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Abstract
A new digital twin (DT) framework with optimal sensor placement (OSP) is
proposed to accurately calculate the modal responses and identify the damage
ratios of the offshore jacket platforms. The proposed damage identification
framework consists of two models (namely one OSP model and one damage
identification model). The OSP model adopts the multi-objective Lichtenberg
algorithm (MOLA) to perform the sensor number/location optimization to make
a good balance between the sensor cost and the modal calculation accuracy. In
the damage identification model, the Markov Chain Monte Carlo (MCMC)-
Bayesian method is developed to calculate the structural damage ratios based
on the modal information obtained from the sensory measurements, where the
uncertainties of the structural parameters are quantified. The proposed method
is validated using an offshore jacket platform, and the analysis results demon-
strate efficient identification of the structural damage location and severity.
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Abstract
A new digital twin (DT) framework with optimal sensor placement (OSP) is
proposed to accurately calculate modal responses and identify damage ratios of
offshore jacket platforms. The proposed damage identification framework con-
sists of two models: an OSP model and a damage identification model. The
OSP model adopts the multi-objective Lichtenberg algorithm (MOLA) to opti-
mize sensor number and location, achieving a balance between sensor cost and
modal calculation accuracy. In the damage identification model, the Markov
Chain Monte Carlo (MCMC)-Bayesian method is developed to calculate struc-
tural damage ratios based on modal information obtained from sensory mea-
surements, where uncertainties of structural parameters are quantified. The
proposed method is validated using an offshore jacket platform, and the analy-
sis results demonstrate efficient identification of structural damage location and
severity.

Keywords: Optimal sensor placement, Damage identification, Digital twin,
Offshore jacket platform

1. Introduction
With increasing dependence on renewable energy, offshore wind energy devel-
opment has grown rapidly, evidenced by new installation capacity of 21.1 GW
in 2021—more than triple that of 2020 [?]. This rapid growth brings significant
safety challenges for offshore wind structures, which are directly exposed to
harsh ocean environments [?] where corrosion and fatigue loads cause frequent
structural damage [?, ?]. To protect these structures, real-time health moni-
toring and early-stage damage identification are essential [?]. Recently, digital
twin (DT) technology \cite{6–8} has provided a promising solution for struc-
tural health monitoring (SHM). A DT can create a mirrored model (called a
DT virtual model) to simulate physical unit dynamics in real-time \cite{9–11},
enabling SHM implementation.

A DT-based SHM framework generally includes four modules: a structure unit,
a DT virtual model, a DT database, and an SHM model. The structure unit
serves as the basis for constructing the DT virtual model; the virtual model
conducts simulations and analyses to collect structural dynamic responses; the
database stores sensory measurements and virtual model outputs to enable dual
information exchange between the structure unit and virtual model; and the
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SHM model monitors structural health condition in real time, detects damages,
and issues timely alerts for maintenance and repairs. This DT-based SHM
framework provides a comprehensive tool for offshore wind structures. However,
its development remains in an infant stage. Existing efforts have focused on
building the DT virtual model, while very limited work addresses the SHM
model within the DT framework [?]. The key challenge is that existing DT
frameworks assume modal information of offshore wind structures is correct and
effective, ignoring model uncertainties—yet these uncertainties play a crucial role
in precise damage identification. Consequently, addressing this issue is critical
when developing DT-based SHM frameworks.

Since the 1970s, damage identification has evolved considerably, with re-
searchers attempting various methods for damage detection and identification
(location and severity) in offshore jacket platforms, such as the cross-model
cross-mode (CMCM) method, machine learning \cite{12–15}, modal strain
energy method, and others. However, most damage identification methods
are deterministic and cannot quantify uncertainties in damage detection. To
mitigate negative effects of uncertainties on damage identification, probabilistic
methods are often employed to quantify their impact on accuracy [?]. Bayesian
methods are widely used probabilistic approaches in literature for model
updating, modal identification, and damage detection [?, ?]. Huang et al. [?]
combined Bayesian analysis with modal data to identify weakening of structural
component stiffness. Yin et al. [?] introduced a numerical and experimental
Bayesian framework for damage identification in 2D frames. Huang et al. [?]
numerically implemented the Bayesian method to identify damage severity
using mode shapes in simple beam elements. Behmanesh et al. [?] studied
effects of modeling errors on damage detection findings using Bayesian model
updating to detect shear frame damage. Zhang et al. [?] employed Bayesian
model updating considering model uncertainties to detect and identify damage
in an eight-story building. While Bayesian approaches have proven effective for
addressing uncertainties in damage identification, very little work has applied
this approach to offshore jacket platforms.

Given the complex structure of offshore jacket platforms, determining the most
critical nodes for monitoring is challenging [?]. A sensor optimization strategy
must be applied when performing Bayesian-based SHM, yet little work considers
optimal sensor placement (OSP) [?] within Bayesian-based SHM frameworks.

The OSP problem is a min-max multi-objective optimization problem [?, ?] with
objectives of maximizing optimization criteria while minimizing sensor deploy-
ment expense [?]. Damage identification often depends on changes in modal
information such as natural frequencies and mode shapes caused by structural
element damage. Accurate acquisition of structural modal responses is critical
for damage identification and heavily depends on OSP. However, sensor instal-
lation in offshore jacket platforms is usually decided by experience, so OSP is
not considered in most damage identification studies \cite{28–30}, leading to
sensor waste or reduced accuracy of measured modal information.
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OSP involves two aspects: optimization criteria and optimization algorithms.
Several optimization criteria have been developed in recent years \cite{28,30–
32}. Some aim to maximize measurement merits, such as Effective Indepen-
dence (EI) [?], Kinetic Energy (KE) [?], and Eigenvalue Vector Product (EVP)
[?]; others aim to optimize modal identification quality, such as modal assur-
ance criterion [?], mutual information [?], and information entropy (IE) [?, ?].
However, when applying these criteria to offshore jacket platforms, the number
of sensors is fixed during OSP procedures, preventing explanation of sensor num-
ber influence on each criterion and preventing balance between sensor costs and
OSP quality. It is always difficult to achieve good trade-offs between reducing
sensor number and maintaining high OSP quality. Hence, fixing sensor number
during OSP procedures for offshore jacket platforms is impractical.

The optimization method determines OSP effectiveness and reliability. Nu-
merous algorithms for searching optimal sensor configurations can be classified
into population strategies (e.g., Genetic Algorithm (GA) [?], Ant Colony Opti-
mization [?], Particle Swarm Optimization (PSO) [?], Wolf Algorithm [?], and
Non-Dominated Sorting Genetic Algorithm II (NSGA-II) [?]) and trajectory
strategies (e.g., Simulated Annealing). Recently, the multi-objective Lichten-
berg algorithm (MOLA) was proposed [?, ?] for the first time to integrate tra-
jectory and population strategies, improving convergence and maximum spread
in multi-objective optimization and generating Pareto optimal solutions consid-
ering multiple objectives. Moreover, MOLA has demonstrated better conver-
gence and coverage in complex optimization problems in CEC 2009 and ZDT
test functions than existing algorithms [?]. Investigating MOLA as an optimiza-
tion algorithm in the OSP process for offshore jacket platforms is worthwhile.
Since OSP quality determines both modal information accuracy and damage
identification effectiveness, OSP must be considered in the damage identifica-
tion process.

To address these problems, this paper proposes the first comprehensive method-
ology to identify damage in offshore jacket platforms while considering OSP. The
OSP model considers sensor number and one of four well-known modal criteria
(EFI, KE, EVP, and IE) as optimized objectives to determine sensor configura-
tions (number and locations), striking a balance between sensor cost and modal
information accuracy. The damage identification model uses Bayesian analysis
to compute damage ratio from modal data and quantify uncertainties of model
parameters. The proposed technique shows promise in numerical evaluation
findings for offshore jacket platform damage identification.

This work is organized as follows. Section 2 provides a detailed description
of the proposed damage identification framework considering optimal sensor
placement. Section 3 validates the effectiveness of the proposed OSP method.
Section 4 presents damage identification results and discussions, and Section 5
draws main conclusions.
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2.1 Proposed Damage Identification Framework
[Figure 1: see original paper] shows the schematic of the digital twin for the
jacket platform, as proposed in [?]. This DT enables various tasks including
damage identification, fault diagnosis, fatigue analysis, reduction of unnecessary
maintenance activities, and formulation of optimal maintenance intervals.

The DT consists of a physical model, virtual model, twin database, and service
system. In the physical model, the sensor acquisition system obtains important
parameters such as load, dynamic response, damage, temperature, and maps
them to the virtual model. The service system calls these parameters on demand
to calculate damage parameters or evaluate information, feeding results back to
the virtual model for updating. Finally, the updated high-precision virtual
model efficiently predicts structural damage. Damage identification is a crucial
health monitoring component and essential module in the DT framework’s
service system, helping detect platform damage presence and assess its impact on
structural safety. Through damage identification, timely maintenance measures
can reduce failure incidence, decrease maintenance costs, and increase platform
reliability and safety. Therefore, determining damage position and extent in
offshore jacket platforms is a crucial research topic.

[Figure 2: see original paper] illustrates the proposed damage identification
framework, comprising physical and virtual models, an optimal sensor place-
ment model, and a damage identification model, all informed by physical sensor
locations. The optimal sensor placement model seeks optimum sensor configu-
rations (number and locations), while the damage detection model ascertains
damage location and severity. The two-step process is described below.

First, before MOLA solves the Pareto front, modal information needed to op-
timize the objective function must be calculated using the non-damage finite
element model. The best possible sensor setups are then selected and imple-
mented in the physical model. Second, modal response data in the damaged
state is collected and fed into the damage identification model. The Bayesian
approach then computes the Markov chain and posterior probability distribu-
tion function (PDF) of damage ratios, providing insight into damage spread
across the map. Simultaneously, the most likely damage ratio values are fed
back into the virtual model for updating. The optimal sensor placement model
and damage identification model are explained below with their operational
processes.

2.2 Optimal Sensor Placement
[Figure 3: see original paper] presents a detailed flowchart of the optimal sensor
location model for obtaining the best sensor configurations. Natural frequencies,
mode shapes, and other modal responses are computed in a non-damage finite
element model and saved in a database. MOLA then determines and resolves
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the objective functions.

In the optimal sensor placement model, four well-known modal metrics construct
the objective function to guarantee modal information independence and accu-
racy: Effective Independence (EFI), Kinetic Energy (KE), Eigenvalue Vector
Product (EVP), and Information Entropy (IE). Details of these modal metrics
are as follows:

For large structures, EFI [?] is a popular metric—an efficient unbiased estimator
maximizing the norm of the Fisher information matrix [?]. The covariance
matrix of prediction error is expressed as are the eigenvector and eigenvalue of
structure, respectively.

Where the mode shape matrix of the FEM. The larger the sensor position to the
independence of the structural modes [?]. , the greater contributions of the The
KE metric [?] measures dynamic contribution of each FEM element to target
mode shapes, calculated by Equation (2): is the kinetic energy associated with
the i-th degree of freedom in the n-th is the i-th row and j-th column is the i-th
coefficient in the n-th mode, where mode, element in the mass matrix, and is
the j-th coefficient in the n-th mode [?].

The EVP determines optimal measurement candidates by calculating the maxi-
mum product of mode shapes at each location for N measured modes. The i-th
EVP is calculated by [?] The IE is a useful tool for determining which structural
tests should be performed to lessen ambiguity impact [?]. Lower information
entropy indicates higher system certainty. The basic IE form is given by is
the corresponding probability of the i-th realization of discrete random Where
variable and log(.) is the logarithm operator.

Another OSP objective is sensor number, representing deployment cost. As sen-
sor number increases, installation cost and processed data increase. Including
sensor number as an objective explains sensor number influence on optimization
criteria and eliminates dominated configurations through Pareto dominance re-
lationships [?]. Combining sensor number with one of four modal metrics as
objective functions balances sensor cost and OSP quality.

To solve conflicting objectives of maximizing obtained modal information
while minimizing sensor number, MOLA [?] is first employed for offshore
jacket platform optimization. MOLA is a new meta-heuristic multi-objective
optimization algorithm inspired by lightning storms and Lichtenberg Figures
(LF), successfully applied in crack detection and other areas. MOLA creation
details are introduced in [?]. Five key parameters determine MOLA con-
struction and operation: population (pop), number of particles (Np), creation
111()()TTTDE�−−−=����=�������DE2ininijjnnjKEM�=���inKEin�ijMjn�1NiijjEVP==��1()log()NiiiIExPP==−�iP
radius (Rc), stick coefficient (S), switching factor (M), refinement (ref), and
iteration (Niter). Among them, Np creates an LF based on Diffusion Limited
Aggregation theory, shown in Figure 4: see original paper. pop is the number
of points computing objective functions, described by black dots in Figure
4: see original paper. Rc, Np, and S are three important LF construction
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parameters: Rc associates with LF size, while the latter two control LF density.
M changes the LF in optimizer input data, worth zero, one, or two. ref is an
input parameter from 0 to 1. If ref=0, only the global LF acts on the optimizer
every iteration. Niter generally takes values from 100 to 1000, also defined as
an initial configuration parameter.

Exploration and exploitation are well-represented in MOLA results because ob-
jective function evaluation points are fired at Lichtenberg figures of varying
sizes and orientations each iteration [?]. [Figure 4: see original paper] shows
the Lichtenberg algorithm [?]: (a) bitmap Lichtenberg figure; (b) population
distribution.

MOLA generates and compares all Pareto fronts. Sensor number and locations
can be selected from all Pareto fronts. After determining optimal sensor config-
urations, sensors are installed on the offshore jacket platform to collect dynamic
responses.

2.3 Damage Identification Model
In the damage identification model, the Markov Chain Monte Carlo (MCMC)-
based Bayesian method [?, ?] calculates damage ratio. The detailed model is
shown in [Figure 5: see original paper], including a sample generation module
that creates candidate samples through proposed distributions and a Bayesian
module that quantifies parameter uncertainties. Detailed damage identification
steps are introduced below.

First, element damage ratio is treated as unknown parameters, and initial sam-
ples are drawn from prior distribution. Candidate samples are then created
using the suggested probability distribution function (PDF) and initial values.

Second, the FE model calculates natural frequencies and mode shapes for both
initial and candidate samples. Normalized errors are used in the proposed model
as follows: where respectively denote measured and predicted natural frequen-
cies; respectively denote measured and predicted mode shapes.

[Figure 5: see original paper] shows the damage identification flowchart. Third,
according to Bayesian theory [?, ?, ?] described in Equation (7), posterior PDF
is calculated using observed modal data (from physical model) and calculated
modal data (from FE model). All modes are assumed to have independently
distributed natural frequencies and mode shapes in the previous PDF.

Posterior PDF of damage ratios is calculated by Equations (8)-(9). where A is
the vector of estimated parameters, P(A) is prior distribution.

Prior distribution is assumed to be generalized and unbiased uniform
distribution according to Bayesian hypothesis. B is measured infor-
mation, P(B) is a normalizing constant. P(B/A) is likelihood func-
tion, and P(A/B) is posterior PDF calculated by where n is num-
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ber of measured modes and C is normalizing constant. aamfff−=f�2||-
1aTm����=mfafm�a�)()/()()()/(AABBABBBBΑPPPPP)P(),P()/P(�==AA))(21exp(-
)()/()/()/(AAAABAJCPPfPP�=��])1()[()(122�=−+−=niaTmimiaimfffJ��A

Finally, the Metropolis-Hastings (MH) method [?] samples and approximates
posterior PDF of damage ratio, and Markov chain calculates the most probable
damage ratio value based on posterior PDF. Afterwards, damage location and
severity are identified and fed back into the DT virtual model for updating.

3. The OSP of the Offshore Jacket Platform
To verify optimal sensor location model efficacy, a numerical case study is imple-
mented. Modal details and offshore jacket platform background are presented
in Section 3.1. Optimal sensor placement is displayed in Section 3.2.

3.1 Description of the Offshore Jacket Platform

Based on Liu et al. [?], a three-dimensional finite element model (FEM) of an
offshore jacket structure is developed using MATLAB codes (see [Figure 6: see
original paper]). The jacket platform is modeled using Euler-Bernoulli beam
(B31) theory, comprising 36 pipe elements and 16 nodes. The model has 72
DOF (depending on counting method), with each component having 6 DOF.
The offshore jacket platform has four levels with total height 9.14 meters, and
side lengths of 10.97 meters, 8.53 meters, 6.10 meters, and 3.66 meters from
lowest to highest level. Each pipe part has outer diameter 17.8 cm and inner
diameter 16.02 cm. Jacket structure material is steel (elastic stiffness 210 GPa,
mass density 7,850 kg/m3, Poisson’s ratio 0.3). [Figure 6: see original paper]
shows the offshore jacket platform model: (a) FE model; (b) node numbers.

Objective functions in this research are built using the first six natural harmonics
and mode shapes. Modal information is calculated under non-damage state,
presented in and [Figure 7: see original paper].

presents natural frequencies of the offshore jacket platform. [Figure 7: see
original paper] shows the first six mode shapes of the offshore jacket platform.

3.2 Optimal Sensor Placement

For sensor placement optimization, MOLA [?, ?, ?] determines optimal sensor
configurations for the offshore jacket platform.

Initially, 12 candidate sensor locations (No. 2,4,5,6,7,8,9,10,11,13,14,15) are se-
lected as shown in [Figure 6: see original paper]. These positions are structural
system intersections where stress and deformation are most critical and likely to
occur. Placing sensors at these locations enables accurate monitoring of critical
areas, timely issue detection, and appropriate repair or reinforcement measures,
ensuring safe platform operation. Sensor number and one of four well-known
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optimization criteria (KE, EVP, IE, and EFI) are considered as objective func-
tions. The optimization objective is described as Where : is generated for each
iteration to evaluate two objective A vector functions: sum of sensor number
and objective function related to is vector of candidate sensors; simultaneously,
MOLA metric J(M) generates another binary vector of same length vector to
generate selected sensor. MOLA parameters are set according to and v-shaped
transfer function is employed [?, ?].

shows MOLA control parameter values. Parameter Value Niter

Pareto dominance relationship then selects optimal sensor placement options in
objective space (shown in [Figure 8: see original paper]). Figures show that any-
where from one to all twelve possible sensors can be optimally placed according
to four criteria. For KE, IE, and EFI criteria, optimal sensor number grows
linearly with information gathered in jacket structure. However, EVP criterion
forms convex Pareto front as sensor number increases.

As Figure 8: see original paper shows, when fewer than five sensors are used,
EVP criterion value responds strongly to sensor addition, but with more than
eight sensors, no notable improvement occurs. Additionally, as more instru-
ments are added to offshore jacket platform, higher data quality is collected.
��()min(());max((()))FSlengthSJMS=����121,2,⋯„⋯TnSABAnBaaa=�==SABS

Moreover, Hypervolume metric compares different Pareto front families [?].
Higher Hypervolume indicates better Pareto front convergence and coverage.
Average results after 10 independent runs of all indicators are shown in [Figure
9: see original paper], clearly demonstrating EVP criterion has higher Hyper-
volume.

[Figure 9: see original paper] shows Hypervolume values. Although four optimal
sensor placement criteria find solutions, EVP is best as it presents highest Hy-
pervolume, indicating greatest convergence and coverage. Consequently, EVP
is applied to optimal sensor placement.

To demonstrate MOLA superiority, NSGA-II is also employed for comparison—
widely used for multi-objective optimization in various real-world applications.
Using specific crossover and mutation forms, NSGA-II produces offspring from
which next generation is chosen using non-dominated sorting and crowding dis-
tance comparison [?]. Taking EVP metric as example, key NSGA-II algorithm
parameters for offshore jacket platform are set as: population size 200, max-
imum generations 100, scattered crossover function, crossover probability 0.8,
Gaussian mutation function, mutation probability 0.6, mutation strength 0.1.
Pareto front calculated by NSGA-II is shown in [Figure 10: see original paper].

Results are similar to MOLA. EVP criterion does not change as sensor number
increases beyond 8 sensors. Therefore, 8 sensors can be chosen as minimum
number.

[Figure 10: see original paper] shows Pareto front with EVP criterion. presents
sensor positions selected by MOLA and NSGA-II for eight sensors. Top four
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sensor positions are common to both algorithms. However, remaining sensor
positions differ: MOLA tends to place sensors on second layer, while NSGA-
II focuses on third layer. This indicates MOLA is more inclined to maximize
response amplitude by placing more sensors on top of offshore jacket platform.
For target EVP criterion J(M), MOLA outperforms NSGA-II. Therefore, MOLA
is considered superior and its sensor configurations will be used for damage
identification.

shows sensor configurations with EVP metric. Algorithm Sensor positions
NSGA-II 4,5,6,7,8,9,14,15 2,4,6,7,8,10,14,15

4.1 Damage Identification
Damage is measured as proportion of stiffness loss. Change in n-th element
stiffness is expressed by Equation (11): is changes in stiffness, called damage
ratio (0~1), Kn is initial where stiffness of n-th element.

To quantify noise effect, random errors are added to natural frequencies and
mode shapes. Measurement errors are simulated as follows [?]: where and are
natural frequency and mode shape, respectively; is random number with zero
mean and standard deviation 1; superscript n denotes noisy parameters; and
represent noise level in mode shape and natural frequency, respectively.

shows simulated damage cases. Damage cases Description E3=0.8 E3=0.6,
E6=0.4, E9=0.2

[Figure 11: see original paper] shows damage scenarios: (a) one damage (D1);
(b) three damage (D2).

Damage is replicated by lowering element elasticity modulus. Table 4 details two
damage scenarios, and Figure 11 identifies compromised jacket structure com-
ponents. Modal analysis is computed using FE model, with natural frequency
and mode shapes distorted by 1% noise. First six modes’modal information is
used for damage diagnosis.

In damage identification process, MCMC-based Bayesian method is employed.
Several MCMC-based Bayesian method parameters are set as: MH algorithm
terminates after 15,000 iterations; first 5,000 iterations are non-adapting period
while remaining 10,000 iterations form stable Markov chain. Most probable
damage ratio value is obtained as average of 10,000 samples.

[Figure 12: see original paper] shows damage identification result for one damage:
(a) Markov chain of damage ratio; (b) posterior PDF of damage ratio 3.

[Figure 13: see original paper] shows Markov chain of damage ratio for three
damage scenarios (D2).

For damage scenario D1 with one damage location, Markov chain of damage
ratio is shown in Figure 12: see original paper. All samples fluctuate around
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stable value during sampling. Damage ratio of element 3 (damage ratio 3)
converges to 0.8, while other damage ratios converge to 0. As shown in Figure
12: see original paper, kernel density estimation computes Bayesian marginal
PDF for damage ratio 3. Posterior marginal PDF of damage ratio 3 fits neatly
into Gaussian distribution. Most probable value of damage ratio 3 is 0.8 and
damage identification errors are close to zero. Consequently, damage ratio of
element 3 is successfully identified.

For damage scenario D2 with three damage locations, Markov chain is calculated
and shown in [Figure 13: see original paper]. Damage ratio 3 converges to 0.6;
damage ratio 6 converges to 0.4; damage ratio 9 converges to 0.2, while other
damage ratios converge to 0. These results indicate three different damage
degrees in offshore jacket platform. Posterior PDFs of damage ratios 3, 6, and
9 are calculated and shown in [Figure 14: see original paper]. Simultaneously,
95% confidence interval is observed in [Figure 15: see original paper]. Results
demonstrate Bayesian method has great potential for damage identification as
it allows quantification of uncertainty related to identified variables.

[Figure 14: see original paper] shows posterior PDF of damage ratio: (a) damage
ratio 3; (b) damage ratio 6; (c) damage ratio 9.

[Figure 15: see original paper] shows posterior PDF of damage ratio with 95%
confidence interval.

Most probable values and identified errors of damage ratios are calculated and
shown in . To demonstrate OSP superiority, modal information collected by
all candidate sensor locations is also used for damage identification, with re-
sults shown in . Identification results are very close in both situations, but
OSP provides higher calculation efficiency and reduced sensor cost. All results
demonstrate proposed damage identification framework not only identifies sin-
gle damage but also handles multiple damage situations effectively for platform
damage identification.

shows identification result of damage ratio. Variables Damage ratio 3 Damage
ratio 6 Damage ratio 9 Number of sensors Optimal sensor layout (error) 0.599
(0.17%) 0.401 (0.25%) 0.198 (1.00%) Candidate sensor location (error) 0.599
(0.17%) 0.400 (0%) 0.199 (0.50%)

4.2 The Influence of Measurement Noise
Modal information measurements are highly sensitive to noise. The proposed
damage identification framework requires further study of noise impact.

As illustration, consider two damage conditions with damage ratios for elements
3 and 9 set at 0.8 and 0.5, respectively. Modal properties are calculated numer-
ically, then white Gaussian noise is added to mimic measurement uncertainty
according to Equations (12) and (13). Random variation is introduced to modal
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data at 1%, 5%, 10%, and 15% values. Five simulation iterations—functional
equivalent of five experiments—are run with added noise to collect sufficient
information for damage identification. Impact of noise on proposed damage
identification framework is examined by comparing natural frequencies with
varying noise levels ([Figure 16: see original paper]).

[Figure 16: see original paper] shows natural frequency with different noise levels:
(a) first order; (b) third order.

MCMC-based Bayesian method then calculates damage ratio with different
noise levels. Corresponding posterior marginal PDFs are presented in [Figure 17:
see original paper], revealing all PDFs follow Gaussian distributions. However,
as noise level increases, posterior PDF peaks deviate from true values.

[Figure 17: see original paper] shows posterior marginal PDF with different
noise levels: (a) damage ratio 3; (b) damage ratio 9.

Identification error of damage ratios under different noise levels is shown in [Fig-
ure 18: see original paper]. As expected, errors gradually increase with higher
measurement noise levels. Maximum error of 2% is observed for damage ratio
9 when noise level is 15%, which remains acceptable for damage identification
process. These results demonstrate robustness and applicability of proposed
damage identification framework for offshore jacket platforms.

[Figure 18: see original paper] shows error of damage identification with different
noise levels.

5. Conclusions
To ensure precise health monitoring of offshore jacket platforms, a novel damage
identification framework is created in this research. The framework combines op-
timal sensor placement model with damage detection model to pinpoint exact
damage location and severity. MOLA achieves balance between sensor quan-
tity and quality, solving bi-objective issues inherent in optimal sensor place-
ment model. To efficiently and accurately compute damage ratio and quantify
model parameter uncertainties, damage identification model uses MCMC-based
Bayesian method. Case study proves over 97% damage identification accuracy
within 15% noise level and reduced sensor cost, validating proposed framework
efficacy. Future work includes incorporating damage detection model into off-
shore jacket platform DT framework to create comprehensive health monitoring
system based on identified damage ratio for virtual model updating. The pro-
posed damage identification framework provides technical assistance for creating
DT framework for offshore jacket platform health monitoring.
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