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Abstract

Subsea oil and gas pipelines are critical infrastructure in marine engineering, and strain
monitoring is essential for their safe operation. However, due to the complexity of the
marine environment and the constraints practical deployment, engineering applications
often rely on sparse monitoring points, making it difficult to directly obtain full-field strain
information. To address this issue, this paper proposes a strain field reconstruction method
for subsea suspended pipelines based on the inverse finite element method (iFEM) and
a greedy search strategy, and provides the corresponding optimal layout of monitoring
cross-sections. Using a constructed numerical simulation library under multiple load cases,
algorithm validation and parameter calibration are performed. On this basis, a comprehen-
sive evaluation framework incorporating both global and peak errors is established. Results
show that under the greedy-optimized monitoring section scheme, the comprehensive
reconstruction error of iFEM ranges from 0.030 to 0.035, the axial strain error is significantly
lower than the circumferential strain error, and the peak relative error stabilizes when
the number of monitoring sections reaches seven. The proposed method overcomes the
difficulty of acquiring full-field strain information under sparse monitoring conditions, and
can provide technical support for the structural health monitoring and safety assessment of
subsea oil and gas pipelines.

Keywords: subsea suspended pipeline; inverse finite element method (iFEM); greedy
search; monitoring-section optimization; full-field strain reconstruction

1. Introduction
Subsea oil and gas pipelines are key infrastructure in the marine energy transmission

system, and their long-term safe operation has high requirements in terms of structural
integrity monitoring and evaluation [1–3]. Under the combined action of environmental
loads such as waves and ocean currents, the suspended span section of the pipeline is prone
to significant bending deformation and strain concentration, making it an area with a high
risk of fatigue damage and failure [4]. In order to continuously understand the operating
status of pipelines, Structural Health Monitoring (SHM) technology has been gradually
applied to the safety assessment and operation management of subsea pipelines [5,6].
Conventional methods based on pressure and flow data (e.g., Pérez-Pérez et al. [7,8]) have
been developed for leak detection, but they cannot provide distributed strain information.
Recently, distributed optical fiber sensor (DOFS) technology has emerged as a promising
alternative for pipeline monitoring. For instance, Liang et al. [9]. used a dual-parameter
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fiber optic system (Raman temperature + Rayleigh vibration) to achieve leak identification
with 92.16% accuracy and 1 m localization; Lalam et al. [10]. developed a multi-parameter
DOFS capable of monitoring strain, temperature, vibration, and chemical changes over
25 km. DOFS technology has gained popularity in pipeline monitoring owing to its minimal
footprint, corrosion resistance, and anti-electromagnetic interference [11–13]. However, due
to factors such as the complex underwater environment, difficulties in sensor deployment,
and high maintenance costs, how to reliably evaluate the overall condition of the structure
based on limited monitoring information has become one of the key issues in structural
health monitoring research [14,15].

In recent years, online or quasi-online condition assessment of subsea suspended span
pipelines has gradually become an important research topic in the health monitoring of ma-
rine engineering structures [16–19]. However, due to the complex underwater environment
and cost factors, the scale of sensor deployment is usually greatly limited, and structural
state reconstruction and identification under sparse strain monitoring conditions still face
great challenges. Especially under the premise of limited monitoring resources, a means of
determining the key monitoring section that can take into account reconstruction accuracy
and layout efficiency has become one of the core issues in studies on the sparse monitoring
of subsea pipelines [16].

Regarding the problem of full-field reconstruction under sparse strain monitoring con-
ditions, existing research has roughly formed two representative technical paths. The first is
the data-driven method, represented by the interpolation method, which expands the lim-
ited monitoring point information into a continuous strain field to obtain the reconstructed
results for the full-field state [20–22]. In 2023, Wang et al. proposed the experimental
strain field reconstruction method (EXP-SFRM) based on the idea of interpolation [20].
This method can better restore the overall strain distribution characteristics under limited
measuring point conditions and obtain high reconstruction accuracy in experimental tests.
However, it should be noted that conventional interpolation methods are prone to large
errors when the strain distribution is complex. During the circumferential expansion of
cylindrical surface strain data, if there is no periodic constraint, discontinuities or unreal
numerical anomalies may easily occur near the periodic boundaries. In response to this
problem, in 2024, Dong et al. proposed the Filtered Kriging framework, which improved the
ability to reconstruct extreme areas while maintaining field continuity [21]. Another study
further enhanced the ability to express local changing features by introducing methods
such as radial basis interpolation [22]. Despite these improvements, interpolation methods
lack mechanical consistency and struggle to generalize across varying load conditions.

The other type of method is the physical model method, represented by the inverse
finite element method. This method achieves consistent reconstruction of the displacement
field and strain field under the condition of sparse monitoring points by minimizing the
residual error between the reconstructed strain and the monitored strain, combined with
structural mechanics constraints [23–26]. In 2024, Wu et al. proposed an improved method
based on energy regularization using the traditional inverse finite element method (iFEM)
framework for the reconstruction of structural deformation fields and structural health
monitoring [23]. This method introduces regularization constraints into the error functional
species, thereby improving the solution stability and reliability of results under insufficient
monitoring data or in the presence of noise. In 2025, Li et al. proposed an enhanced
framework that combines strain pre-extrapolation with iFEM to supplement observation
information without increasing the number of monitoring points and improve the quality
of full-field reconstruction [24].

In addition to the reconstruction algorithm itself, the layout of sparse monitoring
points also directly affects the reconstruction accuracy. Therefore, how to reasonably config-
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ure the positions of monitoring points under the constraints of a limited number of moni-
toring points to increase the accuracy and robustness of full-field reconstruction has also be-
come an important topic in sparse monitoring research [27,28]. In 2022, Ghasemzadeh et al.
combined the iFEM with the genetic algorithm (GA) to construct a sensor layout optimiza-
tion framework for plate and shell structures, and aimed to achieve higher reconstruction
accuracy with as few measuring points as possible [27]. In addition, in 2018, Zhao et al.
combined eigenvalue analysis and the particle swarm optimization (PSO) algorithm to
conduct point layout optimization research [28]. The experimental results verified the
accuracy and robustness of iFEM in detecting structural deformation.

At present, research on full-field strain reconstruction and monitoring-section opti-
mization for subsea suspended pipelines under sparse strain monitoring conditions remains
limited. Existing studies lack a systematic integration of monitoring layout design, strain
field reconstruction, and performance evaluation, and inconsistencies in evaluation criteria
are often observed when comparing different methods. More importantly, most existing
work focuses primarily on improving reconstruction algorithms while paying insufficient
attention to the selection of monitoring sections, which directly affects reconstruction
performance. Consequently, a collaborative analytical framework that links monitoring-
section optimization with reconstruction performance for different methods has yet to
be established.

To address these issues, this paper constructs a numerical simulation case library
under multiple loading conditions and introduces a greedy search strategy to optimize
the monitoring sections for the iFEM method, thereby obtaining an optimal monitoring-
section scheme that aligns with its reconstruction mechanism. This scheme is then used
to perform a full-field strain reconstruction for the subsea suspended pipeline. By estab-
lishing a comprehensive evaluation framework that includes both global error and peak
error, this study quantitatively compares the reconstruction performance of the optimal
monitoring-section scheme under different numbers of monitoring sections. This work
integrates monitoring-section optimization, full-field strain reconstruction, and a perfor-
mance evaluation, providing a quantitative basis for monitoring scheme design in the
health assessment of subsea suspended pipelines.

The remainder of this paper is structured as follows. Section 2 introduces the mathe-
matical modeling of the iFEM reconstruction framework and its core algorithmic principles.
Section 3 describes the numerical simulation setup and parameter configuration, based on
which simulated monitoring data are extracted from discrete monitoring points to deter-
mine the optimal sparse monitoring point distribution for the iFEM algorithm. Section 4
determines the optimal sparse monitoring-section distribution scheme for the iFEM algo-
rithm using the greedy search strategy, and analyzes the errors in the accuracy of iFEM
under different numbers of sections, thereby identifying the optimal monitoring locations
and optimal number of sensors under sparse strain monitoring conditions. Section 5
summarizes the main conclusions of this paper and outlines future research directions.

2. Methods
In order to study the full-field strain reconstruction problem of subsea suspended-

span pipelines under sparse strain monitoring conditions, this paper aims to restore the
continuous strain field on the outer surface of the pipeline and conducts an analysis of
field information reconstructions, comparing different methods under limited observation
conditions. Considering that the pipeline surface has both axial extension and circumferen-
tial closure characteristics, this paper first uses a parametric method to uniformly describe
the surface strain distribution and establishes a unified analysis framework suitable for
different reconstruction methods.
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2.1. Problem Definition and Validation Strategy

This paper aims to address the problem of reconstructing the global strain field of
a suspended pipeline using data acquired under sparse strain monitoring conditions.
Specifically, it reconstructs a continuous strain field on the outer surface of a pipe cylinder
as ε̂(x, θ), and the reference strain field obtained by numerical simulation is represented as
εre f (x, θ). In order to unify the data organization and visualization of results, this paper
first parametrically maps the cylindrical surface to a two-dimensional area, and defines the
corresponding reconstruction operator and evaluation process in this parameter domain.

2.1.1. Geometric Parametrization

To accurately characterize the geometric features of the pipe surface and simplify
subsequent calculations, this paper adopts a cylindrical coordinate system for parametric
description. Specifically, the outer surface of the pipe is parameterized by the axial coordi-
nate x and the circumferential angle θ, and the corresponding two-dimensional parameter
domain Ω(x,θ) is defined as

Ω = {(x, θ)|x ∈ [−L/2, L/2], θ ∈ [0, 2π)} (1)

where L denotes the length of the suspended span. Due to the closed nature of the pipe in
the circumferential direction, θ = 0 and θ = 2π correspond to the same physical location;
therefore, the strain field satisfies a periodic continuity condition along the θ-direction.

2.1.2. Generation of Sparse Monitoring Data Based on Numerical Benchmarks

In order to verify the performance of the reconstruction method, this paper uses the
full-field strain obtained by numerical simulation as the numerical benchmark, and extracts
the strain value at the corresponding position on the preset sparse measuring point set P:

P = {(xi, θi)}N
i=1 (2)

xi represents the axial coordinate of a monitoring section, and θi represents the circum-
ferential angle of a measuring point.

On this basis, a sparse monitoring vector is constructed:

εobs =
[
εref(x1, θ1), εref(x2, θ2), . . . , εref

(
xNp , θNp

)]⊤
, (3)

where εref (x, θ) denotes the numerical benchmark full-field strain (reference ground truth),
and εobs is the sparse monitoring vector obtained by sampling the reference field at the
preset sparse monitoring point set P. During the reconstruction process, the above sparse
monitoring vectors are used as input to the algorithm. The reconstruction verification
framework and specific evaluation process based on the numerical benchmark field are
shown in Figure 1.

2.1.3. Regularized Formulation of the Reconstruction Problem

Strain field reconstruction can be regarded as an inverse mapping problem of restor-
ing continuous field distribution from sparse monitoring information [29]. Define the
reconstruction operator H(·); then, the reconstructed strain field ε̂(x, θ) is obtained by:

ε̂(x, θ) = H
(

εobs; Ω, K
)

(4)

εobs is the sparse monitoring vector, Ω represents the spatial domain or observation
point set corresponding to the observation information, and K represents the introduced
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prior information. In order to obtain a stable solution, this paper further writes the problem
into a regularized optimization form:

ε̂ = arg min
ε

(∥∥∥C(ε)− εobs
∥∥∥2

2
+ λ∥U (ε)∥2

2

)
, (5)

C(·) is the sampling operator. The first term is used to ensure consistency between the
reconstruction results and the monitoring data. U (·) is the regularization term, which is
used to alleviate the ill-posedness of the problem and improve the stability of the numerical
solution. λ is the trade-off coefficient.

 

Figure 1. Flowchart for the Numerical Benchmark Verification and Evaluation of Strain Reconstruc-
tion for Pipelines.

Under the unified problem formulation presented above, iFEM constructs an objec-
tive function through residual terms and regularization terms under a weighted least
squares framework, and combines structural kinematic constraints to achieve a physical
information-driven inversion reconstruction. The specific methods that were implemented
can be found in Section 2.2.

2.2. Strain Field Reconstruction Based on Inverse Shell Finite Elements

iFEM introduces structural kinematic relations and continuity constraints, and by
minimizing the weighted residual difference between the reconstructed strain and the
reference strain, a strain field that satisfies mechanical consistency can still be obtained,
even under sparse measurement conditions. This paper uses the four-node inverse shell
element iQS4 based on first-order shear deformation theory (FSDT). Its unit structure and
kinematic assumptions can be found in the relevant literature [30].

2.2.1. Mechanical Description of the Inverse Shell Element

Under the FSDT framework, the displacement vector of any point in the unit can be
obtained by linear interpolation from the node degrees of freedom:

u(ξ, η) = N(ξ, η)de, (6)
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ξ and η are the natural coordinates of the shell element, and the value range is usually
[−1, 1]. They are used to define the shape function N(ξ, η) and complete the Gaussian
integral calculation. de is the unit node degree of freedom vector; each node contains
6 degrees of freedom and the unit has a total of 24 degrees of freedom. Regarding the
definition of degrees of freedom of the iQS4 unit and its geometric relationships, please
refer to the literature [30]; this article will not repeat the derivation. Figure 2 shows the
degree of freedom distribution and structural characteristics of the iQS4 unit.

 
(a) (b) 

Figure 2. Geometry and nodal degrees of freedom of the inverse shell element: (a) element con-
figuration and nodal layout; (b) definition of the nodal displacement components in the local
coordinate system.

Furthermore, the unit theoretical strain vector can be obtained from the displacement
gradient and can be written in a standard linear form:

ε(ξ, η) = B(ξ, η)de =

Bm(ξ, η)

Bk(ξ, η)

Bs(ξ, η)

de, (7)

where ε =
[
εm; εk; εs

]⊤
is the strain vector, composed of membrane strains (εm) bending

curvatures (εk), and transverse shear strains (εs). The sub-matrices Bm, Bk and Bs share
the corresponding strain–displacement matrices. Their explicit expressions, derived from
the displacement gradients and the shape functions N(ξ, η), can be found in the classic
iQS4/iFEM literature [30].

2.2.2. Weighted Least Squares Error Function

In order to balance the role of different observed strain components in the reconstruc-
tion process and improve the stability of numerical solutions under sparse monitoring
conditions, this paper constructs a weighted least squares error functional, including
component-weighted residual terms and regularization terms at the unit level. For unit e,
its error functional is defined as

Πe(de) =
∫

Ωe

[
wx

(
εx(de)− εobs

x

)2
+ wθ

(
εθ(d

e)− εobs
θ

)2
]

dΩ + λs

∫
Ωe
∥∇w(de)∥2dΩ + λTik||de||22, (8)

εobs
x and εobs

θ respectively, represent the axial and circumferential monitoring strain
components, and w represents the normal displacement components of the mid-shell
surface; wx and wθ are the weight coefficients of the axial and circumferential strain residual
terms, respectively; λs is the normal displacement gradient smoothing term coefficient and
λTik is the Tikhonov stability term coefficient.

The actual input monitoring components in this article are εobs
x and εobs

θ . Although
the remaining generalized strain components that are not directly observed do not appear
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explicitly in the residual term, because they share the same set of displacement degree-of-
freedom vectors de as the observed components and are coupled to each other through the
shell kinematic relationship, they will still have an indirect constraint effect on the final
reconstruction result. The parameter values in Equation (8) are presented in Section 3.3.2.

By finding the extreme value ∏e of de, the linear equation at the unit level can
be obtained:

Kede = Fe, (9)

Ke and Fe are obtained by the numerical integration of Equations (6)–(8), represent-
ing the iFEM unit coefficient matrix and equivalent load vector respectively. Its specific
expansion form and integral implementation process are consistent with the standard
implementation of iQS4. This article will not expand each individually. The relevant
derivation can be found in the literature [30].

Global assembly is carried out according to the unit topological relationship, and we
can obtain:

KD = F, (10)

K and F are assembled from units Ke and Fe respectively, and D represents the global
degree-of-freedom vectors. In order to suppress the rigid body mode and impose end
constraints, this paper uses the penalty function method to introduce boundary conditions
in the global equation, as shown in Figure 3, thereby obtaining the modified global equation:

(K + βKbc)D = F + βFbc, (11)

β is the boundary penalty parameter; Kbc and Fbc represent the penalty matrix and
penalty vector corresponding to the constraint equation, respectively. After solving this
equation, the global degree of freedom vector D can be obtained, and the strain field can be
reconstructed through back-substitution.

 

Figure 3. Global Matrix Assembly and Displacement Field Inversion Process based on iFEM.

2.3. Greedy Search Strategy for the Optimization of Monitoring Cross-Sections with
Different Algorithms
2.3.1. Unified Feasible Region Constraints

Under a limited monitoring budget, the spatial layout of the monitoring section
will directly affect the accuracy and stability of the full-field strain reconstruction. In
order to improve the information utilization efficiency under the condition of limited
measuring points, this paper introduces a greedy search strategy for monitoring cross-
section optimization based on different algorithm characteristics under the constraints of a
unified candidate space and a unified feasible region. This strategy aims to minimize the
reconstruction error in the training condition set and gradually selects the current optimal
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candidate monitoring section, thereby constructing monitoring section schemes that match
the reconstruction mechanisms for the interpolation method and iFEM, respectively.

In order to ensure that the two methods can be compared under the same conditions,
this paper uses the same set of candidate monitoring sections and consistent feasible region
constraints for the interpolation method and iFEM. The difference between the two is
only reflected in the reconstruction error feedback mechanism, ensuring the fairness and
comparability of the optimization process.

Suppose the set of pipeline axial candidate sections is

V = {x1, x2, . . . , xB}, (12)

xm represents the axial position of the m-th candidate monitoring section, and V is the
candidate set, composed of all candidate monitoring sections. This paper uses the monitor-
ing section as the basic optimization unit. Each selected monitoring section is equipped
with four fixed circumferential measuring points, and the measuring point interval is 90◦.
This practical choice ensures convenient subsea installation (using the pipeline’s horizontal
and vertical baselines) and sufficient sampling of low-order circumferential strains for
iFEM-based reconstruction. The positions of the measuring points within the section re-
main fixed and are not used as optimization variables. Therefore, when Ns monitoring
sections are selected, the total number of monitoring points is 4Ns = Np.

Under a given budget Ns, the monitoring section optimization problem can be ex-
pressed as follows: select the optimal section subset S from the candidate set V to minimize
the aggregate reconstruction error on the training condition set, that is,

min
S⊆V

J(S), s.t. |S| = Ns, (13)

J(S) represents the aggregate reconstruction error of the candidate monitoring section
subset S on the training condition set.

In order to ensure that the interpolation method and iFEM are compared under
the same conditions, this paper uses unified feasible region constraints. Specifically, the
candidate interface needs to satisfy the axial range constraints:

|x|≤ xlimit, (14)

The minimum interface spacing constraints are as follows:∣∣xi − xj
∣∣≥ dmin , xi, xj ∈ S, i ̸= j (15)

The above constraints jointly limit the feasible search domain of candidate layouts,
allowing the two reconstruction methods to be optimized and compared under consistent
layout boundary conditions.

2.3.2. Forward Greedy Search Criterion

Under the constraints of a unified candidate space and a unified feasible region, this
paper adopts the forward greedy strategy to gradually construct the optimal monitoring
cross-section set. Assume that the selected set after the (k − 1)-th round of iteration is Sk−1.
For any candidate monitoring section x ∈ V\Sk−1 that satisfies the constraints and has not
yet been selected, construct a temporary set:

S(x)
k = Sk−1 ∪ {x}, (16)
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Subsequently, the corresponding monitoring scheme is generated based on the tempo-
rary set, and a complete reconstruction evaluation is performed on the training condition
set. In the k-th iteration, the candidate monitoring section that minimizes the aggregation
error is selected, that is,

x∗k = arg min
x∈V\Sk−1

J(Sk−1 ∪ {x}) (17)

Accordingly, the monitoring section set is updated as:

Sk = Sk−1 ∪ {x∗k} (18)

Repeat the above process until the budget constraint | Sk | = Ns is satisfied.
For any candidate monitoring cross-section scheme, its evaluation follows a unified

closed-loop process, including steps such as reference field construction, virtual sampling,
reconstruction solution, error calculation, and training set aggregation.

2.3.3. Computational Complexity and Marginal Benefit of Greedy Search

In each iteration of the forward greedy search, every candidate section in the current
candidate set is evaluated by performing a complete reconstruction assessment. Let |V|
denote the size of the candidate set and Ns the target number of monitoring sections. The
total number of evaluations is as follows:

Teval =
Ns−1

∑
k=0

(|V| − k) = Ns|V| − Ns(Ns − 1)
2

(19)

Denote Ceval as the computational cost per evaluation (including reconstruction and
error aggregation over the training set). The overall complexity of the greedy algorithm is

O(Ns|V|·Ceval )

In contrast, exhaustive search requires evaluating (|V|
Ns
) combinations. For |V| = 100 and

Ns = 12, (100
12 ) ≈ 1.05 × 1015, which is far larger than Teval ≈ 100 × 12 = 1200 evaluations.

Hence, the greedy strategy is computationally feasible.
Define the marginal benefit at the k-th iteration as:

∆k = J(Sk−1)− J(Sk) (20)

From Equation (13), J(S) is non-increasing as more sections are added, so ∆k ≥ 0.
Numerical results show that ∆k typically decreases with increasing k, i.e., the following
diminishing-returns property is empirically observed:

∆k+1 ≤ ∆k (21)

This property, known as submodularity, is commonly exploited in sensor placement
problems to justify the use of greedy algorithms [31,32]. While a rigorous proof of sub-
modularity for the specific set function J(S) is mathematically nontrivial, the empirical
evidence and validation against the exhaustive enumeration for smaller budgets strongly
support the near-optimality of the greedy solution. For a monotone submodular function,
the solution Sk obtained by the greedy algorithm satisfies:

J(Sk) ≤
(

1 − e−k/Ns
)

J
(
Sopt

)
(22)
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where Sopt is the theoretical optimal set. This bound provides an approximation guarantee,
and our numerical experiments confirm that the greedy-selected layouts perform very close
to the optimum.

To further reduce computational cost, a stopping threshold ε > 0 can be introduced.
If ∆k < ε at an iteration, the subsequent marginal benefits will be even smaller, and the
iteration can be terminated early with Sk as the final scheme. In this work, ε = 10−4

is adopted. For all budget levels considered (Ns), early termination is never triggered,
indicating that the marginal benefit remains significant within the given budget range.

3. Numerical Model and Simulation Setup
This chapter describes the numerical simulation setup used to build a verification

benchmark for the reconstruction algorithm. High-precision reference field data is obtained
through finite element analysis (FEA), and the optimal monitoring section scheme corre-
sponding to different reconstruction algorithms is given through a greedy search strategy,
providing a unified numerical benchmark for subsequent virtual sampling, monitoring
section optimization, and reconstruction performance evaluation.

3.1. Structural Configuration and Boundary Conditions

In order to establish a numerical verification benchmark for the reconstruction al-
gorithm, this paper uses COMSOL Multiphysics® v. 6.1 to build a three-dimensional
suspended pipeline model. The research object is a thin-walled cylindrical shell structure,
and its geometric dimensions are scaled according to a 1:10 ratio based on a pipe with an
outer diameter of 762 mm (30 in) in the engineering prototype. The total length of the
model is L = 3000 mm, the outer radius is R = 38 mm, and the wall thickness is t = 2 mm. In
order to facilitate the parametric expression of the surface field, (x, θ) is used to describe the
outer surface position of the pipeline, where the axial coordinate is xϵ [−1500, 1500] mm
and the circumferential angle is θ ϵ [0, 2π]. In terms of material parameters, the pipeline
material is assumed to be isotropic linear elastic steel (API X60), with elastic modulus
E = 2.1 × 105 MPa and Poisson’s ratio ν = 0.3. A summary of the geometric and material
parameters is shown in Table 1.

Table 1. Numerical simulation of physical parameters.

Category Description Symbol Value Unit

Geometry Total pipe length L 3000 mm
Outer radius R 38 mm

Material
Elastic modulus E 2.1 × 105 MPa
Poisson’s ratio N 0.3 -

Coordinate
Axial range X [−1500, 1500] mm
Angle range Θ [0, 2π] rad

The corresponding coordinate definitions and boundary conditions are shown in
Figure 4. The left end of the pipe x = −L/2 is set as fixed-support end A, which is used to
constrain the rigid body movement of the end; the right end x = L/2 is set as rolling-hinge-
support end B, which provides lateral support while allowing for axial free expansion and
contraction, that is, the axial displacement of the release end B ux. This boundary condition
corresponds to the simplified support form of “fixed support–rolling support”, which can
avoid the overall rigid body drift of the structure and allow for the axial expansion and
contraction of the pipe section [33].
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Figure 4. Geometric parameters, coordinate system, and boundary conditions of the pipe model.

The numerical solution was completed on the COMSOL Multiphysics platform, and
the model was discretized using eight-node hexahedral linear elements. The meshing
results are shown in Figure 5.

Figure 5. High-fidelity finite element mesh for numerical simulation.

To verify mesh independence, a systematic convergence study was performed using
four mesh levels (coarse, medium, fine, and extra-fine) under a representative Type A
load ( f0 = 3000 N, xc = 0 mm, σxA = 1200 mm, ϕ = 0◦). Table 2 summarizes
the mesh characteristics and corresponding maximum von Mises stress and maximum
displacement. After mesh convergence analysis, the final model contains 33,600 elements
and 42,600 nodes.

Table 2. Mesh independence test for the finite element pipeline model.

Mesh Level No. of Elements No. of Nodes Max. Von Mises
Stress (MPa)

Max. Displacement
(mm)

Relative Change
in Stress (%)

Coarse 12,800 16,800 78.2 3.81 –

Medium 22,400 28,600 81.0 3.90 3.6

Fine 33,600 42,600 81.9 3.92 1.1

Extra-fine 48,200 61,800 82.1 3.93 0.2
Note: Fine mesh was adopted in this study. The relative change from fine to extra-fine is 0.2%, indicating
mesh independence.
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3.2. Load Case Design and Data Set Construction

Based on the COMSOL parametric scanning results, this article constructed a finite
element benchmark library containing 60 groups of static working conditions. The working
condition library covers three representative scenarios (A/B/C) of axial distributed load,
local load and composite load, and is used to provide high-precision reference solutions for
the unified comparative evaluation of subsequent reconstruction algorithms.

3.2.1. Load Category and Distribution

In the finite element model, the external load is applied to the outer surface boundary
of the pipe in the form of surface force per unit area. The spatial distribution of the load is
expressed as a function of axial coordinate x and circumferential angle θ:

t(x, θ) =
f0

Q
· h(x, θ) · n(ϕ), (23)

t(x, θ) is the traction vector (force per unit area) applied to the pipe’s outer surface; f 0 is
the reference resultant force amplitude (with unit of force); h(x, θ)ϵ [0, 1] is a dimensionless
spatial window function that describes the normalized load distribution along the axial
and circumferential directions; and n(ϕ) is the unit vector specifying the load direction,
with ϕ being the angle of the load direction relative to the pipe axis. Q is a normalization
factor introduced to ensure that the total resultant force is independent of the load window
size, defined as:

Q =
∫ 2π

0

∫ L/2

−L/2
h(x, θ)Rdxdθ, (24)

with R being the pipe radius and L the pipe length.
Subsequently, the load amplitude is normalized to ensure that different working con-

ditions have a consistent basis for comparison in terms of equivalent total load magnitude,
thereby eliminating the impact of differences in load action area on the reconstruction
performance evaluation.

3.2.2. Load Type Definition

To simulate the main threats encountered by subsea suspended pipelines in actual
marine environments, and to capture the corresponding engineering stress characteristics
across different scales, this paper constructs three representative load window functions
(categories A, B, and C), as shown in Figure 6.

(a) (b) (c) 

Figure 6. Schematic illustration of the representative loading cases applied to the pipeline:
(a) axial distributed load (Case A); (b) localized vertical load (Case B); (c) combined loading condition
(Case C).

Category A (axial distributed load) corresponds to the bending moment and axial
stress distribution induced by wave/current actions on the free-spanning section [34]. This
load covers a certain suspended span along the axial direction and adopts a unimodal
Gaussian distribution form:

hA(x) = exp[−(x − xc)
2/(2σ2

xA)], (25)
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xc is the axial center position and σxA represents the axial action width.
Category B (local extrusion load) simulates accidental events such as dropped an-

chors or falling objects that cause local dents and high stress concentrations in subsea
pipelines [35]. These loads are locally distributed in both the axial and circumferential
directions to simulate stress situations such as local extrusion:

hB(x, θ) = hxB(x)hθ(θ), hxB(x) = exp

(
− (x − x0)

2

2σ2
xB

)
, (26)

Among them, the circumferential window function takes a periodic form to satisfy the
circumferential continuity in the θ direction, for example,

hθ(θ) = exp

−
wrap[−π,π](θ − θ0)

2

2σ2
θ

 (27)

Type C (combined load) constructs an asymmetric, multi-scale stress state through
the superposition of Class A and Class B loads, reflecting the multi-axial stress condition
when a dented pipeline is further subjected to global bending, axial force, and external
hydrostatic pressure [36]. It is used to test the global restoration ability of the reconstruction
algorithm under complex distributions. Its window function can be expressed as:

hC(x, θ) = ηhA(x) + (1 − η)hB(x, θ), η ∈ [0, 1]. (28)

η is the combined weight of the load window functions of Class A and Class B, and is
unified and normalized according to Equations (23) and (24).

3.3. Parameter Setup and iFEM Algorithm Calibration
3.3.1. Load Parameter Setup

Twenty groups of working conditions were generated for the three types of loads
A/B/C, totaling 60 groups, and automated static solution was performed to obtain the
full-field displacement and strain response as benchmark data. A summary of load param-
eterization variables and value rules is shown in Table 3. In order to ensure that parameter
calibration and performance evaluation are independent of each other, this article divides
the working conditions into a calibration set and an independent test set.

Table 3. Summary of load parameterization definition and variation rules.

Parameter Symbol Variation Range/Rule Value

Combined Effort f0 3000 N
Direction Angle ϕ {0◦, 90◦, 180◦, 270◦} deg

Axial Center (Class A/C) xc [−1200, 1200] mm
Axial Center (Class B) x0 [−1200, 1200] mm

Characteristic Width (Class A/C) σxA {600, 1200, 1800} mm
Characteristic Width (Class B) σxB 100 mm

3.3.2. iFEM Algorithm Parameter Calibration

Based on the 60 sets of numerical operating conditions constructed in Section 3.2, this
paper further carries out iFEM parameter calibration. For the three types of loads A, B, and
C, 20 groups of working conditions are generated for each type, totaling 60 groups,

The full-field displacement and strain response are obtained through automated static
solution as benchmark data. In order to ensure that parameter calibration and performance
evaluation are independent of each other, the dataset is divided using a stratified sampling

https://doi.org/10.3390/infrastructures11050160

https://doi.org/10.3390/infrastructures11050160


Infrastructures 2026, 11, 160 14 of 22

method by load type. Specifically, from the 24 Type A cases, 18 Type B cases, and 18 Type C
cases, 8, 6, and 6 cases are respectively selected to form a test set of 20 cases (test20), while
the remaining 40 cases constitute the calibration set (train40). The calibration set is used for
iFEM parameter calibration, as shown in Table 4. The further optimization of monitoring
cross-sections is carried out after the calibration parameters are fixed. The test set is used to
carry out a strict and independent reconstruction performance evaluation.

Table 4. Optimized parameters and hyperparameters for the iFEM (iQS4) framework.

Category Parameter Symbol Value

Data fidelity Axial strain residual weight wx 3.0
Data fidelity Circumferential strain residual weight wθ 0.1

Smoothing Smoothing regularization coefficient for
transverse displacement λs 100

Stability Tikhonov regularization coefficient λTik 10−6

Boundary Boundary penalty coefficient β 108

The hyperparameters listed in Table 4 were determined through systematic sensitivity
analysis on the train40 calibration set (40 working conditions). For data fidelity, the axial
strain weight wx = 3.0 is larger than the circumferential weight wθ = 0.1 because axial
strain dominates the pipeline response under bending loads; this ratio minimized the
reconstruction error NRMSEcombo over the calibration set. The smoothing coefficient
λs = 100 was selected after a grid search over [100, 104]; values below 101 led to visible
displacement oscillations under sparse monitoring, while values above 103 over smoothed
local deformation features. The Tikhonov coefficient λTik = 10–6 is the smallest value that
ensures a well-conditioned system matrix (condition number < 109) for all training cases.
The boundary penalty coefficient β = 108 follows common practice in penalty methods for
essential boundary conditions, enforcing constraints within machine precision without
causing ill conditioning. All parameters were fixed before monitoring section optimization
and the independent testing on the test20 set; their robustness is demonstrated by the stable
reconstruction errors across different budget levels shown in Section 4.4.

4. Numerical Results and Discussion
4.1. Evaluation System and Error Indicators

It should be noted that the search objective function defined in Section 2.3 is only used
for screening candidate monitoring sections in the greedy search stage and is not used as a
unified evaluation criterion for the final reconstruction performance. The monitoring point
set P used in this chapter follows the optimal monitoring cross-section scheme determined
in Section 3.3. The virtual monitoring strain εobs is obtained by sampling the numerical
datum field at the corresponding monitoring position, and is used as a unified input for
the iFME reconstruction methods [37].

After the point layout plan is determined and the reconstruction calculation is com-
pleted, to objectively evaluate the final reconstruction quality, this paper adopts a regular
sampling strategy in the parameter domain. Specifically, Nx = 81 points are uniformly
taken in the axial direction (over the length L = 3000 mm), and Nθ = 72 points are uniformly
taken along the circumferential direction (every 5◦ over 0◦ to 360◦), yielding a total of
Nx × Nθ = 81 × 72 = 5832 evaluation points. Based on these sampling points, a result
evaluation index system is formed using the normalized root mean square error (NRMSE)
and the peak relative error (REPpeak). Differing from the search objective function in
Section 2.3.3, the indicators in this section are used in the post hoc inspection and method
comparison of the final reconstruction results [38].
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Suppose there are N evaluation nodes in total on the regular sampling grid, the
reference value at the i-th node is εref(xi, θi), and the reconstructed value is ε̂(xi, θi); then,
the NRMSE of this component is defined as:

NRMSE =

√
1
N ∑N

i=1
(
ε̂(xi, θi)− εref (xi, θi)

)2

max
(
εref

)
− min

(
εref

) (29)

Considering that the pipe surface strain field contains two components, axial strain
and circumferential strain, this paper calculates NRMSEx and NRMSEθ , respectively, and
further defines comprehensive indicators:

NRMSEcombo =

√
1
2
(NRMSE2

x + NRMSE2
θ), (30)

This index is used to measure the overall error level when two types of strain compo-
nents are reconstructed simultaneously.

It may be difficult to fully reflect the recovery quality of local extreme regions using
only the full-field mean square error. In order to supplement the evaluation of peak identi-
fication ability, this article further introduces the relative error of peak (REPpeak). Assume
that the reference peak and reconstructed peak are εpeak and ε̂peak, respectively; then,

REPpeak =

∣∣∣ε̂peak − εpeak

∣∣∣∣∣∣εpeak

∣∣∣ × 100%, (31)

εpeak and ε̂peak are the reference peak and reconstructed peak, respectively. Therefore,
this paper uses a two-layer index system of “full-field error + peak error” to conduct a
unified evaluation of the reconstruction results under different conditions.

4.2. Optimal Monitoring Cross-Section Layout

Based on the greedy search strategy proposed in Section 2.3, this paper further de-
termines the optimal monitoring cross-section layouts corresponding to the iFEM recon-
struction algorithm under different levels of monitoring resource allocation. The number of
monitoring sections is divided into four levels: B05, B07, B09 and B12. Since this article uses
the axial monitoring section as the point distribution unit, and each section is configured
with four fixed circumferential measuring points, the four budget levels correspond to
Ns = 5, 7, 9, and 12 monitoring sections, respectively, and the total number of monitoring
points is Np = 20, 28, 36, and 48, respectively.

Table 5 lists the optimal layout schemes of iFEM for different numbers of monitoring
sections, while Figure 7 shows the corresponding spatial distribution. As the number of
monitoring sections increases, the iFEM-optimized layouts obtained by the greedy search
exhibit a general trend of prioritizing coverage of key areas and gradually expanding to
the entire analysis domain.

Table 5. Monitoring Point Layout Plan and Parameter Configuration.

Scheme Total Points
(Np) Axial Coordinates x (mm)

B05iFEM 20 −1350, 900, 1100, 1200, 1350
B07iFEM 28 −1350, −1150, 700, 900, 1100, 1200, 1350
B09iFEM 36 −1350, −1250, −1150, −1000, 700, 900, 1100, 1200, 1350
B12iFEM 48 −1350, −1250, −1150, −1000, −250, 500, 700, 800, 900, 1100, 1200, 1350
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Figure 7. Optimal sensor layout and monitoring point quantities under iFEM reconstruction methods.

Specifically, at lower budget levels (B05, B07), iFEM tends to prioritize sections near
the pipe’s end boundaries and constraint-related areas; as the budget increases to B09
and B12, the selected sections gradually expand towards the mid-span area, while still
maintaining effective coverage of the boundary areas. This distribution pattern confirms
that the greedy search strategy yields optimal iFEM-specific monitoring layouts, which
exhibit a strong dependence on boundary information and significant spatial localization
rather than uniform distribution.

4.3. Comparison of Axial Strain Fields Under Typical Conditions

In order to intuitively compare the reconstruction capabilities of different reconstruc-
tion methods on the axial strain field and peak characteristics under sparse monitoring
conditions, this section selects the representative working case B09-case045 from the test set.
Figure 8 shows a comparison between the numerical reference field and the reconstruction
results of the interpolation method and iFEM.

Figure 8. Comparison of axial strain field distributions in the (x, θ) domain: (a) finite element (FE)
reference solution; (b) interpolation-based reconstruction; (c) iFEM-based reconstruction.
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As shown in Figure 8a, the numerical reference field forms a continuous positive strain
peak area in the middle–right area of the pipe section, and its circumferential center is
roughly located near θ = π.

As can be seen from Figure 8b, the interpolation method can identify the approximate
position of the main peak area, but there is obvious geometric distortion in the shape of
the peak area. The specific manifestation is that the high-value area is elongated along the
axial direction, shrinks along the circumferential direction, and presents a narrow strip
distribution, resulting in the width of the peak area being inconsistent with the numerical
reference field. At the same time, the transition area is compressed, indicating that this
method still shows a certain deviation in the recovery of local high-gradient areas.

In contrast, the iFEM reconstruction result shown in Figure 8c is also able to identify
the center position of the peak area and is closer to the reference field in terms of spatial en-
velope and gradient transition. Compared with the interpolation method, iFEM suppresses
the abnormal shrinkage of high-value areas to a certain extent, making the axial width and
overall shape of the peak area more consistent with the reference distribution, and thus
showing better morphological consistency and stability.

Therefore, we will focus on analyzing the reconstruction accuracy of the iFEM method
under different layout schemes.

4.4. Accuracy Analysis Under Various Layout Schemes

After completing a comparative analysis of typical working conditions, this section
further extends the evaluation scope to the complete test set, and systematically compares
the reconstruction error distributions of the iFEM under four point layout budgets (B05,
B07, B09, B12). Statistical indicators include NRMSEcombo, REPpeak, NRMSEx and NRMSEθ ,
as shown in Figure 9. To reduce the influence of single-case outliers, box plots are used
to display the error distribution, with the median representing the typical error level; the
error trend is analyzed together with the number of monitoring sections Ns. In each box
plot, the box boundaries denote the lower and upper quartiles (interquartile range, IQR),
the whiskers extend to the most extreme data points within 1.5 × IQR, and points beyond
the whiskers are considered outliers.

Based on the optimal monitoring section scheme obtained by the greedy algorithm, the
following characteristics are observed from the analysis of NRMSEcombo, REPpeak, NRMSEx

and NRMSEθobtained by iFEM reconstruction:

(1) Regarding overall accuracy and diminishing marginal returns, the average NRMSEcombo

lies between 0.030 and 0.035 across all budget levels (as shown in Figure 9a). As Ns

increases, the error decreases, with the most significant reduction occurring when
raising the budget from B05 (Ns = 5) to B07 (Ns = 7). Further increases to B09 and B12
yield only marginal gains, and the box-plot interquartile ranges (IQRs) of B07, B09 and
B12 overlap substantially, with medians remaining nearly constant, indicating that the
error difference beyond Ns ≥ 7 is not significant. The median trend line connected
across budgets confirms a steep drop from B05 to B07 followed by a plateau.

(2) Concerning peak strain reconstruction accuracy and stability, Figure 9b presents the
boxplot distribution of REPpeak under different monitoring budgets. The overall mean
REPpeak of iFEM is relatively large (typical value below 0.4). For Ns = 5, the REPpeak

ranges from 0.1 to 0.9, indicating considerable dispersion. When Ns ≥ 7, the IQR
becomes much shorter, the dispersion decreases significantly, and the data concentrate
around the median, showing that model stability improves and REPpeak becomes
insensitive to further budget increases.

https://doi.org/10.3390/infrastructures11050160

https://doi.org/10.3390/infrastructures11050160


Infrastructures 2026, 11, 160 18 of 22

(3) In terms of axial strain reconstruction (Figure 9c,d), the average NRMSEx ranges from
0.010 to 0.020, while the average NRMSEθlies between 0.040 and 0.050. The axial
strain error is significantly lower than the circumferential error.

Figure 9. Full-field composite reconstruction error distribution under different monitoring budgets:
(a) NRMSEcombo; (b) REPpeak; (c) axial strain error NRMSEx; (d) circumferential strain error NRMSEθ.

In summary, the greedy-optimized iFEM framework achieves high-accuracy full-field
strain reconstruction even under sparse budgets (e.g., B05). No outliers (points beyond
1.5 × IQR) are observed in any of the box plots, confirming the numerical robustness of
the iFEM reconstruction. Although the peak relative error is relatively large at very low
budgets (B05), it stabilizes quickly once Ns ≥ 7. Axial strain reconstruction is markedly
superior to circumferential strain reconstruction. The method is well-suited for monitoring
subsea suspended pipelines where axial loads dominate.

4.5. Discussion

The optimal monitoring-section layouts obtained via the greedy algorithm (Table 5)
reveal that iFEM prioritizes boundary and constraint regions under low budgets (B05, B07)
and progressively expands toward the mid-span as the budget increases. This boundary-
dependent behavior is consistent with previous iFEM studies on pipelines, demonstrating
that different sensor layouts can lead to substantially different reconstruction accuracies [26].
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Such sensitivity underscores the necessity of optimizing the spatial configuration of moni-
toring sections for iFEM-based reconstruction.

The reconstruction accuracy exhibits a clear pattern of diminishing marginal returns.
The most substantial error reduction occurs when the budget increases from B05 to B07,
whereas further increments to B09 and B12 yield only marginal gains. From an engineer-
ing perspective, deploying more than nine monitoring sections (B09) provides negligible
improvement; thus, the budget range B07–B09 represents the optimal trade-off between
reconstruction fidelity and deployment cost. This pattern aligns with the submodularity
principle commonly encountered in sensor placement problems, wherein each additional
sensor contributes less to performance enhancement than its predecessor, and a greedy
algorithm is known to be near-optimal for monotone submodular objective functions [32].
Although a formal proof of submodularity for the specific set function J(S) remains beyond
the scope of the present work, the empirically observed diminishing returns provide a
practical justification for the adopted greedy search strategy.

The axial strain error is significantly lower than the circumferential error, a finding
attributable to the dominant bending load pattern in the considered scenarios, where
the pipeline response is primarily governed by axial strains. A similar trend has been
documented in recent iFEM studies [24], suggesting that when monitoring resources
are limited, prioritizing axial strain measurements can enhance overall reconstruction
fidelity—a practical guideline for the field deployment of sparse sensor networks.

Compared to GA- or PSO-based sensor placement methods [27,28], the proposed
greedy optimization framework offers a distinct computational advantage: it eliminates
the need for algorithm-specific parameter tuning (e.g., population size in GA, inertia
weight in PSO) and sequentially selects monitoring sections based solely on the marginal
benefit ∆k = J(Sk−1)− J(Sk). The empirically observed submodularity of J(S) naturally
justifies the greedy strategy, which is known to be near-optimal for monotone submodular
functions [32]. Consequently, the proposed framework is deterministic, reproducible, and
well-suited for engineering applications that demand transparency and simplicity.

5. Conclusions
This paper addresses the problem of sparse strain monitoring for subsea suspended

pipelines by proposing a greedy search strategy to obtain the optimal monitoring cross-
sections. This approach not only greatly improves computational efficiency but also
enhances the reconstruction accuracy of the iFEM strain field. The results show that iFEM
tends to prioritize coverage of boundary- and constraint-related regions when selecting
monitoring sections.

Under the greedy-optimized iFEM framework, the reconstruction accuracy at different
budget levels is quantitatively characterized as follows: the average comprehensive error
NRMSEcombo lies between 0.030 and 0.035 for all budgets. The average axial strain error
NRMSEx is significantly lower than the average circumferential strain error NRMSEθ . In
terms of peak strain reconstruction, the peak relative error (REPpeak) stabilizes quickly
once the number of monitoring sections reaches seven (B07). Overall, as the number of
monitoring sections increases from B05 to B12, the improvement in reconstruction accuracy
exhibits a clear diminishing-return trend: the most significant gain occurs when increasing
from B05 to B07, while further increases to B09 and B12 bring only marginal benefits. Under
the model and case library considered in this paper, the budget range B07–B09 represents a
favorable balance between reconstruction accuracy and deployment cost.

Therefore, the proposed greedy-optimized iFEM framework provides a computable
and reproducible implementation for full-field strain reconstruction under sparse strain
monitoring conditions for subsea suspended pipelines, and offers a generalizable analytical
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framework for monitoring layout design under constraints on the number of monitoring
sections. However, numerical simulations do not account for real ocean environmental
complexities (e.g., random wave loading, soil–pipe interaction) and the reconstruction
accuracy may be lower for pre-existing local buckling in pipelines. The framework can be
extended to other cylindrical shells (e.g., risers, cables) by regenerating the training case
library and recalibrating the hyperparameters.

In practical engineering applications, further consideration is needed for uncertain
factors such as the long-term stability of fiber optic sensors in seawater, coupling efficiency,
and data acquisition reliability, as well as the sensitivity and robustness of iFEM parameter
selection and reconstruction results to external disturbances. In the future, we will perform
engineering verification using sensor monitoring data from actual sea trials or experimental
tests, and systematically compare other optimization algorithms (e.g., GA, PSO) and
reconstruction methods (e.g., interpolation) to develop a hybrid optimization framework
for improved monitoring layout design.
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