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Editorial

Editorial for the Special Issue on Civil Structural Health
Monitoring: Techniques, Systems and Applications

Fei Kang 1,* and Yonglong Li 2,*

1 School of Infrastructure Engineering, Dalian University of Technology, Dalian 116024, China
2 Sichuan Energy Internet Research Institute, Tsinghua University, Chengdu 610213, China
* Correspondence: kangfei@dlut.edu.cn (F.K.); liyonglong@hotmail.com (Y.L.)

1. Introduction

Civil structures and infrastructure, including bridges, high-rise buildings, towers,
dams, and tunnels, form the backbone of modern economies. Their long-term operational
safety is vital to socioeconomic stability and the protection of public life and property [1–3].
As engineering projects grow in scale and complexity, structural deterioration due to
material aging, environmental corrosion and extreme load conditions has emerged as a
major threat to infrastructure safety and functionality [4–6]. In the era of smart technology,
enabling intelligent diagnosis and prognosis of structural health throughout the entire
lifecycle has become an urgent priority.

Recent advances in monitoring systems, sensor technologies, and artificial intelli-
gence have promoted the integration of multi-source data and the adoption of intelligent
algorithms, positioning structural health monitoring (SHM) at the forefront of address-
ing these challenges [7–9]. By synthesizing advanced sensing, numerical simulation, and
machine learning, SHM systems establish an intelligent feedback loop of sensing–diagnosis–
prediction, substantially improving monitoring efficacy and proactive maintenance.

This Special Issue is dedicated to presenting the latest research progress in civil struc-
tural health monitoring, encompassing areas such as damage detection, data processing
algorithms, modeling and simulation, sensor development, and experimental validation.

2. Summary of the Special Issue Contents

The evolving discipline of civil structural health monitoring (SHM) lies at the intersec-
tion of sensor technology, data science, and civil engineering, aiming to ensure the safety,
durability, and intelligent management of infrastructure. This Special Issue, entitled “Civil
Structural Health Monitoring: Techniques, Systems and Applications,” presents a curated
collection of nine innovative studies that showcase the breadth and depth of contemporary
SHM research. The contributions highlight sophisticated methodologies—ranging from
signal processing and unmanned systems to artificial intelligence and physics-informed
inverse analysis—applied to a diverse set of critical structures, including bridges, dams,
and tunnels. Nine papers were ultimately included in this issue.

2.1. Bridge Infrastructure Monitoring: From Load Separation to Model Updating

The Special Issue begins with two advanced studies focused on bridges. In the first
study, the complex challenge of monitoring long-span railway cable-stayed bridges is
addressed. These bridges are subject to significant and overlapping load effects from
trains and environmental temperature. A novel framework is proposed by employing
an adaptive filtering method to meticulously separate these two response components
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from continuous health monitoring data. Subsequently, the authors introduce dedicated
analysis methods: a train load effect assessment based on influence lines and a temper-
ature effect evaluation using correlation analysis. The application of this method to the
Chongqing Nanjimen Railway Track Bridge demonstrates its effectiveness in providing an
objective, real-time operational assessment, proving its utility for managing high-demand
transport infrastructure.

Complementing this, the work by Hekič et al. explores the critical task of finite element
model updating for an existing concrete roadway bridge. Utilizing long-term data from
a Bridge Weigh-in-Motion system, the authors derive strain influence lines (ILs) induced
by calibration vehicles. They then apply the Error-Domain Model Falsification methodol-
ogy to update the bridge’s numerical model based on these ILs, a method they compare
against traditional frequency-based updating approaches. Their results are compelling: the
IL-updated model shows excellent agreement (within 5%) with independently measured
displacements, significantly outperforming conventional methods. This research under-
scores the high fidelity of traffic-load-response-based model updating for accurate digital
twinning and long-term structural assessment.

2.2. Thermal Behavior and Inversion Analysis in Concrete Structures

Understanding thermal effects is paramount for concrete structures. The third study
delves into the intricacies of the three-dimensional temperature field within box girders.
Their study develops a comprehensive computational method that integrates key boundary
conditions, including solar radiation, shading, and convective heat transfer. By analyzing
the influence of parameters like atmospheric transparency and concrete’s short-wave
absorptivity, the research provides valuable guidelines for thermal design and material
selection, ultimately aiming to mitigate detrimental thermal stresses.

Expanding on parameter identification, the fourth study tackles the inverse analysis
of thermal parameters for mass concrete in arch dams. Recognizing the gap between
laboratory-tested parameters and actual field conditions, the authors employ the novel
Walrus Optimization Algorithm to inversely determine key parameters from measured
temperature data. The algorithm’s robustness is first validated against classical test func-
tions and then successfully applied to a real arch dam case on the Jinsha River. This
approach enhances the accuracy of thermal stress simulations during construction, offering
a powerful tool for lifecycle management of massive concrete structures.

2.3. Dam Safety: From Surface Inspection to Foundation Degradation

Monitoring dam safety leverages both surface inspection and internal condition as-
sessment. The next paper presents an integrated UAV-based system for small reservoir
dams. The methodology combines Structure from Motion (SfM) for accurate georeferencing
without ground control points, an improved YOLOv8 network for detecting small targets
like pedestrians, and thermal imaging for seepage identification. This routine surveillance
strategy exemplifies how automated, non-contact measurement can enhance operational
safety and maintenance efficiency for distributed water-retaining structures.

Beneath the surface, the long-term behavior of dam foundations is critical. The sixth
paper introduces a dynamic inversion method for concrete gravity dams on soft-rock
foundations. Moving beyond static analysis, their improved Particle Swarm Optimization
algorithm incorporates time-series monitoring data to inversely identify the deteriorating
elastic modulus of the foundation rock. The study reveals a clear exponential decay trend
in foundation stiffness over time, a factor crucial for accurate displacement prediction and
long-term safety evaluation, thus informing proactive maintenance strategies.

https://doi.org/10.3390/app160523632
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2.4. Tunnel and Underwater Structural Assessment

The Special Issue also covers the inspection of enclosed and submerged structures.
Cracking mechanisms in diversion tunnel linings are investigated by using robotic 3D laser
scanning. By analyzing defect distribution patterns and employing finite element analysis
to simulate crack propagation under water pressure, the study identifies high-risk zones
(e.g., the vault area) and quantifies stress increases due to cracking. These findings provide a
scientific basis for targeted inspection and reinforcement in underground hydraulic tunnels.

Inspecting structures underwater presents unique challenges. The eighth paper pro-
poses the Edge-Enhanced Underwater CrackNet (E2UCN), a dual-stage deep learning
framework for crack detection on submerged dam surfaces. The method first employs
a specially tailored Cycle-GAN to enhance underwater images with a focus on preserv-
ing crack edges and textures, overcoming the issues of low contrast and distortion. A
subsequent YOLOv11 detector then achieves remarkably high precision in crack identifi-
cation. This research offers a practical technological solution for intelligent inspection in
deep-water environments.

Supporting such underwater vision tasks, the next study addresses the fundamental
problem of image quality with “MambaUSR,” a novel super-resolution network. By
integrating a Vision State-Space Model (Mamba) with frequency-domain processing via
a Fast Fourier Transform-based module, the method effectively restores global structure
and recovers fine details in degraded underwater images, thereby providing higher-quality
input data for any subsequent visual inspection or detection algorithm.

3. Conclusions

The papers in this Special Issue reflect a paradigm shift towards intelligent, inte-
grated, and data-centric SHM systems. They demonstrate successful synergies between
advanced sensing platforms (UAVs, ROVs, laser scanners, and dense sensor networks) and
cutting-edge computational techniques (adaptive filtering, computer vision, metaheuristic
optimization, and state-space models). Each contribution not only presents a methodologi-
cal innovation but also validates it through rigorous application to real-world structures,
bridging the gap between research and practice. We believe this collection will serve as a
valuable resource for researchers, engineers, and asset managers, offering both innovative
tools and profound insights for the next generation of civil structural health monitoring.
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Abstract: This study proposes a UAV-based remote measurement method for accurately locating
pedestrians and other small targets within small reservoir dams. To address the imprecise coordinate
information in reservoir areas after prolonged operations, a transformation method for converting
UAV coordinates into the local coordinate system without relying on preset parameters is introduced,
accomplished by integrating the Structure from Motion (SfM) algorithm to calculate the transfor-
mation parameters. An improved YOLOv8 network is introduced for the high-precision detection
of small pedestrian targets, complemented by a laser rangefinder to facilitate accurate 3D locating
of targets from varying postures and positions. Furthermore, the integration of a thermal infrared
camera facilitates the detection and localization of potential seepage. The experimental validation
and application across two real small reservoir dams confirm the accuracy and applicability of the
proposed approach, demonstrating the efficiency of the proposed routine UAV surveillance strategy
and proving its potential to establish electronic fences and enhance maintenance operations.

Keywords: computer vision; noncontact measurement; small reservoir dam; unmanned aerial vehicle;
structural health monitoring; deep learning

1. Introduction

Reservoirs and dams are essential infrastructures for flood protection, water supply
storage and distribution, energy generation, and other purposes. Small reservoir dams
have consistently represented a substantial portion of hydraulic infrastructures given their
construction cost advantages, applicability to certain locations, and convenient access due
to proximity [1]. During long-term operation, the safety of the dam is often affected by
several factors, such as structural aging and loading [2]. To monitor dam health and plan
operational responses accurately, many researchers have conducted numerical simulations
or model experiments for dam maintenance analysis [3,4]. However, these methods mainly
focus on large hydraulic facilities, and, considering the cost constraints and efficiency, small
reservoir dams have received limited attention [5]. Due to the lack of sufficient automated
monitoring systems or inspection personnel, numerous small reservoir dams are often
considered vulnerable structures in flood defense systems.

The safety of pedestrians in the reservoir dam area is a focal point for managers [6].
However, unlike conventional damage, pedestrians exhibit both spatiotemporal random-
ness and mobility. Furthermore, in contrast to large-scale hydraulic structures, small

Appl. Sci. 2024, 14, 9156. https://doi.org/10.3390/app14209156 https://www.mdpi.com/journal/applsci21
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reservoir dams often serve as thoroughfares, leading to frequent appearances or crossings
by pedestrians. During routine inspections, it is essential to promptly detect and locate
pedestrians, issuing timely warnings when they venture into areas outside the designated
pathways. In the event of changes in water levels, the prompt determination of pedestrian
presence in areas like river channels becomes imperative. Identifying areas with frequent
pedestrian activity allows management to implement targeted measures. Although de-
ploying an extensive array of cameras could accomplish these objectives, the associated
construction and maintenance costs are impractical for small reservoir dams. Therefore,
efficiently achieving accurate pedestrian detection and three-dimensional (3D) positioning
is a crucial measure for ensuring the safety of individuals in reservoir areas. Seepage has a
significant impact on the structural safety of small reservoirs, primarily those composed
of earth–rock dams [7]. Due to the concealed and spatiotemporal randomness of seepage,
the conventional methods struggle to identify it. Recently, several contact measurement
methods have been adopted to explore the internal features, including ground-penetrating
radar [8], electrical resistivity measurement [9], and other sensing techniques [10]. How-
ever, for small reservoir dams, the cost of detection is a significant consideration. More
importantly, rapidly and accurately pinpointing the location of leaks in the dam is also
challenging. Consequently, an efficient and cost-effective method is needed to address both
seepage and pedestrian detection and localization in small reservoir dams.

Recently, computer vision has been recognized as an important method for structural
health monitoring, and, with the development of both aerial and terrestrial vehicles to
carry the requisite instruments and sensors, computer vision has been widely applied in
the fields of damage detection and noncontact measurements [11–13]. Jiang used a single
panoramic camera to measure full-field structural deformation and accurately calculate the
displacement of specified nodes, proving the practicality of computer vision in noncon-
tact measurements [14]. Xu proposed a visualization method for simulating the seismic
dynamic responses of buildings based on aerial photography, and the resulting realistic
visualization results provide a basis for decision making during sudden disasters [15].

To obtain images more flexibly and comprehensively, unmanned aerial vehicles
(UAVs) are widely adopted and integrated with positioning systems to monitor struc-
tural health [16,17]. Narazaki applied a comprehensive inspection method to automatically
recognize and localize critical structural components, and the results confirmed the sig-
nificant potential of image processing methods for efficient post-earthquake structural
inspection [18]. Xu proposed a 3D reconstruction method for bridge geometry measure-
ments based on UAV images that improved the computational efficiency without reducing
the accuracy [19]. For construction safety, Chen presented a homography-based method
for measuring the vibration of a bridge model, and the effectiveness was validated against
the fixed-camera-based method [20]. In addition to visible light, infrared thermography
can also enable the detection of temperature fields. Zhou combined passive infrared ther-
mography and deep learning to identify embankment leakages automatically; the results
indicated the practicality and flexibility of UAVs for seepage detection [21]. Qin conducted
research on urban evapotranspiration using UAVs, demonstrating the potential of UAVs for
urban environmental planning applications [22]. Zhong also used UAVs to analyze urban
temperatures at the microscale and proposed a method for analyzing the spatial variations
in urban thermal environments [23]. These studies demonstrate the valuable utility of
UAVs in facilitating high-precision noncontact measurements, and the introduction of 3D
reconstruction methods enables damage localization and change detection [24–26].

A key challenge for UAV-photogrammetry-based structural health monitoring in-
volves the accurate estimation of the relative pose and position between the image and
the target, such as the registration from a 2D image to 3D coordinates [27–29]. Chen fine-
tuned the rough pose estimated by photogrammetry and solved the challenging indoor
localization problem [30]. Tan presented a simplified coordinate transformation method
to transform damage positions in the real world to coordinates in a building information
modeling (BIM) model, enabling an efficient method for detecting and locating struc-
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tural damage in high buildings [31]. Ren proposed a method to reduce the systematic
errors in the vertical axis direction of the 3D reconstruction results based on GPS data [32].
Coordinate transformation is a crucial technique for achieving target localization and
measurements. Lasers are often incorporated into noncontact measurement methods and
introduce another dimensional constraint [33–35]. Zhuge developed a method for pre-
cisely measuring bridge deflection with a laser combined with a UAV [36]. Xu combined
laser scanning data to monitor the dimensional accuracy of prefabricated components
and enhance the quality management efficiency [37]. In summary, compared with the
traditional methods, UAVs equipped with different measurement and sensing devices can
efficiently detect and accurately locate multiple types of targets in a noncontact manner.
The flexibility and efficiency of UAVs integrated with sensors have been demonstrated in
various applications, and they can provide rapid and automated structural assessment as
well as route planning in advance [11].

Small reservoir dams possess distinct characteristics. Due to inadequate recognition
of the emphasis and limited financial resources, they often lack automated monitoring
systems, necessitating UAVs as a supplementary measure. However, the absence of control
points and terrain deformation complicate the establishment of a correspondence between
UAV positions and the coordinates of small reservoir dams. Consequently, this limitation
obstructs the precise 3D localization of observed entities such as pedestrians, which is
elaborated upon subsequently:

1. UAVs typically rely on the World Geodetic System-1984 (WGS-84) coordinate system,
which uses longitude (L), latitude (B), and altitude (H). This coordinate system is not
commonly utilized in dam construction. While conversion parameters are publicly
available, within the scope of small reservoirs, the transformation precision may be
insufficient for precise positioning.

2. Coordinate transformations typically require simultaneous measurements of the
coordinates in both coordinate systems for multiple control points. However, the
control points for small reservoir dams that have been in operation for many years
may not have been adequately preserved, making it difficult to accurately determine
their positions in the dam coordinate system.

3. Both the pedestrian and seepage locations in small reservoirs are highly random,
requiring methods capable of accurately determining the 3D positions of targets from
2D images photographed in arbitrary positions and angles, as shown in Figure 1.

Figure 1. Target 3D localization challenges with UAV inspection.
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Moreover, the accurate identification of pedestrians is crucial during UAV inspections,
but the small pixel size of pedestrians can lead to poor accuracy using the conventional
detection algorithms. Therefore, achieving rapid target localization in the dam coordinate
system and accurate pedestrian detection need to be guaranteed during UAV inspection.

This study introduces an effective method for coordinate transformation and non-
contact measurement to detect and localize pedestrian targets. UAV coordinates are de-
composed into planar coordinates projected onto the Gauss–Krüger plane and altitude
coordinates. By incorporating ground control points (GCPs) to establish a local coordinate
system, a correspondence between the UAV coordinates and local dam coordinates is
proposed using the Structure from Motion (SfM) algorithm. Subsequently, a combination of
a four-parameter model and the altitude fitting method is introduced, establishing a rapid
and accurate approach for coordinate transformation. Integrated with laser rangefinder
measurements, this methodology enables the 3D localization of targets regardless of the
photographing position and posture. To enhance pedestrian detection accuracy, an im-
proved YOLOv8 network incorporating attention modules is introduced, bolstering the
feature extraction capability for small targets. The precision of the proposed method is
validated by applying it to two existing earth–rock dams. By comparing the 3D point
cloud generated after the coordinate transformation with the laser scanning results, it
accurately identified and positioned various seepage locations and pedestrians. The results
of this study provide both the theoretical and technical frameworks required for the routine
inspection of small reservoir dams using UAV photogrammetry.

The remainder of this paper is organized as follows. Section 2 describes the theory
and method of coordinate transformation. Section 3 discusses the coordinate calculation
method based on the SfM algorithm and the detection method for pedestrians and dam
seepages. The experimental results and application case studies are analyzed in Section 4.
Finally, the conclusions are presented in Section 5.

2. 3D Localization of UAV Targets in the Dam Local Coordinate System

The objective of UAV inspection is to identify and locate different objects, thereby
determining the structural locations of these objects based on the coordinate system of the
dam. Therefore, an efficient and convenient coordinate transformation and positioning
method suitable for small reservoir dams must be developed.

2.1. Coordinate Transformation Methods

Since UAVs use WGS-84 coordinate system while local coordinate system or spatial
Cartesian coordinate system is often employed during dam construction, coordinate trans-
formation methods are required to convert between different coordinate
systems [38,39]. As shown in Figure 2, WGS-84 coordinate system can be transformed into
the spatial Cartesian coordinate system through the seven-parameter method expressed in
Equation (1), which is generally employed when the conversion range is large. The UAV
coordinate system can then be projected onto the dam planar coordinate system using the
reference parameters, as shown in Figure 3a.

Pj = (1 + m1)

⎡
⎣ 1 −κ −ϕ

κ 1 −ω
ϕ ω 1

⎤
⎦Pi +

⎡
⎣ ΔX

ΔY
ΔZ

⎤
⎦ (1)

where Pi (Xi, Yi, Z) and Pj (Xj, Yj, Zj) are the 3D coordinate points matched in the two
coordinate systems; m1 indicates a scale factor; (ω, ϕ, κ) and (ΔX, ΔY, ΔZ) represent three
Euler angle rotation parameters and three translation parameters, respectively. It can be
observed that a minimum of three high-precision control points with two sets of coordinates
are required for computation when employing the seven-parameter method. Furthermore,
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when calculating plane and altitude conversions separately, the four-parameter method
can be adopted, as depicted in Figure 3b and described as

pj = (1 + m2)

[
cos θ − sin θ
sin θ cos θ

]
pi +

[
Δx
Δy

]
(2)

where pi (xi, yi) and pj (xj, yj) represent the planar coordinate points; m2 also indicates
a scale factor; θ denotes the rotation angle of the coordinate axis. Meanwhile, altitude
hj and hi can be transformed based on the altitude anomaly Δh, as shown in Figure 3c
and expressed as

hj = hi − Δh. (3)

Figure 2. Conventional coordinate transformation process between UAV and dam coordinate sys-
tems.

(a) (b) (c)

Figure 3. Geometric models for coordinate transformation in different dimensions. (a) Seven-
parameter model. (b) Four-parameter model. (c) Altitude conversion.

The altitude anomaly Δh is a variable that varies from one geographic location to
another due to the non-uniform nature of Earth’s surface. Then, coordinate transforma-
tion can be achieved when there are a sufficient number of control points with precision
coordinates in both coordinate systems.

However, despite the efficiency of the seven-parameter method in achieving coordinate
transformation, it presents challenges when the center of the local coordinate system is
established at the dam crest, which is significantly distant from the center of the reference
ellipsoid. In such scenarios, the rotation (ω, ϕ, κ) and translation (ΔX, ΔY, ΔZ) parameters
tend to become relatively large when using the seven-parameter method. This can lead to a
singularity in the coefficient matrix when attempting to solve for these parameters using the
least-squares method, resulting in suboptimal and biased solutions, along with substantial
errors post-conversion [40]. Simultaneously, in the conventional altitude transformation
method, there is a reliance on altitude anomaly Δh. However, as the planar position
undergoes changes, the height difference between the reference ellipsoid and the geoid also
varies. This renders the fixed altitude anomaly Δh inadequate for accurately representing
altitude transformation in the reservoir area. Hence, it becomes imperative to explore
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coordinate transformation methods and frameworks tailored to the distinctive environment
of small reservoir dams.

2.2. SfM-Based UAV to Dam Coordinate Registration

While UAVs are equipped with positioning capabilities, the absence of a sufficient
number of high-precision control points results in the lack of a reference for conventional
coordinate transformation methods. The SfM algorithm can calculate the spatial relation-
ship between a UAV and target points through multiple images in a noncontact manner,
thereby generating a 3D point cloud or a real scene model [18,41]. The coordinates of a
point P (X, Y, Z) in space can be calculated by multiple cameras using the principle of
triangulation:

sn

⎡
⎣ un

vn
1

⎤
⎦ = K3×4[R|t]4×4

⎡
⎢⎢⎣

X
Y
Z
1

⎤
⎥⎥⎦

84

(4)

where un (un, vn) is the projection of point P in image n; K and [R|t] are the intrinsic matrix
and extrinsic matrix, respectively; and sn is a scale factor. To calculate the relationship
between images, the pixel points un should be constrained by the fundamental matrix F

with un
T F un−1 = 0 according to the epipolar constraint, and further decomposed into un

T

K−T E K−1 un−1 = 0 to resolve the essential matrix E when K is known. Finally, bundle
adjustment is employed to optimize the camera parameters and positions by minimizing
the reprojection error [42]:

g(C, X) =
all

∑
n=1

all

∑
m=1

ωnm‖unm − project(Cn, Pm)‖2 (5)

where ||unm-project(Cn, Pm)|| represents the difference between the pixel point m from
image n and the projection position of space point P, Cn includes several parameters;
ωnm = 1 indicates the point is observed. With a sufficient number of images captured by a
UAV, the 3D coordinates of the target point can be calculated.

However, the 3D points generated by the SfM algorithm have no corresponding
spatial relationship with respect to the location of the small reservoir dam, and the lack of a
sufficient number of high-precision control points hinders the application of traditional
coordinate transformation methods [33], as shown in Figure 4a. This paper introduces the
ground control points (GCPs) associated with dam local coordinate system to establish
the foundation for transformation. GCPs are usually measured by a total station or other
equipment to obtain the 3D coordinates in a specific coordinate system. Corresponding to
each UAV image capturing a GCP with location (XUAV , YUAV , ZUAV), the projection point
(u, v) and GCP position (XGCP, YGCP, ZGCP) are on a single line and expressed as

⎧⎪⎪⎨
⎪⎪⎩

u − u0 + ku = − f
a1(XGCP − XUAV) + b1(YGCP − YUAV) + c1(ZGCP − ZUAV)

a2(XGCP − XUAV) + b2(YGCP − YUAV) + c2(ZGCP − ZUAV)
= − f X

Z

v − v0 + kv = − f
a3(XGCP − XUAV) + b3(YGCP − YUAV) + c3(ZGCP − ZUAV)

a2(XGCP − XUAV) + b2(YGCP − YUAV) + c2(ZGCP − ZUAV)
= − f Y

Z

(6)

where (u0, v0) is the center point of image; (ku, kv) denotes the correction values for system

errors such as distortion; f represents focal length; and R =

⎡
⎣ a1 a2 a3

b1 b2 b3
c1 c2 c3

⎤
⎦ is the direction

cosine for the three external orientation angles (ω, ϕ, κ). Meanwhile, given the offset
between the camera photographic center and the GPS position, there exists a displacement
described as Δt = [ΔX, ΔY, ΔZ]T , as shown in Figure 4b. When using UAVs to capture
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several GCPs, the internal and external parameters can be calculated based on the SfM
algorithm, and Equation (6) simplifies to

⎧⎪⎪⎨
⎪⎪⎩

u = (u0 − f
X
Z

− ku) + DX

v = (v0 − f
Y
Z
− kv) + DY

(7)

where DX and DY are the correction factors for the true values during iterative process.
Therefore, the first-order term resulting from the Taylor series expansion of Equation (7) is
expressed as

[
u
v

]
=

⎡
⎢⎢⎣

∂u
∂XUAV

∂u
∂YUAV

∂u
∂ZUAV

∂u
∂ω

∂u
∂ϕ

∂u
∂κ

∂v
∂XUAV

∂v
∂YUAV

∂v
∂ZUAV

∂v
∂ω

∂v
∂ϕ

∂v
∂κ

⎤
⎥⎥⎦

⎡
⎢⎢⎢⎢⎢⎢⎣

ΔX
ΔY
ΔZ
Δω
Δϕ
Δκ

⎤
⎥⎥⎥⎥⎥⎥⎦
−

⎡
⎢⎢⎣

u0 − f
X
Z

− ku

v0 − f
Y
Z
− kv

⎤
⎥⎥⎦. (8)

(a) (b)

Figure 4. The registration process between UAV and dam coordinates based on the SfM algorithm.
(a) UAV image-based SfM processes without GCPs. (b) UAV coordinates transformed to local
coordinate system.

For a massive collection of UAV images, the average of the correction factors can serve
as a representative value for the discrepancy between the computed external orientation
elements using GCPs and the UAV GPS data. Thus, multiple sets of coordinates (B, L,
H) from the UAV internal positioning system can be matched with their corresponding
coordinates (X, Y, Z) within the local coordinate system of the small reservoir dam, which
provides precise and low-cost spatial referencing.

The correspondence between UAV coordinates and small reservoir dam coordinates
can be established by deploying GCPs and utilizing SfM algorithms. Two transforma-
tion modes can be considered, including GCP-coordinate-based transformation and UAV-
coordinate-based transformation. The GCP-coordinate-based transformation is based on
the coordinates of GCPs in both systems. However, GCPs are typically placed at the dam
crest, leading to minimal vertical changes, and the GCP-coordinate-based approach might
become trapped in a local optimum for vertical transformations, which could result in an
increase in overall errors, as shown in Figure 5. Consequently, for a comprehensive coordi-
nate transformation, this paper adopts the UAV-coordinate-based method, which involves
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the transformation of the UAV coordinate system at various altitudes and positions into
the local coordinate system.

After applying the SfM algorithm, corrections were made to the UAV parameters,
and multiple control points with coordinates in two coordinate systems were established.
This process laid the foundation for proposing the coordinate transformation method in
the subsequent steps.

Figure 5. Altitude conversion methods and corresponding error trends.

2.3. Proposed UAV Inspection and Localization Framework

In the distinctive environment of small reservoir dams, precise locating of targets
on the surface is paramount based on UAV coordinates and collected data. This section
introduces a framework for high-precision noncontact measurement of targets, combining
established coordinate transformation formulas with the previously identified challenges.

2.3.1. Projection from WGS-84 to Plan Coordinate

B and L represent spatial positions on the surface of a three-degree sphere and are
measured in degrees, in contrast to the typical linear units commonly employed in the local
coordinate system. The process of projection onto a plane is introduced to determine the
relationship between the UAV system and the local reference [39]. The Gauss–Kruger projec-
tion method is widely adopted in topographic surveys given its minimal distortion in terms
of length and area. Hence, this study employs the Gauss–Kruger method to project (B0, L0)
of the UAV into a planar Cartesian coordinate system (xproj, yproj) before transformation:

[
xproj
yproj

]
= fproj(N, e)

[
B0
L0

]
(9)

where N is the radius of the Meridian circle and e is the first eccentricity of the reference ellip-
soid. The process is shown in Figure 6b. By using the projection method, the 3D coordinates
can be separated into both plane and elevation components. This alignment corresponds to
the GCP coordinates measured using a total station on the small reservoir dam.
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Figure 6. The process of transforming UAV WGS-84 coordinates to dam local coordinates. (a) WGS-
84 coordinate system. (b) Projection to plane. (c) Convert to local. (d) Altitude transformation.
(e) Altitude adjustment. (f) UAV transformation coordinates.

2.3.2. Transforming UAV Coordinate to Dam Coordinate

After projection conversion, coordinate registration can be achieved by including the
UAV altitude information, as described in Section 2.2. Considering image distortion and
other influences, based on the four-parameter model in Equation (3), the scale factor m2 is
revised by applying mx and my separately in different directions [31], and the transforma-
tion parameters are calculated based on coordinates in both coordinate systems, as shown
in Figure 6c:

[
xUAV
yUAV

]
=

[
1 + mx 0

0 1 + my

][
cos θ − sin θ
sin θ cos θ

][
xproj
yproj

]
+

[
Δx
Δy

]
. (10)

The altitude anomaly mainly consists of two parts: the elevation difference between
the geoid height used by the UAV and the normal height and the height difference between
the reference surface of the dam local coordinate system and the normal height reference
surface. However, considering the influence of the gravity field, the altitude difference
between the reference ellipsoid and the geoid varies with the topography, which can have
a minor impact on the altitude conversion. Additionally, since GCPs have relatively small
changes in the vertical direction, some parameters are required to correct the converted
altitudes. Therefore, as shown in Figure 6e, for small reservoir dams, the altitude fitting
method is introduced to perform polynomial fitting for the altitude anomaly Δh [43,44],
and Equation (3) can be expanded as

zUAV(H, x, y) = H + α0 + α1x + α2y + α3xy + α4x2 + α5y2 (11)

where α0∼α5 are the conversion fitting coefficients from WGS-84 altitude H to local altitude
ZUAV in the small reservoir dam area. Finally, through the modified four-parameter
method and the altitude fitting method, the transformation from UAV WGS-84 to dam
local coordinate system can be achieved as shown in Figure 6f. The developed method
establishes the correspondence between the UAV and the dam structural position in space,
enabling target localization.
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2.3.3. Target 3D Localization

After obtaining the coordinates of the UAV in the dam local coordinate system, the po-
sition of specific targets within the small reservoir dam can be determined. However,
during routine inspections, it is difficult for UAVs to maintain a strictly vertical orientation
relative to the target plane, and a spatial angle between UAV and the target is introduced.
Furthermore, the target 3D spatial position cannot be solely determined based on 2D projec-
tion coordinates (u, v) [27,45,46]. To address this complexity, the use of a laser rangefinder
is introduced in this study, adding an additional constraint that establishes the connection
between the UAV optical center and a pixel point on the image. The position of target point
(xtar, ytar, ztar) can be calculated as

⎡
⎣ xtar

ytar
ztar

⎤
⎦ =

⎡
⎣ xUAV

yUAV
zUAV

⎤
⎦+ d

⎡
⎣ − sin β cos γ

cos β cos γ
− sin γ

⎤
⎦ (12)

where d refers to the measurement distance of the laser rangefinder; β and γ are the
capturing angles, as shown in Figure 7. Meanwhile, as UAV inspections often involve
vertical photography, a single capture combined with distance measurements can determine
the 3D positions of any pixel point (ui, vi) within the dam coordinate system. This approach
is particularly advantageous for flat areas such as the dam crest, and the pixel point position
can be expressed as

[
xtar−i
ytar−i

]
=

dλ

f

[
(ui − u0)× sin ψ
(vi − v0)× cos ψ

]
+

[
xtar
ytar

]
(13)

where λ is the unit pixel length; (u0, v0) is the position of pixel center; ψ is the angle between
the u-axis of the image and the x-axis of the dam coordinate system. Finally, the position of
the target point within the dam coordinate system can be rapidly measured using the UAV
integrated with a rangefinder.

Figure 7. Target 3D localization using a UAV integrated with a laser rangefinder.

Overall, when the calculation of conversion parameters is inaccurate, the proposal is
to use a combination of plane and altitude transformations to improve accuracy. For alti-
tude transformations, altitude fitting method can be effective in addressing inaccuracies.
A method for target localization based on ranging results during noncontact measurements
is established. The approach proposed in this section enables accurate positioning of target
points through UAV photogrammetry.

30



Appl. Sci. 2024, 14, 9156

3. Small Pedestrian Target Intelligent Detection Algorithm

To achieve UAV automatic inspection and 3D localization, in addition to the proposed
noncontact measurement method, it is also necessary to implement fast and intelligent
pedestrian identification algorithms. However, unlike conventional targets, pedestrians
captured by UAV cameras usually occupy a small portion of the pixel and lack facial
features, and the relevant datasets are smaller, making target detection very challenging for
conventional methods. Therefore, it is necessary to develop pedestrian detection methods
tailor-made for UAV inspections of small reservoir dams.

3.1. YOLOv8 Detection Algorithm Basic Architecture

The YOLO network is one of the most widely adopted object detection algorithms
for UAV image detection, and it is suitable for deployment on UAV platforms to achieve
real-time detection [47,48]. YOLOv8, like YOLOv5, was developed and continues to be
updated by Ultralytics and provides about notable enhancements in detection speed and
accuracy [49]. The input image with size of (w, h, c) is down-sampled five times in the
backbone, resulting in dimensions of (w/32, h/32, cset). These features are then transferred
to the neck structure, which is primarily employed for feature fusion and up-sampling.
This facilitates the amalgamation of features from different scales, leading to a more
comprehensive understanding of the target. The detection part is the head structure, which
can classify the target, predict the bounding box, generate three scale detection results,
and finally describe the position of the target in image.

YOLOv8 is composed of a similar network architecture to YOLOv5, making it possible
to directly compare their performance when using similar parameters. This also enables
an effective evaluation of how newly added modules enhance the network's capabilities.
Furthermore, compared with YOLOv5, several improvements are adopted in YOLOv8.
A C2f module is used to replace the C3 module to obtain more abundant gradient flow in-
formation while maintaining a lightweight architecture. At the end of backbone, the spatial
pyramid pooling fast (SPPF) module is retained from original YOLOv5 to ensure running
speed during the fusion of global and local features. The feature pyramid network (FPN)
and path aggregation network (PAN) are also introduced in the neck, but one convolution
operation is removed to achieve a lightweight model. The head is designed as a decou-
pled structure, which separates the prediction of target classification and bounding box
regression into different branches. The advantage of this structure lies in simplifying the
training and optimization process of the network, enhancing the model trainability and
inference efficiency. In the context of object detection, the model directly learns to predict
object locations and scales without relying on predefined anchors. With these improve-
ments, YOLOv8 achieves higher detection speed and accuracy, making it more suitable for
real-time detection in UAV routine inspections [50].

3.2. Proposed Pedestrian Detection Network

To enhance the detection of small pedestrians lacking distinct facial features, some
improvements should be implemented in the YOLOv8 model. In this study, the ConvNeXt
v2 [51,52] module and ODConv (Omni-Dimensional Dynamic Convolution) [53] module
are introduced to enhance feature extraction capabilities. The network architecture is
modified to incorporate a tiny detection head, and the Wise-IoU loss function is added to
comprehensively improve the network ability in detecting small pedestrians. The specific
details are described as follows.

3.2.1. Additional Modules

The ConvNeXt module is a pure convolutional neural network that performs bet-
ter in terms of accuracy than a transformer and is widely adopted by various detection
tasks [54]. ConvNeXt v2 is proposed by adding a global response normalization (GRN)
step to increase the feature contrast between channels and enhance performance. Effective
detection of small targets typically requires a model with a good receptive field and strong
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representation capabilities for small-sized objects. The improvements in ConvNeXt v2
primarily focus on the depth structure of the network, which may contribute to improving
the receptive field and enhancing the detection capabilities for small targets. Based on Con-
vNeXt, a global response normalization (GRN) step was added to ConvNeXt v2, which can
increase the feature contrast between channels and enhance performance. The architecture
of ConvNeXt v2 is shown in Figure 8. In contrast to conventional bottleneck structures,
a 7 × 7 depthwise convolution is adopted in the first step, followed by layer normalization.
Then, features are passed into convolutional layers and a GRN block applied on each patch.
The module ultimately concludes with the convolutional layer and drop path. ConvNeXt
can maintain the efficiency of convolution without complex modules, and the weights of
small objects are increased to make the network focus more on training.

Figure 8. The ConvNeXt v2 module architecture.

This study also modifies the convolutional part of YOLOv8. Considering the charac-
teristics of low resolution and limited information content, small targets are susceptible to
being overlooked or falsely detected during the detection process, thus requiring the dig-
ging of deeper image features. ODConv adopts a parallel strategy and multi-dimensional
attention mechanism of the convolutional kernel space, which provides an advantage
when dealing with low-resolution images that contain limited information, thus obtaining
full-dimensional convolutional kernel attention, as shown in Figure 9. This allows the
network to better understand target features and improve detection accuracy for small
targets. Specifically, in addition to the conventional assignment of dynamic attributes to
convolution through the number of kernels (αwi), attention is also introduced in the spatial
dimension (αsi), input channel dimension (αci), and output channel dimension (α f i), which
can be expressed as follows:

fout = fin ∑
(

αwi • α f i • αci • αsi • Wi

)
(14)

where Wi is the convolutional kernel i; f in and f out denote the input and output features,
respectively. The four types of attentions are complementary to each other, providing
rich contextual clues and significantly enhancing the feature extraction capability of con-
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volutional operations; therefore, it is introduced into the detection network for small
pedestrian targets.

Figure 9. Schematic representation of the ODConv architecture.

3.2.2. Architecture of the Proposed Network

Although the YOLOv8 network performs well on most datasets, specific modifications
are needed to further improve detection accuracy, particularly when dealing with small
objects that occupy a low number of pixels in images captured by UAVs. The most widely
adopted and effective method is the addition of another detection head specifically for
tiny objects, preventing their features from being overwhelmed by continuous convolution
operations [55–57]. Meanwhile, given the imperative to preserve the real-time detection
performance of the network, this study refrained from adding too many complex modules
to every layer in the backbone and neck.

The architecture of the proposed network is shown in Figure 10. In the shallow
layers of the backbone, the conventional convolution and C2f modules are replaced by
ODConv and ConvNeXt to enhance the detection of small targets in large images. In the
neck structure, layers 15, 18, and 21 are replaced with ConvNeXt to improve the fusion of
shallow and deep features, making the small head and the newly added tiny head more
sensitive to small targets. The proposed network is primarily designed for small targets in
UAV images, and it enhances the ability to extract features from shallow layers without
significantly increasing the number of parameters, making it more suitable for real-time
detection in UAV inspections.

Figure 10. Architecture of the proposed small pedestrian detection network with a tiny head.
The main modified part is enclosed in the red box. Modules 0 to 9 are the backbone of the network,
while modules 10 to 27 are the Neck structure of the network.
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3.2.3. Loss Function

The loss function is a crucial component in the training process of deep learning
models. The loss function reduces gradients so that the model parameters can be upgraded.
An appropriate loss function can significantly enhance the detection accuracy of a network.
YOLOv8 adopts CIoU (Complete Intersection over Union) to calculate the regression loss
of bounding boxes. However, for pedestrian targets captured in UAV images, where the
pixel proportion is relatively small, CIoU does not consider the balance between hard and
easy samples, leading to the inability to learn some useful information [58].

To address this issue, a modified loss function called WIoU (Wise Intersection over
Union) is introduced [59]. WIoU v3 incorporates a dynamic non-monotonic mechanism
and includes a well-designed gradient gain allocation strategy. This strategy reduces the
occurrence of large gradients or harmful gradients in extreme samples. The loss method
focuses more on samples of moderate quality, thereby improving the network model
generalization ability and overall performance, expressed as

LWIoUv3 =
βv3

δv3αv3
βv3−δv3

exp

(
(x − xgt)2 + (y − ygt)2

(W2
g + H2

g)

)
(1 − IoU) (15)

where αv3, βv3, δv3 are the parameters indicating the quality and dynamically optimizing
the anchor boxes; (Wg, Hg) is the smallest size of the bounding box; and (x, y) and (xgt, ygt)
are the center of the predicted box and truth box, respectively. The addition of WIoU v3
into the network training process allows the network to focus more on recognizing and
challenging small targets, and dynamically optimizes the loss weights, thereby improving
the detection performance.

3.3. Evaluation Metrics

To evaluate the performance of the developed network, the mean average precision
(mAP) is calculated and represents the average precision when the IoU threshold is 50%.
Moreover, some indexes including Precision, Recall, and F1 are introduced and expressed as

Precision =
TP

TP + FP
(16)

Recall =
TP

TP + FN
(17)

F1 =
2Precision × Recall
Precision + Recall

(18)

where TP refers to the true positives that have been correctly predicted; FP represents the
true negative sample; FN indicates the number of incorrect predictions.

3.4. Coordinate Transformation and Target Localization Procedure

First, GCPs are established and measured at the dam crest, and then images are
captured by the UAV camera. The SfM algorithm is subsequently applied to create a
correspondence between the UAV planar projected coordinates and altitudes within the
local dam coordinate system. The developed method is then introduced to calculate
the parameters for the plane and altitude transformation. Finally, small pedestrians are
detected by the improved YOLOv8 algorithm and located, with the laser rangefinder
ascertaining their presence within potentially hazardous areas. The entire procedure
effectively translates 2D pixels into 3D coordinates through coordinate transformation,
target detection, and localization. The main steps are processed on Windows workstation;
details are as follows and summarized in Figure 11:

Step 1: Data acquisition. Gathering GCP coordinates through instruments and capturing
small reservoir dam images using UAV photography.
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Step 2: Coordinate registration. Employing the SfM algorithm to align the Gauss–Kruger
planar projected coordinates and altitudes with dam local positions.

Step 3: Coordinate transformation. Calculating the transformation parameters of the
four-parameter model and applying the altitude fitting formula using the devel-
oped method.

Step 4: Pedestrian detection. Utilizing the improved YOLOv8 algorithm to detect pedes-
trians in UAV inspection images.

Step 5: Target localization. Locating pedestrians within the dam coordinate system by
combining captured angles and distances using a laser rangefinder.

Step 6: Position analysis. Determining if pedestrians are within hazardous areas based
on their position in the local coordinate system of the small reservoir dam.

Figure 11. UAV coordinate transformation and detected target 3D localization in a small reser-
voir dam.

4. Experimental Performance Analysis and Practical Implementation

4.1. Accuracy Analysis of UAV Coordinate Transformation

To analyze and evaluate the impact of the developed coordinate transformation
method on the 3D localization accuracy of targets, random point coordinate measure-
ments and analyses were conducted. The images were captured using a DJI M300 RTK
UAV, and the SfM algorithm was applied using Agisoft Metashape version 2.0.1 [60].
A workstation running on Windows with an Intel i7-13700F CPU was used, which can
integrate its computational power with pre-defined spatial coordinates of the inspection
area and produce inspection results directly.

As shown in Figure 12a, six GCPs are placed in the measurement area and their 3D
coordinates in the local coordinate system are measured using a total station. A total of
53 images were captured, and, after using the common Gauss–Kruger projection parameters
in the transformation library (PROJ), the planar coordinates and altitudes were registered
using the SfM algorithm. The parameters described in Section 2.3 could then be calculated.
Subsequently, utilizing the transformation parameters and laser rangefinder measurement
values, the UAV was used to capture and measure the 3D coordinates of GCPs at various
locations. Each GCP was measured nine times from different directions at the same
elevation, and these measurements were conducted at three distinct elevations, as shown
in Figure 12b. To obtain the most accurate results, professional operators precisely aligned
the center of the image with the center of the control point during each measurement.
Although this process is time-consuming, it ensures more accurate outcomes. The error
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of each measured GCP is shown in Figure 13; the overall in-plane error is generally less
than 20 cm, with most values not exceeding 10 cm, and the error remains consistent across
the different measurement positions, as in Figure 13a. For altitude, the errors fluctuate
greatly, but the average values are less than 10 cm, as in Figure 13b. Some measurement
results exhibit larger errors, attributed to significant angles or longer distances during
capture, as well as inaccuracies in laser rangefinding. The measurement results in different
directions are shown in Table 1, where the errors in the planar directions, x and y, are
about 5 cm, while the average error in the altitude direction z is 7.868 cm. This is mainly
influenced by the accuracy of the SfM algorithm in calculating the feature points in the
altitude direction and the accuracy of the UAV self-positioning. It can be seen that the
proposed method can accurately measure the 3D coordinates of the target point in the
local coordinate system in a noncontact manner. However, it should be noted that the
experiment only used six GCPs in a small area and did not fully exploit the advantages of
the altitude fitting method. In a larger-scale measurement process where more GCPs are
introduced, the developed method would produce better results.

(a) (b)

Figure 12. Evaluation scenario and measurement process of the developed method. (a) 3D model of
experimental area with 6 GCPs. (b) Target measurements in 27 various positions.

y

x

(a) (b)

Figure 13. GCP errors measured from each position. (a) Errors in planar measurement. (b) Errors in
altitude measurement.

Table 1. The measurement errors of the 6 GCPs in each direction (cm).

Point Mean ΔX Mean ΔY Mean ΔZ Mean ΔXYZ

GCP 1 3.343 5.140 7.425 10.829
GCP 2 5.080 5.128 6.789 11.403
GCP 3 5.010 4.217 8.312 11.767
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Table 1. Cont.

Point Mean ΔX Mean ΔY Mean ΔZ Mean ΔXYZ

GCP 4 5.473 5.075 7.807 11.999
GCP 5 5.017 5.943 8.464 12.709
GCP 6 4.679 6.912 8.414 12.999
Total 4.767 5.402 7.868 11.951

4.2. Small Pedestrian Detection Results Based on the Developed Improved YOLOv8

To accurately detect small pedestrian targets on the dam, the developed network
was trained and compared with the other networks. A total of 22,400 annotated images
were included in the dataset, which were derived from several public datasets, such as
WiderPerson [61], VisDrone [62], and COCO [63], and cropped to the appropriate size.
The dataset was divided into training, validation, and testing with a ratio of 7:2:1, resulting
in 15,680 images for training, 4480 images for validation, and 2240 images for testing.
The dataset includes multi-scale targets, ranging from small pedestrians captured from a
distance to larger ones photographed up close. The image sizes used during training and
testing vary, further enhancing the robustness of the network. Meanwhile, considering
the dataset conditions, the training image size was modified to 960 × 960 for improved
detection accuracy and better performance. The initial learning rate was set to 0.01, the SGD
optimization algorithm was adopted, and the optimizer weight decay was 0.0005. The entire
training process was conducted using a Linux system equipped with an RTX 2080 Ti GPU
and 128 GB of RAM.

The training process is shown in Figure 14; four other networks are involved, including
YOLOv5s, original YOLOv8s, and YOLOv8s with tiny detection heads. All the networks
were trained using 200 epochs to ensure convergence. The evaluation results for each
trained model are presented in Table 2, and the developed algorithm exhibited the best F1
and mAP values, reaching up to 70.4 and 78.4%, respectively. These values represent F1
and mAP improvements of 1.5 and 2.3%, respectively, compared to the original YOLOv8s
network. Additionally, with the introduction of the WIoU loss function, the mAP value
increased by 0.3%. Some detection results are shown in Figure 15, where the developed
network excels in accurately identifying pedestrians of various sizes as well as small
targets that were ignored by the other models. The developed network can cover targets
of all sizes, as shown in Figure 15a, significantly improving the detection accuracy for
small targets in Figure 15b–e and reducing the false positives in Figure 15f. These results
substantiate the effectiveness of introducing additional modules for enhancing detection
capabilities. Moreover, to objectively assess the network generalization ability, the K-
Fold Cross-Validation method was utilized, dividing the data of 15,680 images into five
parts. The proposed method was then iteratively trained on four parts and validated on
the remaining part. The results of the five training iterations are presented in Table 3,
with an average mAP of 78.2 and F1 of 70.5. Additionally, the training results showed
no significant differences across the different folds, indicating that the proposed model
exhibits a strong level of generalization. To further analyze the robustness of the proposed
method, the trained model was utilized to detect the background images, as shown in
Figure 16. Although these background images do not contain pedestrians, they feature
other disturbances of similar size. The test results confirm that the proposed network did
not generate any false detections, further indicating its robust performance.

To evaluate the effectiveness of the proposed method, all the compared networks were
kept consistent in terms of the parameters. Additionally, since the Ray Tune method did
not significantly improve the network's accuracy during hyperparameter optimization, this
study employed the default hyperparameters of YOLOv8. The experimental results are
expressed in Table 4; it can be seen from the table that all three modules have a positive
impact on the model optimization. With the adoption of ConvNeXt v2, mAP increased by
0.9%, and the use of ODConv and a tiny head resulted in a further mAP improvement of
1.2%. This is attributed to the fact that ConvNeXt v2 is mainly applied to the backbone
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network, contributing more to feature extraction. Additionally, while the tiny head alone
only increased mAP by 0.3%, it is evident that combining it with ODConv yields better
performance. Finally, to analyze the network sensitivity, some layers are replaced with
1 × 1 convolutional modules. Despite the variations in texture among the different images,
the results from a substantial number of validation images indicate that replacing all
the layers from zero to six in the backbone significantly hampers the detection of small
pedestrian targets within the images.

m
AP

 

Figure 14. Training process mAP curves for the different networks.

Table 2. Comparison of comprehensive evaluation results of different models (%).

Network Precision Recall F1 F1 Improved mAP mAP Improved

YOLOv5s 70.6 67.1 68.8 - 75.3 -
YOLOv8s 68.3 69.5 68.9 - 76.1 -

YOLOv8s-tiny head 68.8 69.2 69.0 0.1 76.4 1.3
Proposed 69.7 70.7 70.2 1.3 78.1 2.0

Proposed-WIoU 70.0 70.8 70.4 1.5 78.4 2.3

Figure 15. Small pedestrian detection results of different networks. To visually demonstrate the de-
tection performance, the relevant confidence values are not displayed. Some large target pedestrians
appear in (a,b), while smaller targets appear in (c–f).
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Table 3. Cross-validation results with k = 5 (%).

Evaluation
Metrics

Division 1 Division 2 Division 3 Division 4 Division 5 Average

F1 70.6 71.0 70.2 70.3 70.2 70.5
mAP 78.1 78.6 77.9 78.0 78.4 78.2

Figure 16. Examples of added background images.

Table 4. Results of ablation experiments (%).

ConvNeXt
v2

ODConv Tiny Head Precision Recall F1 mAP Speed (ms)

- - - 68.3 69.5 68.9 76.1 10.3√ - - 68.8 70.1 69.4 77.0 14.4√ √ - 69.1 70.2 69.6 77.7 14.8
- √ - 69.0 69.2 69.1 76.7 10.5
- √ √ 68.9 70.3 69.6 77.3 16.0
- - √ 68.8 69.2 69.0 76.4 15.7√ √ √ 69.7 70.7 70.2 78.1 18.2

Note: √ means adopting the module; - means without the module.

Moreover, to further verify the performance of the proposed network, multiple one-
stage and two-stage object detection models were trained in this study, and the results are
described in Table 5. In general, the one-stage object detection models exhibit superior
performance compared to the two-stage models. On one hand, this superiority is attributed
to the effective structures and modules utilized by single-stage algorithms; on the other
hand, this might be due to the incorporation of supervised signals regarding relationships
directly into the feature maps, which made the learned context information richer.

Table 5. Comparison of comprehensive evaluation results of different models (%).

Category Network Precision Recall F1 mAP Speed (ms)

One-stage YOLOv5s 70.6 67.1 68.8 75.3 11.4
YOLOv8s 68.3 69.5 68.9 76.1 10.3

Proposed-WIoU 70.0 70.8 70.4 78.4 18.2
SSD 61.5 62.4 61.9 70.8 13.7

Two-stage Faster-R-CNN 48.4 52.4 50.3 57.3 47.5
Mask R-CNN 51.9 57.2 54.4 61.5 62.4

Cascade R-CNN 60.1 58.7 59.4 64.2 56.7

4.3. Small Reservoir Dam Inspection and Localization Using UAV—Case 1
4.3.1. Analysis of UAV Measurement Accuracy after Coordinate Transformation

The developed method was first applied to a small earth–rock dam, as shown in
Figure 17a. The dam has a height of 13 m, and the length of the crest is 75 m. Moreover,
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the dam serves as a road that can support traffic. After prolonged operation, the down-
stream surface of the dam was covered with weeds, and there was a lack of comprehensive
monitoring data. To establish the local coordinate system of the dam efficiently and eco-
nomically, 14 GCPs were set up on the dam crest, and their 3D coordinates were measured
using a Leica total station (Figure 17b). The UAV used is a DJI M300 RTK (Figure 17c)
equipped with an H20T camera that consists of optical imaging, infrared thermal imaging,
and laser ranging capabilities. To enhance the positioning accuracy, the UAV network RTK
mode was implemented.

(a) (b) (c)

Figure 17. Photos of the small reservoir dam and measurement equipment for Case 1. (a) Overall
scene of the dam. (b) Total station and one GCP. (c) M300 RTK UAV and H20T camera.

To adapt to a larger range of UAV inspections, a total of 1215 images were taken
to calculate the coordinate transformation parameters, including images from locations
far from the dam. The 14 GCPs were then remeasured from 14 random positions, and
the results are presented in Table 6. Similar to the experimental results, the errors in
the planar direction are smaller than those in the altitude direction, measuring 7.47 cm
and 9.49 cm, respectively, verifying the broad applicability of the developed method.
However, the measurement error for GCP 4 is significantly high and is attributed to water
accumulation on the ground causing significant errors in the laser ranging results.

Table 6. Measurement errors of 14 GCPs on the dam crest for Case 1 (cm).

No ΔX ΔY ΔXY ΔZ

GCP 1 −3.49 −8.92 9.58 −10.56
GCP 2 −4.77 −0.04 4.77 −6.77
GCP 3 −10.12 0.05 10.12 7.67
GCP 4 15.77 −2.80 16.01 −16.00
GCP 5 −7.63 −6.07 9.75 12.68
GCP 6 −0.28 5.47 5.48 2.82
GCP 7 −7.53 −6.64 10.04 −6.12
GCP 8 −8.18 −9.85 12.80 0.31
GCP 9 −10.02 2.37 10.29 7.67

GCP 10 −2.17 −7.71 8.01 8.70
GCP 11 −3.27 −11.73 12.18 9.96
GCP 12 1.28 −3.28 3.52 −5.22
GCP 13 −3.43 −11.20 11.72 6.66
GCP 14 −8.36 −1.65 8.52 3.42

Mean |Δ| 6.16 5.56 7.47 9.49

A 3D reconstruction of the dam area was created to further evaluate the accuracy of
the developed method. The point clouds generated before and after applying coordinate
transformation are compared with the results from laser scanning, as shown in Figure 18.
To eliminate noise interference, the point cloud data from the trees near the dam were
removed. It can be observed that the point cloud generated after coordinate transformation
is closer to the laser scanning results, as shown in Figure 18b, with most of the points
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having distances within 10 cm. However, there are still some large errors, mainly caused by
the poor performance of the SfM algorithm in generating point clouds on the downstream
surface covered with weeds. The point cloud comparison results indicate that the coordi-
nate transformation method can improve the localization accuracy and enable a UAV-based
routine inspection method.

Figure 18. Point clouds generated from UAV images of a laser scan for Case 1. (a) Laser scan.
(b) Transformed points. (c) No transformation.

4.3.2. 3D Localization of Pedestrians in Small Reservoir Dams

The developed noncontact method in combination with an improved YOLOv8 detec-
tion algorithm enables the analysis of whether pedestrians are present in hazardous areas.
Some detection and localization results are shown in Figure 19. Based on the measured co-
ordinates in the dam coordinate system, it is possible to determine the structural positions
of pedestrians. For example, if a pedestrian appears near the downstream surface close to
the reservoir area, an alert can be triggered. Additionally, virtual electronic fences can be
constructed to promptly detect pedestrians in hazardous situations [64]. Compared to man-
ual inspection, the proposed method offers the advantages of efficiency and low cost and is
particularly suitable for small reservoir dams without automated monitoring devices.

4.3.3. Potential Seepage Detection and Localization

For small earth–rock dams, seepage is a major cause for alarm. Given that the data
collection occurred during the summer, the temperature in the deeper layers of the reservoir
is expected to be lower than the ambient temperature. Based on this, the primary criterion
for determining seepage occurrence in this study is the manual identification of whether
low-temperature areas appear on the downstream face. The UAV camera is equipped with
an infrared thermal imaging sensor, capable of detecting the temperature field on the dam
surface. A total of 770 infrared images were captured within the dam area, and a 3D model
was generated as shown in Figure 20a. It can be observed that there are two anomalous
areas on the dam surface, as indicated by the infrared image, where the temperature
is lower than the surrounding environment, as shown in Figure 20b,c. However, not
all the low-temperature areas can be conclusively identified as seepage. For instance,
the temperature at the drainage channels at the bottom of the dam is also low due to the
presence of accumulated water in Figure 20d. Combining the proposed method enables the
3D localization of this position. Nevertheless, certain locations may display temperature
anomalies, as shown in Figure 20e. By incorporating their positional information, it can be
analyzed that these locations do not fall within the dam area, thus avoiding false alarms.
Considering that the detection of seepage still requires further analysis of the internal
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conditions of the dam, to maintain rigor, in the absence of additional measurements such
as osmotic pressure, this study refers to the occurrence of seepage as potential seepage.

Figure 19. The 3D localization of pedestrians in the dam coordinate system and the analysis of their
positions within the dam structure for Case 1.

Figure 20. Detection and localization of potential seepage regions based on infrared thermography
for Case 1. (a) Overall image. (b–e) Details of visible light and infrared images.
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4.4. Small Reservoir Dam Inspection and Localization Using UAV—Case 2
4.4.1. Coordinate Transformation and Measurement Accuracy Analysis

To validate the broad applicability of the proposed method, the coordinate transfor-
mation approach was applied to another earth–rock dam. This dam has a maximum height
of 21.12 m and a length of 108 m (Figure 21). Similarly, 14 GCPs were placed on the dam
crest, utilizing the same UAV and measurement equipment as in Case 1. The origin of the
dam local coordinate system was established at the crest.

Figure 21. Photograph of the small reservoir dam for Case 2.

A total of 1688 UAV images were captured for the purposes of coordinate trans-
formation and 3D reconstruction. Following the coordinate transformation, noncontact
measurements were carried out on the 14 GCPs from 14 distinct positions. The resulting
measurement errors are detailed in Table 7. The average error in the plane is 7.19 cm,
while the average error in the altitude direction 8.44 cm, demonstrating a consistent trend
where the accuracy of the planar positioning surpasses that of the vertical positioning.
The measurement results for Case 2 indicate that the proposed method is applicable to
different dam environments.

Table 7. Measurement errors of 14 GCPs on the dam crest for Case 2 (cm).

No ΔX ΔY ΔXY ΔZ

GCP 15 0.22 −0.01 0.22 3.07
GCP 16 7.59 −4.81 8.98 6.62
GCP 17 12.67 −7.11 14.53 8.59
GCP 18 7.58 −3.94 8.55 8.22
GCP 19 1.51 1.57 2.17 2.50
GCP 10 6.28 −1.90 6.56 14.64
GCP 21 −0.51 −7.40 7.41 4.17
GCP 22 3.31 −2.06 3.89 9.80
GCP 23 −2.88 −2.19 3.62 5.71
GCP 24 −7.20 −1.98 7.47 11.76
GCP 25 −4.43 2.41 5.04 11.02
GCP 26 −11.54 6.84 13.41 14.85
GCP 27 −10.53 1.63 10.66 9.65
GCP 28 −7.84 2.23 8.15 7.56

Mean |Δ| 6.01 3.29 7.19 8.44
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The dam laser scanning data are shown in Figure 22a, with the point cloud of trees
near the reservoir removed. Using the scan results as a reference, the results between the
point clouds generated by the SfM algorithm before and after coordinate transformation can
be compared, as shown in Figure 22b,c. Although the model generated directly from the
GCPs can depict the shape and structural dimensions, the point cloud generated after the
coordinate transformation is noticeably closer to the scanning results. Most of the distances
are less than 20 cm, and the errors are distributed relatively evenly from the dam crest to
the bottom. In addition, there are some high error points near the crest, mainly caused by
noise points such as weeds. Overall, accurate measurement results can be obtained after
coordinate transformation for Case 2.

Figure 22. Point clouds generated from UAV images and a laser scan for Case 2. (a) Laser scan.
(b) Transformed points. (c) No transformation.

4.4.2. Pedestrian Detection and Localization in Local Coordinate System

Combined with the improved YOLOv8 detection algorithm, several pedestrians at
various locations on the surface of the dam can be detected and localized within the local
coordinate system and specific structural positions, as shown in Figure 23. Based on the
calculated 3D coordinates, it was determined that some pedestrians were present near
the reservoir. When the UAV is equipped with a speaker, it can be used to promptly
emit an alert. Additionally, since the dam serves a road, pedestrians detected on the crest
will not trigger an alarm, thereby establishing a virtual electronic fence. With continuous
monitoring, the system can record the prolonged presence of pedestrians, enabling safety
management in small dam environments.
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Figure 23. 3D localization of pedestrians in the dam coordinate system and the analysis of their
positions within the structure for Case 2.

4.4.3. Potential Seepage Detection Using Infrared Thermography

Infrared thermal images of the dam area were collected by the UAV to assess the
surface seepage. A total of 875 infrared images were used to generate the 3D model, as
shown in Figure 24a. There are a total of three areas with lower temperatures, which were
manually identified as potential seepage points, as shown in Figure 24b–d, all distributed
near the bottom of the dam. Comparing the thermal infrared imaging with the water-
filled channel reveals similar temperature values, indicating that this area requires special
attention. After multiple data collections by the UAV, it is possible to determine whether
an area has experienced anomalies by analyzing the temperature or texture variations at
the same location at different time periods. These two cases demonstrate the applicability
of the proposed method for long-term UAV inspection and localization.
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Figure 24. Detection and localization of potential seepage regions based on infrared thermography
for Case 2. (a) Overall image. (b–e) Details of visible light and infrared images.

5. Conclusions

This paper proposed a UAV coordinate transformation and pedestrian localization
method designed for small reservoir dams. It effectively addressed the problems associated
with the absence of sufficient control points and terrain deformation, which complicate
the establishment of a coordinate system due to the absence of geographic information.
The precision and applicability of the proposed method were verified by experimental
validation and application in two case studies, demonstrating its cost-effectiveness in
accurately detecting pedestrians and identifying structural anomalies within small reservoir
dams. The major contributions of the study include the following:

1. A coordinate transformation method for converting two coordinate systems without
reference points using the SfM algorithm was developed. The UAV 3D coordinates
were projected onto a plane using the Gauss–Kruger method and then transformed to
the local coordinate system of the small reservoir dam through four-parameter plane
transformation and an altitude fitting. The coordinate registration was calculated by
the SfM algorithm with the introduction of several GCPs. After the transformation,
the dam point cloud generated from the UAV images closely matched the laser
scanning results, with errors mostly below 0.2 m and minimal sensitivity to changes
in altitude.

2. An improved YOLOv8 algorithm for the accurate detection of small pedestrians
in UAV images was also conceived. To detect targets with a limited number of
pixels, a tiny head channel was introduced into the original structure. Additionally,
ConvNeXt v2 modules and the ODConv algorithm were integrated into the small
target detection sections of the backbone, thereby enhancing the feature extraction
capability. The mAP value of the improved YOLOv8 network can reach up to 78.4%,
an improvement of 2.8% compared to the original network. Therefore, the method is
more accurate and efficient at detecting small pedestrians in practical scenarios.

3. Combined with laser rangefinding, the developed method enables noncontact 3D mea-
surement of the target by UAV photogrammetry. To convert 2D coordinates to actual 3D
coordinates, the capturing distance and camera pose were determined, and the coordi-
nates of the target point were calculated based on the UAV position. The experimental
results indicate an overall positioning error of less than 0.2 m, and, in two case studies,
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the measured plane and altitude average errors were both less than 0.1 m. Moreover,
both pedestrians and potential seepage points can be accurately located.

Compared to the current UAV inspection approaches, the proposed method in this
study is suitable for small reservoir dams. From a methodological perspective, unlike 3D
reconstruction [25], the proposed method does not require excessive time to capture 3D
coordinates in complex structural areas or rely on other structural features for coordinate
transformation. The proposed approach only requires a single coordinate transformation,
making it more suitable for evaluating the safety of identified individuals in small reser-
voir dam inspections. In terms of accuracy, the proposed method incorporates a laser
rangefinder, effectively converting 2D pixels into 3D coordinates. When relying solely
on measurement methods based on the spatial relationship between the image and the
structure, the error could be around 1 m. However, in this study, the positioning error was
within 0.2 m, which meets the inspection positioning requirements for small reservoir dams.
For practicality, the method developed in this research requires minimal additional equip-
ment. The coordinate system of the small reservoir dam does not need to be pre-established;
the UAV coordinates can be transformed using ground control point coordinates alone.
This is particularly important for meeting the low-cost demands of small reservoir dam
inspections. Additionally, the proposed method enables the creation of a virtual electronic
fence for small reservoir dams, as illustrated in Figure 25. Thus, compared to the current
state-of-the-art methods, the proposed approach is more suitable for small reservoir dams,
supporting safety management and guiding disaster prevention strategies [65,66].

Figure 25. Schematic diagram of electronic fence for small reservoir dams using UAVs.

However, the method presented in this paper still has some limitations. First, the posi-
tioning accuracy of the UAV is dictated by satellite signals. Although the study adopted
the network RTK mode to enhance the signal strength, fluctuations in positioning can lead
to significant measurement errors [67]. Second, the localization results for pedestrians were
determined at their midpoint and do not correspond to their positions on the dam surface.
This could introduce interference when assessing the critical positions of pedestrians in
danger zones. Finally, the detection of seepage is still based on empirical judgment and
lacks a theoretical baseline and standardized discernment criteria based on temperature
anomaly recognition [68].

In future research, detection algorithms for various types of damages should be
developed, and they should be mapped to real-time digital models [69]. For network
optimization, significant computational resources should be invested to fine-tune the
network architecture and hyperparameters while also increasing the dataset size to further
enhance the pedestrian detection accuracy. Additionally, methods that integrate image
and LiDAR data should be considered to quickly detect targets while simultaneously
determining the corresponding point cloud locations, thereby enabling the detection of
multiple targets on complex geometric surfaces. In the application of edge devices, ensuring

47



Appl. Sci. 2024, 14, 9156

smooth data transmission is a crucial issue that needs to be addressed. Additionally, there
is a need to consider and mitigate the problem of data transmission delays caused by
network instability. Moreover, inspection results for different time periods should be
compared, and the progression of damages should be analyzed [70] to identify the rate of
change without requiring initial conditions [71], enabling long-term dam health monitoring.
With sufficient data, it should be possible to predict the dam response and the evolution of
damages [72].
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Abstract: The inhomogeneous distribution of temperature in bridges causes stresses and
strains inside the structure, thus affecting the safety and durability of bridges. Therefore,
the study of temperature action in bridge structures is crucial; boundary conditions of
the temperature field are critical to study them. In this study, the calculation method of
the boundary conditions for the three-dimensional temperature field of box girders in the
natural environment is investigated by taking box girders as the object, which integrates
the solar radiation, environmental radiation, structural shading effect, and convective heat
transfer between the inner and outer surfaces of box girders. The effects of the atmospheric
transparency coefficient and concrete short-wave absorptivity on the temperature field
distribution of box girders were also investigated. It is shown that the calculation results
obtained by the method in this study are in good agreement with the measured results,
and the method can effectively simulate the three-dimensional temperature field of the
box girder. The atmospheric transparency coefficient and the short-wave absorptivity of
concrete have a significant effect on the temperature field distribution of box girders, and
materials with lower short-wave absorptivity can be used in the design of box girders to
reduce the structural temperature.

Keywords: box girder; three-dimensional temperature field; boundary conditions; solar
radiation; convective heat transfer

1. Introduction

Bridges enable people to cross rivers, canyons, or other obstacles easily. However, the
natural environments of different regions differ significantly, and different meteorological
conditions pose higher challenges to the safety and durability of bridge structures. Bridges
are exposed to natural environments for long periods of time, and large temperature
changes may lead to stress concentrations, localized failures, or even overall damage,
reducing their service performance [1,2].

With the continuous and in-depth exploration of scholars in various countries, there
are numerous studies related to the temperature action of bridge structures. One study [3]
used temperature data to establish a probabilistic statistical model of the relationship
between climatic conditions and high pier temperatures by monitoring the temperature of a
high pier in a real project (2 years) and simulating long-term temperatures (50 or 100 years)
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through the model. Another study [4] placed the test box girder on the roof of the house
for solarization and temperature testing of the box girder for 3 months. The experimental
data were analyzed and later validated by COMSOL modeling. The temperature field in
other environments was simulated for validating the model. Another study [5] conducted
temperature monitoring of three-cell concrete box girders for one year and developed
temperature prediction equations for these using instantaneous air temperature, solar
radiation, and wind speed. A different study [6] investigated the temperature distribution
pattern of a combination girder under typical weather conditions based on a six-year
temperature dataset and derived the distribution map and standard value of the most
critical temperature gradient through statistical analysis. Another study [7] derived and
established a vertical discrete dimensional reduction model for steel–concrete composite
bridges by simplifying the temperature field of the bridge into a vertical temperature
gradient for rapid calculation of temperature loads. Another study [8] calibrated the
temperature gradient loading factors for different risk levels using a first-order reliability
approach and considered sources of uncertainty such as material, fabrication, and loading
effects. Another study [9] simulated the long-term temperature field at a site based on
weather station observation data and obtained representative values with a 50-year return
period by substituting the data into a generalized Pareto model through the temperature
gradient model in the design specification; spatial interpolation was used to draw a map of
the temperature action contours, and the contour map was simplified to obtain the map of
the temperature action zones.

Some scholars have achieved the prevention and monitoring of structural health of
bridges under temperature effects by simulating or predicting the temperature field of bridges.
One study [10] analyzed the temperature distribution and related responses of a suspension
bridge using structural health monitoring as well as field tests and numerical analysis. A
modeling system was developed to predict the effect of temperature on the bridge and its
effectiveness was demonstrated by comparing the observed data with the predicted values.
A different study [11] presented a model for predicting extreme temperatures of bridge
structures. A probabilistic model of structural temperature was developed by combining
experimental and environmental data; and the average structural temperatures for 50 and
100 years were predicted. Another study [12] proposed a temperature gradient pattern
calculation method that considered condition dependence and the entire design service life.
The temperature gradient pattern of the box girder throughout its service life was predicted.
Another study [13] identified the main meteorological parameters affecting the temperature
gradient through correlation analysis, considered the different mechanisms by which different
meteorological conditions affect the temperature gradient, and established a correlation model
between the temperature gradient and the meteorological parameters.

In the temperature effect study of the structure, the boundary conditions of the tem-
perature field must be clarified first, and the treatment of the boundary conditions directly
affects the accuracy of the calculation results. One study [14] firstly calculated the tempera-
ture field boundary conditions with the formula before correction and then calculated the
temperature field boundary conditions with the formula after correction, and compared the
two. Then, ANSYS V19.2 was used to establish the temperature field simulation model. The
modified temperature field boundary conditions were applied to the model, the calculated
structural temperature was extracted, and the measured values in the field were compared
with the numerical simulation values. A different study [15] carried out a comprehensive
comparative analysis of the established box girder temperature field calculation formula and
values, explored the reasonable range of values of the radiation heat transfer coefficient to
facilitate engineering applications, the influence of the temperature difference between the
bridge and the environment and the wind speed on the convective heat transfer coefficient, as
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well as the influence of the external atmospheric temperature values of the different parts of
the box girder on the influence law of the internal temperature field of the box girder. Existing
studies are less related to the boundary conditions of the temperature field of bridge structures.
There is a lack of research on the boundary conditions of three-dimensional temperature fields.
Research on the boundary conditions of the three-dimensional temperature field of box girders
in the natural environment is urgently needed.

Based on the thermodynamics theory, this study discusses the calculation method
of boundary conditions for the three-dimensional temperature field of a box girder in
the natural environment, which considers the solar radiation, environmental radiation,
structural shading effect, and convective heat transfer between the inner and outer surfaces
of the box girder. Taking a box girder of a section of railroad line as an example, the
boundary condition calculation method in the paper was used to analyze the temperature
field distribution of the structure and was verified with measured temperature data. Finally,
the effects of the atmospheric transparency coefficient and concrete short-wave absorptivity
on the temperature field distribution of box girder are also discussed.

2. Boundary Conditions for Solar Radiation

2.1. Solar Constant

The solar constant is the amount of solar heat received per unit area in a plane
perpendicular to the Sun’s rays at the average distance of the Earth from the Sun. The
equation for calculating the solar constant I is given below:

I =
L

4πd2 (1)

where L is the total radiant power of the Sun, which is 3.846 × 1026 W.
With the movement of the Sun and the Earth, the distance from the Sun to the Earth

changes, and the solar constant changes accordingly. In order to take into account the
positional relationship between the Sun and the Earth, a time correction coefficient is
introduced to correct the value of the solar constant at different times, which is expressed
as follows:

I0 = I ·
[

1 + 0.033cos
(

360N
365

)]
(2)

where N is the daily ordinal number, calculated from 1 January (the same below).

2.2. Cape of the Sun

The radiation received from the Sun by structures in natural environments is directly
related to the relative position of the Sun and the Earth, and the following concepts for the
relevant solar angles are introduced to characterize the relative positions of the Sun and
the structures, which contain the angle of declination δ, the angle of solar time ω, the angle
of solar altitude h, and the angle of solar azimuth γz.

2.2.1. Angle of Declination δ

The angle of declination refers to the line between the center of the Sun and the
center of the Earth and the equatorial plane formed by the line angle. In the spring and
the autumnal equinoxes when the center line of the Sun and the Earth coincide with the
equatorial plane, the angle of declination is zero; in the summer and winter solstices
when the angle of declination is the largest, up to ±23.45◦. The magnitude of the angle of
declination δ can be calculated by the following equation:

δ = 23.45sin
[

360
365

(284 + N)

]
(3)
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2.2.2. Solar Time Angle ω

The solar time angle is the angle between the line connecting the center of the Sun and
the Earth and the calculation plane, assuming that the solar time angle is positive in the
morning. The solar time angle ω can be expressed as a linear function of the true solar time
t as follows:

ω = (12 − t)× 15◦ (4)

The Sun–Earth center distance and the relative position of the Sun–Earth are constantly
changing, so the apparent solar time and the calculation of the solar time between the
relative error, so the true solar time t can be calculated by the following equation:

t = ts ± L − Ls

15
+ td (5)

where ts is the standard time of the region, China adopts Beijing time (East 8 time zone); L,
Ls are the longitude of the location of the structure and the longitude of the standard time
of the region, respectively; and td is the time difference, which is calculated as follows:

td =
9.87sin 2θN − 7.53cos θN − 1.5sin θN

60
(6)

where θN is the day angle of the daily ordinate change, calculated by the equation
θN = 360(N − 81)/364.

In summary, the apparent solar time angle ω is given by:

ω =

(
12 − ts − L − Ls

15
+

9.87sin 2θN − 7.53cos θN − 1.5sin θN
60

)
× 15◦ (7)

2.2.3. Solar Altitude Angle h

Solar altitude angle refers to the structure and the Sun’s center line and the horizontal
plane of the line angle, the Sun’s incidence direction, and the angle of the horizontal plane.
The solar altitude angle h changes with time, and the relationship between the angles can
be seen in Figure 1, which is calculated as follows:

sin h = cos ϕ cos δ cos ω + sin ϕ sin δ (8)

where ϕ is the geographic latitude, normalized to north latitude; δ is the solar declination
angle; and ω is the solar time angle.

 

Figure 1. Solar altitude angle and azimuth angle.
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2.2.4. Solar Azimuth γz

Solar azimuth refers to the angle between the projection of incident light on the ground
and the due south direction, and it is specified that the solar azimuth γz is positive when it
deviates from the east, and its specific calculation equation is as follows:

sin γz =
cos δsin ω

cos h
(9)

where δ is the solar declination angle; ω is the solar time angle; and h is the solar altitude angle.

2.2.5. Solar Incidence Angle θ

The solar incidence angle θ is the angle between the incident light and the plane
normal. The solar incidence angle of any plane with the structure of the plane normal to
the tilt angle β and azimuth γ. The geometric relationship between the three shown in
Figure 2. The solar incidence angle can be calculated using the following equation:

cos θ = sin βsin h + cos βcos hcos(γz − γ) (10)

where β is the angle between any plane normal and the horizontal plane; h is the solar alti-
tude angle; γz is the solar azimuth angle; and γ is the azimuth of any out-of-plane normal.

 
Figure 2. Angle of incidence of the Sun in an arbitrary plane.

2.3. Boundary of Solar Radiation Intensity
2.3.1. Direct Solar Radiation

Based on the above theoretical basis, the direct solar radiation reaching the Earth’s
surface can be expressed in the following equation:

Is = I0 · P1/sin h (11)

where P is the atmospheric transparency coefficient and h is the solar altitude angle.
Assuming that the north, west, and up directions of the Sun correspond to the x, y,

and z directions in the Cartesian coordinate system, the direction vector of the Sun in
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three-dimensional coordinates can be obtained based on the Sun angle calculated above,
and the conversion relationship between the Sun angle and the direction vector is:

ix = −cos(90◦ − h)sin γz (12)

iy = sin(90◦ − h)sin γz (13)

iz = −cos γz (14)

Because of the shading effect, the direct solar radiation does not cover the entire
structure. The shading effect is illustrated in Figure 3. Shading increases the structural tem-
perature gradient and internal stresses, leading to more complex numerical analyses [16].
The solar irradiated and shaded areas are divided by the solar radiation direction vector.

 

Figure 3. Solar radiation shading effect.

The direct solar radiation in the shaded region is 0 and the direct solar radiation
received in the sunlit region is ID:

ID = Is cosβ (15)

2.3.2. Atmospheric Scattering Radiation

A portion of the solar radiant energy is absorbed by the atmosphere during its transfer
to the Earth’s surface, and a portion of this absorbed energy returns to the surface, it has
been found that this portion of the energy is closely related with the surface inclination
angle [17], and is not strongly related with the azimuthal angle of the structure surface, and
the intensity of the scattering on the horizontal plane has been obtained as:

IdH = (0.271I0 − 0.294ID)sin h (16)

The intensity of the Sun-scattered radiation in a cross-section with an arbitrary inclina-
tion angle β is:

Id =
1 + cos β

2
IdH (17)

2.3.3. Surface-Reflected Radiation

A portion of the energy radiated by the Sun at the surface will be reflected by the
surface and then projected the surface of the bridge structure. The equation used is
the following:

I f =
ξ[IDsin h + IdH ][1 − cos β]

2
(18)

where ξ is the ground reflection coefficient, generally taken as 0.2.
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In summary, the solar shortwave radiation projected onto the surface of a structure
can be categorized as direct solar radiation, atmospheric scattering, and surface reflection,
and the total solar radiant energy qs on any surface is given in the following equation:

qs = at

(
ID + Id + I f

)
(19)

where at is the short-wave radiation absorptivity of concrete.

3. Boundary of Convective Heat Transfer

The convective heat transfer between the surface of the concrete box girder and the
outside atmosphere follows Newton’s law of cooling, as follows:

qc = hc(Ta − T) (20)

where hc is the convective heat transfer coefficient.
The convective heat transfer coefficient is calculated according to the convective heat

transfer coefficient correlation equation in the literature [18]. In the case of no wind or
very small wind speed, the outer surface of the box girder and the atmosphere are mainly
characterized by natural convection heat transfer. The convective heat transfer coefficient
can be calculated using the following equation:

h =

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎪⎩

k
L

⎛
⎜⎝0.68 + 0.67(cos ϕRaL)

1/4(
1+

(
0.492k
μCp

)9/16
)4/9

⎞
⎟⎠ i f RaL ≤ 109

k
L

⎛
⎜⎝0.825 + 0.387RaL

1/6(
1+

(
0.492k
μCp

)9/16
)8/27

⎞
⎟⎠

2

i f RaL > 109

(21)

where L is the characteristic length (the horizontal plane is the ratio of area to perimeter,
the inclined plane is the height), k is the coefficient of thermal conductivity, ϕ is the angle
between the calculation surface and the vertical plane, μ is the dynamic viscosity, Cp is
the specific heat capacity, RaL is the Rayleigh number, which can be calculated by the
following equation:

RaL =
gαpρ2Cp|T − Text|L3

kμ
(22)

where g is the gravitational acceleration, αp is the coefficient of thermal expansion, ρ is the
density, T is the structural temperature, and Text is the atmospheric temperature.

When the wind speed is large, and there is forced convection heat transfer between the
outer surface of the box beam and the atmosphere, the convection heat transfer coefficient
can be calculated using the following equation:

h =

⎧⎪⎨
⎪⎩

2 k
L

0.3387Pr1/3Re1/2
L(

1+( 0.0468
Pr )

2/3)1/4 i f ReL ≤ 5 × 105

2 k
L Pr1/3

(
0.037Re4/5

L − 871
)

i f ReL > 5 × 105
(23)

where L is the length of the calculation surface; Pr is the Prandtl number, calculated by the
formula Pr = μCp/k; ReL is the Reynolds number, calculated by the formula ReL = ρUL/μ,
where U is the external fluid flow rate, which is the wind speed in the natural environment.

The inside of the box girder is a closed space, and the inner surface of the box girder
mainly carries out internal natural convection heat transfer with the gas inside the box,
which can be calculated by the following equation:
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h =
k
H

1
24

RaL (24)

where H is the height of the internal region and L is the width of the internal region.

4. Boundary of Radiative Heat Transfer

Radiant heat transfer of box girders in the natural environment mainly consists of
absorption and reflection, and the absorbed radiant heat includes atmospheric scattering
and ground diffuse reflection.

4.1. Environmental Radiation

The atmospheric radiant heat Ga received by the bridge structure is calculated by the
following equation:

Ga = εaσT4
ext (25)

where E a is the atmospheric radiation coefficient, which is usually taken as 0.82, and σ is
the blackbody radiation constant, which has a value of 5.67 × 10−8 W/(m2·K4).

The heat radiated from the surface by the surface with an inclination angle of β is
calculated by the following equation:

Uβ =
σT4

ext(1 − cos β)

2
(26)

4.2. Structural Exothermic Radiation

Structure absorbs external radiant heat simultaneously and also radiates heat to the
outside. The radiant heat El can be calculated according to the following equation:

El = alσT4 (27)

where al is the long-wave radiation absorptivity and emissivity of concrete.
In summary, the total amount of radiative heat transfer qr of concrete can be expressed

as:
qr = al

(
Ga + Uβ

)− El (28)

5. Engineering Background and Verification

5.1. Engineering Background

A 32 m simply supported girder bridge of a passenger dedicated line in the literature [19]
was taken as an example of calculation. The bridge was located at longitude 117.97◦ E, latitude
28.45◦ N, and the bridge azimuth was 6.92◦. The cross-sectional dimensions of the box girder
are shown in Figure 4. The girder was made of C50 concrete material, which has a thermal
conductivity of 10.8 kj/(h·K·m). The thermal conductivity of air was 0.0864 kj/(h·K·m), the
atmospheric transparency coefficient was 0.8, and the wind speed was 2.5 m/s. The short-wave
absorptivity and emissivity of concrete was 0.6, and the long-wave absorptivity and albedo
were 0.85. The reflectivity of the ground surface was 0.18.

 

Figure 4. Cross-section of the box girder (unit: mm).
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The temperature change during the day is usually influenced by the Sun; the tempera-
ture reaches its maximum value during the day and its minimum value at night. In general,
the variation in the temperature during the day can be described by a sinusoidal function
with the function equation:

Text =
Tmax + Tmin

2
+ (Tmax − Tmin)sin(At − B) (29)

where Tmax is the daily maximum temperature; Tmin is the daily minimum temperature; A is
the angular frequency, A = 2π/T; and B is the phase offset, which is used to adjust the starting
point of the waveform, and the temperature is lowest at 3:00 a.m. in the calculation time.

The model calculated once every hour and the calculation results gradually stabilized
after multiple iterations. One week of analysis met the requirements of temperature field
simulation [20]. The calculation period was from 27 December 2013 to 2 January 2014, and
the daily maximum and minimum temperatures and the atmospheric sine function are
shown in Table 1. Figure 5 shows a plot of the atmospheric sine function for the seven days
of the calculation period.

Table 1. Air temperatures during the calculation time.

Day/Month Maximum Temperature Minimum Temperature Atmospheric Sine Function

27/12 6 −1 Text1 = 3.5sin
(

πt
12 − π

4
)
+ 2.5

28/12 9 −1 Text2 = 5sin
(

πt
12 − π

4
)
+ 4

29/12 9 −4 Text3 = 6.5sin
(

πt
12 − π

4
)
+ 2.5

30/12 12 −3 Text4 = 7.5sin
(

πt
12 − π

4
)
+ 4.5

31/12 14 0 Text5 = 7sin
(

πt
12 − π

4
)
+ 7

1/1 17 0 Text6 = 8.5sin
(

πt
12 − π

4
)
+ 8.5

2/1 19 0 Text7 = 9.5sin
(

πt
12 − π

4
)
+ 9.5

Figure 5. Atmospheric sine function.

Combined with the boundary condition calculation method introduced above and the
engineering background of the example, the outer surface of the box girder applied solar
radiation, external natural convection, and radiative heat transfer boundaries. The internal
cavity applied internal natural convection boundaries. The three-dimensional temperature
field finite element model of the box girder was established using COMSOL V6.1 software,
as shown in Figure 6.
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Figure 6. Three-dimensional temperature field finite element model of the box girder.

5.2. Validation of Results

The above boundary conditions and parameters were used to simulate the temperature
field of the box girder. Data from the middle 5 days were selected for analysis; the first
and last days were removed to reduce the influence of boundary effects. Comparison of
the finite element results (FEM) and experimental data (EXP) of the key points of the box
girder top plate, web plate, and bottom plate was conducted. The locations of key points
are shown in Figure 7, and the results are compared in Figures 8–10.

 

Figure 7. Map of key point locations.

Figure 8. Critical point temperatures of the top plate.
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Figure 9. T Critical point temperatures of the web plate.

Figure 10. Critical point temperatures of the bottom plate.

As can be seen from Figures 8–10, the calculated and measured results of the tem-
perature distribution at each key point of the box girder have a good coincidence. The
temperature at the key point of the top plate had a slight difference in the first two days,
and the maximum error between the calculated value and the measured value was 2.4 ◦C.
In the last three days, the calculated value and the measured value matched well, and the
maximum error was only 0.3 ◦C. The temperature at the key point of the web plate was
0.5 ◦C, and the maximum error between the calculated value and the measured value was
0.5 ◦C. The maximum error between the calculated and measured values of the key point
temperature of the web plate was 0.5 ◦C. The maximum error between the calculated and
measured temperatures of the key points of the bottom plate was 0.8 ◦C. Under comprehen-
sive consideration, the error between the calculated and measured results was small; thus,
the boundary condition calculation method used in this paper can effectively simulate the
three-dimensional temperature field distribution of the box girder.

6. Influence of Boundary Condition Parameters on the Temperature
Field Distribution

6.1. Impact of Atmospheric Transparency

The atmospheric transparency coefficient is a parameter that measures the ability of
the atmosphere to transmit solar radiation, which affects the size of the bridge structure
by the direct radiation and scattered radiation from the Sun. This paper analyzed the
atmospheric transparency coefficient P by setting it to five values of 0.9, 0.8, 0.7, 0.6, and 0.5
to explore the effect of atmospheric transparency on the temperature field distribution of

62



Appl. Sci. 2025, 15, 1378

the box girder structure. Figures 11–13 show the temperature maps of key points of the box
girder at different atmospheric transparency coefficients.

Figure 11. Critical point temperatures of the top plate for different atmospheric transparency coefficients.

Figure 12. Critical point temperatures of the web plate for different atmospheric transparency coefficients.

Figure 13. Critical point temperatures of the bottom plate for different atmospheric
transparency coefficients.

As shown in Figure 11, because the atmospheric transparency directly affects the
magnitude of solar radiation received by the box girder, the top plate irradiated by the
Sun reflects a large correlation with the atmospheric transparency in the temperature
distribution. The daily maximum temperature at the key point of the top plate is greatly
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affected by the change in atmospheric transparency, and it increases with the increase in
the atmospheric transparency coefficient. When the atmospheric transparency coefficient
increases from 0.8 to 0.9, the daily maximum temperature of the key point of the roof plate
on the third day increases from 7.3 ◦C to 10.3 ◦C, with an increase of 41.1%. The daily
minimum temperature and the change pattern of temperature were less affected.

The daily maximum temperature of the key point temperature of the web plate
increases with the increase in the atmospheric transparency coefficient from 0.5 to 0.8. How-
ever, when the atmospheric transparency coefficient increases to 0.9, the daily maximum
temperature decreases abruptly, which is presumed to be due to the fact that the web plate
is subjected to both direct solar radiation and scattered radiation, and the effect of scattered
radiation decreases significantly when the atmospheric transparency coefficient reaches 0.9,
which leads to a decrease in the daily maximum temperature.

Because the bottom plate is always in the shaded area, the temperature distribution at
the key point of the bottom plate is minimally affected by the atmospheric transparency. As
can be seen from Figure 13, the temperature curves at the key points of the bottom plate at
different atmospheric transparency coefficients basically overlap, and the daily maximum
temperature at the key points of the bottom plate only changes slightly when P = 0.9 and
P = 0.5, and the value of the key point temperature change ranges from −0.8 ◦C to 0.6 ◦C.
The temperature distribution at the key points of the bottom plate is also affected by the
atmospheric transparency coefficient.

In summary, atmospheric transparency has the greatest effect on the top plate temper-
ature, and the maximum daily temperature of the top plate increases with the increase in
the atmospheric transparency coefficient. Atmospheric transparency also has less influence
on the temperature of the web plate and has the least influence on the temperature of the
bottom plate. When the atmospheric transparency coefficient is too large or too small, the
maximum daily temperature of the web plate will appear to decrease abruptly.

6.2. Influence of Short-Wave Absorptivity in Concrete

Short-wave absorptance of concrete refers to the proportion of short-wave radiation
(mainly solar radiation) absorbed by concrete material. In this study, the influence of the
short-wave absorptance of concrete on the temperature field distribution of a box girder
structure was explored by setting the short-wave absorptance of concrete to four values of
0.8, 0.6, 0.4, and 0.2. Figures 14–16 show the temperature diagrams of key points of the box
girder at different short-wave absorptivity.

a
a
a
a

Figure 14. Critical point temperatures of the top plate for different short-wave absorptivity.
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a
a
a
a

Figure 15. Critical point temperatures of the web plate for different short-wave absorptivity.

a
a
a
a

Figure 16. Critical point temperatures of the bottom plate for different short-wave absorptivity.

As can be seen in Figures 14 and 15, the short-wave absorptivity of concrete has a
more significant effect on the temperatures of the top and web plate. When the short-wave
absorptivity decreased from 0.6 to 0.4, the temperatures of the top and web plate decreased
significantly. The maximum decrease in the temperature of the top plate reached 41.8%,
and the maximum decrease in the temperature of the web plate reached 57.1%.

As can be seen in Figure 16, the bottom plate temperature is less affected by the short-
wave absorptivity. Although there is a small decrease in the bottom plate temperature as
the short-wave absorptivity decreases, the regularity is not obvious.

In summary, the short-wave absorptivity of concrete can significantly affect the tem-
perature distribution of concrete box girders, and the temperatures of the top plate and
web plate decrease with the decrease in the short-wave absorptivity of concrete. When
designing box girders, the structural temperature can be reduced covering the structural
surface with materials with low short-wave absorptivity.

7. Discussion

In order to explore the boundary conditions for the three-dimensional tempera-
ture field of box girders in natural environments, a series of studies were carried out
in this paper.

Firstly, based on the theoretical basis of engineering thermodynamics, three kinds of
temperature field boundary conditions of solar radiation, convective heat transfer, and
radiative heat transfer of box girder under natural environment were investigated, respec-
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tively, which comprehensively considered the factors of direct solar radiation, atmospheric
scattering, ambient radiation, structural shading effect, and convective heat transfer.

Secondly, taking a box girder of a section of railroad line as an example, the boundary
condition calculation method in this study was used to establish a finite element model.
The structural temperature field distribution was analyzed and verified with measured
temperature data. The calculation results are in good agreement with the measured results,
and the model can effectively simulate the three-dimensional temperature field distribution
of the box girder.

Finally, the effects of the atmospheric transparency coefficient and concrete short-
wave absorptivity on the temperature field distribution of box girders are discussed. The
atmospheric transparency has the greatest effect on the temperature of the top slab and
the least effect on the temperature of the bottom slab. The daily temperature maximum
of the top plate increases with the increase in the atmospheric transparency coefficient.
Atmospheric transparency also has a certain influence on the temperature of the web
plate. When the atmospheric transparency coefficient is too large or too small, the daily
maximum temperature of the web plate will appear to decrease abruptly. The short-wave
absorptivity of concrete can significantly affect the temperature distribution of the concrete
box girder, and the temperature of the top plate and web plate decreases with the decrease
in the short-wave absorptivity of concrete. When designing box girders, the structural
temperature can be reduced covering the structural surface with materials that have low
short-wave absorptivity.
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Abstract: In the simulation of concrete thermal stress fields, thermal parameters are crucial
for calculating the concrete temperature field. In actual construction, due to the adjust-
ment of the concrete mixing ratio and the changing external environment (temperature
fluctuations, cooling conditions, solar radiation, thermal insulation measures, etc.), there
are significant differences between the thermal parameters obtained in tests and the actual
working conditions, which affect the simulation accuracy. Therefore, the inverse analysis of
concrete thermal parameters under real working conditions can be carried out based on the
measured temperature data. A method for inverse analysis of thermal parameters of arch
dams using the walrus optimization algorithm (WaOA) is proposed. To verify the accuracy
of the inversion parameters, twelve classical test functions are used to compare the three
algorithms to evaluate their fitness. The efficiency difference is analyzed by nonparametric
methods such as Fredman and Wilcoxon rank sum test. The results consistently indicate
that the walrus optimization algorithm performs better. Furthermore, the WaOA is utilized
for the parameter inversion of an arch dam in the downstream area of the Jinsha River. We
bring the inversion results into different dam sections to calculate the temperature field dur-
ing construction, which effectively verifies the efficient solution ability of the WaOA for the
inverse analysis of concrete thermal parameters under complex engineering backgrounds.

Keywords: parameter inversion; walrus optimization algorithm; massive concrete; finite
element method; circulating water cooling

1. Introduction

During the construction phase of the concrete arch dam, because of the superposition
effect of the hydration heat release of the concrete itself and the external environment
temperature, the temperature inside the dam will rise sharply. Then, a significant tempera-
ture gradient will be formed inside the dam body, accompanied by a large temperature
stress. When the thermal stress exceeds the limit of the tensile strength of the concrete,
it may induce temperature cracking [1–3] and affect the quality of pouring blocks. To
predict real-time and accurate monitoring of arch dam temperature behavior information,
it is insufficient to collect data only by current instruments. Therefore, it is necessary to
introduce the simulation technology to forecast the forthcoming evolutionary tendency of
the dam’s temperature, building an accurate concrete temperature field model, and then
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analyze the stress state of the dam [4–6]. The simulation of the temperature field and stress
field is affected by many factors. The most important are the characteristic parameters of
construction materials. The thermal conductivity coefficient, temperature rise coefficient,
surface heat transfer coefficient, and adiabatic temperature rise of different structures are
different. The actual thermodynamic parameters of the same concrete structure are different
due to different environmental conditions [7–10] (including temperature, humidity, wind
speed, etc.). The choice of traditional thermal parameters is often faced with the challenges
of high cost and difficulty in accurately fitting the onsite construction conditions. It is
difficult to ensure the accuracy of simulation calculation. Therefore, by using the field
measured data to carry out parameter inversion analysis, we can obtain more accurate
thermal parameter values. It can also improve the accuracy of the simulation calculation
model of the concrete thermal stress field.

Parameter inverse analysis is a problem that requires searching through a large space
of multiparameter combinations. Usually, the problem of parameter inversion analysis
is converted into an optimization issue. The objective function is minimized by multiple
iterations [11]. However, some traditional optimization methods often have problems such
as locally optimal solution, being time-consuming, and having low accuracy for complex
numerical models [12]. Therefore, searching for efficient optimization algorithms has
become a popular topic. In recent years, the inversion of thermal parameters for dams
has captured the interest of numerous scholars and has been thoroughly investigated. Pei
et al. [10] utilized an enhanced genetic algorithm to conduct the inversion of the thermal
parameters of concrete arch dams. Han et al. [13] set up a thermal model for concrete by
taking the degree of hydration into account, and inversed the specific heat and thermal
conductivity of fly-ash concrete by BP neural network. Zhao et al. [14] developed an
inversion program relying on the particle swarm optimization algorithm (PSO) to invert
the thermal resistance parameters of early cement paste. Shi et al. [15] used a genetic
algorithm to inverse the thermal parameters, and used the inversed parameters to predict
the temperature change of concrete within 300 days. According to the temperature data that
were monitored by the DTS system, Su et al. [16] inverted the thermal diffusion coefficient
and surface heat transfer coefficient of concrete, and inserted the results into the finite
element model to conduct the calculation. It turned out that the simulation outcomes were
highly consistent with the calculation results.

As a population-based optimization strategy, with the utilization of random oper-
ators by meta-heuristic algorithms (MAs), the global search capability is enhanced and
the local optimal trap can be effectively avoided. It is straightforward to carry out and
features low computational complexity. It is widely used in engineering fields [17]. The
walrus optimization algorithm [18] is a new meta-heuristic algorithm proposed by Pavel
Trojovský et al. in 2023, which mimics the behavior of walruses when they are feeding,
migrating, escaping, and fighting against predators in nature. As a creature with social
and natural behaviors, the walrus shows significant spatial displacement characteristics
when preying on and avoiding natural enemies. Because of its unique characteristics, the
WaOA has higher global search capability and efficiency, and shows excellent optimization
performance for most benchmark test functions. Through applying a series of benchmark
test functions (including unimodal, multimodal functions, and CEC 2015 and CEC 2017
test function sets), the researchers carried out the test on the performance of the WaOA,
and compared it with ten other well-known meta-heuristic algorithms, like the genetic
algorithm (GA), particle swarm optimization (PSO), gravitational search algorithm (GSA),
etc., fully demonstrating its superior exploration and development capabilities. In addi-
tion, the algorithm was also utilized to solve engineering design problems and practical
engineering optimization problems in the CEC 2011 test function set. This paper conducts
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a comparison involving WaOA, the sand cat swarm optimization algorithm (SCSO), the
ant lion optimization algorithm (ALO), and the seagull optimization algorithm (SOA), and
12 standard functions are selected for testing. Two nonparametric statistical methods, the
Friedman test and the Wilcoxon rank sum test, serve to guarantee the reliability of the
evaluation results. The test results show that the WaOA performs well in most benchmark
test functions and has the best performance.

Based on the field-measured temperature dataset of C40 concrete of a dam in the
downstream area of Jinsha River, this study comprehensively considers the combined
impacts of the fluctuation in external environmental temperature and water-cooling effect,
and applies the WaOA to the inversion analysis of the thermal parameters of the dam
concrete. By formulating specific engineering optimization problems, the performance
of the WaOA is evaluated in depth, and it offers a reference for the inversion of thermal
parameters of arch dam concrete.

2. Walrus Optimization Algorithm

The walrus optimization algorithm (WaOA) simulates the walrus population behavior
to achieve efficient optimization. The core idea is to balance global exploration and local
exploration. In the early stage of the algorithm, the global search is enhanced by the
leader and the random disturbance factor. The migration strategy maintains the diversity
of the population. In the local development stage, the dynamic neighborhood radius
adjustment mechanism is used to improve the convergence accuracy. This collaborative
mechanism makes the algorithm perform well in complex multipeak problems. With
these advantages, the WaOA solves high-dimensional, multiconstraint, and nonlinear
problems in the field of mechanical structure optimization. It minimizes the cost under
safety constraints in safety-sensitive fields such as pressure vessels. However, the existing
research focuses on multifocus structure optimization. In this study, the WaOA is applied
to the inversion of thermal parameters of concrete for the first time. By constructing a
mapping relationship and using its dynamic neighborhood adjustment mechanism to break
through the limitations of traditional algorithms, the optimization is transformed into an
objective function solution. It improves the inversion accuracy and provides a new method
for parameter optimization of complex engineering systems.

2.1. Initialization of the Algorithm

In the WaOA, every walrus stands for a prospective solution to the optimization
problem. The candidate value of the problem variable directly corresponds to its position.
Thus, each walrus can be considered as a vector, and the entire walrus population can be
mathematically modeled through the population matrix. In the initial phase of the WaOA,
the population matrix is randomly generated according to Equation (1).

X =

⎡
⎢⎢⎢⎢⎢⎢⎢⎣

X1
...

Xi
...

XN

⎤
⎥⎥⎥⎥⎥⎥⎥⎦

N×m

=

⎡
⎢⎢⎢⎢⎢⎢⎢⎣

x1,1 · · · x1,j · · · x1,m
...

. . .
...

. . .
...

xi,1 · · · xi,j · · · xi,m
...

. . .
...

. . .
...

xN,1 · · · xN,j · · · xN,m

⎤
⎥⎥⎥⎥⎥⎥⎥⎦

N×m

(1)

In the formula, X is a walrus population; Xi refers to the ith walrus; Xi,j stands for the
jth decision variable value recommended by the ith walrus; N and m represent the number
of walrus and decision variables, respectively.
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Each walrus symbolizes a candidate solution to the problem. The objective function of
the problem can be assessed in light of the recommended value for the decision variable.
Equation (2) presents the estimated value of the objective function derived from the walrus.

F =

⎡
⎢⎢⎢⎢⎢⎢⎢⎣

F1
...
Fi
...

FN

⎤
⎥⎥⎥⎥⎥⎥⎥⎦

N×1

=

⎡
⎢⎢⎢⎢⎢⎢⎢⎣

F(X1)
...

F(Xi)
...

F(XN)

⎤
⎥⎥⎥⎥⎥⎥⎥⎦

(2)

In the formula, F represents the objective function vector; Fi represents the objective
function value based on the ith walrus calculation.

The objective function value is the core index used to evaluate the candidate solution.
The candidate solutions that make the objective function achieve the optimal value are
called the optimal members; others are called the worst members. The update of the objec-
tive function value in each iteration determines the update of the best and worst members.

2.2. Feeding Strategy

During the feeding phase, the strongest and longest-tusked walrus will guide other
members of the population to forage. The length of the walrus tusk bears a resemblance
to the quality of the objective function value of the candidate solution, and the candidate
solution with the optimal objective function value is deemed the strongest walrus within the
group. This search pattern adopted by the walrus scans diverse regions within the search
space, thereby augmenting the global search capability of the WaOA. The mathematical
model of updated walrus position is shown in Equations (3) and (4).

xP1
i,j = xi,j + randi,j·(SWj − Ii,j·xi,j) (3)

Xi =

{
XP1

i , FP1
i < Fi

Xi, else
(4)

In the formula, XP2
i represents the new position of the ith walrus on the basis of the

first stage; XP2
i,j is its jth dimension; FP1

i is its objective function value; randi,j is a random
number in the interval [0,1]; SW is the best candidate solution for the strongest walrus; Ii,j

is an integer randomly selected between 1 and 2. Ii,j is used to enhance the probing ability
of the algorithm. When Ii,j is 2, the position change of the walrus is more significant and
the range is wider.

2.3. Migration Strategy

Walruses have a natural behavior of migrating to outcrops or rocky beaches because
of the rising temperatures in late summer. The WaOA utilizes this behavior to direct the
walrus within the search space and locate the most suitable area. Mathematical modeling
of this behavior mechanism is carried out by Equations (5) and (6). The model presumes
that each walrus migrates to the location of another walrus (randomly selected) within
the search space. A new position is generated on the basis of Equation (5), and then, in
accordance with Equation (6), if it enhances the value of the objective function, the prior
position of the walrus will be replaced.

xP2
i,j =

⎧⎨
⎩

xi,j + randi,j·
(

xk,j − Ii,j·xi,j

)
, Fk < Fi

xi,j + randi,j·
(

xi,j − xk,j

)
, else

(5)
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Xi =

{
XP2

i , FP2
i < Fi

Xi, else
(6)

In the formula, XP2
i represents the new position of the ith walrus generated on the basis

of the second stage; XP2
i,j is its jth dimension; FP2

i is its objective function value; Xk represents
the position of selected walrus to migrate the ith walrus towards it. k ∈ {1, 2, . . . , N} and
k �= i; xk,j is its jth dimension; Fk is its objective function value.

2.4. Avoid Predator Strategy

Simulating the natural behavior of a walrus changing its position to avoid predators
effectively improves the local search capability of the WaOA. During the simulation, we
set each walrus to have a dynamic neighborhood centered on its current position. At the
beginning, with the aim of thoroughly probing the search space, the neighborhood radius
is configured to be at its maximum. As the iteration increases, the neighborhood radius is
gradually reduced in order to accurately approximate the optimal solution. It improves the
local search capability. To realize this process, the concept of local lower/upper limits is
introduced in the WaOA to dynamically adjust the neighborhood radius. A neighborhood
is set around each walrus, and a new position is randomly generated initially according to
Equation (7), and then its field is shrunk according to Equation (8). In cases where the value
of the objective function is enhanced, the prior position will be substituted in accordance
with Equation (9).

xP3
i,j = xi,j +

(
lbt

local,j +
(

ubt
local,j − rand·lbt

local,j

))
(7)

Localbounds :

⎧⎨
⎩ lbt

local,j =
lbj
t

ubt
local,j =

ubj
t

(8)

Xi =

{
XP3

i , FP3
i < Fi

Xi, else
(9)

In the formula, XP3
i represents the new location of the ith walrus generated on the

basis of the third stage; xP3
i,j is its jth dimension, FP3

i is its objective function value; t is the
number of iterations; lbt

j and ubt
j are the lower limit and upper limit of the jth variable;

lbt
local,j and ubt

local,j are the local lower limit and upper limit of the jth variable.
After the first iteration of the WaOA, the walrus position is updated and the value

of the objective function is calculated following a three-stage strategy. Then, iterative
optimization following the steps of the WaOA is performed until the number of iterations is
appropriate. Finally, the WaOA outputs the optimal candidate solution as the final solution.
The flowchart illustrating the execution of the WaOA is presented in Figure 1.
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Figure 1. Flowchart of the WaOA.

3. Numerical Experiments and Analysis

3.1. Benchmark Function

In the process of developing and improving optimization algorithms, benchmark
function testing is highly valued [7]. Twelve benchmark functions are selected for the
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simulation test, as shown in Table 1. The definition domain limits the search space, and
the theoretical values reflect the optimal solutions. F1–F6 are unimodal functions that
possess only one global optimal solution, without a local optimum. They are utilized
to test the convergence speed and development behavior of the algorithm. F7–F12 are
multimodal functions, which possess global optimum as well as several local optimal
solutions. The number grows exponentially as the dimension increases, which can be
utilized to examine the capability of the algorithm to break away from local optimal and
global search capability [8,9]. One of the advantages of the multimodal function is that it
has high similarity with the search space of practical problems [4]. Figure 2 displays the
diagram of the search space of the WaOA in benchmark functions F7–F12.

Table 1. Test function.

Number Name Benchmark Functions Dim Range fmin

F1 Sphere f1(x) =
Dim
∑

i=1
x2

i
30 [−100,100] 0

F2 Schwefel 2.22 f2(x) =
Dim
∑

i=1
|xi|+

Dim
∏
i=1

|xi| 30 [−10,10] 0

F3 Schwefel 1.2 f3(x) =
Dim
∑

i=1
(

i
∑

j−1
xi)

2
30 [−100,100] 0

F4 Schwefel 2.21 f4(x) = maxi{|xi|, 1 ≤ i ≤ D} 30 [−100,100] 0
F5 Rosenbrock f5(x) =

Dim−1
∑

i=1

[
100(xi+1 − x2

i )
2
+ (xi − 1)2

]
30 [−30,30] 0

F6 Step f6(x) =
Dim
∑

i=1
([xi + 0.5])

2
30 [−100,100] 0

F7 Quartic f7(x) =
Dim
∑

i=1
i × x4

i + random[0, 1) 30 [−1.28,1.28] 0

F8 Schwefel 12.26 f8(x) =
Dim
∑

i=1
−xi sin

(√
xi
) 30 [−500,500] −12,569.5

F9 Rastrigin f9(x) =
Dim
∑

i=1

[
x2

i − 10 cos(2πxi + 10)
] 30 [−5.12,5.12] 0

F10 Ackley f10(x) = −20 exp

(
−0.2

√
i

Dim

Dim
∑

i=1
x2

i

)

− exp
(

1
Dim

Dim
∑

i=1
cos(2πxi)

)
+ 20 + e

30 [−32,32] 0

F11 Griewank f11(x) =
1

4000

Dim
∑

i=1
x2

i −
Dim
∏
i=1

cos
(

xi√
i

)
+ 1 30 [−600,600] 0

F12 Generalized
penalized

f12(x) =
π

Dim

{
10 sin(πy1) +

Dim−1
∑

i=1
(yi − 1)2[1 + 10 sin2(πyi+1)

]
+(yDim − 1)2

}
+

Dim
∑

i=1
u(xi , 10, 100, 4)

yi = 1 +
xi + 1

4
,

u(xi , a, k, m) =

⎧⎪⎨
⎪⎩

k(xi − a)m xi > a
0 −a < xi < a
k(−xi − a)m xi < −a

30 [−50,50] 0

The theoretical optimal value of function F8 presents the feature tightly related to its
dimension. Meanwhile, it changes along with the change of the dimension. The ideal value
of F8 ought to be fmin = −418.9872 × dim. When the dimension denotes 30, the optimal
value should be −12,569.5 [11].
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Regarding the function F12,

yi = 1 + xi+1
4 ,

u(xi, a, k, m) =

⎧⎪⎪⎨
⎪⎪⎩

k(xi − a)m xi > a

0 −a < xi < a

k(−xi − a)m xi < −a

(10)

 

Figure 2. Search space diagram of the WaOA in benchmark functions.

3.2. Algorithm Parameter Setting

All algorithm tests are carried out in MATLAB R2022a software. The test setup
consists of Windows 11, an AMD Ryzen 7 5800H 3.20 GHz processor, and 16 GB of RAM
(MAXSUN, Yichang, China). To guarantee the fairness of the comparison, it is necessary to
uniformly set all algorithms to the same variables uniformly. For the specific parameters
of various algorithms, we refer to the relevant literature and adopt the parameter values
recommended in the standard version of the algorithm. The parameters are configured as
presented in Table 2.

Table 2. Different algorithm parameter settings.

Algorithms Parameters Values

For all algorithms
Population size 30

Iterations 500

Walrus optimization algorithm
(WaOA) No specific parameters

Sand cat swarm optimization algorithm
(SCSO)

SM 2

Roulette selection [0,360]

Seagull optimization algorithm
(SOA)

Control parameter A [0,2]

fc 2

Ant lion optimization algorithm
(ALO)

Random number F [0.2,0.8]

Probability factor PCR 0.8
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3.3. Algorithm Performance Calculation

The meta-heuristic algorithm has the feature of random search. It usually obtains the
approximate optimal solution, which may be different from the global optimal solution. The
calculation results may be different each time [10]. In order to reduce the randomness bias,
we perform twenty independent operations on each test function. The mean and standard
deviation of fitness values serve as the metrics for evaluating algorithm performance. The
mean value is utilized to verify the convergence rate and solution accuracy of the algorithm,
while the standard deviation is employed to reveal the stability. Table 3 shows the test
results of four different algorithms after 20 independent repeated experiments.

Table 3. Performance comparison of four algorithms.

Function
WaOA SCSO ALO SOA

Mean Std Mean Std Mean Std Mean Std

F1 5.50 × 10−283 0.00 1.49 × 10−113 4.61 × 10−113 1.08 × 10−3 7.18 × 10−4 1.70 × 10−11 3.42 × 10−11

F2 3.89 × 10−144 1.36 × 10−143 8.07 × 10−61 2.86 × 10−61 5.64 × 101 4.81 × 101 2.38 × 10−8 3.19 × 10−8

F3 7.22 × 10−215 0.00 1.84 × 10−100 4.47 × 10−100 4.93 × 103 2.13 × 103 2.00 × 10−5 2.85 × 10−5

F4 3.40 × 10−135 1.10 × 10−134 7.31 × 10−52 2.62 × 10−51 1.71 × 101 5.10 × 100 5.37 × 10−3 1.55 × 10−2

F5 0.00 0.00 28.2 0.70 4.62 × 102 4.83 × 102 2.84 × 101 4.2 × 10−1

F6 0.00 0.00 2.04 0.56 2.26 × 10−3 1.93 × 10−3 3.18 × 100 3.66 × 10−1

F7 5.04 × 10−5 3.97 × 10−5 2.34 × 10−4 2.25 × 10−4 2.47 × 10−1 8.50 × 10−2 3.04 × 10−3 1.50 × 10−3

F8 −8.57 × 103 6.04 × 102 −6.31 × 103 1.08 × 103 −5.46 × 103 5.92 × 101 −5.02 × 103 3.50 × 102

F9 0.00 0.00 0.00 0.00 8.15 × 101 2.17 × 101 2.94 × 100 4.58 × 100

F10 2.22 × 10−15 1.78 × 10−15 4.44 × 10−16 1.97 × 10−31 6.03 × 100 2.72 × 100 2.00 × 101 1.50 × 10−3

F11 0.00 0.00 0.00 0.00 5.24 × 10−2 3.02 × 10−2 2.33 × 10−2 3.80 × 10−2

F12 1.57 × 10−32 5.47 × 10−48 9.83 × 10−2 4.61 × 10−2 1.49 × 101 6.96 × 100 3.53 × 10−1 1.79 × 10−1

As shown in Table 3, the WaOA manages to find the optimal results in the majority
of test functions. Particularly, on the functions F5, F6, F9, and F11, the theoretical optimal
value 0 can be realized. It shows that the WaOA is very competitive among the eight
algorithms. However, the optimization accuracy of the WaOA on function F10 is slightly
worse than that of the SCSO. This phenomenon can be reasonably explained by the famous
No Free Lunch (NFL) theorem; it means there is no universal algorithm that can show
optimal performance on all test functions [19]. It emphasizes the close relationship between
algorithm performance and problem characteristics.

However, relying on the data in Table 3 solely is not sufficient to fully evaluate the
optimization effect of the WaOA on the benchmark function. In order to further understand
its performance, the convergence curves on different functions for the WaOA and other
algorithms are plotted, as shown in Figure 3.

As can be seen more intuitively from the Figure 3, the WaOA demonstrates excellent
convergence speed and accuracy in the majority of test functions, and it can discover the
optimal value more rapidly. Via the thorough analysis of the table data and the fitness
curve, we can conclude that, among the four algorithms, the WaOA performs best and is
capable of achieving better results.

3.4. Nonparametric Tests

Conducting a thorough analysis of the algorithm data is also a crucial part of the
conclusion [20]. Nonparametric tests can provide significant results when disparities exist
among the algorithms. In this paper, the Friedman test [21,22] is used to rank the algorithms.
The top performance is assigned a rank of 1, the second-best one is given a rank of 2, and
this ranking method continues accordingly [23]. The results of Friedman’s test calculations
for the four algorithms are presented in Table 4.
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Figure 3. Algorithm fitness iteration curve.

Table 4. Friedman test results.

Algorithm Freidman Rank Ranking

WaOA 1.16 1
ALO 3.65 4
SOA 3.20 3
SCSO 1.98 2

It can be seen from Table 4 that the WaOA ranks first among the four algorithms, and
the Freidman rank is 1.16, which suggests that it has excellent comprehensive performance.

When analyzing the performance of the algorithm, we apply the Wilcoxon rank sum
test method and set the significance level p at 0.05. Under this setting, when the p-value
is below 0.05, it shows that the WaOA differs significantly from other algorithms. On the
contrary, it is not significant [24]. Table 5 lists the p-values of the WaOA in relation to the
other three algorithms.

As shown in Table 5, the p-value of the majority of the algorithms is below
0.05 compared to the WaOA, regardless of unimodal or multimodal functions. It indi-
cates that the WaOA has more obvious advantages. In functions F9 and F11, the p-values
of the WaOA relative to the SCSO are both 1. According to the fitness curve, although the
WaOA has better convergence speed and accuracy than the SCSO on these two functions
in the early stage, due to the great global optimization ability of the SCSO, the WaOA
cannot perform much better than the SCSO on these two functions with a sufficient number
of iterations.
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Generally speaking, the WaOA attains an effective equilibrium between global search
and local search strategies. Compared with other algorithms, it shows better convergence
speed and solution accuracy, reflecting its excellent optimization performance.

Table 5. p-values of the Wilcoxon rank sum test for different algorithms on functions F1–F12.

Function ALO SOA SCSO

F1 8.86 × 10−5 8.86 × 10−5 8.86 × 10−5

F2 8.86 × 10−5 8.86 × 10−5 8.86 × 10−5

F3 8.86 × 10−5 8.86 × 10−5 8.86 × 10−5

F4 8.86 × 10−5 8.86 × 10−5 8.83 × 10−5

F5 8.86 × 10−5 8.86 × 10−5 8.86 × 10−5

F6 8.86 × 10−5 8.86 × 10−5 8.86 × 10−5

F7 8.86 × 10−5 8.86 × 10−5 3.38 × 10−4

F8 8.86 × 10−5 8.86 × 10−5 1.40 × 10−4

F9 8.86 × 10−5 8.86 × 10−5 1
F10 8.86 × 10−5 8.86 × 10−5 0.002
F11 8.86 × 10−5 8.86 × 10−5 1
F12 8.86 × 10−5 8.86 × 10−5 8.86 × 10−5

4. Basic Principle of Thermal Parameter Inversion

4.1. Parameter Selection

The hydration heat of cement is a vital factor for the variation in internal thermal stress.
During the calculation process of the temperature field, the adiabatic temperature rise θ

of the concrete is customarily utilized as the principal parameter. Adiabatic temperature
rise is the temperature growth that is directly brought about by all the heat released by the
adequate hydration process of cementitious materials in concrete when there is no heat loss
in the ideal state of completely isolating the external heat exchange [25].

The calculation of adiabatic temperature rise depends on a series of thermal character-
istic parameters of concrete. It is often expressed in hyperbolic form, and the expression is
as follows:

θ(τ) = θ0
τ

n + τ
(11)

Within the formula, θ(τ) is the adiabatic temperature rise function of concrete; θ0 is
the final adiabatic temperature rise of concrete; τ is the age of concrete; n is the parameter
of temperature rise law.

Although the results obtained by the hyperbolic formula demonstrate a high degree
of coincidence with the experimental data, the calculation process is relatively complicated.
In view of this, Zhu Bofang proposed a straightforward and efficient exponential approach
to calculate the adiabatic temperature rise of concrete. The expression is as follows:

θ(τ) = θ0s(1 − e−m1τ) + θ0(1 − s)(1 − e−m2τ) (12)

The parametric relationship of Equation (12) is as follows:

m1 =
1.45

n
, m2 = 0.10m1 (13)

In Equations (12) and (13), m1, m2 represent the hydration heat dissipation coefficient
of concrete. As constants without units, they dominate the slope change of the temperature
rise curve in the primary stage and the advanced stage during the evolution of the concrete’s
temperature. It means that they affect the rate of concrete temperature rise; s is a coefficient
related to the concrete material. Most of the s values in the practical application were 0.60.
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In this paper, the combined exponential formula that is applicable for operation
is adopted as the expression for the adiabatic temperature rise of concrete during the
parameter inversion calculation process. The inversion coefficient m1 is transformed by
Equation (13) to obtain the parameter n. The expression of the final result is formulated as
a hyperbolic form that can be easily organized.

The chief parameters of thermal performance during the calculation of the temper-
ature field of the concrete are final adiabatic temperature rise θ0, temperature rising law
parameters n, surface heat transfer coefficient β, thermal conductivity λ, thermal diffusivity
α, density of concrete ρ, and specific heat c. It merits attention that the number of inversion
parameters has a substantial impact on the accuracy and speed of inversion. The more
parameters there are, the more inappropriateness is increased and the lower the accuracy is.
Therefore, the inversed thermal parameters should be preferentially selected to be sensitive
to external factors and more crucial for the computation of the concrete temperature field.

The concrete density ρ, specific heat c, and thermal diffusivity α vary little with external
factors, and more accurate results can be obtained through laboratory tests. Moreover, the
thermal conductivity λ can be established based on the formula α = λ/cρ.

Considering that concrete is a material of poor thermal conduction, the final adiabatic
temperature rise is regarded as a thermal parameter that varies considerably after the
pouring block is affected by various external factors. In addition, θ0 is also affected by
the variety of concrete cement, the amount of cement, the variety and dosage of mixed
materials, etc., and there are differences between the laboratory test environment and the
onsite construction conditions, so it is necessary to invert θ0. In Equations (12) and (13),
the temperature rising law parameter n also exerts a significant influence on temperature
calculation. After the completion of pouring, in order to ensure its quality, it is necessary
to implement thermal insulation coverage on the surface or adopt a watering spray to
maintain appropriate temperature conditions. For the block surface with different thermal
insulation measures, we should use the different surface heat transfer coefficient β to
simulate, and β needs to be inverted.

In summary, we select the final adiabatic temperature rise θ0, surface heat transfer
coefficient β, and temperature rising law parameter n as the inversion parameters.

4.2. Calculation of Concrete Temperature

Setting cooling water pipes inside mass concrete is one of the most significant measures
for controlling its temperature. A large amount of hydration heat generated inside the
concrete is taken away by cooling water [5]. In an average sense, Zhu Bofang regarded the
cooling water pipe as a negative heat source and proposed the equivalent heat conduction
equation. The expression is as follows [26,27]:

T(t) = Tωi + (Ti − Tωi)φi(t) + θ0ψi(t) (14)

φi(t) = e−pit (15)

ψi(t) =
sm1

m1 − pi

(
e−pi−m1ti − e−m1(t+ti)

)
+

(1 − s)m2

m2 − pi

(
e−pi−m2ti − e−m2(t+ti)

)
(16)

In Equations (14)–(16), T(t) is the average temperature of concrete; Tωi is the cooling
circulating water temperature of the ith stage; Ti is the concrete temperature at the begin-
ning of the water supply of the ith stage; φi(t) is the water cooling function when the ith
stage is accessing water; ψi(t) is the temperature rise function of water cooling when the
ith stage is accessing water; pi is the water cooling parameter. s, m1, m2 are the same as in
Equations (12) and (13).
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4.3. The Objective Function

With the aim of reducing the gap between the calculated temperature and the mea-
sured temperature of the simulated concrete to the minimum, by using the ordinary
least squares, the mathematical expression model of the objective function is formulated
as follows:

Q(x) =
p

∑
j=1

q

∑
i=1

(
Tij

′ − Tij

Tij

)2

(17)

x = (x1, x2, x3, · · · xD) ∈ [Ld, Ud] (18)

In the formula, Q(x) is the objective function of the optimization problem; x is the
feasible solution of the optimization problem. Each solution is a D-dimensional vector;
D is the number of parameters of the intelligent optimization problem; Ld and Ud are
the upper and lower bounds of the solution space; Tij

′ and Tij are the calculated value of
finite element temperature and the measured value of field temperature at the j position of
concrete at time i; p is the entirety number of measuring points; and q is the total duration.

In MATLAB R2010a, the parameter inversion is converted into an optimization prob-
lem through the application of the objective function. The thermal parameters are iteratively
optimized by the WaOA algorithm, and then introduced into ANSYS 12.1 for temperature
field simulation. When the fitness values of the objective function fulfil the convergence con-
dition, the optimal thermal parameter values are outputted. Figure 4 shows the flowchart
of MATLAB calling ANSYS for computation.

T a

t

 

Figure 4. Flowchart of MATLAB calling ANSYS for computation.
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5. The Application Example

A hydropower station lies in the downstream section of Jinsha River, spanning Sichuan
and Yunnan provinces. The controlling watershed of the hydropower station is large,
located in the subtropical monsoon region. The initial installed capacity is 16,000 MW,
boasting an annual power generation of 6409 million kW/h.

Figure 5 shows the information of the 29#-005~007 concrete pouring block of an arch
dam in the downstream section of Jinsha River. It can be seen that the thickness of each
pouring block amounts to three meters, and it consists of six blank layers that is half a meter
thick. The concrete strength grade is C40. The finite element model is discretized using
hexahedral eight-node isoparametric elements. There are 37,800 elements and 42,718 nodes
built in total. According to the design value of concrete in this area and the laboratory
test value provided by Changjiang River Scientific Research Institute [28], the range of
inversion parameters is as follows: θ0 ∈ [20, 30]◦C, n ∈ [1.5, 5], β ∈ [100, 900]kJ/(m2·h·◦C).

Figure 5. Information on pouring block 29#-005 to 007.

The other parameters refer to the laboratory test values of the Changjiang River
Scientific Research Institute. During simulation calculation, the C40 concrete density ρ

equals 2601 kg/m3, the value of the specific heat c equals 0.851 kJ/(kg·◦C), and the value
of the thermal diffusivity α equals 0.0708 m2 / h.

The boundary conditions of the model include the following: the transverse joint
surfaces on both sides of the pouring block are set as adiabatic boundary conditions, while
the third type of temperature boundary conditions (i.e., convection boundary conditions)
are imposed on the top surface along with the upstream and downstream surfaces of the
pouring block. With the aim of emulating the effect of water pipe cooling, the equivalent
heat conduction model of water pipe cooling is utilized. Meanwhile, with the application
of the birth and death element technology of ANSYS, the pouring sequence of various
concrete pouring blocks can be accurately simulated and controlled [29]. Once the pouring
of the first concrete block commences, the finite elements of the first block are activated,
while those of the others are terminated. When the second begins, the first and the second
block concrete finite elements are activated, and the third is killed. According to the actual
project progress, the pouring sequence of each pouring block is precisely regulated. With
the aim of removing the interference, the measured temperature data of the bottom block
do not participate in the inversion calculation.

The time step of temperature calculation is set at 0.5 d, and the overall time spans
30 d. The actual interval time among different blocks is decided in line with the pouring
progress. The time, circulating water temperature, and water flow rate data of cooling

81



Appl. Sci. 2025, 15, 2155

water gained are in accordance with the intelligent water-cooling system of this dam, as
depicted in Figures 6 and 7. The average temperature of every 0.5 d is designated as the
ambient temperature, as depicted in Figure 8.

Figure 6. Circulating water temperature.

Figure 7. Water flow rate.

Figure 8. Ambient air temperature.

For a thorough assessment of the performance of the WaOA in practical applications,
the four algorithms described in Chapter 2 are included in the parameter inversion calcula-
tion. Taking the time factor into account, the population is set at thirty, and the iteration
number amounts to forty. Figure 9 illustrates the change of the fitness value of different
algorithms in relation to the number of iterations.
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Figure 9. Fitness iteration curve.

From Figure 9, it is observable that as the iteration proceeds, the fitness values exhibit
a downward trend. However, the WaOA converges at a notably faster pace and boasts
the highest convergence accuracy among the four algorithms. Table 6 shows the inversion
results of the WaOA after forty iterations.

Table 6. Inversion value of thermal parameters.

Parameter
Surface Heat Transfer

Coefficient
kJ/(m2·h·◦C)

Adiabatic Temperature Rise

C40 inversion value 742.7 θ(t) = 24.2t
t+2.83

With reference to the thermal parameters that were acquired through inversion in
Table 6, the numerical simulation of temperature field is carried out for the 29#-006~007
pouring block. Figure 10 presents the comparison of the measured temperature and the
calculated temperature data throughout the time.

Figure 10. Temperature comparison chart for pouring block 29#-006 to 007.

Apparently, the predicted value of the concrete temperature obtained by numerical
simulation is highly consistent with the measured data in the field. The maximum error
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is controlled within 1 ◦C. It is proved that the thermal parameter values obtained by
inversion have high reliability. The chief factor contributing to the error may be that it
is tough to accurately define the initial temperature of concrete which imposes a certain
effect on the results of the temperature rise stage. Meanwhile, owing to the instability of
the cooling water flow onsite, the intermittent water flow causes the fluctuation of water
flow at different times. It also exerts an influence on the calculation results. In terms of
calculation, it is beneficial to enhance the accuracy of the calculation results by maintaining
the continuous and smooth transition of the water flow and avoiding the occurrence of
intermittent water cut-off.

Tables 7 and 8 show the construction date of the 29#-005~007 and 27#-024~026 pouring
blocks of an arch dam in the lower reaches of Jinsha River. Although these pouring blocks
are not carried out simultaneously, their pouring time intervals are relatively short. Both
of them used the C40 grade concrete materials. In a similar period of time, the concrete
pouring process, aggregate gradation, and slump used by them are consistent. At the same
time, the temperature conditions and the heat preservation measures taken during this
period are also the same. Based on this, we propose a conjecture: in the adjacent time
period, is the thermal parameters of the concrete of the same grade poured in the adjacent
dam section consistent?

Table 7. Construction sequence of pouring block 29#-005~007.

Pouring Block 29#-005 29#-006 29#-007

Start 2019-10-09 06:00 2019-10-16 05:28 2019-10-25 21:15
End 2019-10-10 04:03 2019-10-17 06:29 2019-10-27 00:43

Table 8. Construction sequence of pouring block 27#-024~026.

Pouring Block 27#-024 27#-025 27#-026

Start 2019-07-04 22:50 2019-07-21 05:31 2019-07-28 05:37
End 2019-07-06 06:29 2019-07-22 09:10 2019-07-29 09:38

Figure 11 shows the information on pouring bay 27#-024 to 026. The grid cell of the
finite element model is an eight-node hexahedral isoparametric cell, which is made up of
32,400 elements and 36,673 nodes in total.

Figure 11. Information on pouring block 27#-024 to 026.

Using the field-measured water information and ambient temperature data, the ther-
mal parameters of C40 concrete in the 29#-005~007 block obtained by inversion in Table 6
are applied to the finite element numerical simulation model of the 27#-024~026 block.
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Through the calculation, the calculated temperature values of the 27#-025 and the 026 blocks
are obtained, and compared with the measured temperature onsite. The results of the
comparison are demonstrated in Figure 12.

Figure 12. Temperature comparison chart for pouring block 27#-025 to 026.

As can be seen from the comparison results of Figure 12 that the variation trends of
the calculated temperature and the measured temperature are in high accordance, and
the maximum temperature deviation is controlled within 1 ◦C, which indicates that the
numerical simulation method has high accuracy.

According to the research report of the Changjiang River Scientific Research Institute
on the concrete mix proportion test of the dam of the hydropower station [28], the thermal
parameters of the C40 strength grade concrete obtained through inversion are compared
with the values from laboratory tests, as demonstrated in Table 9. Figure 13 shows the
comparison of the curve of the adiabatic temperature rise of concrete as its age changes.

Table 9. Comparison of adiabatic temperature rise.

Strength Grade Data Sources Adiabatic Temperature Rise (◦C)

C40
29#-005~007 θ(t) = 24.2t

t+2.83
Laboratory test value θ(t) = 25.2t

t+3.26

Figure 13. Relationship curve between adiabatic temperature rise and age of C40 concrete.
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The Figure 13 reveals that the final adiabatic temperature rise of C40 concrete gained
through the inversion process is a bit lower than the laboratory test value, and the error
range is within 0.9 ◦C. The fitness curve obtained by inversion is roughly the same as the
laboratory test results, which fully demonstrates that the inversion possesses high accuracy
and reliability. Table 10 shows the design parameters of a dam in the downstream section
of Jinsha River [28]. Obviously, in the laboratory test, the water–binder ratio of concrete
ranges from 0.42 to 0.46. However, the water–binder ratio of concrete that is poured at the
actual site typically reaches 0.5. We observe that the adiabatic temperature rise of concrete
acquired through inversion is of a lower level than that obtained by laboratory standard
tests. This variability may be attributed to the lower amount of cement used in the actual
casting, resulting in an elevation of the water–binder ratio of the concrete, which in turn
leads to the final adiabatic temperature rise being slightly less than the experimental values.

Table 10. Design parameters of dam concrete for Baihetan Hydropower Station.

Strength
Grade

Design
Age
(d)

Strength
Guarantee

Frost
Resistance

Grade

Impermeability
Grade

Tensile
Strength

(MPa)

Ultimate
Tensile
Value

(×10−6)

Maximum
Water-
Binder
Ratio

Allowed

Gradation

C35
180 85%

≥F90300 ≥W9014 ≥3.0 ≥100 0.46 Three and
four

C40 ≥F90300 ≥W9015 ≥3.2 ≥105 0.42 Four

6. Conclusions

(1) In order to make the conclusion more credible, this study not only uses twelve
standard benchmark functions as test sets, but also further tests its performance with
three different algorithms, and implements nonparametric tests when evaluating the
performance of the WaOA. The results show that the WaOA, as a new meta-heuristic
algorithm, possesses the features of simple structure, ease of implementation, and fewer
parameters. It can strike a fine balance between the exploration stage and the development
stage of the algorithm, and shows significant advantages in performance, which can provide
help for subsequent practical engineering calculation problems.

(2) By combining the inverse analysis theory with the finite element calculation of the
temperature field, a numerical model for inverse analysis of thermal parameters relying on
the WaOA is established, and the thermal parameters of C40 concrete of an arch dam in
the lower reaches of Jinsha River are inverted. By comparing the measured and calculated
temperature curves of typical measuring points, it is observable that the overall temperature
change trend of the two shows a high degree of conformity, and the error stays below 1 ◦C.
It suggests that the thermal parameters acquired through inversion can reflect the real
thermal characteristics of concrete materials. Further verification shows that the inversion
parameters are applied to different dam section models with adjacent pouring blocks and
similar pouring time. High consistency is shown between the measured and calculated
temperature values, and the maximum error is limited within 1 ◦C. The practicability
and reliability of the inversion parameters are, thus, proved, and theoretical guidance is
provided for subsequent research.
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Abstract: In developing a digital twin of a real structure, finite element model updating
(FEMU) is essential for refining the model’s response based on measured data, enabling
the detection of structural damage or hidden reserves over time. This case study focused
on a 40-year-old multi-span concrete roadway bridge, equipped with permanent bridge
weigh-in-motion (B-WIM) and structural health monitoring (SHM) systems. Bridge re-
sponses from two calibration vehicles were used to derive strain influence lines (ILs) from
mid-span B-WIM strain transducers mounted on the main girders. The error-domain
model falsification (EDMF) methodology was applied to perform strain IL-based FEMU
and the more conventional frequency-based, MAC-based, and combined frequency and
MAC-based FEMU. Boundary conditions and three Young’s modulus adjustment factors,
representing different groups of structural elements, were updated. The strain IL-based up-
dated FE model, with averages of 35% and 50% stiffness increases for the two main girders,
showed strong agreement with independently measured mid-span vertical displacements.
Maximum values deviated not more than 5%. In contrast, the frequency and MAC-based
updated FE model underestimated displacements by 25–30%. These findings highlight the
potential of using B-WIM for FEMU and SHM on such types of bridges, particularly when
the response under traffic load is of interest.

Keywords: finite element model updating (FEMU); calibration; bridge; bridge weigh-in-
motion (B-WIM); structural health monitoring (SHM); error-domain model falsification
(EDMF); influence line (IL)

1. Introduction

The average age of bridges all around the world, particularly in developed economies,
is increasing and great numbers are approaching the end of their design lives [1]. As they
are often poorly maintained and monitored and are exposed to natural disasters, such as
earthquakes and floods, which cause erosion under their supports, we are observing more
and more collapses, many of which have caused fatalities. Nearly half of the reported
bridge failures worldwide have occurred in the last 20 years [2]. Comparing the expanding
global economy and the number of reported bridge collapses results in a firm correlation
(Figure 1).

Without systematic inspections, monitoring, timely interventions, and implementation
of new technologies, even nominally robust systems gradually deteriorate, culminating in
higher collapse rates. Recognising this linkage justifies the current research efforts into new
technologies, such as structural health monitoring (SHM), finite element model updating
(FEMU), and bridge weigh-in-motion (B-WIM), especially as transport networks become
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ever more extensive and critical to economic development. Tackling these issues requires
better and more robust predictions of bridge behaviour. One approach that copes with
these requirements is FEMU, where finite element (FE) models are updated to match the
analytical and measured responses.

(a) (b)

Figure 1. Correlation between bridge collapses [2] and world GDP [3] in the last 100 (a) and 40 years (b).

In structural dynamics, FEMU traces back to the early efforts of reconciling FE simula-
tions with measured vibration data to refine predictions of real-world structural behaviour.
Mottershead and Friswell [4] conducted a deep survey on the topic, systematising key
approaches for parameter selection, objective function formulation, and optimisation strate-
gies. Early on, most FEMU applications focused on natural frequencies and mode shapes
to capture global structural responses. Over time, researchers recognised that purely
vibration-based data sometimes lacked sensitivity to localised parameters (e.g., small-scale
stiffness or boundary nuances). This realisation gradually led to new data types, such
as displacements and strains [5–10], being integrated into the FEMU process, helping to
address the inherent limitations of purely modal data. Building on these foundations, the
current generation of FEMU techniques harnesses large-scale test data under various load-
ing scenarios. One promising approach is using measured influence lines (ILs). IL-based
approaches reflect global and local responses with minimal instrumentation, allowing for
more precise FEMU. Using ILs in FEMU can more accurately describe local boundary
conditions, subtle stiffness variations, and stress distribution patterns.

The literature proposes various signal-processing and inverse analysis techniques
to extract an IL from measured bridge responses under moving loads: spatial-domain,
frequency-domain, and decomposition-based methods. O’Brien et al. [11] introduced
a bridge IL identification method through spatial domain modelling. This approach
quantifies the connection between vehicle axle load, IL coefficients, and bridge response
at different vehicular positions. Alternatively, one can achieve response normalisation
in the frequency domain, restoring the IL using the inverse Fourier transformation. Yan
& Yuen [12] developed a method that utilises static response transfer ratio functions to
identify IL from a probabilistic frequency domain viewpoint. Similarly, Frøseth et al. [13]
identified IL in the frequency domain based on the principle that the convolution of the
moving load and IL results in the bridge response. An adaptive enhanced variational
mode decomposition (AEVMD) method was presented for extracting the bridge’s quasi-
static response [14]. This method combines the pre-processed conjugate gradient least
squares (PCGLS) algorithm to determine the IL. Although both spatial and frequency
domain methods effectively create mathematical models for IL identification, they remain
vulnerable to dynamic interference. In contrast [15], a non-linear optimisation approach,
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drawing from a substantial number of random vehicles in traffic flow with unknown axle
loads to define the shape of the influence line, has a notable advantage since the inherent
dynamic responses of both the bridge and vehicles influence the IL shape less. This can
skew results based solely on a limited number of pre-weighed vehicles. This paper follows
this aspect of leveraging continuous advances in sensor technology, signal processing, and
data-driven optimisation to enhance IL-based FEMU, ensuring more precise and robust
methodologies for bridge health monitoring and structural safety assessment.

This paper builds on previous work on using strain ILs obtained from B-WIM measure-
ments. Strain ILs are essential for B-WIM algorithms to calculate accurate axle loads [15].
Algorithms have been developed to calculate strain ILs from all heavy gross vehicle cross-
ings. Hundreds are statistically evaluated to obtain reliable information on bridge per-
formance under moving loads [16]. In the past, these B-WIM-calculated strain ILs have
already been used to calibrate the analytical models of simple short-span bridges. In this
study, we first enhanced the strain IL calculation methodology to account for quantities
better suited to bridge analyses. Then, we used the results to update the case study bridge
and compared the FEMU results with more traditional frequency and mode shape-based
FEMU results. For the FEMU, we replaced the traditional methods, such as Bayesian model
updating and residual minimisation, with the EDMF methodology. Lastly, we validated
the FE model response with measured displacements under calibration vehicle passages.

The novelty of the proposed method lies in integrating measured strain ILs, derived
from B-WIM data, into the FEMU process, representing an important advancement over tra-
ditional approaches that rely solely on modal parameters, like frequencies, MAC values, or
on maximum strains under traffic load. It offers a cost-effective alternative to displacement-
based methods, which were independently validated to yield comparable results in terms
of response prediction. Methodologically, this study replaces more demanding Bayesian
updating and residual minimisation with the error-domain model falsification (EDMF)
approach. This falsification-based framework identifies plausible variable values of the
FE model by systematically eliminating FE models that fail to match experimental data
within defined uncertainty bounds. This makes it more robust to systematic uncertainties
and model biases and increasingly recognised for its accuracy and practical effectiveness in
structural identification. These methodological contributions not only simplify the FEMU
process, but also enhance the role of B-WIM in structural identification and long-term SHM.

2. Materials and Methods

2.1. Description of the Case Study Bridge

The case study Tomačevo roadway bridge was built in 1982 and crosses the Sava River
near the Slovenian capital Ljubljana (LJ). Its superstructure is a seven-span continuous
post-tensioned double-T section supported by circular piers on deep foundations (Figure 2).

The bridge consists of two parallel independent structures. The right one (Figure 3a,b
inside the red rectangles) carries traffic in the LJ direction and the left one in the opposite
(northeast) direction. This paper focuses on the right structure, denoted as the bridge
throughout this paper.

The superstructure was cast in place with sliding formwork technology. Cross girders
at the abutments connect longitudinal main girders. The bridge is bounded by modular
expansion joints at both abutments, where the superstructure is supported by guided
unidirectional pot bearings. The superstructure passes continuously above piers, supported
by round elastomeric bearings. No major rehabilitation works have been performed on the
bridge since its completion, apart from the expansion joint replacement in 1990 and the
asphalt layer and steel safety barrier replacement in 2018.
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The bridge is in good condition, with typical damages and defects, such as local
insufficient cover layer and consequent spalling of concrete, clogged expansion joints, and
corroded bearings. Drainage is inadequately implemented and maintained in several places,
especially near the abutments, which has caused accelerated deterioration of concrete and
bearings, as shown in Figure 4.

 

Figure 2. Aerial view of the Tomačevo bridge, with an arrow indicating the traffic flow in the
Ljubljana (LJ) direction.

 
(a)  (b) 

Figure 3. View under the Tomačevo bridge towards LJ (a) and opposite direction (b). Red arrows
indicate traffic direction and red rectangles the right structure, considered in this paper.

 
(a)  (b) 

Figure 4. Water leakage at the abutments (a) and a corroded guided unidirectional pot bearing (b).
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Side, plan, and cross-section views of the bridge are shown in Figure 5. Typical
elements are labelled with abbreviations, such as MG1, representing Main Girder 1, CG,
representing the Cross Girder, and similar to other elements, described in more detail in
Table 3.

 

Figure 5. Plan view, side view, and cross-section view of the bridge. Typical elements are labelled
with abbreviations, described more in detail in Table 3.

2.2. Measurements

The Tomačevo bridge is a B-WIM and SHM living-lab facility designed to develop and
test new technologies, sensors, and methods. The measurements setup on the bridge varied
over time, but for this study, the following sensors, shown in Figure 6, were considered:

• Fourteen Dewesoft-type IOLITEi 3xMEMS-ACC tri-axial MEMS accelerometers
(Dewesoft, Trbovlje, Slovenia) measuring the ambient and traffic-induced vibrations
and to determine the modal parameters of the bridge;

• Two inductive strain transducers (denoted in the paper as B-WIM sensors) measuring
traffic-induced strains on both girders, and to obtain input for the B-WIM measurements;

• Two linear variable differential transformers (denoted as LVDTs or. displacement sen-
sors) (HBK, Darmstadt, Germany) measuring traffic-induced vertical displacements
on both main girders;

• Two temperature sensors, T_OUT (Dewesoft, Trbovlje, Slovenia)measuring environ-
mental temperature and T_IN, measuring the temperature approximately 5 cm inside
the main girder MG1.

DewesoftX 2023.5 data acquisition software [17] was used for data recording with a
500 Hz sampling frequency.
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Besides the sensors that measure the mid-span strains on main elements such as
girders and slabs, B-WIM systems generally require additional sensors to detect the axles
and calculate the vehicle’s speed. In the lateral direction, they are installed on the elements
and locations close to the vehicle’s wheel track to capture clear spikes, representing indi-
vidual axles. One pair of such strain sensors was installed on the SLAB1 and one on the
SLAB2 element.

Figure 6. Disposition of the sensors used in this paper. Typical elements are labelled with abbrevia-
tions, described more in detail in Table 3.

2.2.1. Strain and Displacement Measurements Under the Calibration Vehicle Crossings

Strains and displacements were measured in May 2024 at night to avoid congestion
and minimise the presence of other vehicles on the bridge. The environmental conditions
were similar both nights; for the time of the experimental campaign, the difference between
the measured average temperatures of the first (18.2 ◦C) and second (17.7 ◦C) nights was
0.5 ◦C. Two statically pre-weighed calibration vehicles were used (Figure 7), a tri-axle rigid
truck, denoted as V1, and a two-axle tractor with a three-axle semi-trailer, denoted as V2.

Both vehicles were fully loaded on the first night and empty on the second night. Their
axle loads, spacing, and gross vehicle weight (GVW) are shown in Table 1.
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(a) (b) 

Figure 7. Calibration vehicles: V1 (a) and V2 (b).

Table 1. Axle loads, axle spacing, and gross vehicle weights (GVW) of the calibration vehicles.

1st Axle 2nd Axle 3rd Axle 4th Axle 5th Axle

Vehicle 1 Load
(kN)

Spacing
(m)

Load
(kN)

Spacing
(m)

Load
(kN)

Spacing
(m)

Load
(kN)

Spacing
(m)

Load
(kN)

GVW
(kN)

V1_F 68.67 3.42 73.58 1.37 71.61 / / / / 213.86
V1_E 57.88 3.42 37.28 1.37 36.30 / / / / 131.45
V2_F 69.65 3.60 90.25 2.82 64.75 1.31 61.80 1.31 59.84 346.29
V2_E 56.90 3.60 29.43 2.82 14.72 1.31 15.70 1.31 14.72 131.45

1 F represents a fully loaded truck, and E an empty truck.

Each vehicle passed the bridge in the driving lane ten times at 90 km/h, five times at
70 km/h, and three times at 30 km/h. Two trucks performed seventy-two passages in two
nights, which is approximately 50% of the recommended passages by COST 323 [18].

Then, the B-WIM analysis used the measurement result from the E_MG1 and E_MG2
sensors, and the strain IL was extracted. No displacement IL was extracted since the
measured displacement response under the calibration vehicles was only used to validate
the updated FE model, and not in the B-WIM and FEMU parts.

2.2.2. Extraction of the Strain Influence Line (IL) from the Strain Measurements

B-WIM refers to a method that uses an instrumented bridge or culvert to weigh-
in-motion the passing vehicles. The B-WIM analysis is an inverse-type problem where
the structural response (mid-span strains) is measured and the traffic load causing this
response is calculated [19]. Most operational B-WIM algorithms, including the one in this
study, work on static assumptions and follow the principles proposed by Moses [20]. The
key parameter in the B-WIM analysis is the IL, a function that describes the response of a
structure at a given point under a moving unit load. IL illustrates how various load effects,
like displacements and strains, change under the moving traffic loads.

Several methods of calculating ILs exist [21]; the method used in this paper has been
described in detail in [16]. The following is a short recap of the method and the adjustments
required for its use in FEMU. The goal of B-WIM is to solve a system of equations, defined
in (1) as:

s(tj) =
N

∑
i=0

Ai I
(
vi
(
tj − ti

))
; j = 1 . . . M (1)

where s(tj) is the average value of the strain signals from sensors at M different times,
Ai is the unknown axle weight, I(x) is the known strain IL, vi is the measured axle velocity,
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ti is the arrival time of an individual axle, N is the number of axles, and M is the number
of measurements, which must be greater than or equal to N. The strain IL is specified in
advance. Thus, the equation is linear in the unknown terms, meaning that relatively simple
methods suffice to obtain the axle weights.

The same equation can be used to calculate the strain IL by treating the function I(x)
as an unknown, in addition to axle loads. Cubic splines are used to model the strain ILs.
Splines are curves of the third order, smooth in derivatives and continuous in second
derivatives, thereby matching the characteristics of observed strain ILs. The solved system
is not linear in the unknown terms, necessitating iterative methods.

Figure 8 demonstrates the principle of strain IL modelling for a hypothetical three-
span bridge, for the strain sensor located at the mid-span of the inner span. The strain IL is
defined by the three types of points. The white points represent supports, the abscissas
are defined by geometry, and the ordinates are 0. The exception is point M, located at
the measurement point and whose ordinate is also optimised. The grey points define the
radius d/2 of the rounded cap that improves the fit between the measured and modelled
responses. Finally, the optional black points A through F can fine-tune the match. Their
x-coordinates are selected, and y-coordinates are optimised. The ordinates of the curve
between the control points are obtained with cubic spline interpolation.

 
Figure 8. Hypothetical three-span bridge strain influence line (IL), approximated with cubic splines
(adapted from [16]). The ordinates of the IL are obtained with cubic spline interpolation between the
white (LB, LS, M, RS, RB), grey and black (A, B, C, D, E, F) control points.

This study required an adaptation to the original method for calculating the strain IL.
As this technique can be applied to random traffic, monitoring its shape through time and
detection allows for possible changes in bridge behaviour [16]. Since the axle loads of the
vehicles from random traffic are unknown, the absolute strain IL value cannot be calculated.
Instead, the strain IL is normalised so that the integral between points LS and RS is equal
to 1, and the “raw” axle loads, calculated from the equation, adapt to this. Finally, one or
more calibration vehicles with known axle loads cross the bridge several times. The ratio
between raw and actual loads is calculated for each run, and the mean value of all results
is taken as a calibration factor that converts raw into actual loads.

Calculating the strain IL with known axle loads, as in this study, allows for avoiding
normalisation, as the actual influence of a unit axle on the bridge is needed. The known
axle loads of the calibration vehicles were taken, and the strain IL height adapted itself
during calculations.

Strain ILs were extracted separately for vehicle type and load (V1F, V1E, V2F, and
V2E) and for vehicle speed (30, 70, and 90 km/h). Overall, 12 strain ILs were generated for
each sensor. Figure 9 shows the strain ILs for sensors E_MG1 (a) and E_MG2, with blue,
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red, magenta, and green colours denoting V1F, V1E, V2F, and V2E vehicles, respectively.
The mean (μ) and mean ± standard deviation (μ ± σ) values are shown with dashed and
grey lines, respectively.

 
 

(a) (b) 

Figure 9. E_MG1 (a) and E_MG2 (b) strain ILs showing the (in)dependence of vehicle load and type.

Similarly, Figure 10 shows the generated strain ILs for sensors E_MG1 (Figure 10a)
and E_MG2 (Figure 10b), with red, green, and blue colours denoting 30, 70, and 90 km/h
speeds, respectively.

  
(a) (b) 

Figure 10. E_MG1 (a) and E_MG2 (b) strain ILs showing the speed (in)dependence.

Figures 9 and 10 indicate that vehicle type, load, and speed have a minimal impact
(less than ±5% deviation of the maximum strain IL values, compared with the maximum
values of the mean strain IL) on the strain IL’s shape and magnitude. Consequently, the
mean values of E_MG1 and E_MG2 strain ILs were used for the FEMU.

2.2.3. Ambient and Traffic-Induced Vibration Test

Operational modal analysis (OMA) was performed from the 60 min long signal,
captured after the last passage of the calibration vehicle, the second night at 3:00 AM. Only
a few passenger cars crossed the bridge in that time window. ARTeMIS Modal Pro 7.2
software [22] with the enhanced frequency domain decomposition (EFDD) method was
used to estimate the modal parameters. The 66% overlap and 4096-point data samples
resulted in approximately 0.06 Hz frequency resolution. Figure 11 shows the singular
spectral density values for the limited range from 0 to 10 Hz. The coloured markers
denote the detected modes used in the FEMU study, and the nearby text denotes the
frequency values.
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Figure 11. Singular spectral density values. Coloured markers denote the detected modes used in
the FEMU study.

Eight modes were identified and considered in the FEMU. Modes are named by their
shape (B for bending, T for torsion), direction (Y for movement in Y, Z for movement
in vertical direction), and harmonics (1 for first harmonic, etc.). Mode name ‘B-Y-1’, for
example, represents the first bending mode in the Y direction. Not all modes, represented by
evident peaks, were considered. Their significance was decided based on their complexity,
shape observation, modal assurance criterion (MAC) value, ability to distinguish them
from the nearby modes, and whether they could be automatically detected and paired with
measured modes. Table 2 shows natural frequencies and corresponding mode shapes from
the ambient and traffic-induced vibration test. Red indicates the highest, and blue the lowest
displacement magnitudes. Semi-transparent grey colour denotes the undeformed geometry.

Table 2 and Figure 12 demonstrate a strong similarity between B-Y-1, B-Y-2, and B-Y-3
modes, between B-Z-2 and B-Z-3 modes, and the T-1 and T-2 modes. This is expected, since
they represent the primary movement in a similar direction.

Table 2. Natural frequencies and corresponding mode shapes from the ambient and traffic-induced
vibration test. Red indicates the highest magnitude of displacements, while blue indicates the lowest.
Semi-transparent grey colour denotes the undeformed geometry.

B-Y-1 B-Y-2 B-Z-2 B-Z-3

1.00 Hz 2.37 Hz 3.89 Hz 4.20 Hz

B-Y-3 T-1 T-2 B-Z-5

4.58 Hz 5.49 Hz 5.85 Hz 7.58 Hz

Figure 12 shows the auto-modal assurance criterion (Auto-MAC) matrix for the exper-
imental mode shapes.
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Figure 12. Auto-MAC matrix for the experimental mode shapes.

2.3. Finite Element (FE) Model

The bridge FE model was developed in Abaqus/CAE 2023 [23] software. All structural
elements of the superstructure and piers were modelled using 20-node quadratic (C3D20R)
hexahedral and 8-node linear (C3D8R) hexahedral elements, respectively. The approximate
global mesh size was set to 0.50 m. Two analyses were conducted: modal analysis for
extracting natural frequencies and mode shapes, and static analysis to determine the
strain ILs. A 3D view and a detailed view of the pier–main girder and main girder–cross
girder connections are shown in Figure 13a–d. Throughout this paper, the FE model, with
properties from the design documentation, is denoted as the initial FE model.

 
(a) (b) 

 
(c) (d)  

Figure 13. Finite element (FE) model of the bridge in the Abaqus/CAE 2023 software: 3D view of the
entire bridge (a,b), detailed view near pier–main girder connection (c) and detailed view of the cross
girder near abutments (d).
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2.3.1. Geometry and Materials

The FE model was based on the geometry outlined in the design documents [24–27].
No in situ measurement data were used to construct the initial FE model. The edge beams
and slab geometry were minimally simplified to design the finite element mesh. An
isotropic elastic material was used for all elements. The material properties according to
the design documentation [24–27] are shown in Table 3. Young’s modulus and density for
selected elements were modified to consider the element’s weakening (holes in the SLAB5
element) and the effect of the attached non-structural elements.

Table 3. Material properties of structural elements according to design documentation [24–27].

Element Abbreviation
Young’s Modulus

(GPa)
Poisson

Ratio
Density
(t/m3)

Asphalt ASPH 8.00 0.35 2.582
Edge beam 1 EB1 31.00 0.20 2.710
Edge beam 2 EB2 31.00 0.20 2.580
Main girder 1 MG1 35.00 0.20 2.500
Main girder 2 MG2 35.00 0.20 2.500

Slab 1 SLAB1 35.00 0.20 2.500
Slab 2 SLAB2 35.00 0.20 2.500
Slab 3 SLAB3 35.00 0.20 2.500
Slab 4 SLAB4 35.00 0.20 3.573
Slab 5 SLAB5 14.59 0.20 1.177
Pier

(bottom part) 1 PIER_BOTTOM 31.00 0.20 2.500

Pier
(upper part, bearing

region) 1
PIER_TOP 34.00 0.20 2.500

Cross girder CG 35.00 0.20 2.500
1 PIER_BOTTOM represents the bottom parts, and PIER_TOP represents the top parts (bearing region) of all pier
pairs: P1, P2, P3, P4, P5, and P6.

2.3.2. Interactions and Boundary Conditions

Piers were connected to the superstructure with elastomeric bearings modelled as wires
(spring–dashpot assemblies). “Cartesian + Rotation” connector sections were assigned to
these wires (assemblies), which connected reference points on the pier–girder contact surfaces.
Stiffness properties were obtained from the design documentation [27] and are shown in
Table 4. Unidirectional pot bearings, which connected the superstructure to the abutments,
were not modelled as wires. Instead, the bearing surface was assigned a boundary condition
with restrained movements in the Y and Z directions. A fixed boundary condition, which
restrains displacements in all directions, was assigned to the bottom surfaces of all piers.

Table 4. Properties of bearings according to design documentation [27].

Bearing
Position

(Abutment, Pier)

Translational
Stiffness
(kN/m)

Vertical
Stiffness
(kN/m)

Rotational
Stiffness

(kNm)

X
Direction

Y
Direction

Elastomeric bearing type 1 P1, P6 3.18 × 103 3.18 × 103 1.77 × 106 3.41 × 104

Elastomeric bearing type 2 P2, P3 3.61 × 103 3.61 × 103 2.01 × 106 3.90 × 104

Elastomeric bearing type 3 P4, P5 4.19 × 103 4.19 × 103 2.33 × 106 4.55 × 104

Unidirectional pot bearing ABUT1,
ABUT2 Free Rigid Rigid Free (<0.01◦)
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2.4. Comparison of the Initial FE Model and Measurements
2.4.1. Strain IL

Strain ILs were calculated for longitudinal (E11) strains at the E_MG1 and E_MG2
positions. Since only the driving lane vehicle crossings were considered, the strain ILs were
obtained with two pairs of 0.5 kN point loads (representing the vehicle wheels) varied
across the last three spans, starting at the beginning of S5 and ending at the end of S7, at
the expansion joint. The strain ILs were calculated for point loads spaced approximately
1.0 m apart, representing 92 static analyses required to extract each strain IL. Lastly, the
modelled strain IL was discretised to 0.01 m with a cubic interpolator for the comparison
with the measured strain IL. Figure 14 displays the E_MG1 (a) and E_MG2 (b) strain ILs of
the initial FE model, the related measured strain ILs, and the differences between the two.

 
(a) (b) 

Figure 14. Strain ILs of the initial FE model and measured strain IL for E_MG1 (a) and E_MG2 (b).

As expected, the modelled strain ILs overestimated the measured ones, with the peaks
exceeding the measured values by approximately 45% for both sensors.

2.4.2. Natural Frequencies and Mode Shapes

Table 5 shows the natural frequencies and mode shapes of the initial FE model. Only
the modes considered for the FEMU are shown. Each has two figures. The upper shows the
entire structure, and the lower shows the last two spans (S7, S8). Since the accelerometers
were only installed in spans S7 and S8, the measured mode shapes are available only for
those two spans. The purpose of the lower figure is to easily compare the modelled and
measured responses in spans S7 and S8, as shown in Table 2.

Table 5. Natural frequencies and mode shapes of the initial FE model considered for the FEMU. The
red colour indicates the highest, and blue the lowest displacement magnitude.

B-Y-1 B-Y-2 B-Z-2 B-Z-3

0.72 Hz 2.01 Hz 3.79 Hz 4.41 Hz
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Table 5. Cont.

B-Y-3 T-1 T-2 B-Z-5

4.16 Hz 4.98 Hz 5.28 Hz 6.89 Hz

 

2.5. Finite Element Model Updating (FEMU): Error-Domain Model Falsification (EDMF)

For the FEMU, the EDMF methodology was employed instead of traditional approaches
such as Bayesian model updating or residual minimisation. Introduced in 2013 for bridge load
testing [28], EDMF is a structural identification methodology that leverages the falsification
concept. Outlined by [28], it has deep roots in scientific methods, formalised in the 1930s by Karl
Popper, who asserted that scientific models cannot be entirely verified by data, but can only
be falsified. Using this framework, EDMF determines plausible values for FE model variables
based on experimental field data and defined uncertainty levels. The methodology involves
creating various FE model instances, each characterised by a unique set of variable values. These
are then assessed by comparing the model’s predictions with actual sensor data collected during
experiments. Models that deviate beyond the set uncertainty thresholds are deemed falsified,
narrowing the range of potential variable values.

According to [29], using falsification thresholds makes EDMF robust against the
assumptions typically made about the correlation of uncertainties and incorporates adjust-
ments for model biases based on engineering heuristics. This approach has been proven to
offer more accurate identification and predictions, particularly where there is considerable
systematic uncertainty, outperforming traditional methods like Bayesian model updating
and residual minimisation. Its efficacy and growing acceptance are evidenced by its appli-
cation in nine bridge-related studies, four on buildings, and two on geotechnical projects
from 2015 to 2022 [29].

3. Results

3.1. Sensitivity Study

A deterministic sensitivity study was performed to understand the impact of individ-
ual structural elements and the boundary conditions on the natural frequencies and strain
ILs. Based on its results, variables to be updated were selected. List of variables considered
in the sensitivity analysis with the description is shown in Table 6.

Table 6. List of variables considered in the sensitivity analysis with the description.

Element/Variable/Property Lower Value 1 Upper Value 1 Description

BC_FIXED_LEFT DY = DZ = 0
(same as design) DX = DY = DZ = 0 Movements in X direction are restrained at the

left abutment’s bearings

BC_FIXED_ RIGHT. DY = DZ = 0
(same as design) DX = DY = DZ = 0 Movements in X direction are restrained at the

right abutment’s bearings

BC_FIXED_LEFT&RIGHT DY = DZ = 0
(same as design) DX = DY = DZ = 0 Movements in X direction are restrained at the

left and right abutment’s bearings
ASPH, EB1, EB2, MG1, MG2, SLAB1, SLAB2, SLAB3,

SLAB4, SLAB5, PIER_BOTTOM, PIER_TOP, CG 0.75 × design 1.25 × design Young’s modulus change

1 Design values from [24–27].
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3.1.1. Natural Frequencies

The J f objective function measures the similarity of modelled and measured natural
frequencies. The lower it is, the lower the difference between the modelled and measured
frequencies. It is defined as:

J f =
n

∑
i=1

(
fi,num − fi,exp

fi,exp

)2

, (2)

where fi,num and fi,exp are the ith matching mode pair of the natural frequencies from the FE
model experiment, respectively. n is the overall number of natural frequencies considered.
According to [30], this is the “normalised” J2 type objective function.

3.1.2. Strain IL

The JIL objective function measures the difference between the modelled and the mean
measured strain IL. The lower it is, the more similar the compared strain ILs are. JIL is
defined separately for E_MG1 and E_MG2. Despite comparing two vectors (strain ILs), it
is a scalar value. By definition, it is equal to the root-mean-square error (RMSE):

JIL = RMSE =

√
∑m

j=1
(
ILnum,j − ILexp,j

)2

m
, (3)

where ILj,num is the j-th ordinate of the modelled strain IL and ILexp,j is the j-th ordinate of
the mean measured strain IL ILexp. m is the number of ordinate values considered and ILexp

is the mean measured strain IL (from all passages). JIL can be interpreted as an average
difference between the modelled and measured strain IL.

The sensitivity study results for the variation in the boundary conditions (bearings)
and structural elements Young’s modulus on the relative change in the objective function
J f are shown in Figure 15. Those for the variation of boundary conditions (bearings)
and structural elements Young’s modulus on the relative change of the objective function
JIL,E_MG1 and JIL,E_MG2 are shown in Figure 16a,b.

100 80 60 40 20 0 20 40

BC_FIXED_LEFT
BC_FIXED_RIGHT

BC_FIXED_LEFT&RIGHT
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EB1
EB2

MG1
MG2

SLAB1
SLAB2
SLAB3
SLAB4
SLAB5

PIER_BOTTOM
PIER_TOP

CG

Relative change of the objective function Jf [%]

Lower value

Upper value

Figure 15. The sensitivity study results for the variation in boundary conditions (bearings) and
structural elements’ Young’s modulus values on the relative change in the objective function J f .
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Figure 16. The sensitivity study results for the variation in boundary conditions (bearings) and
structural elements’ Young’s modulus values on the relative change in the objective function JIL,E_MG1

(a) and JIL,E_MG2 (b).

Based on the sensitivity study results, it was decided to update the boundary condi-
tions and Young’s modulus of structural elements. For the mass, it was decided to estimate
it as accurately as possible and keep it fixed to ensure that its increase did not decrease stiff-
ness and vice versa (for the frequency-based FEMU). The Young’s modulus values of MG1
and MG2 were updated through “Young’s modulus adjustment factors” αMG1 and αMG2.
Those factors were defined as a correction factor, relative to the designed Young’s modulus
(shown in Table 3). A value of 1.00, for example, denotes no change in the Young’s modulus
and value of 1.20 denotes a 20% increase in the designed Young’s modulus. All other
structural elements were grouped into the ‘OTHER’ group, and their Young’s modulus was
updated by the same percentage through the αOTHER Young’s modulus adjustment factor.

It is crucial to note that the objective of FEMU, as outlined by [28], is not to adjust FE
model variables to align the predicted and measured values better. Instead, model-based
system identification employs physics-based models to deduce variable values. Conse-
quently, the variables chosen for FEMU do not reflect the actual properties of structural
elements, such as Young’s modulus (adjustment factor). Instead, they should be viewed to
consolidate the structural properties into a single variable. This distinction is important to
remember, particularly when analysing the absolute values of the updated variables.

3.2. Updated FE Model

This chapter provides a comprehensive summary of the EDMF results, commencing
with the frequency-based EDMF as illustrated in Figure 17, followed by the MAC-based
EDMF depicted in Figure 20. Subsequently, a combined analysis of frequency- and MAC-
based EDMF is shown in Figure 21. Finally, the strain-based EDMF results are presented in
Figure 22. In these figures, experimental values are denoted by red markers, red horizontal
lines indicate thresholds, candidates are represented in blue, and models that have been
falsified are noted in grey. RMSE and MAC values are not measured, but calculated from
modelled and measured responses. Therefore, the experimental values were denoted as 0
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for RMSE values and 1.00 for MAC, representing the perfect match between the FE model
and measurements.

3.2.1. Frequency-Based EDMF

In the frequency-based EDMF shown in Figure 17, all eight frequencies were consid-
ered. Thresholds for all frequencies were set as a multiplier of the experimental values;
in this case, the [0.80, 1.20] interval, representing the 0.80· f i,exp as the lower bound and
1.20· f i,exp as the upper bound. The candidates had frequencies within ±20% of the mea-
sured values for this case. For a good correlation between the FE model and measurements,
the relative difference between frequencies should be less than 5% [31]. In the initial phases
of this study, it was necessary to apply threshold values somewhat higher than usual to
identify viable candidates. While this may seem unrealistic, it was essential to obtain any
candidates at all. Although the thresholds were subsequently reduced to 5% or less in
later steps, we retained this stage to illustrate how the process of FEMU using EDMF was
structured to facilitate the identification of the mode with the greatest deviation, and that
finally guided us towards understanding the underlying cause. Note that, although strain
IL-based (RMSE values) and MAC-based outputs (MAC values) are shown in this EDMF
plot, in this case, they do not determine the candidates because of the large thresholds.

 

Figure 17. Frequency-based EDMF results. Experimental values are denoted by red markers, red
horizontal lines indicate thresholds, candidates are represented in blue, and models that have been
falsified are noted in grey.

B-Y-1 frequencies were underestimated and B-Z-3 overestimated compared with the
measurements, as shown in Figure 17. Analysis of the EDMF’s outputs was performed,
where mean values of the modelled frequencies were compared with the experimental
values, as shown in Figure 18.

 
Figure 18. Difference between mean modelled (EDMF) and experimental frequencies.

The greatest absolute deviation between the mean modelled and measured values of
frequencies was observed for B-Y-1 and B-Z-3 (Figure 18). Recalling the sensitivity study
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results, fixed boundary conditions importantly reduce the objective function for natural
frequencies and could significantly influence the B-Y-1 frequency. Contrary, fixed boundary
conditions have a negligible effect on the strain ILs’ objective functions. In the following,
all analyses were performed on the FE model with fully fixed boundary conditions, where
all degrees of freedom were constrained for bearings at both abutments.

The investigation of B-Z-3 overestimation revealed that the reason was the unreliable
mode pairing strategy, which often paired the modelled B-Z-3 with the experimental B-Z-4
mode. By using the EDMF approach, it is possible to identify suspicious outputs caused by,
for example [32], faulty sensors. A similar process was followed in this study, where the
B-Z-3 mode was eliminated for all following analyses. Although still present in the EDMF
plots, the B-Z-3 mode was excluded by setting the falsification threshold range for the
B-Z-3 frequency between the minimum and maximum values of the modelled frequencies,
allowing all FE models to pass through the B-Z-3 frequency thresholds. Figure 19 shows
the frequency-based EDMF analysis on the FE models with fully restrained bearings at
abutments and with B-Z-3 frequency eliminated. The threshold for all frequencies was set
to [0.975, 1.025], allowing the frequencies to deviate to ±2.5%.

 

Figure 19. Frequency-based EDMF results. B-Z-3 frequency is not considered. Experimental values
are denoted by red markers, red horizontal lines indicate thresholds, candidates are represented in
blue, and models that have been falsified are noted in grey.

Considering fully restrained bearings at the abutments was essential for improving
the B-Y-1 frequency results. This approach showed a minimal impact on the E_MG1 and
E_MG2 strain IL responses, as illustrated in Figure 18. Previous studies, such as those
referenced in [30,33], have also documented limited or restrained movements in bearings
during ambient vibration tests. Although this effect was not measured directly, it was
observed that clogged expansion joints and corroded bearings, as shown in Figure 4,
limit movement, which is contrary to the original design specifications. Therefore, the
assumption of fully restrained bearings at the abutments was considered reasonable, but
should be studied in more detail in future research, for example, to model them as springs
and change their stiffness gradually.

After considering fixed boundary conditions and eliminating the B-Z-3 frequency,
the frequency-based EDMF results indicated large αMG1 ([1.00, 1.50]) and αMG2 ([0.90,
1.40]) ranges, while αOTHER was equal to 1.00. Additionally, some candidates with a high
αMG1 value had a small αMG2 value, which is not in line with the engineering judgement.
Given that MG1 and MG2 are visually in similar conditions, it is expected that αMG1 and
αMG2 would be comparable and higher than αOTHER due to the many prestressing tendons.
Those results are similar to the findings from another viaduct [34], where some candidates
had a high–low stiffness trend for main girders, despite expectations that they would
be comparable. After additional measurement data were added to the EDMF, that trend
aligned with the engineering expectations.
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3.2.2. MAC-Based EDMF

Figure 20 shows the MAC-based EDMF results. For the well-correlated modes, the
MAC values should be greater than 0.90 [31], and for ‘acceptable’, 0.80 [35]. For MACs, the
upper value of the thresholds was set to 1.00 for all modes, representing the scenario of
perfectly similar modelled compared with the measured mode shape. The lower thresholds
were set to 0.80 for all modes except for B-Z-3, which was, as already mentioned, removed
from all analyses.

 

Figure 20. MAC-based EDMF results. Experimental values are denoted by red markers, red horizon-
tal lines indicate thresholds, candidates are represented in blue, and models that have been falsified
are noted in grey.

The MAC-based EDMF results fell into ranges [1.50, 1.60] for αMG1, [1.10, 1.50] for
αMG2, and [0.80, 1.10] for αOTHER.

3.2.3. Frequency & MAC-Based EDMF

The MAC values of some modes never exceeded the 0.90 value. There may have
been several reasons for this [36], the sparse and/or improperly distributed sensor layout
concerning the geometric complexity of the tested structure [37] being among the most
likely. Despite that, it was expected that MAC criteria would improve results once added
to the frequency-based EDMF. Particularly because the low MAC values also indicated
incorrectly paired modelled and measured modes. As such, it would complement the
frequency-based EDMF with more reliable candidates. Figure 21 shows the frequency and
MAC-based EDMF results. The threshold for frequencies was set to [0.95, 1.05]. The upper
thresholds for MAC were set to the absolute value of 1.00, and the lower thresholds to 0.78.

 

Figure 21. Frequency and MAC-based EDMF results. Experimental values are denoted by red
markers, red horizontal lines indicate thresholds, candidates are represented in blue, and models that
have been falsified are noted in grey.
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The frequency and MAC-based EDMF produced a narrower range for αMG1 ([1.20, 1.30])
and αMG2 ([1.10, 1.30]), compared with the frequency-based EDMF. Both values were
comparable and higher than αOTHER ([0.80, 1.00]), which is in line with engineering expec-
tations.

3.2.4. Strain IL-Based EDMF

Figure 22 shows the strain IL-based EDMF. The bottom thresholds for strains were
set to 0, representing the perfect match between the measured and modelled strain IL.
The upper thresholds were set iteratively, such that three candidates were obtained. All
candidates had RMSE E_MG1 and RMSE E_MG2 values lower than 96% for all FE models.

 

Figure 22. Strain IL-based EDMF results. Experimental values are denoted by red markers, red
horizontal lines indicate thresholds, candidates are represented in blue, and models that have been
falsified are noted in grey.

The final candidates produced by the strain-based EDMF had αMG1 and αMG2 values
in the narrow range of [1.30, 1.40] and 1.50, respectively. They are both comparable with
the results from the Ravbarkomanda viaduct study [34], where the stiffness of the main
girders increased by up to 50%. The values of αOTHER were in the range [1.20, 1,50].

3.2.5. Comparison of EDMF Results

Table 7 presents outputs; RMSE values for E_MG1 and E_MG2 sensors, and natural
frequencies and mode shapes for the initial FE model and all four EDMF analyses. The
measured values are added for comparison. ‘Bottom’ and ‘Upper’ denote both range
thresholds the candidates provided. The RMSE values for both sensors were set to 0, and
the MAC values for all mode shapes were set to 1.00. For each output, the cell value in a
row that deviated most from the measured value is coloured red, and the one closest to the
measured value is green. B-Z-3 frequencies and mode shapes are coloured grey because
they were not considered in the EDMF study. Again, the results of all EDMF studies were
calculated in the FE model with all restrained degrees of freedom at the ABUT1 and ABUT2
bearings. In contrast, the initial FE model enabled longitudinal movements.

The comparison of the EDMF results in Table 7 yielded the following conclusions:

• Setting bearings ABUT1 and ABUT2 to fixed improved the B-Y-1 and B-Y-2 modelled
vs. measured frequency values;

• Frequency-based EDMF primarily improved the frequency values; a minor improve-
ment was also seen for E_MG1 and E_MG2 strain ILs. The MAC values decreased;

• MAC-based improved MAC values, improvement in E_MG1 and E_MG2 strain ILs
was greater than that in the frequency-based EDMF;
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• Frequency and MAC-based EDMF improved frequencies and MACs, closely matching
the results of frequency-based EDMF (for frequencies) and MAC-based EDMF (for
MAC values), while both strain ILs did not align more closely with the measured ones;

• Strain-based EDMF only improved both strain ILs. Frequency and MAC values were
even worse than for the initial FE model.

Table 7. Outputs: measured, initial FE mode, after frequency-based EDMF, after MAC-based EDMF,
after frequency and MAC-based EDMF, and after strain IL-based EDMF. Red colour denotes the
greatest and green the lowest deviation from the experimental values. Grey colour denotes the B-Z-3
mode that was not considered in the EDMF study.

Output Experiment Initial
FE Model 1

Frequency-
Based

MAC-
Based

Frequency and
MAC-Based

Strain IL-
Based

Bottom Upper Bottom Upper Bottom Upper Bottom Upper

RMSE E_MG1
((μm/m)/kN) 0 0.00821 0.00208 0.00642 0.00123 0.00128 0.00339 0.00456 0.00107 0.00112

RMSE E_MG2
((μm/m)/kN) 0 0.00776 0.00300 0.00709 0.00107 0.00396 0.00336 0.00540 0.00095 0.00096

f B-Y-1 (Hz) 1.00 0.72 0.97 0.98 0.99 1.02 0.97 0.98 1.06 1.09
f B-Y-2 (Hz) 2.37 2.01 2.41 2.42 2.43 2.54 2.36 2.42 2.67 2.80
f B-Z-2 (Hz) 3.89 3.79 3.96 3.97 4.16 4.25 3.96 4.01 4.40 4.47
f B-Z-3 (Hz) 4.20 4.41 4.62 4.63 4.84 4.94 4.63 4.67 5.11 5.19
f B-Y-3 (Hz) 4.58 4.16 4.56 4.59 4.50 4.81 4.40 4.57 5.03 5.35
f T-1 (Hz) 5.49 4.98 5.50 5.60 5.63 5.76 5.46 5.48 6.02 6.19
f T-2 (Hz) 5.85 5.28 5.70 5.84 5.76 5.94 5.63 5.67 6.19 6.38

f B-Z-5 (Hz) 7.58 6.89 7.56 7.61 7.64 7.95 7.41 7.57 8.32 8.86
MAC B-Y-1 1.00 0.94 0.94 0.94 0.94 0.94 0.94 0.94 0.94 0.94
MAC B-Y-2 1.00 0.96 0.95 0.96 0.95 0.96 0.96 0.96 0.96 0.96
MAC B-Z-2 1.00 0.95 0.93 0.95 0.95 0.96 0.95 0.96 0.94 0.95
MAC B-Z-3 1.00 0.76 0.52 0.70 0.71 0.72 0.70 0.72 0.65 0.68
MAC B-Y-3 1.00 0.93 0.65 0.91 0.90 0.92 0.87 0.92 0.83 0.90
MAC T-1 1.00 0.83 0.68 0.77 0.80 0.81 0.78 0.80 0.73 0.75
MAC T-2 1.00 0.78 0.42 0.76 0.80 0.92 0.78 0.81 0.75 0.77

MAC B-Z-5 1.00 0.86 0.83 0.90 0.85 0.86 0.90 0.94 0.76 0.89
1 All FE models except for the initial FE model had fixed ABUT1 and ABUT2 bearings.

Table 8 presents the updated variables for all EDMF studies performed. The initial
values of 1, obtained from the initial FE model, are added for comparison.

Table 8. Comparison of EDMF results: updated variables.

FEMU Results αMG1 αMG2 αOTHER

Initial FE model 1.0 1.0 1.0
Frequency-based 1.0–1.5 0.9–1.4 1.0

MAC-based 1.5–1.6 1.1–1.5 0.8–1.1
Frequency and MAC-based 1.2–1.3 1.1–1.3 0.8–1.0

Strain IL-based 1.3–1.4 1.5 1.2–1.5

Comparing the values from Tables 7 and 8 yielded the conclusion that combining
frequencies and MACs into EDMF was reasonable because it has significantly narrowed
the range of the candidates’ variables. The updated approximately 25 and 20% increases in
the MG1 and MG2 main girders’ stiffnesses and 10% decrease in the stiffnesses of all other
elements are also in line with the expectations. Some updated MAC values are still lower
than 0.90, and it should be noted that future research is needed to investigate the cause. The
strain IL-based EDMF narrowed the MG1 and MG2 stiffness increases to more reasonable
values of 35 and 50%. The αOTHER range, however, remained wide as the E_MG1 and
E_MG2 strain ILs were not sensitive to OTHER elements.

The strain IL-based EDMF generally resulted in approximately 10–15% higher values
of frequencies (Figure 22) than those from the frequency and MAC-based EDMF (Figure 21)

109



Appl. Sci. 2025, 15, 4514

or measured ones. A similar trend can be seen for the RMSE values from the frequency and
MAC-based EDMF. They were higher than the strain IL-based EDMF values, because the
MG1 and MG2 stiffnesses were underestimated. Figure 23 compares the strain ILs of the
initial FE model with the frequency and MAC-based and strain IL-based updated models
for E_MG1 (Figure 23a) and E_MG2 (Figure 23b).

 
(a) (b) 

Figure 23. E_MG1 (a) and E_MG2 (b) strain ILs: comparison of measured, initial, frequency and
MAC-based, and strain IL-based updated models.

The initial FE model overestimated the maximum modelled E_MG1 IL strains by 43%
compared with the measured values. The frequency and MAC-based updated FE model
overestimated the measured strains by 32%, and the strain IL-based FE updated model by
12%. For E_MG2 IL strains, the corresponding overestimations were 44%, 33%, and almost
none, respectively.

Discrepancies between the modal (frequency, MAC)-based and static (strain, displacement)-
based FEMU have already been reported, for example, by [30,38,39]. Despite using the
advanced FE model with 3D finite elements and reliable measurement data in a controlled
environment, this study could not eliminate these discrepancies. A potential cause could be
that we measured a more global response with acceleration than with strain or displacement
measurements under traffic load. The captured mode shapes, shown in Table 2, showed
global behaviour in all directions, while for strain and displacement measurements, the
bridge mainly deformed only in the vertical direction in S5, S6, and S7 spans. This means
that the structural elements contributed differently to the modal and the static (strain,
displacement) responses, which was already shown in the sensitivity analysis. This should
be studied more in the future, along with the impact of non-structural components, like
railings and pipes, and assumptions regarding mass.

3.3. Validation of the Updated FE Models with Measured Strains and Displacements Under
Calibration Vehicle Passages
3.3.1. Strains

This section compares the measured and modelled E_MG1 and E_MG2 strains under
V2_F vehicle crossings. The entire strain histories are presented, and not just the strain ILs
for the E_MG1 and E_MG2 sensors. Figures 24 and 25 compare the responses of E_MG1 and
E_MG2 sensors, respectively. First, the strain records of three crossings at approximately
30 km/h are shown; the colours denote the exact measured speed. The mean of the three
maximum values is shown with a marker. Then, three responses are added for the initial
(αMG1 = 1.00, αMG2 = 1.00, αOTHER = 1.00), frequency and MAC-based (one of the candidates
with αMG1 = 1.20, αMG2 = 1.10, αOTHER = 1.00), and strain IL-based updated FE models (one
of the candidates with αMG1 = 1.30, αMG2 = 1.50, αOTHER = 1.40).
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The strain IL-based FEMU did, and the frequency and MAC-based FEMU did not
significantly improve the strain response at E_MG1 and E_MG2. The initial FE model
overestimated the maximum measured E_MG1 strains for 51%, the frequency and MAC-
based updated FE model by 40%, and the strain IL-based FE updated model by 19%. For
E_MG2 strains, the corresponding values were 49%, 38%, and 6%. These values resemble
the overestimations of the strain ILs, shown in Figure 23.

A similar conclusion can be drawn for strains and displacements. The strain-IL-based
FEMU improved the displacement response even more than the strain response. The
initial FE model overestimated maximum measured D_MG1 vertical displacements by
36%, frequency and MAC-based by 28% and strain IL-based FE updated model by 5%. For
D_MG2 vertical displacements, the corresponding values were 35%, 25%, and −2%.

Figure 24. Comparison of E_MG1 strains under V2_F passages: measurements (30 km/h), initial,
frequency and MAC-based, and strain IL-based updated FE models.

Figure 25. Comparison of E_MG2 strains under V2_F passages: measurements (30 km/h), initial,
frequency and MAC-based, and strain IL-based updated FE models.

3.3.2. Displacements

To validate the results, Figures 26 and 27 compare the measured and modelled D_MG1
and D_MG2 vertical displacements under the crossings of the V2_F vehicle. The displace-
ments were not considered in the FEMU. Thus, this validation is completely independent.

Figure 26. Comparison of D_MG1 displacements under V2_F crossings: measurements (30 km/h),
frequency and MAC-based, and strain IL-based updated FE models.
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Figure 27. Comparison of D_MG2 displacements under V2_F crossings: measurements (30 km/h),
frequency and MAC-based, and strain IL-based updated FE models.

4. Conclusions

The Tomačevo case study bridge serves as a B-WIM and SHM living laboratory,
designed to develop and test new technologies, sensors, and methodologies. Data from this
bridge demonstrated that measured strain ILs, a by-product of B-WIM measurements, offer
new opportunities for leveraging B-WIM results in FEMU and SHM applications. Strain
ILs have been shown to enhance acceleration and MAC-based FEMU results for multi-span
concrete bridges, particularly when assessing bridge responses under traffic loads. This
finding was validated through an independent comparison of measured vertical mid-span
displacements during calibration vehicle crossings, showing strong agreement between the
results of the measurements and the strain IL-based updated model.

The EDMF methodology was applied to conduct four independent FEMU studies:
frequency-based, MAC-based, frequency and MAC-based, and strain IL-based. Three key
variables were updated: αMG1, αMG2, and αOTHER, representing Young’s modulus adjust-
ment factors for the two main girders (MG1 and MG2) and all other structural elements,
respectively. Combining frequency and MAC-based methods proved more effective than
using them separately, yielding a narrower range for αMG1 and αMG2, compared with the
frequency-based EDMF. The frequency and MAC-based EDMF led to moderate stiffness
increases of 25% (range 20–30%) and 20% (range 10–30%) for MG1 and MG2, respectively.
In contrast, the strain IL-based approach resulted in more pronounced increases of 35%
(range 30–40%) and 50%. For other structural elements, the two methods diverged: while
the frequency and MAC-based approach suggested a 10% decrease (range from −20% to
0%), the strain IL-based method indicated a 35% (range from 20–50%) increase in stiffness.

FEMU must be applied cautiously, particularly when relying solely on modal param-
eters, as their misinterpretation can lead to incorrect adjustments and inaccurate bridge
response predictions. This study reinforces the value of incorporating strain ILs in FEMU to
improve model accuracy and enhance agreement between simulated and measured bridge
behaviour under traffic loads. These findings expand the potential applications of B-WIM
in both FEMU and SHM.

As FEMU methodologies evolve, advancements in sensor technology and computa-
tional techniques are driving progress in structural assessment and monitoring. Future
research should focus on understanding discrepancies between different FEMU approaches,
refining strain IL extraction under extreme traffic conditions, and integrating FEMU into
long-term SHM frameworks. These developments will further improve FEMU’s reliability
and broaden its applications in bridge performance assessment.
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15. Žnidarič, A.; Kalin, J.; Kreslin, M. Improved Accuracy and Robustness of Bridge Weigh-in-Motion Systems. Struct. Infrastruct.

Eng. 2017, 14, 13. [CrossRef]
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Featured Application: This study provides a novel approach for assessing the long-term

safety of the concrete gravity dam on a soft rock foundation. The proposed dynamic in-

version method, based on an improved particle swarm optimization algorithm, enables

accurate identification of time-dependent parameter deterioration in dam foundations.

The proposed method provides practical solutions for real-time dam health monitor-

ing, stability assessment, and maintenance optimization, enabling more reliable safety

evaluations and informed engineering decisions.

Abstract: This study presents a dynamic inversion method for the concrete gravity dam
on a soft rock foundation, aiming to accurately characterize the time-dependent trend of
the dam’s mechanical properties. Conventional static inversion methods often overlook
temporal variations in material behavior, particularly the long-term weakening of soft
rock foundations under environmental influences. To address this limitation, an improved
particle swarm optimization (PSO) algorithm is developed for dynamic parameter inver-
sion, combining real-time monitoring data with finite element modeling to evaluate the
time-varying elastic modulus of the foundation. The results reveal an exponential decay
in the foundation’s elastic modulus (from 4.67 GPa to approximately 3.83 GPa), while the
dam body maintains a stable modulus of 20.74 GPa. Comparative analyses demonstrate
that the dynamic inversion approach, which accounts for time-dependent parameter degra-
dation, significantly improves the displacement prediction accuracy of the dam. The results
highlight the critical importance of incorporating temporal mechanical property variations
in inversion analyses to ensure reliable structural assessments and enhance long-term dam
safety management.

Keywords: dynamic inversion; concrete gravity dam; soft rock foundation; particle swarm
algorithm; dam displacement

1. Introduction

The concrete dam plays a crucial role in hydraulic engineering and is widely utilized
in reservoirs, hydropower plants, and flood control projects worldwide [1,2]. Ensuring
the safe operation and stability of concrete dams requires a thorough understanding of
their physical and mechanical properties. Among these, the elastic modulus is a funda-
mental mechanical parameter that characterizes the extent of material deformation under
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external loads [3,4]. However, for the rock mass forming the foundation of a gravity dam,
mechanical parameters obtained from laboratory tests on small specimens or limited field
samples often lack representativeness and reliability due to the inherent heterogeneity of
the rock mass (e.g., the influence of joints and fissures) [5]. Consequently, the inversion of
mechanical parameters through feedback analysis of field monitoring data has become a
crucial approach [6].

Among traditional optimization-based inversion methods, Wang et al. [7] employed
the simplex method to invert the comprehensive mechanical parameters of surrounding
rock in a hydropower station, while Wu Xianghao et al. [8] used the simplex method
to determine the creep characteristics of a milled concrete dam. With advancements in
artificial intelligence, various intelligent optimization algorithms have been introduced into
inversion analysis. For instance, Niu Jingtai et al. [9] applied a chaotic genetic algorithm
to invert the transverse isotropic deformation and asymptotic parameters of a milled
concrete dam. Wan Zhiyong et al. [10] integrated an optimization method based on
homogeneous design with a BP neural network to address the complex multi-parameter
inversion problem for both the dam and its foundation. Li Wei et al. [11] compared the
performance of different machine learning models and proposed the XGBoost algorithm for
inverting stockpile model parameters using dam deformation monitoring data. However,
current research on dam parameter inversion has largely focused on static analysis methods.
During the operational period, the dam is subjected to multiple multi-physics interactions,
including hydraulic pressure, thermal cycling, and other environmental factors. These
coupled loading conditions induce progressive degradation of foundation rock properties,
particularly affecting strength and deformation parameters [12,13]. This time-dependent
material deterioration is especially significant in the soft rock foundation due to the inherent
structural vulnerability and higher susceptibility to environmental factors [14]. Recent
investigations on time-dependent behaviors of geotechnical structures, such as bridge
pile foundations in soft soil, have demonstrated the necessity of accounting for creep
mechanisms and consolidation effects in long-term performance evaluations [15].

Dynamic inversion refers to an iterative updating process where structural parameters
are continuously adjusted based on time-dependent monitoring data, thereby capturing
the evolutionary trends of structural characteristics. Compared to static inversion, dynamic
inversion offers superior capability in tracking time-varying structural parameters through
continuous data assimilation, but requires higher computational costs and more sophisti-
cated algorithms. While static inversion provides efficient one-time estimation, it fails to
capture temporal parameter evolution and may yield less accurate results for long-term
monitoring. Liu et al. introduced a Bayesian optimization framework combined with
deep learning to invert dynamic material parameters of high arch dams under discharge
excitation, demonstrating the potential of probabilistic methods in dynamic assessment [16].
Tian et al. proposed an improved Autoformer-based deep learning model for multistep
and multifeature deformation prediction of the concrete dam, achieving higher accuracy
in capturing long-term temporal patterns and varying environmental factors [17]. Addi-
tionally, Su et al. developed a dynamic deformation prediction model for dams based on
a time attention mechanism, enhancing the model’s ability to focus on temporal features
and improving prediction accuracy [18]. Liu et al. presented an LSTM-based anomaly
detection model for arch dam deformation, effectively identifying abnormal structural
behavior through predictive modeling [19]. Moreover, a study by Zhang et al. [20] intro-
duced a hybrid SSA–LSTM model, combining the sparrow search algorithm with long
short-term memory networks to optimize model parameters and improve the accuracy of
dam deformation predictions. These studies highlight a growing trend toward integrating
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data-driven techniques with numerical simulations to better reflect the time-varying nature
of dam behavior.

This study proposes an improved particle swarm optimization (PSO) method for
dynamic parameter inversion for the gravity dam on a soft rock foundation. In contrast
to conventional static inversion methods, the proposed method systematically incorpo-
rates real-time monitoring data to characterize the time-dependent degradation of the
foundation’s elastic modulus. A finite element model is established to simulate the dam
response under operational conditions, with inversion results rigorously validated against
field displacement measurements. The principal novelty of this work resides in its ex-
plicit consideration of time-dependent material property deterioration within the inversion
framework, enabling more realistic characterization of the dam behavior. The results
provide valuable insights for the long-term safety assessment and maintenance of gravity
dams, advancing the field of structural health monitoring for hydraulic infrastructures.

2. Inversion Methods for Mechanical Parameters of Concrete
Gravity Dam

The estimation of mechanical parameters of dam concrete and bedrock usually relies
on laboratory test data. However, such experimentally determined parameters often
demonstrate significant discrepancies with in situ conditions due to scale effects and long-
term environmental exposure. To address this limitation, inversion analysis methodology
integrates numerical modeling with prototype monitoring data to accurately identify the
time-dependent mechanical properties of dam–foundation systems [21,22].

The basic principles and methods for identifying the elastic modulus are as follows:
Divide the dam and dam base into two areas Ω1, Ω2.
Define the average elastic modulus and Poisson’s ratio of the materials in the two re-

gions as Ec, Er, μr, μc, respectively. In the elastic phase, the equilibrium equations of the
whole structure are shown in Equation (1):

[K]{δH} = {RH} (1)

[K] is the overall strength matrix, which can be written as Equations (2) and (3):

[K] = ∑
ej∈Ω1

[C]Tej
[K]ej

[C]ej
+ ∑

ej∈Ω2

[C]Tej
[k]ej

[C]ej
(2)

[k]ej
=

�
Ωj

[B]T [D][B]dΩ = E
�
Ωj

[B]T f (μ)[B]dΩ = E
[
k
]

ej
(3)

where [D] = E f (μ) is the elasticity matrix; [B] is the cell geometry matrix; [C]ej
is the

strength transformation matrix of cell ej.

Since E =

{
Ec, ej ∈ Ω1

Er, ej ∈ Ω2
, Equation (2) can be written in the following form:

[K] = Ec

{
∑

ej∈Ω1

[C]Tej

[
k
]

ej
[C]ej

+ R ∑
ej∈Ω2

[C]Tej

[
k
]

ej
[C]ej

}
=

Ec · f (L, μr, μc,
Er

Ec
)

(4)

where R = Er
Ec

; L is the geometry of the dam.
If Er

Ec
is certain, μr and μc are unchanged, then [K] = f (L, μr, μc, Er

Ec
). Equation (4) can

be rewritten as Equation (5):
[K] = Ec[K] (5)
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Simplification is given as Equation (6):

{δH} =
{

δH
}

/Ec (6)

where
{

δH
}
=

[
K
]−1{RH}.

From Equation (6), the displacement of the dam body {δH} induced by the reservoir
water pressure is inversely proportional to Ec when the ratio of the concrete and bedrock
modulus of the dam body is a certain value under the reservoir water force.

The dam’s safety monitoring displacement is used as the target variable for inversion
analysis. The objective function of the parameter inversion optimization problem is defined
as the weighted sum of squares of the residuals between the finite element computed dis-
placement and the measured displacement at the monitoring points. This approach aims to
determine the basic parameter that most closely reflects actual conditions. The flowchart of
the parameter inversion process is shown in Figure 1. This flowchart systematically outlines
the iterative optimization framework, beginning with the initialization of observed data
and finite element inputs, followed by stochastic parameter generation and displacement
computation. The adaptive feedback loop, driven by the objective function evaluation
and termination criteria, ensures continuous refinement of parameters until convergence.
Notably, the integration of real-time monitoring data with numerical simulations highlights
the algorithm’s capability to bridge empirical observations and theoretical models. While
the flowchart provides a clear procedural structure, future enhancements could explicitly
incorporate time-dependent parameter updating steps to better align with the dynamic
inversion methodology proposed in this study.

Figure 1. Flowchart of inversion analysis.
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3. Improved Particle Swarm Optimization Algorithm

3.1. Particle Swarm Algorithm Fundamentals

The particle swarm algorithm [23] is a global optimization evolutionary algorithm
inspired by the collective behaviors of birds, such as feeding, migration, and flocking. It
is known for its fast convergence and strong optimization capability. In this algorithm,
the target solution of the optimization problem is abstracted as the feeding target of
a bird flock, while potential solutions are represented as birds searching for food in a
multidimensional space. To simplify the model, the flock is replaced with massless particles,
each characterized by only two attributes: spatial position and evolutionary velocity [24].

In the search space, a particle’s position represents its current solution to the optimiza-
tion problem. The algorithm evaluates each solution using a fitness function to determine
its quality. Two key positions influence the optimization speed of each particle: the best
solution found by an individual particle over time and the best solution found by any
particle in the swarm. Through continuous iterations updating particle positions and
velocities, the algorithm gradually converges to the optimal solution [25].

Individuals in the particle swarm (PSO) algorithm are called particles, and each
swarm consists of N particles randomly initialized in a D dimensional search space.
During the search process, each particle i is represented by two vectors, i.e., the veloc-
ity vector vi = [vi1, vi2, . . . , viD] and the position vector Xi = [xi1, xi2, . . . , xiD]. Each
particle i updates its velocity and position using its personal historical best position
Pbesti = [ pbesti1, pbesti2, . . . , pbestiD], and the global best position found so far. For
simplicity, Pbi is used to refer to Pbesti and Pg is used to refer to Gbest. The update
formulas for vi and Xi are shown in Equations (7) and (8):

Vt+1
id = ωVt

id + c1r1
[
Pbt

id − Xt
id
]
+ c2r2

[
Pgt

d − Xt
id
]

(7)

Xt+1
id = Xt

id + Vt+1
id (8)

where Vt
id and Xt

id denote the velocity and position of the i particle at the t iteration in the
d-th dimension; Pbt

id is the best position searched by the i particle at the t iteration in the
d-th dimension, and Pgt

d is the best position searched by the whole swarm at the t iteration.
t and t + 1 are the current and next iterations, respectively. ω are the inertia weights, and
c1 and c2 represent the acceleration coefficients of the particles with Pbt

id and Pgt
d weights,

respectively. r1 and r2 are random numbers in the range [0, 1]. The personal historical
best position and global best position of each particle are updated in each iteration using
Equations (9) and (10), respectively:
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(
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))
Pbt+1

id , f
(
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d
)
> mini

(
f
(

Pbt+1
id

)) (10)

In the above equation, f is the objective function of the optimization problem, and
Pbid and Pgd are updated as an example for taking the minimum value. Thus, the particle
velocity update equation (Equation (8)) consists of three components. The first is the
inertia of the particle, which represents its tendency to maintain its previous velocity and is
referred to as “memory”. The second component reflects the particle’s own knowledge,
while the third accounts for information exchange and cooperation among particles, known
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as “socialization”. Although the standard particle swarm algorithm can be applied to
robotic arm path planning, it has several limitations. For instance, a constant inertia weight
is not conducive to balancing local and global searches. Additionally, as iterations progress,
particles tend to converge to a local optimal solution, reducing population diversity and
increasing the risk of the algorithm becoming trapped in a local optimum [26].

3.2. Improvement Strategy

The particle swarm optimization (PSO) algorithm differs from genetic algorithms
in that it does not involve crossover or mutation operations. Instead, it relies solely on
particle velocity to perform the search. During iterative evolution, only the information
from the optimal particle is shared with other particles, resulting in a fast search speed.
Additionally, PSO has a simple structure, requires fewer adjustable parameters, and is easy
to implement in engineering applications. It employs real-number encoding, where the
number of variables in the problem directly corresponds to the number of dimensions in
the particle space, ensuring a direct representation of the optimization problem.

A key challenge in PSO is balancing global and local search capabilities, which remains
a crucial issue in optimization [27]. To address this, an adaptive inertia weight parameter is
introduced to enhance the algorithm’s performance. By adjusting inertia weights dynami-
cally based on particle positions during the search process, the optimized PSO algorithm
improves convergence toward the global optimum while reducing the risk of being trapped
in a local optimum. The fundamental process of the algorithm is as follows.

Assuming that the number of kinetic–elastic modulus regions to be inverted is m and
that an initial population is formed by n particles, the initial population of particles E in
n × m space is Equation (11):

E =

⎡
⎢⎢⎢⎢⎣

E11 E12 · · · E1m

E21 E22 · · · E2m
...

... · · · ...
En1 En2 · · · Enm

⎤
⎥⎥⎥⎥⎦ (11)

If the velocity vi = (vi1, vi2, · · · , vim) and position xi = (xi1, xi2, · · · , xim) of the first i
particle in the population, after determining the initialized particle population information,
the adaptation value J(Ei) of each particle is calculated and the individual extreme value
Pi = (Pi1, Pi2, · · · , Pim) and global extreme value gi = (gi1, gi2, · · · , gim) of the i-th particle
in the population are determined at the same time. The particle determines the running
direction and velocity of the next generation through its own experience and the experience
of the group; for the k + 1 generation of particles, the velocity and position of the particle
are updated as Equation (12) according to the following equation:

⎧⎪⎪⎪⎪⎪⎨
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vk+1
id = ωvk

id + c1r1

(
Pk

id − xk
id

)
+ c2r2

(
gk

d − xk
id

)
xk+1

id = vk
id + vk+1

id

ω =

⎧⎨
⎩ωmin − (ωmax−ωmin)(Jt−Jmin)

Jarg−Jmin
, Jt ≤ Jarg

ωmax , Jt > Jarg

(12)

where c1, c2 is the learning factor; r1, r2 are uniform random numbers in the range of
[0, 1]; vk

id, xk
id are the velocity and position of the particle i in the d-th dimension of the k-th

iteration; Pk
id is the position of the particle i in the d-th dimension of the smallest individual

adaptation value; gk
d is the position of the particle in the d-th dimension of the smallest

population adaptation value; ω is the inertia weights; ωmin, ωmax are the minimum and
maximum of the inertia weights; Jt represents the real-time adaptation value of the particle;
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Jarg, Jmin are the average and minimum fitness values, respectively, across all particles in the
current iteration. When the number of iterations or the stop condition is reached, the search
is stopped and the optimal value is output; otherwise, the search will continue to iterate and
update the particles until the search reaches a value that satisfies the convergence criterion.

4. Engineering Examples

4.1. Overview of the Project

A hydropower dam pivot project is located in Cambodia. The main structure consists
of a 112 m high roller-compacted concrete gravity dam, a five-gate spillway at the top of
the dam, a PH3 diversion structure, a PH3 powerhouse, and a switching station. According
to the 500-year flood design and the calibration of the Probable Maximum Flood (PMF),
the reservoir’s key water levels are as follows: a calibration flood level of 151.88 m, a
design flood level of 150.00 m, a normal storage level of 150.00 m, and a dead water level of
130.00 m. The reservoir has a total capacity of 717.3 million m3, with a dead water capacity
of 354.2 million m3, and the capacity of the reservoir below the normal storage level of
681.3 million m3. The dam has a crest elevation of 153.00 m and a base elevation of 41.00 m,
with a maximum height of 112.00 m. The dam crest is 6.0 m wide. The upstream face is
vertical above 84 m, while below this elevation, it has a slope of 1:0.3. The downstream
face has a slope of 1:0.75, with a slope break at 145.00 m.

To monitor horizontal displacement, a total of eight inverted plumb lines were installed
at elevations of 153 m, 120 m, 88 m, 60 m, and 43 m on both the left and right banks of
the dam. These instruments were designated as IP1–IP8, with displacement observations
beginning on 21 March 2011. IP7 and IP8 were added in January 2014 and installed by July
2014, and their initial values were recorded. In 2018, additional plumb lines were installed
in dam sections 4# and 7#, including IP9, PL1-1, PL1-2, and PL1-3 in section 4#, as well as
IP10 and PL2 in section 7# (with IP6 as the reference point).

The dam foundation’s horizontal displacement is monitored using inverted plumb
lines, which detect displacement in both the downstream and cross-river directions. The
monitoring system consists of 10 inverted plumb line holes distributed across different
elevations: IP7 in section 5 at the 43.00 m corridor, IP8 in section 6 at the 60.00 m corridor,
IP5 and IP6 in sections 3 and 7 at the 88.00 m corridor, IP3 and IP4 in sections 2 and 9 at the
120.00 m corridor, and IP1 and IP2 at the 153.00 m elevation on the dam crest in sections 1
and 10.

Additionally, in 2018, new inverted plumb lines were added to sections 4# (IP9) and
7# (IP10). The monitoring layout is illustrated in Figure 2. The foundation’s inverted
displacement was observed from baseline values recorded before reservoir impoundment.
However, displacement data from the construction period are incomplete and not fully
reflected. Since IP7 and IP8 were installed later as supplementary instruments, only post-
2014 monitoring data are available. Initial values for IP9 and IP10 were recorded on 7
June 2018.

In this paper, the measured data of IP6, IP10, and PL2 installed at dam section 7 are
used for inversion analysis. The dam section 7# is equipped with three plumb lines for
monitoring the displacement in the upstream–downstream direction. A normal plumb
line (PL2) was installed at a 153 m elevation. Two inverted plumb lines (IP10 and IP6)
were installed at 120 m and 88 m elevations. The plumb line allows for measuring relative
displacement between the two ends of the plumb line. For a normal plumb line, the upper
end of the wire is fixed at the top of the dam, while a heavy weight is damped at its
lower end. For an inverted plumb line, the plumb wire is fixed at the lower end, and the
upper end of the wire is linked to a float submerged in a water box in the observation area.
Observations are recorded digitally.
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Figure 2. Arrangement of deformation monitoring of section 7# of a gravity dam.

4.2. Finite Element Model and Calculation Parameters

In this study, the 7# section of the prototype dam was selected as the reference for the
finite element numerical analysis. A two-dimensional finite element model was developed
using HyperMesh for preprocessing and mesh generation. The finite element mesh includes
908 elements and 983 nodes. Based on the geometric and structural characteristics of the
prototype and the arrangement of observation points, the FEM was established with the
upstream dam foundation as the coordinate origin. The dam has a height of 69 m, and
the foundation extends approximately twice the maximum dam height both upstream
and downstream. Different structural regions were categorized and processed accordingly,
dividing the model into three main components: the dam body, the dam foundation, and
the curtain. The x-axis represents the downriver direction, while the y-axis corresponds to
the vertical direction. The finite element discretization utilizes plane quadrilateral elements
with four nodes. In the numerical simulation, normal displacement constraints are imposed
on the peripheral boundaries of the foundation, while full fixity conditions are applied
at the base. The external load includes the upstream water pressure. According to tests,
the densities of the dam body and foundation are taken as 2.4 g/cm3 and 2.57 g/cm3,
respectively. Moreover, it is already verified that the load–displacement response of the
concrete dam is not highly influenced by the Poisson ratio; thus, the Poisson ratios of the
dam body and foundation are taken as 0.167 and 0.25, respectively. The finite element
model is illustrated in Figure 3.

The described FEM was implemented by GeHoMadrid, an FE program that was
jointly developed between Technical University of Madrid (Spain) and Hohai University
(China) [28]. The program was developed in Fortran and incorporates the PARDISO
package for solving highly complicated and sparse equations. It is commonly used
to solve complex structural, fluid, and multi-physics problems in geotechnical and
hydraulic engineering.

122



Appl. Sci. 2025, 15, 4750

 

Figure 3. Two-dimensional finite element model of dam section 7#.

4.3. Comparison and Discussion

Dam section #7 is taken as a representative example in this study. The observed
displacements of the plumb lines IP6, IP10, and PL2 in section #7 are shown in Figures 4–6.
Observations were recorded monthly from 26 June 2018 to 26 December 2023, for a total
of 66 measurements. In the improved particle swarm algorithm, the population size is
taken as 30; the maximum number of iterations is 30; the inertia weight maximum and
minimum values are taken as ωmax = 0.8, ωmin = 0.2; the learning factor c1 = c2 = 1.5, e1 = 0.8,
e2 = 0.4. According to the preliminary calculations, the ranges of values of the mechanical
parameters are set as E ∈ [17 GPa, 25 GPa] for the dam body and E ∈ [2 GPa, 6 GPa] for
the dam foundation. The inversion results are 20.74 GPa for the dam body and 4.67 GPa for
the dam foundation. The fitted displacements based on the calibration numerical model
are shown in Figures 4–6.

 
Figure 4. The measured and fitted displacements of IP6 (static inversion analysis).
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Figure 5. The measured and fitted displacements of IP10 (static inversion analysis).

 
Figure 6. The measured and fitted displacements of PL2 (static inversion analysis).

The general consistency between measured and inverted displacement trends across
most monitoring points can be observed from the figures. However, a larger discrepancy is
noted at measurement points especially near the dam foundation.

Based on the fitted results of the static parameter inversion, it is initially inferred that
parameter weakening occurs in the dam foundation, while the dam body remains in an
elastic working condition. Therefore, the elastic modulus of the dam body is determined
to be 20.74 GPa based on the static inversion results. The dynamic inversion analysis
incorporated field data from three positioned monitoring points (IP6, IP10, and PL2) in
dam section 7#. The calculation results reveal a clear temporal degradation pattern in
the mechanical properties of the dam foundation, which was quantitatively characterized
through curve fitting. Figure 7 presents the time-dependent reduction in the elastic modulus
of the dam foundation.

The time-varying functions of material parameters, such as those of geotechnical bodies
and concrete, are typically modeled using exponential or logarithmic functions [29,30]. The
time-dependent reduction in the elastic modulus of the dam foundation is fitted as the
equation y = 1.075 · ê(−0.114 · x) + 3.829. The time-dependent elastic moduli obtained
from the dynamic inversion analysis are sequentially implemented in the finite element
program to compute theoretical displacements. The fitted displacements compared against
field measurements are shown in Figures 8–10.
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Figure 7. The time-dependent reduction in the elastic modulus of the dam foundation (2018–2023).

Figure 8. The measured and fitted displacements of IP6 (dynamic inversion analysis).

Figure 9. The measured and fitted displacements of IP10 (dynamic inversion analysis).
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Figure 10. The measured and fitted displacements of PL2 (dynamic inversion analysis).

The measured and simulated displacement time series exhibit strong agreement across
all monitoring points (Figures 8–10), demonstrating the effectiveness of the dynamic
inversion analysis. In addition, two statistical metrics, the Mean Absolute Error (MAE)
and Root Mean Square Error (RMSE), are employed to quantitatively evaluate the model
performance, as defined in Equations (13) and (14):

RMSE =

√√√√ 1
N

N

∑
i=1

(x̂i − xi)
2 (13)

MAE =
1
N

N

∑
i=1

|x̂i − xi| (14)

where N is the number of sequences; x̂i and xi are the fitted and measured values of the
displacement, respectively.

The results are shown in Tables 1 and 2.

Table 1. The evaluation results of the static inverse analysis.

Evaluation
Indicators

IP6 IP10 PL2

RMSE/mm 1.344 0.614 1.193
MAE/mm 1.230 0.521 1.000

Table 2. The evaluation results of the dynamic inversion analysis.

Evaluation
Indicators

IP6 IP10 PL2

RMSE/mm 0.707 0.701 1.401
MAE/mm 0.604 0.530 1.150

The calculation results indicate that the fitting accuracy of the measurement points at
the dam foundation is significantly improved in the dynamic inversion model compared
to the static inversion model. Although the errors of measurement points at the dam
body are slightly larger than those of the static inversion model, the overall prediction
errors remain lower than those of the static inversion model. The primary sources of error
can be attributed to two factors. First, the observed data contain random errors due to
limitations in measurement instrument accuracy and environmental influences. Second, the

126



Appl. Sci. 2025, 15, 4750

numerical model itself introduces inherent errors arising from simplified assumptions and
uncertainties in mechanical parameters. This suggests that parameter weakening occurs
at the dam foundation and that the weakening trend gradually stabilizes. These results
demonstrate time-dependent stiffness degradation in the dam foundation, with the rate of
modulus reduction decreasing asymptotically over time.

5. Conclusions

This study presents a comprehensive investigation into the long-term deformation
behavior of concrete gravity dams on soft rock foundations, with a focus on dynamic
parameter inversion using an improved particle swarm optimization (PSO) algorithm. The
conclusions are as follows:

(1) The inversion analysis successfully quantified the elastic moduli of the dam body
and foundation, while capturing the time-dependent degradation of the foundation’s elastic
modulus through an exponential decay model. The identified mechanical parameters
provide a critical baseline for evaluating the structural performance and long-term safety
of the dam.

(2) The improved PSO algorithm, incorporating adaptive inertia weight, achieves ro-
bust global optimization with stable convergence. Integrated with finite element modeling
and real-time monitoring data, the inversion framework enables high-precision displace-
ment predictions of the concrete dam.

(3) The proposed dynamic inversion method has exhibited significant effectiveness in
assessing the long-term performance of the concrete gravity dam constructed on a soft rock
foundation. To further advance the research, Bayesian updating theory will be introduced
to systematically quantify the uncertainties in both monitoring data and numerical models,
with the ultimate objective of establishing reliable risk warning indicators.
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Abstract: Tunnel systems are often confronted with issues such as cracks, water seepage,
and exposed tendons, all of which compromise their structural integrity. This study utilizes
an advanced robotic system equipped with a 3D laser scanner to capture data on visible
lining defects. By analyzing the distribution of defects across various tunnel segments, we
explore the mechanisms underlying structural cracks. Finite element software is employed
to assess stress, deformation, and crack progression within the tunnel linings. The result
found that the diversion tunnel’s segments exhibit notable variations: 66.0% of the defects
are concentrated in the upper flat section, while 34.0% are found in the inclined shaft
segment. Cracks, primarily located in the vault area, characterize these defects. Under
water pressure, stress deformation in the intact lining follows a linear escalation pattern.
Specifically, after the formation of cracks measuring 0.1 m, 0.2 m, and 0.3 m, circumferential
stresses increase by approximately 4.50%, 9.10%, and 15.10%, respectively. Numerical
simulations reveal significant stress concentration near the cave entrance at the upper flat
break. Crack propagation at the arch crown is found to pose a greater risk than at the sides
of the arch waist. These findings offer valuable scientific insights and practical implications
for improving safety and enabling intelligent monitoring of power station tunnels.

Keywords: diversion tunnels; apparent defects; cracking mechanism; stress deformation;
crack extension

1. Introduction

With the continuous advancement of water conservancy and hydropower technolo-
gies, a large number of hydraulic tunnels have been constructed to support efficient water
management, energy generation, and power supply. However, prolonged operation often
leads to structural degradation. If such damage is not detected and addressed in a timely
manner, it can pose serious threats to the safety and reliability of the infrastructure [1–5].
Manual inspection methods face several limitations, including high operational risk, ex-
tended inspection times, and potential inaccuracies in data acquisition. With the rapid
development of advanced equipment and information technologies, the integration of
artificial intelligence (AI) tools for tunnel scanning and defect detection has become increas-
ingly important [6–10]. By analyzing the spatial distribution and formation mechanisms of
tunnel defects, this study identifies key patterns that are critical for maintaining long-term
structural integrity. These findings contribute to a better understanding of potential vul-
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nerabilities and provide valuable guidance for proactive maintenance strategies, thereby
enhancing the safety and resilience of hydraulic tunnel infrastructure.

Currently, investigations into defects within diversion tunnels predominantly con-
centrate on model testing, theoretical examinations, and computational simulations. Lin,
C.J. et al. [11] studied the influence of crack location, Enhanced Safety Factors of Lining
Structures: A Study Based on Crack Model Analysis and the Influence of Depth and Host
Rock Resistance; according to Liu, C. et al. [12], the analysis of the lining cracking, con-
ducted through rigorous model testing, revealed that the primary cause was the excessive
tensile stress leading to cracks at the arch top and arch footing. Additionally, the side walls
experienced significant localized pressure, contributing to their failure; Lu, A. et al.’s [13]
study meticulously examined the cracking phenomena in the lining using field-measured
pressure data from model tests. It explored the underlying causes, patterns, and distinctive
characteristics of observed lining fractures; in a study by Li, G.D. et al. [14], the photoelastic
patch method was employed to examine the cracking patterns, stability, and destabilizing
damage in a concrete four-point shear beam test. This investigation covered various sizes
and locations of cracks, revealing their expansion rules and characteristics comprehen-
sively; Du, Jiaji’s [15] study employed cloud interferometry to examine the propagation
dynamics of fractures in concrete during a three-point shear beam test; Li, Z.H. et al.’s [16]
research introduced an advanced computational framework to assess fractures in lining
masonry, drawing upon the principles of fracture mechanics. This innovative approach
was subsequently juxtaposed with existing methodologies for analyzing cracks in similar
structures, highlighting its unique contributions and enhanced accuracy; Khan, G. et al. [17]
proposed a calculation model for the cracks of lining masonry based on the theory of
fracture mechanics, analyzing the analysis of the cracks of lining masonry. Based on the
fracture mechanics theory, Chen, S.’s [18] study introduced a novel model for calculating
lining cracks, and conducted a comparative analysis on how various depths and angles of
cracks influence the stability of lining structures; Karami, M. et al.’s [19] study delved into
the influence of internal water pressure, tunnel radius, and lining thickness, among other
variables, on the fracture patterns of the lining, employing advanced fracture calculation
methodologies; Wang, G. et al. [20] proposed a structural methodology grounded in the
longitudinal bending stiffness of a cracked lining, and conducted an exhaustive analysis
on the impact of both isolated and multiple cracks on the mechanical attributes of tunnel
linings. Chen, J.X. et al. [21], based on fracture mechanics theory, developed a sophisticated
model for evaluating cracked linings. This model enables us to meticulously analyze the
intricate stress and deformation characteristics inherent in mixed cracked lining systems;
Peng, Z.T. et al.’s [22] study delved into the influence of reinforcement and surrounding
rock conditions on the quantity and width of cracks by developing a numerical model
focused on lining crack formation; Du, J.M. et al.’s [23] research focused on analyzing
the maximal principal stresses, as well as the stresses at crack tips across varying depths
of cracks within different components of lining structures, employing advanced numer-
ical simulation techniques; Xu, Z.L.’s [24] study delved into the stress and deformation
characteristics of cracks situated at critical junctions such as the arch summit, midsec-
tion, and base by constructing a sophisticated numerical model. This model incorporated
both non-destructive and cracked linings, leveraging advanced finite element analysis
techniques to simulate real-world conditions with enhanced precision. Lu, S. et al.’s [25]
study delved into the characteristics, distribution patterns, and propagation mechanisms
of fractures under varying conditions of surrounding rock loads, structural imperfections,
and additional influencing factors; Lei, Y.M. et al.’s [26] study employed an integrated finite
element-discrete element approach to meticulously simulate and analyze the distribution
patterns and propagation dynamics of cracks within linings, considering variations in

130



Appl. Sci. 2025, 15, 9210

their locations, extents of influence, and magnitudes of applied loads. This investigation
aimed at unraveling the intricate mechanisms governing crack evolution under diverse
loading scenarios and geometrical configurations, thereby enhancing our understanding of
structural integrity and failure modes in complex engineered systems.

Previous research has primarily focused on the stress characteristics and propagation
behavior of cracks in lining structures. However, studies involving actual defect detec-
tion data from diversion tunnels remain limited, and the differences in lining defects and
their underlying formation mechanisms are not yet well understood. This study utilizes
inspection data collected from the diversion tunnel of a hydropower station in the Dadu
River Basin to investigate the mechanisms of crack formation and patterns of crack prop-
agation in the lining structure. The results aim to enhance the operational safety and
efficiency of hydropower stations while contributing to the development of intelligent
defect detection technologies.

2. Engineering Background

2.1. Tunnel Inspections

This study focuses on a power station located in the Dadu River Basin that includes a
barrage, flood relief structures on either side of the river, and a diversion power generation
system. The station features four parallel pressure pipelines designed to optimize water
flow for energy generation. The pressure pipes are situated within the thin to medium-
thick, and further thickening to massive laminated dolomitic greywacke and metamorphic
greywacke formations, ranging from the 9th to 12th layer of the Lower Devonian Sys-
tem. This positioning covers various segments such as upper flat, upper curved, inclined,
lower curved, and lower flat areas, all embedded within the microsilver rock strata, and
the peripheral rocks are preliminarily classified as III1 to III2 types. Given the intricate
environmental conditions of the diversion tunnel, including total darkness, standing water,
jet streams, and sediment accumulation, we employ our custom-designed robot. This
advanced robot is outfitted with a 3D laser scanner and high-definition microlight camera
equipment. The inspection apparatus is carefully lowered into the tunnel using a special-
ized aerial basket, allowing for comprehensive scanning and examination of the tunnel’s
lining surface. Here are the detailed steps involved in the robotic inspection process of the
diversion tunnel:

Step 1: Gather comprehensive data on hydrological information for both flow and
project areas from the commissioning of the diversion tunnel to the present. Step 2: The
robot was deployed outside the tunnel for an inspection mission, navigating its way into
the tunnel’s interior. It was equipped with high-definition cameras, 3D laser scanners, and
lighting to capture detailed images and 3D point cloud coordinates of the tunnel. After
completing the inspection, the robot returned by the same route it entered. Due to the
challenging conditions—namely, darkness, lack of adequate lighting, and a slippery cave
environment—the lower flat section of the water pump ceased functioning, failing to pump
water up to 1.5 m or more. As a result, the inspection could only be conducted on the upper
flat section and the inclined section of the tunnel (see Figures 1 and 2).
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Figure 1. Schematic diagram of the inspection path and implementation process.

 

Figure 2. Map of site operations.

Step 3: Following a thorough inspection, we generate a comprehensive tunnel and
a LIDAR. This allows us to pinpoint and measure any visible defects on the laser image.
Subsequently, the LIDAR orthophoto is meticulously edited to incorporate this defect
information (see Figure 3).

 
(a) Upper flat section 

(b) Inclined section 

Figure 3. Infographic of diversion tunnel defects.

Step 4: Result interpretation. Utilizing data gathered from the robotic assessment,
defects undergo meticulous quantitative analysis. Subsequently, both mechanical and sim-
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ulation models of the tunnel are devised to elucidate the underlying mechanical principles
governing the spatial and geometric distribution patterns of the observed cracks.

From Figure 4, The inspection data reveals a total of 101 imperfections, comprising
77 fissures ranging from 0.38 m to 11.88 m; additionally, there are 21 instances of concrete
seepage and three residual protruding rebar ends, the longest measuring up to 0.12 m. The
diversion tunnel’s structural segments exhibit considerable variation in defect types. The
upper flat section alone harbors 67 deficiencies, constituting 66.0% of the total defects tally,
predominantly manifested as cracks accompanied by water seepage, with calcium deposits
encircling most fissures, and minor water discharge observed. The primary cause is water
seepage, with most cracks accompanied by calcium precipitation and fine water outflow.
There are 34 defects in the inclined shaft section, accounting for 34.0% of the total number
of defects. The distribution characteristics along the axial direction of the tunnel show that
cracks are more concentrated in the upper-level section, particularly within the 0–40 m
interval, indicating a higher risk area for the diversion tunnel.

Figure 4. Characteristic distribution of the number of cracks along the axis of the tunnel.

2.2. Characterization of Defects Based on the Gray Correlation Method

The gray correlation approach evaluates the impact of defects on various structural
components, facilitating a quantitative assessment and comparison of system evolution and
trends. It determines correlation levels based on geometric similarity of parameter curves;
higher resemblance indicates stronger correlation. The computation details follow [27].

The defects in different structural sections of the diversion tunnel are selected as the
reference sequence X0 = {x0(k), k = 1, 2 . . . m}, and the cracks and leaks in different locations
are selected as the comparison sequence Xi = {xi(k), k = 1, 2 . . . m}, and the cracks and leaks at
different locations are compared with the sequence Xi = {xi(k), k = 1, 2 . . . m, i = 1, 2 . . . n}.

The compositional data series homogenization process is as follows:

Y0 =
x0(k)

x0
, k = 1, 2, 3 · · · · · · n, where : x0 =

1
n

n

∑
k=1

x0(k) (1)

Yi =
xi(k)

xi
, k = 1, 2, 3 · · · · · · n, where : xi =

1
n

n

∑
k=1

xi(k) (2)

where Y0 denotes the reference sequence priming process; Yi denotes the comparison
sequence priming process.

Calculate the correlation coefficient of each point of the comparison sequence to each
point of the reference sequence:
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⎧⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎩

ξi(k) =
m+ρ M

Δi(k)+ρ M

m =
i
minmin

k
Δi(k) i = 1, 2, . . . , n, k = 1, 2, . . . , m

M = max
i

max
k

Δi(k)

Δi(k) = |Y0(k)− Yi(k)|

(3)

In the formula, ξi(k) indicates the correlation coefficient; ρ indicates the resolution
coefficient, ρ ∈ (0, +∞), and the larger value of the resolution will be smaller, usually taking
the value of 0.5; Δi(k) indicates the degree of proximity; m indicates the absolute value
of the smallest difference in the smallest difference in the difference in distance between
points I ∈ (1, 2, . . . n) and X0(k) on the curve Xi(k); M indicates the absolute value of the
largest difference in the largest difference in the difference in distance between points
I ∈ (1, 2, . . . n) and X0(k) on the curve Xi(k).

The degree of correlation between the reference sequence and the comparison sequence
is as follows:

ri =
1
n

n

∑
k=1

ζi(k) (4)

where ri represents the degree of association, when 0.5 ≤ ri ≤ 1, the reference sequence
is associated with the comparison sequence, and the larger the value, the higher the
degree of association; when 0 ≤ ri ≤ 0.5, the reference sequence is not associated with the
comparison sequence.

The main defect correlation coefficients of the diversion tunnels were calculated by
Equation (4), and the results are shown in Table 1.

Table 1. Correlation of major defects in diversion tunnels.

Position Vault Crack Waist Crack Soffit Leakage Arch Girdlet Leakage

Upper flat section 1 0.88 0.62 0.91
Inclined section 0.99 0.88 0.62 0.91

From the table, it is evident that the correlation of major defects in both the upper-
level section and the inclined shaft section exceeds 0.5. Particularly, the correlation among
roof cracks, waist cracks, and waist leakage is notably high, while the correlation for roof
leakage remains average. This suggests that a high incidence of cracks within the tunnel
predominates as the primary defect type. In contrast, the number of leaks is relatively low
and does not pose severe damage. The emergence of these cracks correlates with the extent
of constraints on lining deformation [28,29]. Cracks will form in lining structures under
stress during deformation, regardless of internal or external constraints. Thus, the impact
of roof cracks on tunnel safety must be prioritized in practical engineering applications.

3. Research on Lining Cracking and Deformation Mechanism

Diversion tunnels show various structural flaws due to multiple factors like rock
characteristics, material quality, design, construction, concrete mix, and maintenance. This
paper focuses on the stress and deformation of intact and fractured linings under hydraulic
pressure using a mechanical model (Figure 5) and thick-walled cylinder theory with several
theoretical assumptions:
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(a) Force analysis of non-destructive lining (b) Force analysis of cracked lining 

Figure 5. Schematic force diagram of the diversion tunnel.

(1) The reinforced concrete lining and surrounding rock act as impermeable elastomers,
adhering to Hooke’s law for displacement and deformation, ensuring structural integrity
and stability; (2) The rock body’s exterior is devoid of any external load, experiencing
solely the force of gravity; (3) The inner surface of the lining is subjected to water pressure,
which manifests as a form of surface force; (4) The concrete lining and the surrounding
rock structure are intimately linked, exhibiting no tendency for relative sliding.

3.1. Mechanical Characteristics of Non-Destructive Lining Structures

Figure 6 illustrates the force model of the lining under water pressure. Given that the
lining is primarily subjected to uniform internal water pressure, the mechanical model can
be simplified to an axial stress model. This simplification is based on the inverse solution
method in elastic mechanics theory [30]; it is postulated that the stress function varies solely
with the radial coordinate, r, and remains invariant to the polar angle. The specific form of
this relationship is articulated as follows:

φ = φ(r) (5)

Then the stress expression is as follows:⎧⎪⎪⎨
⎪⎪⎩

σr =
1
r

dφ
dr

σθ = d2φ

dr2

τrθ = τθr = 0

(6)

where σr denotes radial stress; σθ denotes circumferential stress; and τrθ and τθr denote
shear stress.

Figure 6. Lining force diagram under water pressure.
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From Figure 7, The compatibility equation expressed in terms of the stress function
can be simplified as follows:

(
d2

dr2 +
1
r

d
dr

)
2

ϕ = 0 (7)

Figure 7. Force diagram of surrounding rock under water pressure.

This is a fourth-order ordinary differential equation that provides the general solution
of the stress function for the axisymmetric stress state as follows:

φ = A ln r + Br2 ln r + Cr2 + D (8)

where A, B, C, and D denote arbitrary constants.
Bringing Equation (8) into Equation (6) yields the stress component as follows:⎧⎪⎪⎨

⎪⎪⎩
σr =

A
r2 + B(1 + 2 ln r) + 2C

σθ = A
r2 + B(3 + 2 ln r) + 2C

τrθ = τθr = 0

(9)

However, the displacement component is expressed as follows:⎧⎪⎪⎨
⎪⎪⎩

ur =
1
E [−(1 + μ) A

r + 2(1 − μ)Br(ln r − 1)+

(1 − 3μ)Br + 2(1 − μ)Cr] + I cos φ + K sin φ

uθ = 4Brφ
E + Hr − I sin φ + K cos φ

(10)

where ur and uθ denote radial and circumferential displacements, respectively; A, B, C, H, I,
and K denote constants; and E and μ denote the modulus of elasticity and Poisson’s ratio
of the material, respectively.

In the thick-walled cylinder problem, since the closed cylinder is a multicontinuum,
the displacement singular value condition needs to be considered. Also, because it is
axisymmetric, the tangential displacement is zero, i.e., uθ = 0, so B = H = I = K = 0 in
Equations (2)–(6).

Assuming that the inner diameter of the cylinder is, the outer diameter is, the internal
pressure is, and the external pressure is, the boundary conditions and contact conditions
are as follows: ⎧⎪⎨

⎪⎩
σr|r=r1 = −p1

σr|r=r2 = −p2

τrθ |r=r1 = τθr|r=r2= 0
(11)

The boundary conditions are brought into Equations (9) and (10), and the coefficients
A and C are obtained with the following expressions:
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⎧⎪⎨
⎪⎩

A =
r2

1r2
2(p2−p1)

r2
2−r2

1

C =
r2

1 p1−r2
2 p2

2(r2
2−r2

1)

(12)

The lining stresses and displacements are obtained by bringing Equation (12) into
Equations (9) and (10) with the following expression:⎧⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎩

σr =
p1r2

1−p2r2
2

r2
2−r2

1
+

r2
1r2

2(p2−p1)

r2
2−r2

1

1
r2

σθ =
p1r2

1−p2r2
2

r2
2−r2

1
− r2

1r2
2(p2−p1)

r2
2−r2

1

1
r2 r1 ≤ r ≤ r2

ur =
1+μc

Ec(r2
2−r2

1)

{[
(1 − 2μc)r2 + r2

2
]

p1r2
1−[

(1 − 2μc)r2 + r2
1
]
p2r2

2
}

(13)

where σr denotes the radial stress of the lining; σθ denotes the tangential stress of the
lining; ur denotes the displacement of the lining; r1 denotes the inner radius of the lining;
r2 denotes the outer radius of the lining; Ec and μc denote the modulus of elasticity and
Poisson’s ratio of the concrete lining, respectively; p1 denotes the pressure of water in the
tunnel; and p2 denotes the additional pressure.

For the surrounding rock surface acting under uniform water pressure, the stress and
displacement of the surrounding rock under water pressure can be calculated using the
principles of elastic mechanics, with its formula being as follows:⎧⎪⎪⎪⎨

⎪⎪⎪⎩
σr = − r2

2
r2 p2

σθ =
r2

2
r2 p2 r2 ≤ r ≤ ∞

ur =
1+μd

Ed

r2
2
r p2

(14)

where σr denotes the radial stress of the surrounding rock; σθ denotes the tangential stress
of the surrounding rock; ur denotes the displacement of the surrounding rock; r2 denotes
the radius of the tunnel; Ed and μd denote the modulus of elasticity and Poisson’s ratio of
the surrounding rock, respectively.

By applying the displacement condition at the contact interface between the surround-
ing rock and the lining, Equations (13) and (14) are utilized to determine the interaction
force between the outer wall of the lining and the surrounding rock under internal water
pressure. The resultant expression is as follows:

p2 = p1
2(1 − μ2

c )Edr2
1

(1 + μd)Ec(r2
2 − r2

1) + (1 + μc)Ed
[
r2

1 + (1 − μc)r2
2
] (15)

The Geological Investigation Report outlines the specific geometrical and material
characteristics of the diversion tunnel, which are as follows: inner radius r1 = 4.25 m; outer
radius r2 = 5.25 m; lining modulus of elasticity Ec = 30 GPa; lining Poisson’s ratio μc = 0.25;
peripheral rock modulus of elasticity Ed = 10 GPa; peripheral Poisson’s ratio μd = 0.3; and
water pressure = 0~1.35 MPa. The stress deformation diagrams of the non-destructive
lining are shown in Figure 8, which shows a positive growth trend of cyclic stress and
displacement. As shown in Figure 8, the stress and displacement of the undamaged lining
are shown to be positively increasing, which indicates that the lining is currently in the
stage of elastic deformation, i.e., the lining can effectively resist deformation through the
annular stress when it is subjected to the water pressure.
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Figure 8. Stress-deflection diagram for non-destructive lining.

3.2. Mechanical Characteristics of Crack Lining Structures

Given that the surrounding rock remains in an elastic stress state without any damage
following the emergence of cracks in the lining, according to the principles of elasticity, the
plane differential equation for the axisymmetric plane problem in polar coordinates [30]
can be expressed as follows:

∂σr

∂r
+

σr − σθ

r
= 0 (16)

The lining structure produces cracks with tangential stresses σθ = 0, and the stress
balance equation is then expressed as follows:

∂σr

∂r
+

σr

r
= 0 (17)

Integrating Equation (18) yields from the boundary conditions σr|r=r1 = −p1 :

σr = − r1

r
p1 r1 ≤ r ≤ r2 (18)

Therefore, the stress in the cracked lining can be expressed as follows:

σrk = − r1

rk
p1 r1 ≤ rk ≤ r2 (19)

where σrk denotes the radial stress of the cracked lining; rk denotes the radius of the cracked
lining; r1 denotes the inner radius of the lining; and p1 denotes the water pressure in
the tunnel.

It is presumed that the lining at the location where no crack has formed remains in
an elastic condition, with the water pressure on its surface being pk = −rk. The structural
stresses and displacements of the undamaged lining are derived using Equation (6) along
with the provided expression:⎧⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎩
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2−r2

k
− r2

k r2
2(p2−pk)
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2−r2

k
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r2 rk ≤ r ≤ r2

ur =
1+μc

Ec(r2
2−r2

k )

{[
(1 − 2μc)r2 + r2

2
]

p1r2
k−[

(1 − 2μc)r2 + r2
k
]
p2r2

2
}

(20)
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where σr denotes the radial stress at the lining without cracks; σθ denotes the tangential
stress at the lining without cracks; ur denotes the displacement at the lining without
cracks; Ec and μc denote the modulus of elasticity and Poisson’s ratio of the concrete lining,
respectively; p1 denotes the water load in the tunnel; and p2 denotes the additional pressure.

The stresses and displacements of the surrounding rock subjected to water pressure
can be determined through elastodynamic analysis, utilizing the provided expression:⎧⎪⎪⎪⎨

⎪⎪⎪⎩
σr = − r2

2
r2 p2

σθ =
r2

2
r2 p2 r2 ≤ r ≤ ∞

ur =
1+μd

Ed

r2
2
r p2

(21)

where σr denotes the radial stress of the surrounding rock; σθ denotes the tangential stress
of the surrounding rock; ur denotes the displacement of the surrounding rock; r2 denotes
the radius of the tunnel; and Ed and μd denote the modulus of elasticity and Poisson’s ratio
of the surrounding rock, respectively.

In the same vein, Equations (21) and (22) are employed to determine the interaction
force between the outer wall of the lining and the surrounding rock under the influence of
internal water pressure. This force is represented as follows:

p2 = pk
2(1 − μ2

c )Edr2
k

(1 + μd)Ec(r2
2 − r2

k) + (1 + μc)Ed
[
r2

k + (1 − μc)r2
2
] (22)

Based on the Geological Investigation Report for the diversion tunnel, we computed
stresses and deformations of the crack lining structure under hydraulic pressure. As shown
in Figure 9, there is a linear progression in both annular stress and displacement of the
crack lining. With increasing crack depth, stress and displacement magnitudes escalate.
This is due to stress transmission and deformation effects from water pressure, with cracks
compromising the lining structure. Compared to an unblemished lining, the circumferen-
tial stress of the lining increased by approximately 4.50% with 0.1 m cracks, 9.10% with
0.2 m cracks, and 15.10% with 0.3 m cracks. A cracked lining fails to distribute stress
evenly, reducing its resistance to water pressure interference and leading to heightened
circumferential stress near the cracks. Over time, this stress concentration further degrades
the lining structure.

(a) 0.1 m crack (b) 0.2 m crack (c) 0.3 m crack

Figure 9. Stress deformation diagram for defective lining.

3.3. Mechanical Characteristics of Different Structural Segments

The text describes the features of lining cracks in axial coordinates. The diversion
tunnel includes an upper flat section, an inclined shaft section, and a lower flat section.
Data show a notable difference in defect numbers between the upper flat and inclined
shaft sections. This difference stems from the unique force characteristics of each structural
segment, affecting defect formation and distribution.

Figure 10 presents a detailed schematic diagram illustrating the comprehensive force
analysis of the diversion tunnel. This analysis is meticulously computed in accordance with

139



Appl. Sci. 2025, 15, 9210

the guidelines stipulated by the Road Tunnel Design Code and incorporates fundamental
principles of rock mechanics theory to ensure accuracy and reliability [31]. In this context,
the distinction between shallow and deeply buried tunnels is delineated by employing a
formula that calculates the load equivalent height:{

Hp = 2.5hq

hq = q
γ

(23)

where Hp denotes the dividing depth between deep and shallow buried tunnels; hq denotes
the load equivalent height; γ denotes the weight of the surrounding rock; and q denotes
the vertical pressure of the surrounding rock.

 
 

(a) Force analysis of lining section (b) Lining structure section force analysis diagram 

Figure 10. Schematic diagram of the overall force analysis of the lining.

Given that the deepest burial point of the diversion tunnel in this project exceeds the
critical depth Hp as stipulated by Equation (23), it is categorized as a deeply embedded
tunnel. Consequently, the lining structure of the diversion tunnel experiences vertical stress
corresponding to the pressure exerted by the surrounding rock mass of the tunnel:

σz = γh = γ × 0.45 × 2s−1w (24)

where σz denotes the vertical pressure; γ denotes the perimeter rock capacity; s denotes the
perimeter rock level; w denotes the width influence coefficient, w = 1 + i (B − 5); B denotes
the width of the tunnel; and i is taken as 0.1 when B > 5 m.

The lining structure is subjected to horizontal pressure, which is expressed as follows:⎧⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎩

e1 = q tan2(45◦ − ϕc
2 )

e2 = (q + γh) tan2(45◦ − ϕc
2 )

σx = (e1+e2)
2 = K0σZ

K0 = μ
1−μ

(25)

In the formula, e1, e2 indicates the horizontal pressure of surrounding rock from the
top to the bottom of the tunnel arch; e indicates the horizontal mean pressure; h indicates
the height of the tunnel; ϕc indicates the friction angle of surrounding rock, and the value
of 65◦ is taken in this project; K0 indicates the lateral pressure coefficient of surrounding
rock, and the value of 0.43 is taken in the calculation of this project; and μ indicates the
Poisson’s ratio of surrounding rock.

The architecture of the upper flat and inclined shaft segments mainly addresses vertical
pressure from the surrounding rock at the diversion tunnel’s apex. Lateral pressures are
evenly distributed, neutralizing each other. Thus, the focus is on vertical pressure impact.
Due to lining inclination, the pressure on the vertical face of the inclined shaft segment is
articulated as follows [32]:

σxie = σz cos θ < σz (26)
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where σxie denotes the component of pressure in the vertical direction, and θ denotes the
angle between the inclined shaft section and the horizontal line.

The shaft’s angle relative to the horizontal creates a vertical stress component that
reduces perpendicular pressure on the surrounding rock. This leads to fewer defects in the
inclined shaft compared to the upper level, as confirmed by defect inspection data from
both sections of the diversion tunnel.

4. Numerical Simulation and Analysis of Diversion Tunnels

Numerical analysis is less costly and faster. To further verify the results of the field
tests, the continuous medium software ABAQUS (Version ABAQUS-2023) was used to
continue the numerical model analysis.

4.1. Three-Dimensional Modeling

Based on actual test conditions, this paper investigates the stress and strain response
of the diversion tunnel lining structure using a 3D numerical model. Based on a com-
prehensive review of the existing literature and a detailed analysis of the engineering
geological structure, a sophisticated three-dimensional simulation model of the diversion
tunnel has been developed. The model is configured with comprehensive mechanical
and seepage parameters: elastic modulus E = 50 GPa, Poisson’s ratio ν = 0.24, uniaxial
compressive strength UCS = 110 MPa, tensile strength σt = 7 MPa, internal friction angle
φ = 32◦, permeability coefficient k = 1 × 10−7 m/s, and porosity n = 0.05. Figure 11 shows
that the model’s geometric dimensions are precisely defined: the upper flat section spans
87.4 m, the inclined shaft section measures 58.3 m, and the lower flat section extends 55.3 m.
The tunnel has a diameter of 10.5 m and a lining thickness of 1.0 m, supported by rebar
at intervals of every 2 m. Longitudinal cracks are prioritized for investigation due to the
specific structural configuration and loading conditions of the lining, while circumferential
cracks are excluded from this study [33]. When formulating the model with cracks, crack
components are set with an average length of 4 m and varying depths of 0.1 m, 0.2 m,
and 0.3 m. The tunnel lining utilizes an elastic–plastic model based on actual engineering
values. Material parameter values are detailed in Table 2. A vertical load is applied to the
top of the lining (see Equation (24)), a horizontal load to the left and right boundaries (see
Equation (25)), and a water load from 0 to 1.35 MPa inside the lining.

(a) Lining models (b) Rebar modeling

(c) Cracked component modeling

Figure 11. Diversion tunnel component models.
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Table 2. Table of values for each parameter.

Type
Unit Weight

(kN·m−3)

Modulus of
Elasticity

(GPa)

Poisson’s
Ratio

Angle of
Internal Friction

(◦)

Cohesion
(MPa)

Tensile
Strength

(MPa)

Breaking
Energy
(N/M)

Surrounding rock 27.5 5.38 0.30 45 1.20
Lining 25 30.0 0.25 - - 1.43 114.35

Shotcrete 25 31.5 0.20 - - 1.57
Anchor bolt 78 200.0 0.20 - -

4.2. Simulation Results
4.2.1. Deformation Characteristics of Non-Destructive Lining Structures

Figure 12 shows the simulated circumferential stress deformation of the lining. A
negative sign indicates compression, and a positive sign indicates tension. In Figure 12a,
the lining displays varying stress levels, with the vault in tension. The maximum tensile
stress exceeds 1.43 MPa, raising the risk of tensile cracking. The pressure on both sides
of the cave waist is significant, but the peak compressive stress is below the concrete’s
compressive strength, indicating a low risk of compression fractures. Figure 12b shows
that the lining near the entrance deforms more, with greater displacement in the upper flat
section than in the inclined shaft section. This suggests internal water pressure negatively
impacts the lining’s bearing capacity. However, the overall displacement cloud diagram
shows symmetrical and minimal deformation, ensuring the lining’s safety and stability
remain intact.

(a) Circumferential stress distribution in the lining(b) Circumferential displacement distribution of the lining

Figure 12. Circumferential stress deformation of diversion tunnel lining cloud map.

To gain deeper insights into the distribution patterns of lining stress and displacement,
we have selected specific points from both the upper flat section and the inclined shaft
section. These numerical results are depicted in Figure 13, which illustrates their evolution
over time through a series of curves. Figure 14 illustrates that the patterns of stress and
deformation in both the lining arch and arch waist are fundamentally consistent. The
displacement values across points A to E exhibit minor variations, with the maximum
displacement observed at point A. This suggests a uniform deformation response of the
tunnel structure as a whole, albeit with notably larger deformations nearer the entrance.
Since the magnitude of the displacement value does not directly dictate the deformation
characteristics of the lining, it necessitates analysis from the perspective of internal force
distribution. Figure 14c illustrates that the variation in circumferential stresses at points
A to C along the lining is minimal, whereas the disparity at points D to F is substantial,
suggesting a relatively uniform stress distribution across the upper flat section. When
compared to the section points depicted in Figure 14d, the stress alteration at the apex of
the arch is more pronounced. This phenomenon may be attributed to the heightened tensile
stress induced by the vertical pressure exerted by the surrounding rock at the arch’s crown.
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Figure 13. Schematic diagram of cross-section points of diversion tunnels.

(a) Vault displacement (b) Arch girdle displacement

(c) Arch top stress (d) Arch girdle stress

Figure 14. Circumferential stress deformation curve of diversion tunnel lining.

To verify the non-destructive lining model, analytical solutions are compared with
simulated stress values at the annular region. Discrepancies, detailed in Table 3, show
errors within a 15% margin. Despite numerical deviations, both methods concur on the
overall stress trends of the lining structure, validating the theoretical computations.

Table 3. Comparison table between theoretical and simulated results of non-destructive lining.

Water Load in the
Cave (MPa)

Analytical Solution
for Cyclic Stress

(MPa)

Numerical Solution
for the Maximum

Cyclic Stress (MPa)

Error Value
(%)

0.45 1.13 1.29 14.15
0.8 2.00 2.28 14.00
1.2 2.75 3.15 14.55
1.35 3.37 3.84 13.95
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4.2.2. Deformation Characteristics of Cracked Lining Structures

Based on the mechanical characterization of the non-destructive lining, the up-
per flat section with superior stress deformation properties is chosen for investigating
crack propagation.

Throughout the crack expansion progression, STATUS indicates the extent of the crack.
A STATUSXFEM value of one signifies complete obliteration of the lining. Figure 15 shows a
fully cracked region from 0 to 90 degrees at the top of the arch, with cloud map values at the
tip between zero and one, indicating imminent cracking that will spread as steps increase.
Water pressure keeps the crack open, and the incremental step method simulates crack
expansion by gradually decomposing the overall loading. In the initial phase (steps 0–20),
cracks of 0.1 m, 0.2 m, and 0.3 m expand along depth; over time (steps 20–40), cracks
penetrate through the lining, potentially causing significant fractures; beyond step 40, crack
expansion shifts towards the lining wall until halted.

incremental step 0 incremental step 20 incremental step 40
(a) Expansion process of the crack located at 0° off the top of the arch figure

incremental step 0 incremental step 20 incremental step 40
(b) Expansion process of the crack located at 30° off the top of the arch figure

incremental step 0 incremental step 20 incremental step 40
(c) Expansion process of the crack located at 60° off the top of the arch figure

incremental step 0 incremental step 20 incremental step 40
(d) Expansion process of the crack located at 90° off the top of the arch figure

Figure 15. Diagram of the expansion process of the cracked lining.
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Extracting a point at the crack and recording its development with a curve, it can be
seen in Figure 16b,d,f,h that the displacement value at 90◦ of the vault > 0◦ of the vault > 60◦

of the vault > 30◦ of the vault. It shows that the water pressure has a greater influence on
the top of the arch at 60~90◦, and the deeper the crack, the higher the displacement value.
This phenomenon likely arises due to the arch waist experiencing not only heightened
circumferential rock compression but also uneven hydrostatic pressure. The presence of
cracks exacerbates displacement magnitudes, suggesting that the extent of displacement
in a fissured lining alone does not encapsulate its deformation behavior comprehensively.
Instead, an in-depth analysis of stress distribution patterns is imperative to fully grasp
the nuances of lining deformation characteristics. From the stress distribution depicted in
Figure 16a,c,e,g, it is evident that the circumferential stress at angles 0–30◦ off the vault
exceeds the circumferential stress found at angles 60–90◦ off the vault. The data reveals
a significant tensile stress concentration at the apex of the lining, with stress magnitude
escalating as the crack deepens. This phenomenon can likely be attributed to heightened
surrounding rock tension at the crown, which disrupts the normal stress distribution
within the lining structure. Consequently, an augmented tensile force manifests at the
crack periphery, leading to a more pronounced localized stress concentration as the crack
progresses deeper into the structure [34].

Furthermore, to ensure the validity of the crack lining model presented above, a
portion of the analytical solutions was chosen for comparison against the simulated values
for the maximum annular stress. As demonstrated in Table 4, the error margins between
the theoretical predictions and the simulated outcomes for crack linings at 0.1 m, 0.2 m,
and 0.3 m are all within a 15% range. Although there exists some discrepancy between the
two sets of calculations, the overall trend in the stress characteristics of the lining structure
derived from both methods is consistent, thereby validating the reasonableness of the
model assumptions.

Table 4. Comparison table between theoretical and simulated results for crack lining.

(a) Comparison of 0.1 m crack results

Water Load in the
Cave (MPa)

Analytical Solution
for Cyclic Stress

(MPa)

Numerical Solution
for the Maximum

Cyclic Stress (MPa)

Error Value
(%)

0.45 1.17 1.31 11.97
0.8 2.08 2.35 12.98
1.2 2.86 3.28 14.68
1.35 3.51 4.03 14.81

(b) Comparison of 0.2 m crack results

Water Load in the
Cave (MPa)

Analytical Solution
for Cyclic Stress

(MPa)

Numerical Solution
for the Maximum

Cyclic Stress (MPa)

Error Value
(%)

0.45 1.22 1.39 13.93
0.8 2.17 2.44 12.44
1.2 2.99 3.42 14.38
1.35 3.66 4.19 14.48

(c) Comparison of 0.3 m crack results

Water Load in the
Cave (MPa)

Analytical Solution
for Cyclic Stress

(MPa)

Numerical Solution
for the Maximum

Cyclic Stress (MPa)

Error Value
(%)

0.45 1.29 1.45 12.40
0.8 2.29 2.57 12.27
1.2 3.14 3.57 13.69
1.35 3.86 4.38 13.47
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(a) Stress changes where the crack is located at 0° off the top of 
the arch

(b) Change in displacement with the crack located at 0° off the top of 
the arch

(c) Stress changes where the crack is located at 30° off the top 
of the arch

(d) Change in displacement with the crack located at 30° off the top of 
the arch

(e) Stress changes where the crack is located at 60° off the top 
of the arch

(f) Change in displacement with the crack located at 60° off the top of
the arch

Figure 16. Cont.
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(g) Stress changes where the crack is located at 90° off the top 
of the arch

(h) Change in displacement with the crack located at 90° off the top of 
the arch

Figure 16. Circumferential stress deformation curve of cracked lining of diversion tunnel.

5. Conclusions

This study investigates the inspection results of a diversion tunnel in a hydropower
station located in the Dadu River Basin, with a focus on the formation mechanisms and
simulation analysis of lining cracks. The main conclusions are summarized as follows:

(1) Tunnel lining inspections reveal significant spatial variation in defect distribution
across different structural sections. The upper horizontal section exhibits a markedly higher
frequency of defects compared to the inclined shaft, with most defects concentrated near
the tunnel crown. Cracks at the crown are identified as having a more pronounced impact
on structural safety.

(2) A two-dimensional axial force model was developed based on elastic mechanics
for both intact and cracked linings. The analysis indicates a rising trend in both hoop stress
and displacement. The presence of cracks at varying depths results in localized stress
concentrations, potentially accelerating long-term structural degradation. The inclined
shaft demonstrates a lower tendency for defect formation under stress, which aligns with
field inspection findings.

(3) A three-dimensional finite element model was employed to simulate stress dis-
tribution. The results show that the undamaged lining in the upper horizontal section
is subjected to greater circumferential stress than that in the inclined shaft. For cracked
linings, circumferential stress is higher in the arch range of 0–30◦ than in 60–90◦, indicating
that cracks in the upper arch pose a greater threat to structural integrity. The simulation
results are consistent with theoretical predictions, with deviations maintained within an
acceptable error margin of 15%.
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Featured Application: This study provides an underwater image enhancement method

that effectively improves the detection performance of crack recognition algorithms

under complex flow field and low-illumination underwater conditions and provides

a new solution for concrete crack detection algorithms applied to dam surfaces under

deep-water conditions.

Abstract: Underwater crack detection in dam structures is of significant importance to
ensure structural safety, assess operational conditions, and prevent potential disasters.
Traditional crack detection methods face various limitations when applied to underwater
environments, particularly in high dam underwater environments where image quality
is influenced by factors such as water flow disturbances, light diffraction effects, and low
contrast, making it difficult for conventional methods to accurately extract crack features.
This study proposes a dual-stage underwater crack detection method based on Cycle-GAN
and YOLOv11 called Edge-Enhanced Underwater CrackNet (E2UCN) to overcome the lim-
itations of existing image enhancement methods in retaining crack details and improving
detection accuracy. First, underwater concrete crack images were collected using an under-
water remotely operated vehicle (ROV), and various complex underwater environments
were simulated to construct a test dataset. Then, an improved Cycle-GAN image style trans-
fer method was used to enhance the underwater images. Unlike conventional GAN-based
underwater image enhancement methods that focus on global visual quality, our model
specifically constrains edge preservation and high-frequency crack textures, providing a
novel solution tailored for crack detection tasks. Subsequently, the YOLOv11 model was
employed to perform object detection on the enhanced underwater crack images, effectively
extracting crack features and achieving high-precision crack detection. The experimental
results show that the proposed method significantly outperforms traditional methods in
terms of crack detection accuracy, edge clarity, and adaptability to complex backgrounds,
effectively improving underwater crack detection accuracy (precision = 0.995, F1 = 0.99762,
mAP@0.5 = 0.995, and mAP@0.5:0.95 = 0.736) and providing a feasible technological solu-
tion for intelligent inspection of high dam underwater cracks.

Keywords: dam safety; small-object detection; underwater crack detection
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1. Introduction

Currently, China has the largest number of high dams, with 588 dams over 70 m,
233 dams over 100 m, and 23 dams over 200 m. Thus, high dam safety is a major challenge
for national water safety and public safety. Cracks are one of the most common structural
defects in such underwater engineering facilities during long-term operation. They can
lead to reduced structural strength, water leakage, and even catastrophic consequences,
posing a serious threat to safety. In some cases, the cracks exist underwater, which is
even more challenging, as mature methods for above-water detection cannot be directly
applied. Therefore, determining methods for early detection and precise evaluation of
cracks both above and below water is of critical importance for ensuring the stability of
these engineering structures.

Traditional crack detection methods mainly rely on draining reservoirs to clear inter-
ference factors combined with manual inspections to clearly observe underwater structural
defects [1,2], an approach that is both time-consuming and economically costly and requires
a considerable amount of human resources, potentially having a negative impact on the
ecological environment in certain cases. It is also not suitable for high dams and large
reservoirs. In contrast, modern detection methods primarily rely on divers or portable
detection equipment for underwater visual inspections, with saturation diving required for
high dams, which is both dangerous and costly. Moreover, divers often lack professional
knowledge of hydraulic engineering, lowering the reliability of their detection results. Most
recently, with the advancements in ROVs and underwater imaging technologies, the possi-
bility of intelligent inspection for underwater cracks has emerged. However, traditional
image-processing methods perform poorly in complex underwater environments, and their
detection accuracy and adaptability are severely limited [3]. Therefore, research on crack
defect detection models in complex underwater environments is of great significance.

One of the core challenges in underwater crack detection tasks is the low quality of
underwater images. Due to the influence of various disturbance fields in the underwater
environment (such as flow fields and hydrodynamic fields), underwater images often
exhibit significant motion blur and light diffraction effects. Additionally, the absorption
and scattering of light in water result in reduced image contrast, color distortion, and detail
blurring, which severely affects the performance of crack detection models [4]. Therefore,
underwater image enhancement techniques have become a fundamental research direc-
tion for improving the accuracy of underwater crack detection. Traditional underwater
image data enhancement algorithms, such as histogram equalization [5] and homomorphic
filtering [6], are relatively simple, but have poor robustness, making them unsuitable for
image enhancement tasks in high dam underwater multi-field disturbance environments.
In recent years, with the rapid development of machine learning [7] and deep learning
technologies [8], neural network-based image enhancement methods have made significant
progress in the field of image processing [9,10]. Recent unpaired enhancement approaches
(e.g., WaterGAN [11], Shallow-uwnet [12], UColor [13], PUIE-Net [14]) and datasets show
that paired data are not strictly required, but these methods focus mainly on perceptual
quality rather than preserving crack features for detection. Meanwhile, modern detectors
such as YOLOv8–v11 demonstrate strong robustness, though pipelines that explicitly con-
strain edge/high-frequency cues for underwater cracks remain scarce. For example, Wang
Yue et al. [15] proposed a multi-scale attention and contrast learning-based underwater
image enhancement algorithm, which effectively extracts multi-level image features by
combining an encoder–decoder structure with multi-scale channel pixel attention modules.
The improvements achieved in PSNR and SSIM metrics were 4.4% and 2.8%, respec-
tively, significantly improving image clarity. Additionally, Du Feiyu et al. [16] proposed a
domain-adaptive underwater image enhancement method combining convolutional neural
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networks with a multi-head attention mechanism and adversarial learning to achieve image
enhancement under unsupervised conditions. Although these methods achieved good
results in restoring visual quality, they focus more on enhancing the overall visual effect of
the image rather than preserving and enhancing crack details, such as crack boundaries,
which may lead to blurred crack edges or feature loss, thereby affecting subsequent crack
detection accuracy. In other words, current underwater enhancement pipelines rarely
optimize for crack-salient edges and high-frequency cues, leaving a gap between visually
pleasing restoration and useful feature retention for detectors. Furthermore, existing un-
derwater image enhancement models require paired images for training [17,18], but paired
underwater crack images are difficult to obtain as they require the use of ROVs for image
collection, making it challenging to create paired image datasets for model training.

In the field of underwater crack detection, traditional crack detection methods, such
as Markov random fields [19] and Sobel operators [20], rely on edge detection algorithms
in their image processing techniques. Although these methods perform well in simple
scenarios, they are highly sensitive to noise and easily affected by background interference
and optical artifacts in complex underwater environments, making it difficult to effectively
extract crack features. In recent years, with the continuous development of object detection
technologies, deep learning-based models have achieved significant progress in underwater
crack detection. For instance, Shi et al. proposed a method called CrackYOLO [21], based
on the YOLOv5 model, which introduces a feature fusion module, a Res2C3 feature extrac-
tion module, and a BCAtt attention mechanism, significantly improving crack detection
performance. It achieved 94.3% mAP and a detection speed of 151 FPS in underwater crack
detection tasks. Moreover, Mao Yingchi et al. [22] proposed a multi-task enhanced crack
image detection method (ME-Faster R-CNN) based on Faster R-CNN, which improves
the regional proposal network (RPN) and introduces the multi-source adaptive balancing
TrAdaBoost method, effectively improving the detection capability for multiple targets
and small target cracks. In experiments, it achieved an 82.52% average intersection over
union (IoU) and 80.02% average precision (mAP), an improvement of 1.06% and 1.56%, re-
spectively, compared to traditional Faster R-CNN methods. Additionally, Huang et al. [23]
tackled the inherent limitations of redundant architectural components and deficient multi-
scale feature extraction in the canonical YOLOv5 framework by introducing an enhanced
model that synergistically integrates attention mechanisms with the Complete-IoU (CIoU)
loss [24], thereby substantially elevating real-time detection accuracy. Concurrently, a
refined YOLOv8-derived architecture was developed, which exhibits markedly superior
robustness and detection fidelity when confronted with the severe visual degradations
characteristic of the underwater domain, thereby advancing the state of the art in marine
object detection [25]. These research outcomes show that deep learning-based object detec-
tion methods can effectively handle complex underwater crack detection tasks in various
fields and achieve a good balance between detection speed and accuracy. However, due to
the lack of underwater crack data, research on dam underwater crack detection based on
object detection algorithms is relatively limited [26].

To address the deficiencies in the existing research on underwater image enhancement
and crack detection, this paper proposes a dual-stage underwater crack detection method
based on Cycle-GAN [27] and YOLOv11 [28] called Edge-Enhanced Underwater CrackNet
(E2UCN) in order to pay sufficient attention to crack feature details in complex underwater
environments and achieve high-precision crack detection. First, during the underwater
crack image collection process, we used a P200 underwater remotely operated vehicle
(ROV) to capture artificial crack images in an underwater concrete tank, simulating various
complex underwater scenarios, including flow field disturbances, optical diffraction, and
low-contrast environments, to simulate the real environment of high dams. Next, in
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the image enhancement stage, we designed a Cycle-GAN-based underwater image style
transfer method named the CycleGAN-Based Underwater Image Enhancement (CGBUIE)
model to improve underwater image quality and highlight crack detail features. Although
hybrid GAN-based approaches such as attention-guided CycleGAN [29,30] and ESRGAN
variants [31,32] have achieved impressive results in natural image enhancement, they
primarily optimize for perceptual quality rather than structural crack feature preservation.
In contrast, our method explicitly constrains edge and frequency information, making it
more suitable for downstream crack detection tasks. Furthermore, the CGBUIE model
introduces Sobel operators [33] and high-frequency transformations [34,35] in the loss
function to constrain the edge information and high-frequency detail retention in the
generated image, preventing crack edges from becoming blurred or details from being
lost. The Sobel operator extracts prominent edge information from the image, while high-
frequency transformations enhance crack texture features, enabling the enhanced image to
achieve both visual style transfer to an above-water environment and crack boundary and
detail retention at the feature level [36–38]. Finally, in the crack detection stage, we first
trained the YOLOv11 model on an above-water concrete crack dataset so it could learn key
crack features and prominent edge features, then applied the trained model to the enhanced
underwater crack images generated by the CGBUIE model for accurate underwater crack
detection. During the detection process, YOLOv11, with its optimized network architecture
and multi-scale feature extraction capability, is able to better capture the subtle features
and irregular edges of cracks, particularly in cases where the cracks are small and complex
in shape [39]. Unlike existing underwater image enhancement approaches, which mostly
emphasize overall image clarity, our method explicitly integrates the Sobel operator and
high-frequency Fourier constraints into CycleGAN, ensuring the preservation of crack
edges and the fine textures critical for subsequent detection. The enhanced underwater
crack images not only significantly improved the visibility of cracks but also provided high-
quality input for the model, enabling fast and accurate crack localization and classification
in complex underwater environments. Experimental results showed that the proposed
method performs well in terms of crack edge clarity, object localization accuracy, and
adaptability to complex backgrounds.

The novelty of E2UCN lies in its dual-stage architecture: (i) an enhanced CycleGAN
that incorporates Sobel and Fourier constraints to explicitly preserve crack-specific features
during the style transfer process, and (ii) its integration with YOLOv11 for robust crack
detection. This was further substantiated by comprehensive ablation studies. The remain-
der of this paper is organized as follows: Section 2 describes the proposed E2UCN and its
edge-/texture-aware enhancement. Section 3 presents the datasets, annotation protocols,
and ablation design, discusses the results, uncertainties, and analysis. Section 4 concludes
with the study’s contributions and limitations.

2. Proposed Method

The E2UCN framework, the CGBUIE model, and the YOLOv11 model used in this
study will be described in detail in this section. Specifically, the E2UCN model is shown in
Figure 1.
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(a) (b) 

Figure 1. The architecture of the proposed model: (a) structural diagram of E2UCN; (b) structural
diagram of CGBUIE.

2.1. CycleGAN-Based Underwater Image Enhancement Model

Based on the style transfer functionality of CycleGAN, this study combines Sobel
operators and high-frequency filtering to perform style transfer between underwater crack
images and above-water crack images, aiming to enhance the images. The core idea of
CycleGAN is to map between different domains through unsupervised learning without
paired training data. This enables its widespread application in underwater crack detection,
particularly when large annotated datasets are unavailable. CycleGAN achieves this goal by
introducing two generators and two discriminators. Generators are used to generate images
similar to the target style, while discriminators judge the difference between the generated
image and the real image, thereby guiding the generator to optimize its generation effect.

In CycleGAN (https://github.com/junyanz/CycleGAN, accessed on 9 September
2025), generator Gx maps source domain images to target domain images. Meanwhile,
generator Gy maps target domain images back to the source domain. Discriminators Dx and
Dy are used to distinguish generated images from real images, thus guiding the generator
to optimize its style transfer effect. The aim is to minimize the difference between generated
and real images while ensuring that the generated image can restore the original image
after being mapped back. This process is achieved by introducing cyclic consistency loss
based on the adversarial loss of the original GAN.

Adversarial loss is used to train the generator to produce realistic images, forcing the
generated images to “fool” the discriminator. For generator Gx, the goal is to minimize the
following loss function:

LGAN
(
Gx, Dy, x, y

)
= E{y∼pdata(y)}

[
log Dy(y)

]
+E{x∼pdata(x)}

[
log

(
1 − Dy(Gx(x))

)]
, (1)

where x and y are real images from the source and target domains, Gx(x) is the image
generated by generator Gx, and Dy is the discriminator.

To ensure that the generated image can still restore the original image after being
mapped back, CycleGAN introduces cyclic consistency loss. For generators G_x and G_y,
their goals are defined as follows:

LCycle
(
Gx, Dy, x, y

)
= E{y∼pdata(x)}

[
Gy(Gx(x))− x1

]
+E{x∼pdata(y)}

[
Gx(Gy(y))− y1

]
, (2)

154



Appl. Sci. 2025, 15, 10326

This loss uses the L1 norm to measure the difference between the generated image
and the original image, forcing the generated image to maintain the structural features of
the source image. Therefore, the total loss function of the original CycleGAN is as follows:

LCycleGAN = LGAN
(
Gx, Dy, x, y

)
+ LGAN

(
Gy, Dx, y, x

)
+ λcycleLCycle

(
Gx, Dy, x, y

)
, (3)

where λcycle is the weight balancing adversarial loss and cyclic consistency loss.
However, experiments have shown that the style transfer images generated by the orig-

inal CycleGAN, focusing mainly on style transfer (e.g., color, contrast of the above-water
images), fail to retain the edge information and texture details of the image. To enhance the
edge details of the style-transferred images, this paper introduces the E2UCN model.

The Sobel operator extracts edge information from an image by computing the gra-
dients and is effective in retaining the image’s edge features. Here, based on the original
CycleGAN, the basic principle of the Sobel operator is applied and further improved to con-
struct Sobel loss. First, the Sobel operator is applied to compute the gradients of the input
image, obtaining the gradients in the horizontal (x) and vertical (y) directions. Specifically,
the Sobel operator used in this paper is as follows:

Sobelx =

⎡
⎢⎣−1 0 1
−2 0 2
−1 0 1

⎤
⎥⎦, Sobely =

⎡
⎢⎣−1 −2 −1

0 0 0
1 2 1

⎤
⎥⎦, (4)

where Sobelx and Sobely are the convolution kernels of the Sobel filter in the x and y
directions, respectively. The gradients calculated by the two operators can be represented
as follows:

∇x,y(i, j) =
2

∑
m=0

2

∑
n=0

I(i + m, j + n) · sobelx,y(m, n), (5)

where i and j represent the pixel positions in the image, and ∇x(·) and ∇y(·) represent the
gradients in the x and y directions, respectively. Then, the gradient magnitude of the image
is calculated to represent the edge information of the restored image. The specific formula
is as follows:

∇(i, j) =
√
∇x(i, j)2 +∇y(i, j)2 + ε, (6)

where ε is a small constant to avoid numerical instability when the gradient is zero.
The Sobel loss proposed in this paper measures the gradient magnitude difference

between the generated image and the real image using the L1 norm, comparing the edge
differences in both the x and y directions between the generated image and the original
image to simulate the edge enhancement effect of the Sobel operator. The specific formula
is as follows:

Lsobel = Ex∼Pdata(x)[∇Gx(x)−∇x1], (7)

where Gx(x) is the generated image, x is the real image, and ∇Gx(x) and ∇x are the
gradients of the generated image and the real image, respectively.

By constructing Sobel loss, CycleGAN is forced to preserve the edge information of
the real image during the image generation process, better retaining the crack edge features
in the image and improving the accuracy of subsequent object detection tasks. However,
while the generated image with Sobel loss retains the edge features of the cracks, there
is still a significant amount of blurring and loss of the internal texture information of the
cracks. Therefore, to further enhance the texture information in the image, and enable the
subsequent object detection model to recognize and extract cracks from the image, this
paper constructs a high-frequency loss function. Specifically, by using the Fourier transform
and other high-frequency transformations, the image can be converted from the spatial
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domain to the frequency domain, allowing for better extraction and retention of high-
frequency information such as textures and edges. Based on this, in the CGBUIE model, a
high-frequency loss function is used to compare the high-frequency information between
the real image and the generated image, preserving and enhancing the texture information.

In detail, the original image x and the generated image Gx are first transformed from
the spatial domain to the frequency domain using the fast Fourier transform. Assuming
the discrete image signal is Ω, the specific formula is as follows:

F (Ω(h, w)) =
N −1

∑
n=0

Ω[n]e
−i2π

hwn
N , (8)

where N is the signal length, n is the time index, and k is the frequency index. After apply-
ing the fast Fourier transform, the original image and the generated image are represented
as Freal(h, w) and F f ake(h, w), respectively. High-frequency components are extracted by
applying a high-frequency filter to remove low-frequency parts of the frequency domain
signal, and the absolute value is taken to retain the magnitude of the high-frequency
components, i.e., the texture details in the original image. The specific rule is as follows:

H(h, w) =

{
|F (Ω(h, w))|, i f h < cuto f f or w < cuto f f

0, otherwise
, (9)

where h and w represent the height and width in the frequency domain, i.e., the dimensions
of the frequency domain, and cuto f f is a manually set threshold for determining the high-
frequency filtering threshold. Finally, the L1 norm loss is calculated between the original
image and the generated image based on the magnitude of the high-frequency components
to further enhance the texture details of the generated image. The formula is as follows:

LHF = Ex∼Pdata(x)[H(Gx(x))− H(x)1]. (10)

Therefore, the overall loss function of the E2UCN model proposed in this paper, called
Sobel-Frequency Hybrid Loss (SFHLoss), can be expressed as follows:

SFHLoss = LGAN
(
Gx, Dy, x, y

)
+ LGAN

(
Gy, Dx, y, x

)
+ Lcycle

(
Gx, Dy, x, y

)
+ Lsobel + LHF (11)

By adding Sobel loss and high-frequency loss, the edge and texture details of the image
are effectively preserved, which helps the subsequent object detection model accurately
extract the crack locations.

2.2. YOLOv11 Model

After image enhancement, images with enhanced texture details are obtained. Subse-
quently, this study uses the YOLOv11 (https://github.com/ultralytics/ultralytics, accessed
on 9 September 2025), model for automatic underwater crack detection. YOLOv11, based
on the previous generations of the YOLO model, significantly improves detection accuracy
and speed through various innovations and optimizations, demonstrating excellent per-
formance, particularly in the detection of fine targets such as cracks. The specific model
architecture is shown in Figure 2.

The core structure of YOLOv11 includes the C3k2 module, the SPPF module, the
C2PSA module, and a lightweight design. These innovations enable YOLOv11 to efficiently
process the enhanced underwater crack images and achieve accurate crack localization
and classification.
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Figure 2. The architecture of YOLOv11.

First, the C3k2 module in YOLOv11 adopts an improved CSP (Cross-Stage Partial)
structure, which optimizes the feature extraction process by using smaller convolution
kernels (e.g., 3 × 3 kernels). The C3k2 module splits the input feature map into two parts,
performs convolution on each part, and then merges them. This design effectively reduces
the number of parameters while maintaining feature extraction capabilities. Next, the
SPPF (Spatial Pyramid Pooling—Fast) module, another key component of YOLOv11,
quickly merges feature maps of different scales through multi-scale pooling. This module
significantly enhances the network’s ability to detect targets of different sizes, which is
particularly relevant as scale differences are common in crack images. By aggregating global
features, the SPPF module improves the model’s detection accuracy. It generates multi-level
feature maps through pooling operations at different scales and ultimately merges these
feature maps into a global feature representation, thus enhancing the network’s sensitivity
to multi-scale information in crack images.

Furthermore, the Convolutional block with the Parallel Spatial Attention (C2PSA)
module introduced by YOLOv11 further optimizes the extraction of spatial features. The
C2PSA module uses parallel spatial attention mechanisms to focus on key areas in the image
(such as the edges of cracks or the cracks themselves), effectively improving the model’s
recognition ability against complex backgrounds. The C2PSA module combines both
channel attention and spatial attention mechanisms, and, through multi-head attention, it
further enhances the feature expression capabilities, allowing YOLOv11 to more accurately
localize cracks.

To enhance the model’s lightweight design, YOLOv11 introduces the MobileViT back-
bone network and depthwise separable convolutions (DWConv), significantly reducing
the computational load and the number of parameters while maintaining high accuracy.
MobileViT combines the advantages of convolutional neural networks (CNN) and Trans-
formers, enabling efficient information encoding and fusion to capture complex features
in crack images while maintaining a low computational overhead. This design makes
YOLOv11 suitable for resource-constrained devices such as embedded systems and drones,
meeting the demand for crack detection on edge devices.

The loss function of YOLOv11 consists of three main components: classification loss
(Lcls), bounding box regression loss (Lbox), and distribution focal loss (Ld f l). Lcls mainly

157



Appl. Sci. 2025, 15, 10326

optimizes the prediction of object categories, Lbox is used to optimize the prediction of
object locations, and Ld f l optimizes the confidence of the bounding boxes.

Through this multi-task loss function optimization strategy, YOLOv11 can effectively
balance accuracy and speed in crack detection tasks, particularly showing high accuracy
and robustness in detecting small cracks in complex backgrounds.

3. Experimental Analysis

In this section, the data collection process and experimental setup are introduced. A
series of experiments, including quantitative comparisons of image enhancement and crack
detection metrics, detection result images, and ablation studies, is used to validate the
effectiveness of the proposed E2UCN.

3.1. Data Collection and Experimental Setup

The underwater image dataset used in this study was collected from the physical
model pool at the Tangtu Experimental Base of the Nanjing Hydraulic Research Institute.
The test pool dimensions are 11.0 m× 5.9 m× 4.2 m (length × width × depth), with a depth
of 3.4 m below the ground surface and a surrounding wall height of 0.8 m, and the pool’s
sidewalls are reinforced with carbon-fiber fabric. The pool contains an underwater tunnel
and a dam test scenario with concrete of grade C30. The underwater tunnel dimensions are
6 m × 4 m × 3.3 m (length × width × height), with typical defects set inside. The tunnel
is 3.0 m wide and 2.08 m high, providing sufficient space for robotic operations, as shown
in Figure 3.

 

Figure 3. Schematic diagram of the construction layout of the test platform and the cracked wall.
Specially, R1–R6 represent six different types of cracks with varying orientations.

During the data collection process, the mini underwater P200 robot “Qianjiao” (Manu-
facturer: Qianxin Innovation Technology Co., Ltd.; City: Shenzhen; Country: China) was
used to capture underwater optical images. The original video data were processed into
eight typical images with a size of 256 × 256 pixels, simulating various lighting and visual
conditions, including normal light, low contrast, light scattering, and non-uniform lighting,
as shown in Figure 4a.

The dataset used for training YOLOv11 was the Roboflow crack dataset, which was
collected by researchers working on transportation and public safety. The dataset contains
4029 different static images of cracks divided into training, testing, and validation sets, each
with corresponding labels. For the CycleGAN training, 10 underwater crack images and
26 above-water crack images were collected, among which 8 typical underwater images
(with scattering, insufficient illumination, and blur) were selected for testing. In addition,
the dataset for validation contained 11 images, covering cracks with diverse widths, depths,
and orientations and several real underwater crack images. Although the number of self-
collected underwater images was limited, representative cases with scattering, blurring, and
color distortion were selected to ensure diversity in crack characteristics. The experiments
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were conducted on a high-performance personal computer equipped with an NVIDIA RTX
3080ti 12GB GPU and an AMD5800X CPU. All models were constructed and tested using
PyTorch version 1.10.0. During network training, the high-frequency filtering parameter
cuto f f was set to 10.

 

Figure 4. Image enhancement results, where (a) is the original image, (b) is the image generated
using the original CycleGAN model, (c) is the image generated after using SobelLoss, (d) is the
image obtained using high-frequency loss, and (e) is the image obtained using SobelLoss and high-
frequency loss.

3.2. Experimental Results and Analysis

To validate the effectiveness of the CGBUIE model, several ablation experiments
were designed [40–42]. First, the original CycleGAN was used for the style transfer of
underwater images. Then, Sobel operators and high-frequency loss were added, and
subjective evaluation of the resulting images compared to the designed CGBUIE model was
performed. The enhanced results from different models are shown in Figure 4. The images
were then input into the trained YOLOv11 model for detection. During the evaluation
process, precision, recall, mAP (mean average precision), F1-score, and other metrics were
recorded for each case to comprehensively evaluate the performance of YOLOv11 with
different input images. Visual comparisons were also made between the original and
enhanced images in terms of crack detection, analyzing the enhancement method’s effect
on detection accuracy and feature recognition. The specific methods and corresponding
experimental results are shown in the table below.

Table 1 shows the models used for target detection, where the checked boxes represent
the models used in this experiment, and the first row, with no checked boxes, represents
the use of the original underwater crack images. From the experimental results, it can
be seen that the image enhancement methods significantly affect the performance of
YOLOv11 in underwater crack detection. Firstly, Sobel operators primarily enhance the
edge information of the image, which helps YOLOv11 achieve better detection results in
crack edge localization. However, although Sobel operators improve edge clarity, they may
lose some texture and detail information when enhancing the edges, leading to relatively
poor performance in complex textured regions. Therefore, although the recall is very
high, the mAP50-95 shows a certain decline, reflecting the model’s performance in broader
detection areas, which may be affected, thus reducing overall detection performance.
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Table 1. Ablation experiment module design and evaluation metrics.

CycleGAN SobelLoss HFLoss
Detection Evaluation Indicators

Precision Recall F1-Score mAP50 mAP50-95

0.93 0.875 0.902 0.876 0.565√
0.994 1 0.930 0.982 0.624√ √
0.869 1 0.996 0.991 0.548√ √
0.993 1 0.997 0.993 0.72√ √ √
0.995 1 0.997 0.995 0.732

Secondly, high-frequency loss focuses on enhancing the details and high-frequency
information in the image, particularly the finer parts of cracks. Compared with Sobel
operators, the high-frequency loss image enhancement method is better at preserving the
fine texture information of cracks, thus improving detection precision and recall. However,
high-frequency enhanced images may also introduce some noise, particularly in more
complex backgrounds, leading to minor errors in the detection boxes. Nevertheless, the
improvements in the F1-score and mAP50 indicate that high-frequency loss has a significant
effect on detail restoration.

Overall, the goal of image enhancement is to improve detection performance by en-
hancing edge clarity and restoring details, and, when Sobel operators and high-frequency
loss are combined, their advantages complement each other toward achieving that goal. In
other words, Sobel operators effectively enhance edges but may lose details, while high-
frequency loss restores details but may introduce noise. Therefore, using both methods
together maximizes the retention of crack feature information in the enhanced underwater
images, effectively improving YOLOv11’s overall performance in crack detection, partic-
ularly for small cracks and complex backgrounds, with precision, recall, and F1-scores
reaching near-perfect levels.

The changes in the loss function and performance metrics during YOLOv11 training
are shown in Figure 5, with the ground truth illustrated in line (a). The detection results
after applying different enhancement models are shown in Figure 6.

Figure 5. Loss function curve and performance index variation curve after training YOLOv11 on the
Crack-Seg dataset.
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Figure 6. Target detection results, where (a) is the ground truth, (b) is the original image detection
results, (c) is the images generated by the original CycleGAN model detection results, (d) is the images
generated by SobelLoss detection results, (e) is the images generated by high-frequency loss detection
results, and (f) is the images generated by SobelLoss and high-frequency loss detection results.

It can be observed that YOLOv11 exhibits some deficiencies in the original images
(Figure 6b), particularly when the crack details are blurry or the background is complex. In
these cases, the detection confidence is generally lower, and crack localization accuracy is
affected. Specifically, the original image, due to its blurry details and low contrast, poses
challenges for YOLOv11 in accurately detecting cracks.

With the application of the original CycleGAN model for style transfer (Figure 6c),
the detection results of YOLOv11 showed significant improvement. CycleGAN enhanced
the overall image clarity, particularly improving the representation of edges and textures,
which effectively increased the model’s crack localization accuracy. The enhanced image’s
improved details and contrast allowed YOLOv11 to more accurately identify cracks, with
a significant increase in detection confidence, reflecting the positive impact of image
enhancement on detection results.

After further introducing SobelLoss (Figure 6d), YOLOv11’s crack detection perfor-
mance improved further. The Sobel operator enhanced the image’s edge details, signif-
icantly improving the clarity of the crack contours, and the model’s precision in crack
localization was improved. However, despite the positive effect of Sobel on edge enhance-
ment, its ability to preserve image texture information is relatively weak, which may lead
to the loss of details in small cracks, affecting detection accuracy. Some false positives
and missed detections were still observed, suggesting that, while edge enhancement is
beneficial, detail restoration remains a challenge for the model.

When high-frequency loss is applied for image enhancement (Figure 6e), focusing
on the high-frequency components of the image, the fine details and subtle features of
the cracks are more effectively restored, improving YOLOv11’s ability to recognize small
cracks. The enhanced image made crack detection more precise, and confidence increased,
particularly for low-contrast and complex backgrounds, where the model demonstrated
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stronger robustness. However, excessive high-frequency enhancement could introduce
background noise, causing instability in some areas of the detection results, highlighting
the sensitivity of the enhancement method to background interference.

Finally, the combination of SobelLoss and high-frequency loss (Figure 6f) demonstrated
the best crack detection performance. This combination not only strengthened the edge
details of the image but also effectively restored more texture information, making crack
localization more precise, and the image details richer. YOLOv11 performed at its best with
these enhanced images, with its overall detection precision and recall being significantly
improved. By integrating both edge enhancement and detail restoration, the model’s
adaptability to complex environments was significantly improved, and detection confidence
was generally higher, further validating the superiority of combining SobelLoss and high-
frequency loss for enhancing image detail restoration and model robustness.

In addition to YOLOv11, we conducted comparative experiments with YOLOv5 and
YOLOv8 to provide a broader reference for detection performance. As summarized in
Table 2 and Figure 7, all three models benefited from the proposed image enhancement
strategy. YOLOv5 achieved a precision of 0.91 and a recall of 1.0, resulting in an F1-score
of 0.953, with mAP@0.5 = 0.876 and mAP@0.5:0.95 = 0.752. YOLOv8 exhibited higher
overall precision and recall (1.0 and 0.995, respectively), yielding an F1-score of 0.997, and
the highest mAP@0.5 value of 0.995, although its performance at stricter IoU thresholds
(mAP@0.5:0.95 = 0.685) was comparatively lower. YOLOv11 attained balanced and robust
performance, with precision = 0.995, recall = 1.0, F1-score = 0.998, and mAP@0.5 = 0.995,
while maintaining a competitive mAP@0.5:0.95 of 0.732.

Table 2. Comparative experiments and corresponding evaluation metrics. The highest score of each
evaluation metric is highlighted in bold.

Model Name Detection Evaluation Indicators

Precision Recall F1-Score mAP50 mAP50-95

YOLOv5 0.91 1 0.953 0.876 0.752
YOLOv8 1 0.995 0.997 0.995 0.685
YOLOv11 0.995 1 0.998 0.995 0.732

Figure 7. Target detection results, where (a) is the ground truth, (b) is the YOLOv11 results, (c) is the
YOLOv5 results, and (d) is the YOLOv8 results.

These results show that, although YOLOv8 achieved the highest detection accuracy
under lenient IoU criteria, YOLOv11 demonstrated superior robustness in handling small
and irregular crack patterns, reflected in its higher F1-score and improved performance at
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more stringent IoU thresholds compared to YOLOv8. Therefore, YOLOv11 was selected as
the primary detection model in this study. More comprehensive comparisons with other
detectors, such as Faster R-CNN and Transformer-based architectures, will be explored in
future work to further validate the generality of the proposed approach.

4. Conclusions

This study combines the advantages of image style transfer, detail restoration, and
edge enhancement, fully leveraging the complementary effects of Sobel operators and
high-frequency filtering. A CycleGAN-based underwater image enhancement method (the
CGBUIE model) was proposed, which effectively improves the edge and detail information
of the generated images by introducing Sobel operators and high-frequency filtering as
loss functions. Specifically, by training on underwater crack images and above-water
crack images, the style transfer of underwater images to above-water image styles was
achieved, enhancing image visibility and detail expression while improving the robustness
of the crack detection model. On this basis, YOLOv11 was used to train the model on the
Crack-Seg dataset, constructing a detection model capable of effectively recognizing cracks.
The experimental results show that the enhanced underwater crack images significantly
improved YOLOv11’s detection performance, detection confidence, and accuracy with
complex backgrounds and in low-contrast conditions. Specifically, on a real underwater
validation set, E2UCN achieved precision = 0.995, F1 = 0.99762, mAP@0.5 = 0.995, and
mAP@0.5:0.95 = 0.736.

In summary, the primary contribution of this work lies in the integration of Sobel
operators and high-frequency Fourier constraints into the CycleGAN framework, which
ensures the preservation of critical crack-related details during the enhancement process.
Together with YOLOv11, this creates a powerful and reliable system for underwater crack
detection in challenging environments.

However, this study has certain limitations. The underwater dataset used is relatively
small, with only three real underwater images supplementing the dataset. This limited
dataset size restricts the diversity and robustness of the model, which may affect its
performance in more varied scenarios. Future research should focus on expanding this
dataset to increase its diversity and improve the model’s generalization capabilities.
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Abstract: In recent years, underwater image super-resolution (SR) reconstruction has
increasingly become a core focus of underwater machine vision. Light scattering and
refraction in underwater environments result in images with blurred details, low contrast,
color distortions, and multiple visual artifacts. Despite the promising results achieved by
deep learning in underwater SR tasks, global and frequency-domain information remain
poorly addressed. In this study, we introduce a novel underwater SR method based on
the Vision State-Space Model, dubbed MambaUSR. At its core, we design the Frequency
State-Space Module (FSSM), which integrates two complementary components: the Visual
State-Space Module (VSSM) and the Frequency-Assisted Enhancement Module (FAEM).
The VSSM models long-range dependencies to enhance global structural consistency and
contrast, while the FAEM employs Fast Fourier Transform combined with channel atten-
tion to extract high-frequency details, thereby improving the fidelity and naturalness of
reconstructed images. Comprehensive evaluations on benchmark datasets confirm that
MambaUSR delivers superior performance in underwater image reconstruction.

Keywords: underwaterimage super-resolution; MambaUSR; vision state-space model;
underwater image reconstruction

1. Introduction

Underwater images are frequently degraded by color distortion, low contrast, and
blurred details, primarily due to the complex optical phenomena of light refraction, ab-
sorption, and scattering in aquatic environments. These degradations lead to poor visual
quality, which can significantly compromise the performance of underwater robots in tasks
such as object recognition, route navigation, and environmental observation. To address
this issue, underwater image super-resolution (SR) reconstruction aims to generate an
underwater high-resolution (HR) image from its degraded underwater low-resolution (LR)
version. SR technology achieves better visual results by effectively recovering fine-grained
details and high-frequency components.

Recent advancements in deep learning have fostered a wide spectrum of SR method-
ologies, encompassing convolutional neural networks (CNNs) [1,2], Transformers [3,4],
State-Space Model (SSMs) [5,6], and Fast Fourier Transform (FFT) [7,8], all aimed at im-
proving the performance of underwater image SR. For instance, Islam et al. [9] introduced
a convolutional neural network named SRDRM tailored for underwater SR and further
extended it into SRDRM-GAN by incorporating a Markovian PatchGAN as the discrimi-
nator. To facilitate more effective training of these models, they also released a large-scale
dataset, called USR-248. Subsequently, Islam et al. [10] presented a deep simultaneous
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enhancement and super-resolution (Deep SESR) framework, an end-to-end framework that
simultaneously conducts enhancement and SR, evaluated on the UFO-120 dataset. AM-
PCNet [11] established interconnections between residual and dilated modules, enabling
effective merging of heterogeneous feature information. In a similar vein, MSIDN [12] was
proposed to balance underwater SR accuracy with deployment efficiency in real-world
applications. Yang et al. [13] developed a lightweight encoder-decoder architecture, termed
LAFFNet, which integrates multiple adaptive feature fusion modules to enhance underwa-
ter image quality. Sharma et al. [14] presented Deep WaveNet, a deep CNN designed with a
wavelength-guided multi-contextual architecture to address SR tasks effectively. Although
CNN-based approaches have achieved notable success in underwater image restoration,
their dependence on local receptive fields constrains the modeling of global context, mak-
ing them less effective in addressing complex illumination variations. In contrast, recent
studies have explored Transformer-based architectures, which exhibit strong potential
in underwater applications by capturing long-range dependencies through multi-head
self-attention. For example, Peng et al. [15] proposed a Transformer framework with a
U-shaped design, aimed at strengthening the model’s capacity to selectively emphasize
severely attenuated color channels and spatially degraded regions. UIR-Net [16] was a con-
cise yet efficient approach tailored to restore clear underwater images from inputs affected
by substantial particulate matter and marine light interference. URSCT [17] was developed
to perform joint enhancement and SR, demonstrating the superior capacity to model global
context in nonhomogeneous underwater media. Despite their strengths, Transformer-based
methods are challenged by the quadratic cost of self-attention as the number of patches
increases, significantly limiting their scalability for underwater tasks. Figure 1 presents a
local attribution map (LAM) [18] for different methods. The red regions in the CNN-based
SRDRM [9] exhibit limitations, while the Mamba-based approach achieves higher DI values.
This phenomenon is crucial for underwater SR tasks, as it requires both focus on critical
regions and broader global modeling capabilities.

Figure 1. Comparison of LAM for (a) SRDRM, (b) URSCT, and (c) our MambaUSR. Our MambaUSR
harvests the highest DI, maintaining local focus while modeling global dependencies.

SSM [19] has recently gained attention as a compelling alternative for capturing long-
range dependencies, offering both theoretical rigor and computational. Gu and Dao [20]
introduced Mamba, a foundational architecture that incorporates a selection mechanism
into SSM, enabling adaptive information retention or suppression based on token-wise
context along the sequence or scan path. Guan et al. [21] introduced WaterMamba, a
novel method built upon SSM with linear computational complexity. This approach ef-
fectively captures pixel-wise information propagation across four spatial directions and
channel-wise interactions, thereby overcoming limitations associated with pixel and chan-
nel dependency modeling. Liu et al. [22] introduced an SSM-based vision backbone
network called VMamba that converts image patches into sequential representations along
horizontal and vertical axes, enabling bidirectional scanning to capture structured spatial
dependencies in both directions. An innovative O-shaped dual-branch network, termed
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O-Mamba [23], was proposed to strengthen spatial—channel interaction and effectively
exploit multi-scale features for improved representation learning. Beyond spatial modeling,
frequency-domain information has recently gained attention for its ability to complement
spatial features and capture global structures more effectively. Yao et al. [24] shifted their
focus to the Fourier domain by integrating frequency-domain information with spatial
features for the enhancement of remote sensing low-light images. Wang et al. [25] de-
veloped a spatial—frequency mutual network for face SR, leveraging information from
both domains to improve reconstruction fidelity. A novel SR approach named multi-scale
FFT-based attention network (MSFFTAN) [26], introduced an FFT-based residual block
that integrates both image-domain and Fourier-domain branches, allowing concurrent
extraction of fine-grained details and global structural information.

The above analysis suggests that existing methods have achieved notable progress
in addressing SR problems. However, several key challenges remain to be explored. On
the one hand, with comparable parameter counts and computational complexity, Mamba-
based approaches generally achieve superior performance over the more sophisticated
CNN, Transformer, and hybrid models. On the other hand, the effective integration of
frequency-domain information with spatial features for underwater image SR remains an
open problem. Developing efficient models that can fully leverage this complementary
information across domains is, therefore, a critical direction for future research.

To alleviate the above disadvantages, we first try to apply Mamba to underwater SR
and propose a novel method, dubbed MambaUSR. Specifically, we present a Frequency
State-space Module (FSSM) that is composed mainly of a VSSM and a frequency-assisted
enhancement module (FAEM). VSSM can effectively enhance long-range dependency mod-
eling to enhance global contrast in underwater images. In FAEM, the FFT decomposes
the features into phase and amplitude components, while channel attention highlights
important information, thereby enhancing the high-frequency details of underwater im-
ages. Experimental results reveal that our MambaUSR attains comparable performance to
prevailing underwater SR methods with fewer computational resources.

In short, our main contribution is reflected in three aspects:

• We present the first application of SSM to underwater SR, showcasing the potential of
Mamba for efficient and effective global modeling in underwater image processing.

• We propose a frequency state-space module (FSSM) that explores long-term depen-
dencies to resolve detail blurring and low contrast in underwater images.

• We devise a frequency-assisted enhancement module (FAEM) that integrates FFT
with CA to efficiently extract high-frequency features, resulting in a more natural
reconstructed image.

The remainder of this paper is organized as follows. Section 2 reviews the related work
on underwater image SR and frequency-domain modeling. Section 3 details the proposed
MambaUSR framework and its core components. Section 4 presents the experimental
setup, ablation analyses, and quantitative as well as qualitative results. Section 5 concludes
the paper.

2. Related Work

2.1. Underwater Image SR

Deep learning has substantially improved underwater image SR by enabling the ex-
traction of rich and complex features from large-scale datasets. SRDRM [9] was a generative
model based on deep residual networks for underwater SR, capable of effectively recover-
ing the global contrast and texture of images. Building upon this, a residual-in-residual
generative architecture was introduced in Deep SESR [10] to boost perceptual quality,
focusing on the preservation of fine structural details and the enhancement of overall visual
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realism. In PAL [27], the authors incorporated a CNN with channel-wise attention that
guided the network to focus on the most salient areas. To address image degradation in
nonhomogeneous media, Wang et al. [28] presented a DIMN incorporating spatial-aware
attention blocks and multi-scale Transformer blocks to direct inductive bias, thereby better
adapting to spatially varying degradation patterns. Pramanick et al. [29] proposed Lit-
Net, a lightweight multi-stage network for multi-resolution image analysis. It employs a
multi-resolution attention network and a multi-scale attention network to capture varying
receptive fields and obtain rich feature representations. In addition to CNN-based models,
Transformer architectures have also been introduced to address underwater restoration
challenges. Dharejo et al. [30] employed the Swin Transformer, incorporating wavelet
blocks to mitigate information loss caused by irreversible downsampling. Ren et al. [17] in-
tegrated Swin Transformer with U-Net architecture to enhance global dependency capture
capabilities. More recently, Mamba-based models have demonstrated the ability to achieve
efficient global modeling with reduced computational complexity. In the realm of under-
water image enhancement, Guan et al. [21] put forward the WaterMamba algorithm, which
effectively models and leverages multi-scale image features through spatial—channel om-
nidirectional selective scanning blocks. Chang et al. [31] presented a mamba-enhanced
spectral-attentive wavelet network, which achieves complementary learning between the
spatial and frequency domains, thereby yielding superior image restoration results. The
potential of Mamba in underwater SR tasks has not yet been fully explored, to our knowl-
edge. Unlike WaterMamba, which focuses on underwater image enhancement without
explicit high-frequency reconstruction, and spectral-attentive wavelet networks, which
rely on Transformer-based spectral attention for spatial—frequency coupling, the proposed
MambaUSR integrates vision state-space modeling and frequency-assisted enhancement in
a unified, linear-complexity framework specifically tailored for underwater SR. Compared
to natural images, underwater images suffer from significant detail loss, reduced contrast,
and color distortion, posing greater challenges for deep learning models in achieving
high-quality reconstruction.

2.2. Fourier Transform

FFT serves as a global analysis technique that effectively captures long-term depen-
dencies by representing signals in the frequency domain [32]. With this in mind, numerous
computer vision tasks leverage FFT for frequency-domain modeling. Shao et al. [33]
replaced traditional self-attention in Vision Transformers with FFT-based operations, ef-
fectively capturing both high- and low-frequency components and achieving linear com-
putational complexity. Wang et al. [25] used FFT to implement an image-size receptive
field, thus better capturing global face structure. Huang et al. [34] put forth a deep ex-
posure correction model operating in the Fourier domain, where amplitude and phase
are independently learned via dedicated branches to recover brightness and structure in
low-quality images. Zhang et al. [35] utilized FFT to obtain frequency-domain information
and collaborated with spatial domain information, preserving underwater image details
and reducing noise. Inspired by these studies, we combine the global context capture
capability of the Mamba framework with the frequency-domain representation of FFT,
enabling complementary spatial—frequency information and improving the quality of
underwater image reconstruction.

3. Proposed Method

3.1. Overall Network Architecture

Our proposed MambaUSR involves three stages, as shown in Figure 2. Stage 1
performs a 3 × 3 to abstract initial features. Stage 2 is the core part of our MambaUSR,
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constituted by T FrequencyState-Space Groups (FSSG) for capturing high-level information
features. Each FSSG is composed of G Frequency State-Space Modules (FSSMs) followed
by a 3 × 3 convolution. Stage 3 assembles shallow and deep features to yield high-quality
SR outputs. Given a degraded input image ILR ∈ R

H×W×3, we can obtain an HR image
ISR ∈ R

rH×rW×3 after MambaUSR processing, where r denotes the scale factor.

F0 = Conv3×3(ILR) (1)

Ft = Ht
MIEM(Ft−1) = Ht

MIEM(Ht−1
MIEM(· · · H1

MIEM(F0))) (2)

ISR = HHU(FT) + HLU(ILR) (3)

Figure 2. Overall pipeline of our proposed MambaUSR that mainly consists of T FSSGs. (a) Fre-
quency State-Space Module (FSSM), (b) Vision State-Space Module (VSSM), (c) 2D Selective Scan
Module (SSM).

HHU(·) and HLU(·) correspond to the upsampling operations of the deep features
and the input LR image, respectively. Specifically, HHU(·) integrates a 3 × 3 convolutional
layer and sub-pixel convolutional layer, HLU(·) integrates a 5 × 5 convolutional layer and a
sub-pixel convolutional layer.

We optimize MambaUSR using L1 loss. Given a training dataset {ILR
n , IHR

n }N
n=1, where

IHR denotes ground truth images. The loss calculation formula is:

L(Θ) =
1
N

N

∑
n=1

‖ IHR
n − MambaUSR(ILR

n ) ‖1 (4)

where Θ refers to the trainable parameters of MambaUSR, and n is number of training
samples (e.g., N = 1060 for USR-248 dataset and N = 1500 for UFO-120 dataset).

3.2. Frequency State-Space Modules

To better mitigate the blurring of details and color bias effects of underwater light
conditions, we put forward a frequency state-space module (FSSM).

The modular design follows the literature [36] that is inspired by the Transformer archi-
tecture [37], as reported in Figure 2a. For the g-th FSSM, the input features Zg−1 ∈ R

H×W×C

are first normalized using Layer Normalization (LN), followed by long-range dependency
modeling through VSSM. Besides, a learnable parameter � is used to dynamically control
the information flow:

Z̄g = VSSM(LN(Zg−1)) + � · Zg−1 (5)
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where LN(·) represents the operation of layer normalization and VSSM(·) denotes the
Vision State-Space Module.

Furthermore, since SSM treats the flattened feature mapping as a one-dimensional
labeled sequence, the neighborhood pixels of the flattened strategy in the sequence are
easily lost [35]. To address this problem, another LayerNorm is employed, followed by
a 1 × 1 convolution layer to compensate for local features. Also, to boost the modeling
capability of the VSSM while attaining rich high-frequency cues, we have designed the
Frequency-Assisted Enhancement Module (FAEM), as detailed in Section 3.4. The above
process can be calculated as:

Zg = FAEM(Conv(LN(Z̄g))) + �′ · Z̄g (6)

where FAEM(·) denotes the operation of FAEM. �′ is a learnable parameter that adaptively
scales the residual contribution from Z̄g.

3.3. Vision State-Space Module

The Vision State-Space Module (VSSM) can catch long-range dependencies utilizing
a state-space equation, as illustrated in Figure 2b. The input features Żg ∈ R

H×W×C is
handled by two parallel paths [22]. In the first path, input feature channels are initially ex-
panded to λC by a linear layer, then processed by deep-wise convolution and the activation
function SiLU, and finally processed by utilizing the 2D Selective Scan Module (2D-SSM)
layer and LayerNorm. Simultaneously, the second pathway applies a linear layer and an
activation function to input features. The outputs of these two paths are fused utilizing
Hadamard product and then projected back to C channels using a linear layer, obtaining
the final output Z̈g ∈ R

H×W×C:

Ż′
g = LN(2D-SSM(SiLU(DWConv(Linear(Z′

g))))) (7)

Ż′′
g = SiLU(Linear(Ż′

g)) (8)

Z̈g = Linear(Ż′
g 
 Ż′′

g ) (9)

where DWConv(·) is depth-wise convolution. 
 is the Hadamard product. Figure 2c
reveals that the 2D-SSM module first transforms a 2D feature map into four sets of 1D
sequences by scanning along four directional axes. Each sequence is then processed,
leveraging discrete state-space equations to catch the global context. After this temporal
modeling, the outputs from all directions are integrated and rearranged to recreate the initial
2D spatial layout. In this way, 2D-SSM can effectively preserve image spatial information
and enhance feature acquisition processing.

3.4. Frequency-Assisted Enhancement Module

The complex optical properties of underwater environments often result in substantial
loss of detailed information in the captured images. Therefore, we put forth the Frequency-
assisted Enhancement Module (FAEM) that leverages FFT to effectively extract and enhance
the high-frequency cues, making the reconstructed image more natural, as depicted in
Figure 3b. Thanks to FFT, the amplitude and phase components capture the receptive
field of the image size. Remarkably, the phase component provides rich structural infor-
mation that can greatly help in target reconstruction. Unlike the frequency block (FRB
shown in Figure 3a) proposed in the literature [25], we advocate the use of channel atten-
tion (CA) [38] instead of convolutional operations to make the network more focused on
informative channels.
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Firstly, the input features Z̄′
g ∈ R

H×W×C are projected into frequency space utiliz-
ing FFT calculated as f re = FFT(Z̄′

g). Then, the amplitude and phase components are
obtained separately:

A = angle( f re), P = abs( f re) (10)

Subsequently, we exploit CA to strengthen informative feature representations and
mitigate the impact of noise in the frequency domain. Concretely, the missing structural
information in the underwater image can be effectively augmented by CA on the phase
branch, which is then mapped back into the image space along Ā with the original ampli-
tude components using IFFT. The amplitude component leverages CA to further highlight
important image intensity information, which is then mapped back into image space along
P̄ with the original phase component using IFFT. The enhanced amplitude branch can be
expressed as:

Ā = CA(A) + A{
real = Ā × cos(P)
imag = Ā × sin(P)

f reA = complex(real, imag)
FA = abs(IFFT( f reA))

(11)

where CA(·) is the operation of channel attention. Analogously, the enhanced phase branch
can be expressed as:

P̄ = CA(P) + P{
real = A × cos(P̄)
imag = A × sin(P̄)

f reP = complex(real, imag)
FP = abs(IFFT( f reP))

(12)

Finally, we integrate these two different frequency-domain features FA and FP with
a 1 × 1 convolutional layer, while incorporating a skip connection to boost the train-
ing efficiency.

Z̄′′
g = Conv(FA + FP) + Z̄′

g (13)

where IFFT(·) denotes inverse Fourier transform operation. The implementation of FAEM
is depicted in Algorithm 1.

Unlike FRB (shown in Figure 3a) that applies a uniform FFT-IFFT residual mapping,
FAEM performs content-adaptive spectral selection and fusion. After transforming features
to the frequency domain, two lightweight branches, respectively, emphasize information-
rich mid/high-frequency components and stabilize low-frequency structures. Channel
attention adaptively reweights spectral bands to suppress noise-dominated frequencies
caused by underwater scattering. The refined spectrum is then fused back into the spatial
stream via IFFT and residual connections. Compared to FRB, this selective enhancement
technique more effectively amplifies structural and textural details, yielding clearer, artifact-
free reconstructions.
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Algorithm 1: The implementation of Frequency-assisted Enhancement Module
(FAEM)

Input: Input Feature Matrix Z′
g ∈ R

H×W×C

Output: Resultant Matrix Z′′
g ∈ R

H×W×C

1. Fourier Projection: Transform the input feature Z′
s into the frequency domain using FFT:

f re = FFT(Z′
g);

Obtain amplitude and phase components:
A = angle( f re), P = abs( f re).

2. Amplitude Enhancement Branch:

• Apply CA to the amplitude feature to obtain Ā = CA(A) + A.
• Reconstruct the complex frequency representation:

real = Ā · cos(P), imag = Ā · sin(P).
• Combine the real and imaginary parts: f reA = complex(real, imag).
• Transform back to spatial domain: FA = abs(IFFT( f reA)).

3. Phase Enhancement Branch:

• Apply CA to the phase feature to obtain P̄ = CA(P) + P.
• Reconstruct frequency components:

real = A · cos(P̄), imag = A · sin(P̄).
• Combine real and imaginary parts: f reP = complex(real, imag).
• Transform back to spatial domain: FP = abs(IFFT( f reP)).

4. Fusion and Output: Apply a 1 × 1 convolution to fuse the outputs of the amplitude and
phase branches and merge it with the input feature via a residual connection:
Z′′

g = Conv1×1(F) + Z′
g.

(a) Architecture of FRB (b) Architecture of FAEM

Figure 3. Two variants of the FFT. (a) FRB proposed by [25]; (b) FAEM proposed in this paper.

4. Experiments

4.1. Dataset and Experimental Setup

Experiments on the benchmark datasets USR-248 [9] and UFO-120 [10] are carried out
to evaluate the performance of our MambaUSR. Specifically, USR-248 contains 1060 train-
ing pairs and 248 testing pairs. In this dataset, HR images are downscaled via bicubic
interpolation at ×2, ×4, and ×8, and are further degraded with 20% Gaussian noise to
produce the corresponding LR images. The UFO-120 dataset contains 1500 training pairs
and 120 testing pairs, with downsampling performed at scaling factors of ×2, ×3, and ×4. To
remain consistent with mainstream algorithms, we evaluate the proposed networks using
the Peak Signal-to-Noise Ratio (PSNR), Structural Similarity Index (SSIM), and Underwater
Image Quality Metric (UIQM). In this study, both FSSM and FSSG are set to 6 to acquire a
lightweight network.

The optimization is performed using the Adam optimizer, with the hyperparameters
set as follows: β1 = 0.9, β2 = 0.999, and ε = 10−8. The learning rate is initially set to le − 3,
reducing to half every 200 epochs. Each batch comprises 12 LR patches, each measuring
80 × 80, for the SR task. The hyperparameters mentioned above are selected empirically
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to strike a balance between convergence stability and computational efficiency. All exper-
iments are executed using PyTorch (https://pytorch.org/) on a system powered by an
NVIDIA RTX 4090 GPU. To ensure transparency and reproducibility of the experiments, all
results reported in this study represent the single optimal model. Results for all comparison
methods are sourced from the literature [14].

4.2. Ablation Study

An ablation study is executed on the USR-248 dataset, examining the performance
impact of each individual module within the proposed framework. We sequentially remove
FAEM and VSSM for retraining. Notably, to further highlight the advantages of FAEM,
we utilize the FRB (shown in Figure 3a) from the literature [25] for replacement, named
MambaUSR w FRB. Table 1 summarizes ablation study results for our MambaUSR.

Table 1. Ablation results of individual components on UFO-120 dataset with scale factor ×4.

Model PSNR (dB) SSIM UIQM

MambaUSR w FRB 24.93 0.6709 2.8179
MambaUSR w/o FAEM 25.02 0.6758 2.8208
MambaUSR w/o VSSM 24.91 0.6579 2.8107
MambaUSR 25.07 0.6853 2.8297

Effect of FAEM. When FAEM is replaced by FFT (MambaUSR w FRB), there is a slight
reduction in PSNR to 24.93 and SSIM to 0.6709, indicating that FAEM is more effective than
FFT in enhancing image quality and maintaining structural similarity. The UIQM score of
2.8179 in this variant also suggests a minor decrease in perceptual quality. In addition, when
FAEM is completely removed (MambaUSR w/o FAEM), the PSNR marginally decreases to
25.02, but there is a slight reduction in SSIM to 0.6758, further underscoring FAEM’s ad-
vantage in underwater SR tasks. This is because FAEM performs content-adaptive spectral
weighting, selectively enhancing useful high-frequency information, thereby significantly
improving perceived quality. Moreover, in Figure 4, we visualize the intermediate feature
maps of FRB and FAEM on the 6-th FSSM of the 6-th FSSG. Compared to MambaUSR w
FRB, MambaUSR supported by FAEM emphasizes richer detail and edges, particularly in
textures of the nudibranch and coral images, indicating that FAEM is better at capturing
local high-frequency details.

Figure 4. The feature visualization results are compared in MambaUSR with FRB and FAEM,
respectively.
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Effect of VSSM. The exclusion of VSSM (MambaUSR w/o VSSM) results in the
lowest SSIM score among all model variations (0.6579) and a reduction in PSNR to 24.91,
suggesting that VSSM is instrumental in retaining structural similarity and fine details.
The UIQM score of 2.8107 further confirms that VSSM can elevate perceptual quality,
highlighting its importance as a critical component for underwater SR. VSSM provides long-
range dependency modeling that enforces global contour continuity and repeated-pattern
alignment. SSIM is highly sensitive to such structural coherence within local windows;
when VSSM is removed, edges become locally inconsistent and textures fragment. In
contrast, PSNR is an average pixel error metric dominated by low-frequency content,
making it less affected by such misalignments and thus exhibiting smaller variations.

Overall, the ablation study demonstrates that both FAEM and VSSM are integral
to MambaUSR’s performance, with FAEM offering advantages over FFT in enhancing
structural and perceptual image quality, and VSSM being crucial for preserving structural
details and boosting perceptual metrics.

4.3. Comparison with Underwater SR
4.3.1. Comparison on USR-248 Dataset

Our method is evaluated relative to a set of advanced approaches on the USR-248
dataset to demonstrate its effectiveness. Quantitative results of the experiments are listed
in Table 2. A clear trend observed in the data is that as the scaling factor increases, the
PSNR and SSIM values tend to decrease across all methods, indicating a general decline
in performance as the resolution enhancement becomes more challenging. MambaUSR
consistently performs well across all scales, especially for PSNR and SSIM. At a scaling
factor of ×2, MambaUSR produces a PSNR of 29.75 dB and an SSIM of 0.52, which is among
the highest across the methods. Similarly, for ×4 and ×8 scales, MambaUSR demonstrates
strong performance, with a PSNR of 26.14 dB and 23.97 dB, respectively. In terms of
computational efficiency, MambaUSR stands out as having lower FLOPs compared to many
of the other high-performing models, such as ESRGAN and SRDRM, especially as the
scaling factor increases. The superior performance of Mamba, particularly in maintaining
a high PSNR and SSIM across all scaling factors, suggests that it is well-optimized for
handling complex SR tasks while keeping computational demands low.

Figure 5 showcases representative visual reconstruction results on the USR-248 dataset.
All models capture some detail at scale factor ×2, but differences in sharpness and texture
retention are noticeable. Models like SRGAN and SRDRM-GAN tend to produce artifacts,
especially visible in areas with complex patterns and textures, such as the scales of fish or
coral structures. In contrast, MambaUSR appears to retain finer details more effectively,
maintaining a closer resemblance to the HR reference images. As magnification increases
to ×4 and ×8, the challenge of preserving details becomes more evident. At these higher
magnifications, most models display significant blurring and loss of structure, with only
EDSRGAN, SRDRM-GAN, and MambaUSR demonstrating moderate resilience. Notably,
MambaUSR continues to show comparatively better detail retention and fewer distortions,
particularly in intricate textures such as fish patterns and coral spots.
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Table 2. Quantitative results on USR-248 dataset with scale factors ×2, ×4, and ×8. The best perfor-
mance is highlighted in bold. FLOPs are computed based on an HR image of size 640 × 480.

Scale Method FLOPs (G) Params (M) PSNR (dB) SSIM UIQM

SRCNN [39] 21.3 0.06 26.81 0.76 2.74
VDSR [40] 205.28 0.67 28.98 0.79 2.57

EDSRGAN [41] 273.34 1.38 27.12 0.77 2.67
SRGAN [42] 377.76 5.95 28.05 0.78 2.74

SRResNet [42] 222.37 1.59 25.98 0.72 –
×2 ESRGAN [43] 4274.68 16.7 26.66 0.75 2.7

SRDRM [9] 203.91 0.83 28.36 0.80 2.78
SRDRM-GAN [9] 289.38 11.31 28.55 0.81 2.77

PAL [27] 203.82 0.83 28.41 0.80 –
AMPCNet [11] – 1.15 29.54 0.80 2.77

Deep WaveNet [14] 21.47 0.28 29.09 0.80 2.73
MambaUSR (ours) 93.8 2.73 29.75 0.52 2.75

SRCNN [39] 21.3 0.06 23.38 0.67 2.38
VDSR [40] 205.28 0.67 25.7 0.68 2.44

EDSRGAN [41] 206.42 1.97 21.65 0.65 2.40
SRGAN [42] 529.86 5.95 24.76 0.69 2.42

SRResNet [42] 85.49 1.59 24.15 0.66 –
×4 ESRGAN [43] 1504.09 16.7 23.79 0.66 2.38

SRDRM [9] 291.73 1.9 24.64 0.68 2.46
SRDRM-GAN [9] 377.2 12.38 24.62 0.69 2.48

PAL [27] 303.42 1.92 24.89 0.69 –
AMPCNet [11] – 1.17 25.90 0.66 2.58

Deep WaveNet [14] 5.59 0.29 25.20 0.68 2.54
MambaUSR (ours) 23.9 2.75 26.14 0.66 2.53

SRCNN [39] 21.3 0.06 19.97 0.57 2.01
VDSR [40] 205.28 0.67 23.58 0.63 2.17

EDSRGAN [41] 189.69 2.56 19.87 0.58 2.12
SRGAN [42] 567.88 5.95 20.14 0.60 2.10

SRResNet [42] 51.28 1.59 19.26 0.55 –
×8 ESRGAN [41] 811.44 16.7 19.75 0.58 2.05

SRDRM [9] 313.68 2.97 21.20 0.60 2.18
SRDRM-GAN [9] 399.15 13.45 20.25 0.61 2.17

PAL [27] 325.51 2.99 22.51 0.63 –
AMPCNet [11] – 1.25 23.83 0.62 2.25

Deep WaveNet [14] 1.62 0.34 23.25 0.62 2.21
MambaUSR (ours) 6.43 2.84 23.97 0.55 2.20

Figure 5. Visual comparison of our proposed MambaUSR against popular works on USR-248 dataset.
It can be found that MambaUSR produces sharper textures and more natural colors, effectively
suppressing artifacts in dense patterns.
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4.3.2. Comparison on the UFO-120 Dataset

To demonstrate the efficacy of MambaUSR further, we conduct comparative experi-
ments on the UFO-120 dataset against several representative and widely used models, as
listed in Table 3. In terms of PSNR, MambaUSR demonstrates competitive performance
across all scaling factors. Notably, at the ×2 scale, it achieves a PSNR of 25.76 dB, out-
performing all compared methods except SRGAN (26.11 dB). For larger scale factors (×3
and ×4), MambaUSR remains consistent, outperforming most methods, particularly at ×3,
where it records a PSNR of 26.15 dB, higher than SRCNN, SRDRM, and SRDRM-GAN. For
SSIM, Mamba maintains a strong performance across all scaling factors, matching Deep
WaveNet at ×2 (0.74) and outperforming all methods except URSCT at ×3. For UIQM,
Mamba’s performance is also notable, especially at ×2 and ×3, where it achieves high
scores (2.93 and 2.97), closely trailing Deep WaveNet and AMPCNet. However, at scale
factor ×4, its UIQM slightly decreases to 2.84. The trends observed in the data suggest
that MambaUSR provides a balanced performance across all three metrics, particularly
excelling in the intermediate scale factor (×3) with consistent PSNR and SSIM values. While
other methods like SRGAN and Deep WaveNet achieve higher scores in specific metrics or
scaling factors, Mamba offers a reliable and well-rounded performance overall, making it a
robust choice for image enhancement tasks.

Figure 6 provides some of the visual reconstruction results on the UFO-120 dataset.
An evident reduction in detail preservation is observed across models as the scaling factor
increases from ×2 to ×4. MambaUSR consistently performs best, retaining finer details and
natural textures that closely resemble the high-resolution reference images, while other
models show blurring and artifacts, especially in complex textures.

Table 3. Quantitative results on UFO-120 dataset with scale factors ×2, ×3, and ×4.

Method PSNR (dB) SSIM UIQM
×2 ×3 ×4 ×2 ×3 ×4 ×2 ×3 ×4

SRCNN [41] 24.75 22.22 19.05 0.72 0.65 0.56 2.39 2.24 2.02
SRGAN [42] 26.11 23.87 21.08 0.75 0.70 0.58 2.44 2.39 2.56
SRDRM [9] 24.62 – 23.15 0.72 – 0.67 2.59 – 2.57
SRDRM-GAN [9] 24.61 – 23.26 0.72 – 0.67 2.59 – 2.55
Deep WaveNet [14] 25.71 25.23 25.08 0.77 0.76 0.74 2.99 2.96 2.97
AMPCNet [11] 25.24 25.73 24.70 0.71 0.70 0.70 2.93 2.85 2.88
URSCT [17] 25.96 – 23.59 0.80 – 0.66 – – –
MambaUSR (ours) 25.76 26.15 25.11 0.74 0.74 0.69 2.93 2.97 2.84

4.3.3. Application in XLD Hydraulic Project

We apply the proposed MambaUSR to the XLD hydraulic project, further verifying its
robustness and generalizability. Different underwater scenes are selected to demonstrate
MambaUSR’s fidelity in preserving detailed textures. Figure 7 illustrates the method’s
effectiveness, depicting scenes at varying heights: the first column shows a height of
98.7 m, the second 95.9 m, the third 87.7 m, and the fourth 83.1 m. To quantitatively
assess performance in these real-world scenarios, we computed UIQM and UCIQE for
each reconstructed image. MambaUSR achieves an average UIQM of 0.98 and UCIQE of
0.55 across all depths, indicating consistent enhancement in both perceptual quality and
color balance. Even under severe degradation at a scaling factor of ×8, the model maintains
stable UIQM and UCIQE values, confirming its robustness in preserving fine structural and
chromatic information. In summary, the application of MambaUSR to the XLD hydraulic
project demonstrates its strong adaptability and reliability in real underwater environments.
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Figure 6. Visual comparison between our MambaUSR and popular networks on the UFO-120 dataset.
MambaUSR reconstructs sharper edges and more natural textures than competing models.

Figure 7. Application of MambaUSR in the XLD Hydraulic Project under real underwater conditions.
The numerical values indicate UIQM/UCIQE scores, where higher values denote better visual quality
and color fidelity.
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4.4. Model Efficiency

To further demonstrate the computational efficiency of our MambaUSR, Table 4 pro-
vides the calculation results based on the RTX3060 on the USR-248 data. Compared to
mainstream underwater SR methods, MambaUSR attains higher PSNR values while re-
quiring only 6.43G FLOPS of computational effort. In terms of efficiency, MambaUSR
achieves 27.34 fps, comparable to SRResNet (29.26 fps) and DeepWaveNet (28.46 fps), while
outperforming most GAN-based methods. These findings demonstrate that MambaUSR
successfully balances accuracy with computational cost, delivering exceptional reconstruc-
tion quality without resorting to the excessive complexity of traditional deep networks or
GAN architectures.

Table 4. Computational efficiency of advanced methods on USR-248 dataset with scale factor ×8.

Method FLOPs (G) Params (M) PSNR (dB) SSIM Average (s)
Efficiency

(fps)

SRCNN 21.30 0.06 19.97 0.57 0.08496 11.77
VDSR 205.28 0.67 23.58 0.63 0.08852 11.30

EDSRGAN 189.69 2.56 19.87 0.58 0.04632 21.59
SRGAN 567.88 5.95 20.14 0.6 0.09454 10.58

SRResNet 51.28 1.59 19.26 0.55 0.03418 29.26
ESRGAN 811.44 16.7 19.75 0.58 0.09310 10.74
SRDRM 313.68 2.97 21.2 0.6 0.08940 11.19

SRDRM-GAN 399.15 13.45 20.25 0.61 0.09063 11.03
PAL 325.51 2.99 22.51 0.63 0.08068 12.39

AMPCNet - 1.25 23.83 0.62 0.03815 26.21
Deep

WaveNet 1.62 0.34 23.25 0.62 0.03514 28.46

MambaUSR
(ours) 6.43 2.84 23.97 0.55 0.03657 27.34

5. Conclusions

In this work, we propose MambaUSR, a novel state-space model tailored for under-
water SR, which effectively addresses blurred details, color distortion, and low contrast
in underwater scenes. The proposed Frequency State-Space Module (FSSM) serves as the
core of MambaUSR, where the Visual State-Space Module (VSSM) enables efficient global
dependency modeling and the Frequency-Assisted Enhancement Module (FAEM) captures
critical high-frequency information through FFT and channel attention. Experimental
results reveal that MambaUSR significantly boosts reconstruction quality on the two bench-
mark datasets. On USR-248, it achieves the best PSNR performance with an improvement
of at least 0.15 dB. On UFO-120, at the ×3 scale, its PSNR and UIQM improve by 0.42 dB
and 0.12 dB, respectively. These results confirm the model’s strong competitiveness and
effectiveness compared with existing methods. In future work, we will explore incorpo-
rating depth and polarization priors to better handle complex underwater conditions and
develop lightweight versions of Mamba-based methods for real-time applications.
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