run 1)
e PSO-HHO (run 2)
51 m— PSO-HHO (run 3)
e PSO-HHO (run 4)
4 -
g
B
g
= 31
S
2 -
1 -
0 - - e ——ee———————
0 100 200 300 400 500

Iteration

Fig. 6. The cost function of each hybrid PSO-HHO algorithm run for scenario 1.

Table 3. Comparison of performance metrics across four independent runs of the hybrid algorithm for scenario 1.

Run 1 2 3 4
Mean 0.282 0.089 0.083 0.14
Initial rate of decrease 4.25 3.36 291 3.78
stability 0.00 0.004 0.0015 0.00

Fig. 7 presents the predicted damage values for scenario 1 in each run of the hybrid algorithm, compared to the actual damage
values.

For comparison and to assess the efficiency of the hybrid algorithm, the performance of the individual HHO and PSO algorithms
is also described under identical population size and iteration settings. For each algorithm, four independent runs are performed,
and the comparison is based on the average results obtained from these runs. Figs. 8 and 9 illustrate the comparison between the
hybrid algorithm and the HHO and PSO algorithm, respectively. As shown, the hybrid algorithm significantly outperforms the HHO
algorithm. While the performance of the HHO algorithm improves with increasing population size (from 600 to 1000) at a constant
number of iterations, a substantial performance gap between the two algorithms remains. However, the population size appears to
have had a negligible impact on the performance of the PSO algorithm in this case study, as similar trends were observed across
different population settings.

Fig. 10 presents the distribution of the objective function values for the hybrid algorithm alongside the individual algorithms.
Compared to Fig. 10a, Fig. 10b demonstrates a more consistent interquartile distribution across the algorithms, indicating a more
stable performance of the HHO algorithm relative to PSO. The presence of numerous outliers in the PSO results also suggests a
need for further tuning of the standalone PSO algorithm.
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Fig. 7. The damage detection of each hybrid PSO-HHO algorithm run for scenario 1.
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Fig. 8. The performance comparison of hybrid PSO-HHO and HHO for scenario 1.

In addition, statistical indicators provide valuable insight into the performance of each algorithm. Table 4 summarizes the
statistical metrics computed for the objective function values obtained from the algorithms. It is worth noting that, for the hybrid
algorithm, one of the four conducted analyses has been selected for representation. The PSO-600 algorithm shows the highest mean
cost function, while PSO-HHO has the lowest, indicating much better optimization performance. PSO-HHO also exhibits the
smallest standard deviation, indicating high consistency across runs. Among the standalone methods, PSO-1000 and HHO-1000
outperformed both their base versions and those with a population size of 600. Overall, the hybrid PSO-HHO approach clearly
outperforms both individual PSO and HHO variants in both accuracy and stability.
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Table 4. Statistical analysis of scenario 1 results for the hybrid algorithm and the individual PSO and HHO algorithms.

item Mean STD Median Min Max
PSO 5.09 0.66 5.04 3.90 11.98
PSO-600 5.24 0.51 531 4.42 10.79
PSO-1000 231 0.70 2.30 152 6.68
HHO 3.20 0.78 2.95 2.65 13.27
HHO-600 3.82 0.96 3.46 3.27 12.72
HHO-1000 191 0.36 1.83 151 5.23
PSO-HHO 0.14 0.22 0.11 0.09 4.92

Fig. 11 shows the convergence behavior of the hybrid algorithm across different runs for scenario 2. Run 1 demonstrating the
fastest initial descent and lowest final values, indicating superior performance. The Table 5 summarizes the key performance metrics
for each of the four runs in scenario 2. The Run 2 demonstrates the greatest stability with a standard deviation of 0.002 in the last
20% of the data, whereas Run 1 shows the highest variability with a stability of 0.0135 in the same part.
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Fig. 11. The cost function of each hybrid PSO-HHO algorithm run for scenario 2.

Table 5. Comparison of performance metrics across four independent runs of the hybrid algorithm for scenario 2.

Run 1 2 3 4
Mean 0.58 11 0.14 0.25
Initial rate of decrease 2.37 1.063 1.47 3.17
stability 0.013 0.002 0.006 0.005

Fig. 12 presents the identified damage values for scenario 2 in each run of the hybrid algorithm, compared to the actual damage
values. While the algorithm qualitatively demonstrates good performance in damage identification, quantitatively, the estimations
occasionally overestimate or underestimate the actual damage values.
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Fig. 12. The damage detection of each hybrid PSO-HHO algorithm run for scenario 2.

Figs.13 and 14 illustrate the comparison between the hybrid algorithm and the HHO and PSO algorithm, respectively. As
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observed in scenario 1, the HHO algorithm once again demonstrates inferior performance when compared to the hybrid PSO-HHO
algorithm under the same population size. Although HHO improves with larger populations, the hybrid algorithm consistently
outperforms it across all settings. The cost function of the hybrid algorithm outperforms the HHO algorithm by approximately 30%
to 65%, demonstrating a significantly improved performance. In contrast to scenario 1, increasing the population size has had a
moderate impact on the performance of the PSO algorithm; nevertheless, a similar overall trend remains evident across different
population sizes.
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Fig. 14. The performance comparison of hybrid PSO-HHO and PSO for scenario 2.
The distribution and spread of the estimated objective function in this scenario for each algorithm are illustrated in the Fig. 15.

Table 6 presents the statistical parameters related to the objective function values obtained from each algorithm in scenario 2. A
review and comparison of these parameters clearly indicate that the hybrid algorithm demonstrates relatively superior performance
compared to the individual application of each algorithm in the given example.

7.2. Second case study

In this case study, three different damage scenarios are applied to the truss structure illustrated in Fig. 5. The following section
presents the damage detection results obtained by the hybrid algorithm across four independent runs. It is worth noting that, due to
the influence of various parameters affecting the performance of the hybrid algorithm, a larger number of analyses is required to
reduce uncertainty and achieve stable and reliable results.
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Table 6. Statistical analysis of scenario 2 results for the hybrid algorithm and the individual PSO and HHO algorithms.

item Mean STD Median Min Max
PSO 10.04 0.74 9.93 9.91 22.96
PS0O-600 9.06 0.53 8.99 8.97 19.33
PSO-1000 7.86 0.65 7.66 7.63 18.56
HHO 3.2 0.78 2.95 2.65 13.26
HHO-600 3.82 0.96 3.46 3.27 12.71
HHO-1000 1.90 0.36 1.83 1.50 5.22
PSO-HHO 0.52 0.54 0.28 0.20 7.72

It is worth noting that, due to the influence of various parameters affecting the performance of the hybrid algorithm, a larger
number of analyses is required to reduce uncertainty and achieve stable and reliable results. As illustrated in Fig. 16 the hybrid
algorithm has successfully identified the damage located in a single member of the truss structure.

However, in the second scenario (see Fig. 17), although there is also damage in one member, due to its location near the center
of the structure, the hybrid algorithm exhibited less stability in damage identification compared to the first scenario. While it
successfully detected the damage in the affected member, it also incorrectly reported damage in other members.

Finally, in the third scenario, where two members are damaged, the hybrid algorithm performed qualitatively well by correctly
identifying the damaged locations (see Fig. 18). However, from a quantitative perspective, it sometimes underestimates or
overestimates the damage severity, which represents one of the algorithm’s limitations at this stage. Additionally, the hybrid
algorithm estimated minor damage in some other members, which, although small in magnitude, negatively affects the overall
stability. The following section discusses some of the reasons behind these limitations.

8. Limitations of study

Although the proposed PSO-HHO algorithm demonstrates high accuracy in identifying damage scenarios under various
conditions, it is important to acknowledge its potential limitations. One such limitation arises in cases involving multiple-damage
locations that are close to each other or occur in structurally symmetric positions. In these situations, the algorithm may misinterpret
the dynamic response, leading to overestimation or underestimation of the damage severity or even misidentification of the damage
location. Furthermore, in cases where the modal information is incomplete, highly sensitive to noise, or affected by closely spaced
modes, the performance of the hybrid optimization approach may degrade. This is particularly true when measurement errors or
modeling inaccuracies are present, which can skew the objective function landscape and cause the algorithm to converge to
suboptimal solutions. In addition, it has been observed that in complex scenarios especially those involving multiple damage
scenarios the algorithm may require a larger number of iterations or independent runs to achieve consistent and accurate results.
This is due to the increased complexity and multimodality of the search space in such cases, which can trap the algorithm in local
optima if the search process is prematurely terminated. Therefore, increasing the population size, adjusting the convergence criteria,
or applying ensemble or restart strategies may help to enhance performance in these challenging settings.
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Fig. 16. The damage detection of each hybrid PSO-HHO algorithm run for scenario 1.
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Fig. 17. The damage detection of each hybrid PSO-HHO algorithm run for scenario 2.

These challenges highlight the need for further studies to improve the robustness of the algorithm in complex scenarios. Possible
future directions include incorporating noise-handling mechanisms, utilizing multi-objective optimization to simultaneously
consider different damage indicators, and integrating prior knowledge or physical constraints into the search process to guide the

algorithm away from false-positive or false-negative detections.
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Fig. 18. The damage detection of each hybrid PSO-HHO algorithm run for scenario 3.

9. Conclusion

In this study, structural damage identification is performed by optimizing the objective function based on the modal parameters
of the structure. To achieve this, a hybrid PSO-HHO algorithm is proposed and applied to detect damage under various scenarios.
The results demonstrated the effectiveness of the hybrid approach in accurately identifying damage, outperforming individual
algorithms and highlighting the value of integrating modal information for structural health monitoring. Based on the relevant
findings of this research, the key observations can be categorized as follows:

1. The proposed hybrid PSO-HHO algorithm consistently outperforms the HHO and PSO algorithms in both damage scenarios.
It achieves faster convergence, lower average cost function values, and greater stability in the final stages of optimization.
This highlights the superior capability of the hybrid method, which identifies structural damage approximately 30% to 65%
more accurately than the HHO algorithm.

2. The hybrid algorithm shows reliable performance in both single element and multiple element damage scenarios. Although
deviations occur in the quantitative estimations, the method qualitatively identifies damage locations well. The algorithm
demonstrates that in scenarios involving multiple simultaneous damages, careful tuning of its performance parameters is
essential to ensure accurate results.
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