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Abstract

Post-earthquake bridge crack detection is a critical step in assessing structural safety. Tra-
ditional manual detection of bridge cracks is time-consuming, labor-intensive, and poses
significant risks. This paper focuses on the automatic identification of structural cracks by
analyzing their morphology, orientation, and distribution characteristics, and preliminarily
distinguishes them from non-structural damages such as surface stains and coating peel-
ing. Therefore, this paper proposes a bridge crack recognition algorithm based on image
processing. First, the input crack image undergoes preprocessing to obtain a binary image,
reducing measurement errors caused by environmental factors or uneven illumination,
using an improved Retinex algorithm to enhance image brightness. Second, an improved
wavelet transform method is employed to remove large-area noise. Then, connected com-
ponent analysis is used to filter out point-like and patch-like noise, resulting in a complete
and clear crack skeleton. Finally, the crack length, width, and other characteristic values are
obtained using an image pixel coordinate calculation method, achieving non-contact, non-
destructive measurement of concrete surface crack characteristics. The algorithm is based
on two-dimensional image processing and does not directly measure crack depth, but the
extracted parameters such as length, width, and area ratio provide important surface-based
evidence for rapid post-earthquake bridge structural safety assessment. Multiple exper-
imental results show that the proposed algorithm has a maximum width measurement
relative error of less than 2.3%, a length measurement relative error within 8%, and an
average peak signal-to-noise ratio (PSNR) of the denoised image increased to 74.73 dB. This
algorithm provides an effective automated detection tool for rapid post-earthquake bridge
safety assessment.

Keywords: bridge crack; image processing; Retinex algorithm; wavelet transform

1. Introduction

Earthquakes pose a significant threat to the integrity of transportation networks,
with bridges being among the most vulnerable components. Seismic events can cause
various types of damage to bridge structures, ranging from early-stage surface cracks
to catastrophic collapse. Surface cracks in critical structural components (such as piers,
girders, and decks) are often the earliest and most common visible indicators of earthquake
damage [1,2]. Therefore, their timely detection and precise quantification are crucial for
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post-earthquake safety assessment, rapid decision-making regarding bridge usability, and
prioritizing repairs. Efficient and accurate monitoring technology is a core requirement
for ensuring the smooth operation of post-earthquake transportation lifelines and pub-
lic safety [3]. This study focuses on the automated identification and quantification of
surface cracks on key components such as bridge decks and girders, which constitutes a
vital part of post-earthquake early damage assessment. It specifically targets the critical
task of achieving automatic crack detection and measurement through image processing
techniques, aiming to address the urgent need for efficient, non-contact inspection methods
in post-earthquake scenarios.

Traditional post-earthquake bridge inspection primarily relies on manual visual assess-
ment and fixed sensor networks. These conventional methods have several well-recognized
limitations. Firstly, they are time-consuming and inefficient. Manual inspections often
require lane or entire bridge closures, and a detailed assessment can take several days. This
inefficiency severely hampers post-disaster emergency response, particularly during the
critical “golden 72-h” rescue window. For instance, following the 2023 twin earthquakes
in Turkey, severe damage to transportation infrastructure, including bridges, caused sig-
nificant delays in humanitarian aid delivery, exacerbating the crisis [4]. Secondly, manual
inspection poses substantial safety risks to personnel. Inspectors often have to work in
hazardous environments characterized by structural instability, potential aftershocks, and
limited access. The tragic incident during Japan’s 2016 Kumamoto earthquake, where a
damaged bridge collapsed again resulting in the death of an inspector [5], highlights this
serious issue. Even more critically, a large number of post-earthquake bridges are often in a
“critical damage” state, as illustrated in Figure 1. Taking the severely damaged Xiaoyudong
Bridge in Pengzhou, Sichuan, during the 2008 Wenchuan earthquake in China as an exam-
ple, its piers were tilted and girders displaced, with the structure on the verge of failure yet
not completely collapsed. Rapid and safe condition assessment of such “on-the-brink-of-
collapse” bridges is crucial for deciding whether emergency passage is possible, whether
immediate reinforcement or closure is necessary, and represents the highest-risk and most
challenging decision-making aspect of traditional inspection methods. Finally, traditional
methods are highly subjective and lack comprehensive coverage. Manual judgments are
easily influenced by experience, and it is difficult to thoroughly inspect concealed areas
such as bridge undersides and supports, often leading to missed or misjudged damage.

In recent years, the deep integration of drone technology and advanced image pro-
cessing algorithms has been successfully applied to numerous infrastructure condition
assessment tasks, such as the rapid identification of post-earthquake building collapses
based on satellite imagery [6] and the automated detection of critical defects like steel
bridge corrosion [7]. This fully demonstrates its broad potential in enhancing infrastructure
resilience and operational efficiency. Within this extensive application context, research
on bridge crack detection based on drone imagery and image analysis technology is par-
ticularly critical and active. Cracks are the most common early form of damage in bridge
structures, so their accurate identification and quantification serve as the first line of defense
in preventing catastrophic failures and ensuring the safety of transportation lifelines.

Currently, relevant detection methods can be primarily categorized into two types:
classical methods based on traditional image processing, and intelligent methods based on
deep learning. Classical image processing methods form the foundation of this study. Their
workflow typically includes preprocessing, enhancement, segmentation, and morphologi-
cal operations to extract crack features. For example, Qian et al. [8] proposed a real-time
threshold segmentation algorithm for crack images but faced challenges in handling the
spatial distribution characteristics of cracks. Yu et al. [9] developed a lightweight dense
network optimized for model terminals, aiming for efficient operation on portable devices.
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These methods often require careful parameter tuning and may struggle with complex,
noisy backgrounds common after disasters. On the other hand, deep learning, particu-
larly convolutional neural networks, has achieved significant success in automatic feature
learning and crack detection. Xu et al. [10] proposed a concrete structure crack instance
segmentation detection method based on the YOLOv8-seg model, integrating enhancement
modules to strengthen feature extraction and incorporating lightweight techniques. This
improved computational efficiency by nearly 50% and achieved crack size measurement
accuracy exceeding 90%. Xiao et al. [11] proposed an image ROI extraction method based
on 3D-to-2D projection combined with a deep learning convolutional neural network, sig-
nificantly improving crack detection accuracy. Similarly, deep learning methods have been
effectively applied to detect cracks in other civil infrastructure, such as using Faster R-CNN
for concrete roads [12] and historical masonry structures [13]. However, the limitations of
deep learning methods are also evident: first, their training heavily relies on large-scale
annotated datasets that are difficult and costly to obtain; second, models face cross-domain
generalization issues when dealing with different bridges, lighting conditions, or new
crack patterns; finally, their detection sensitivity for subtle or blurred cracks is insufficient,
leading to missed detections. The post-earthquake field environment poses severe chal-
lenges for image detection. Acquired images are often severely degraded due to uneven
illumination, sensor and environmental noise, low contrast, and complex backgrounds,
greatly affecting the reliability of existing detection methods. Therefore, developing robust
image preprocessing and enhancement techniques is key to achieving accurate, automatic
crack detection in such contexts.

Figure 1. Severely damaged Xiaoyudong Bridge after the 2008 Wenchuan earthquake. (An example
of a “critically damaged” state on the verge of collapse).
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In response to the aforementioned challenges, this paper proposes a novel and robust
image processing algorithm for post-earthquake bridge crack detection. The core contri-
butions of this work are as follows: First, an improved multi-scale Retinex illumination
enhancement algorithm is proposed to more effectively balance illumination, enhance
contrast, and preserve edges. Second, a hybrid denoising strategy combining wavelet
thresholding and connected component analysis is designed, aiming to suppress diverse
noise while preserving crack details. Third, a complete automated quantification frame-
work from images to geometric parameters is constructed, capable of accurately extracting
key engineering parameters such as crack length and width. The proposed algorithm was
validated on a public bridge crack dataset (DeepCrack). Experimental results show that
the algorithm can achieve high recognition and measurement accuracy even in images
simulating complex environments (e.g., noise, uneven illumination), preliminarily demon-
strating its feasibility as a potential automated solution for rapid and safe screening of
post-earthquake bridge damage. This provides reference value for improving the efficiency
and safety of post-disaster infrastructure assessment.

2. Overall Scheme and Algorithm Framework
2.1. Analysis of Noise Characteristics in Post-Earthquake Crack Images

The sources and characteristics of noise in post-earthquake bridge images are complex
and unique. Accurate analysis forms the foundation for subsequent algorithm design. This
study systematically analyzes noise in post-earthquake crack images by integrating noise
characteristic analysis and frequency-domain filtering methods for bridge crack images,
examining four dimensions: source, frequency-domain characteristics, spatial-domain
manifestation, and impact on detection. The specific classification and characteristics are
presented in Table 1 [14,15].

Table 1. Classification and Characteristics of Noise in Post-Earthquake Crack Images.

Frequency Domain Spatial Domain

Noise Type Characteristics Manifestation Main Effects
. Sensors, . .
Gaussian o Uniform distribution Random grayscale Reduces local contrast,
. transmission .
Noise across full band fluctuations blurs edges
process
Salt-and- Pixel damage, High-frequency Random black-and-white Destroys connectivity,
. h . . . . easily mistaken for
Pepper Noise  dust occlusion discrete spikes scattered point mutations
branches or breaks
Structural Surface Low./mld-frequency Large-area continuous Easﬂy mlstalfen fpr cracks,
. . continuous spectral : interferes with fine crack
Noise texture, stains patches, uniform grayscale . e
peaks identification
Nlumination Shadows, Low-frequency . . Masks crack features,
. . Brightness gradient changes :
Noise reflections broad flat spectrum causes grayscale confusion

To visually demonstrate noise interference and provide a typical sample for algorithm
validation, this paper selects the bridge crack image numbered 11,170 from the DeepCrack
sequence as the original image. We artificially simulate the post-earthquake degradation
process by sequentially superimposing four types of noise to construct a mixed-noise
experimental sample, as shown in Figure 2.
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Figure 2. Mixed noise experimental sample.

These four types of noise are specifically: Gaussian white noise with a mean of 0
and a standard deviation of 25, used to simulate sensor and transmission interference;
salt-and-pepper noise with a density of 3%, simulating pixel damage or dust adhesion;
a low-frequency sinusoidal texture with an amplitude of 30 and a period of 50 pixels,
simulating structural noise such as concrete surface stains or coating peeling; and a mask
linearly decreasing brightness by 40% from the top-left to the bottom-right, used to simulate
non-uniform illumination or shadow effects. To comprehensively verify the robustness of
the proposed algorithm under complex post-earthquake environments, this study selects
the mixed-noise image as the processing object. By processing this most challenging input,
the algorithm’s module collaboration capabilities can be effectively evaluated, and its
applicability in real harsh environments can be demonstrated.

2.2. Overall Algorithm Flow

The post-earthquake bridge crack recognition algorithm proposed in this paper adopts
a hierarchical and modular processing flow, aiming to achieve robust processing and precise
quantification of crack images in complex environments. The hierarchical processing flow
proposed in this study is illustrated in Figure 3.

Multi-Level Denoising
Fealure Extraction & Quantification

1. Wavelet -
1. Skeleton Optimization

Decomposition

Illumination Enhancement & Endpoint Detection
1. Double Gamma
Preprocessing
2. Improved Threshold
< 5 2. Crack Length
isect ) Calculation
2. Side-Window Filtering Output Crack
— — — A End
for Glare Estimation Geometric Parameters.

3. Wavelet
Reconstruction

3. Maximum Width
Calculation

3. Soft Sign Function
Reflection Calculation

4. Dynamic Thresholding D

Connected Component
Analysis

Calculation

Figure 3. Overall flow of the proposed algorithm.
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The overall algorithm flow is divided into the following four core stages, which
sequentially form a complete processing loop:

(1) Image Enhancement and Illumination Correction. Input the original grayscale image,
and employ an improved Retinex algorithm based on side-window filtering for
illumination equalization and contrast enhancement, outputting an enhanced image
with uniform illumination and clear details.

(2) Multi-level Noise Filtering. To address the diverse noise in the enhanced image,
an improved wavelet thresholding algorithm combined with dynamic threshold
connected component analysis is used to filter out large-area structural noise and
scattered noise, outputting a clear binary skeleton image of the cracks.

(38) Crack Feature Extraction and Skeleton Optimization. Morphological thinning
and branch pruning are performed on the binary image to extract and opti-
mize a single-pixel-wide crack skeleton, ensuring it accurately reflects the crack’s
topological structure.

(4) Precise Quantification of Geometric Parameters. Based on the optimized skeleton and
edge information, key engineering parameters such as crack length, maximum width,
and area ratio are calculated, achieving automated measurement.

This flow, from raw image input to engineering parameter output, constitutes a com-
plete non-contact automated detection solution, providing efficient and accurate technical
support for post-earthquake bridge safety assessment.

2.3. Experimental Setup and Evaluation Metrics

To objectively evaluate the performance of each preprocessing module, the experi-
ments in this chapter are conducted on a PC platform equipped with an 11th Gen Intel®
Core™i7-1165G7 @2.80GHz processor and 2 GB of RAM, using MATLAB R2025a as the
simulation tool. The experimental images are sourced from the DeepCrack training subset
(https://github.com/yhlleo/DeepCrack (accessed on 17 January 2026)). All algorithm
parameters are optimized and determined on an independent training subset. The evalua-
tion metrics are divided into two major categories, with their definitions, formulas, and
functions as shown in Table 2 [16]:

Table 2. Evaluation Metrics.

Metric Formula/Description Purpose
2 Measures pixel-level fidelity Measures image
PSNR PSRN =10 loglo(%) I:;:idelity after proz:,essing ®
SSIM range [0, 1] Evaluates visual similarity
Precision (P) P=TP/(TP + FP) Accuracy of detection
Recall ® R=TP/(TP+FN) Completeness of detection
F1-Score F1 = 2xPxR Opverall detection performance
IoU IoU =TP/(TP+ +FP +FN) Region overlap accuracy
Dice Dice = szi% Segmentation overlap (same as F1)
Acc A =(TP+TN)/(TP+ TN + FP+ FN) Overall classification accuracy
MCC MCC = TPXTN_FPXFN Robust metric for imbalanced data

Information Entropy

\/(TP+FP)(TP+FN)(TN+FP)(TN+EN)

L-1 Quantify the information content and detail
E=— ‘Zo pilog, (pi) richness of images.
=

Table note: TP, FP, TN, and FN represent the number of true positive, false positive, true negative, and false
negative pixels, respectively.
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(a) Original Image

3. Crack Image Enhancement Algorithm Based on Side-Window
Filtering Retinex

Post-earthquake bridge crack images often suffer from issues such as insufficient
brightness, low contrast, and severe noise due to environmental factors like equipment
vibration and uneven illumination, which directly affect the accuracy of subsequent fea-
ture extraction and parameter calculation. Traditional enhancement methods struggle to
effectively retain crack edges while enhancing brightness, and are prone to introducing
halos or amplifying noise [17,18]. To address this, this paper proposes an image enhance-
ment algorithm that fuses dual gamma preprocessing with a side-window filter Retinex.
The algorithm first adaptively enhances contrast through a dual gamma function, then
employs side-window filtering instead of traditional Gaussian filtering for illumination
estimation, and introduces a Softsign function to replace logarithmic operations. This
effectively suppresses edge blurring and noise amplification while enhancing the contrast
between cracks and the background and balancing illumination, providing a high-quality
image foundation for subsequent processing.

3.1. Adaptive Gamma Enhancement

To address the common issues of insufficient local contrast and compressed dynamic
range in crack images, a dual-gamma function is employed for adaptive correction. This
function utilizes two complementary gamma transformations to process regions of different
brightness levels separately, enhancing the image’s contrast and suppressing noise to
facilitate subsequent detail extraction. Let the input image’s grayscale value be denoted
as I(x,y) € [0,255], and its normalized value as h(x,y) = I(x,y)/255. The dual-gamma
function is defined as shown in Equation (1):

$(x,y) = aGa(x,y) + (1 = 2)Gy(x,y) ey

« is the weight coefficient (taken as « = 0.5 in this paper), G, and Gy, are respectively:
Ga(x,y) = h(x,y)" @

Gy(x,y) =1—(1—=h(x,y))" ®3)

In the formula, 7 is the gamma correction parameter. G, primarily acts on dark regions,
stretching the grayscale distribution through power-law transformation to reveal details in
dark areas such as cracks; Gy acts on bright regions, preventing information loss caused
by excessively bright backgrounds. The weighted fusion of the two achieves adaptive
equilibrium of global illumination, effectively enhancing the visual usability of the image.
The test results are shown in Figure 4, where o = 0.5 represents the dual-gamma weight
and y = 0.4 is the gamma value.

(b) Gamma Correction Brightening(c) Gamma Correction Darkening (d) Dual-Gamma Enhancement

Figure 4. Dual-Gamma Correction Diagram.
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3.2. Improved Retinex Algorithm Based on Side Window Filtering

Retinex theory posits that an image I(x,y) can be decomposed into the product of
an illumination component L(x,y) and a reflectance component R(x,y), i.e,, I = L-R.
The goal of enhancement is to estimate and remove the effects of uneven illumination,
thereby recovering a clear reflectance image (i.e., the intrinsic properties of objects). The
traditional single-scale Retinex algorithm estimates illumination in the logarithmic domain
using Gaussian filtering, with the formula as follows:

LogR(x,y) = LogS(x,y) — Log(S(x,y)) x G(x,y) (4)

where, * is the convolution symbol, and the formula for G(x, y) is shown in Equation (5):

G(x,y)

= 5z P52 ®)
The Multi-Scale Retinex (MSR) algorithm combines illumination compensation at
multiple different scales, making the results more robust. The formula is shown in (6):

N
LogRu(x,y) = ) wnLogRs(x,y) (6)
k=1

In the formula, w; represents the weight for each scale, and N denotes the number
of scales. Typically, N is set to 3. Based on empirical experience and guidance from liter-
ature [19], the weights w; are set to [0.3, 0.4, 0.3], corresponding to small, medium, and
large-scale Gaussian kernels, respectively. This configuration aims to achieve a balanced es-
timation of the illumination component between local details and global uniformity. Rs(x,y)
and Ry, (x,y) represent the single-scale reflectance and multi-scale reflectance, respectively.

However, the global smoothing nature of Gaussian filtering tends to cause edge
blurring and loss of critical structural information when processing images rich in edges
and details, such as cracks. To address this issue, this paper proposes the use of Side
Window Filtering (SWF) as a replacement for Gaussian filtering in illumination estimation.
The core idea of side window filtering is to position the pixel being processed at the edge or
corner of the filtering window, rather than at its center. By designing asymmetric windows
in eight directions (up, down, left, right, northeast, northwest, southeast, southwest),
the filtering output under each window is computed, and the output with the smallest
Euclidean distance to the original pixel value is selected as the final result. This mechanism
maximizes the avoidance of filtering operations crossing edges, thereby perfectly preserving
the sharpness of crack edges while smoothing illumination.

The mathematical expression of side window filtering is as follows. For pixel point
(i,7), the output Oy, of its K-th window is:

Ouw, = ) F(i,j)*I(j) )

(i,j)eWk

Among them, I(i, j) represents the input image, and F(i, j) denotes the filter kernel
function (in this paper, the Gaussian kernel form is still adopted, but constrained by the
window). The final estimated illumination value Lgyr(i, j) is:

Lswe (i, j) = argmin||Ow, — (i, /)], ®
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Substitute Lgyr (7, j) into the Retinex framework, and Formula (6) is improved to:

3
Tswe = ), wj(LogS(x,y) — LogS(x,y) * Iswr(x,y))) ©)
j=1

Iswr is the side-window filtering of the pixel, Tsyr is the reflectance image obtained
after side-window filtering to estimate the illumination.

To avoid numerical instability and excessive sensitivity to low grayscale values, the
soft sign function Softsign(x) = x/(1 + |x|) is used to replace the logarithmic function in
Formula (7), yielding the improved reflection component calculation formula:

T+ 15Co )~ T4 15(x,y)#l Iswr(x, ) (10)

3 S(x, S(x,y)*1 X,
T:;%( (x,y) (x,y) * Iswr(x,y)
Further processing was performed on the image after handling with the digamma
function, with the main parameters set as follows: the side-window filtering kernel size is
15 x 15, and the Gaussian kernel standard deviation is ¢ = 20. To demonstrate the superi-
ority of the algorithm proposed in this paper, comparative experiments were conducted
with several variant Retinex algorithms. The results are shown in Figure 5.

Comparison of Retinex Algorithm Processing Results

Original Image SSR
™,
- e
MSRCR AMSR Our paper

Figure 5. Visual comparison of image enhancement results using different Retinex algorithms.

Figure 5 shows the processing results of five Retinex image enhancement algorithms,
allowing for an intuitive comparison of their performance differences. The first row,
from left to right, displays the original image, the SSR algorithm result, and the MSR
algorithm result. The second row shows the MSRCR algorithm result, the adaptive MSR (A)
algorithm result, and the result of the improved algorithm proposed in this paper. Visually,
the proposed algorithm in this paper outperforms other traditional methods in terms of
image detail preservation, illumination uniformity, and naturalness, especially excelling in
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the recovery of dark area details and overall visual comfort, preliminarily validating the
effectiveness of the proposed improvement strategy.

To further objectively evaluate algorithm performance, Figure 6 presents the specific
numerical values of each algorithm on five key quantitative metrics. The data shows
that the algorithm proposed in this paper achieves the highest values in PSNR (13.3 dB),
SSIM (0.869), average gradient (0.038), and information entropy (6.898), comprehensively
surpassing traditional Retinex algorithms. Particularly, in terms of average gradient and
information entropy, the algorithm proposed in this paper improves by approximately
57% and 35% over MSR, respectively, corroborating its significant advantages in edge
enhancement and detail preservation. These quantitative results are highly consistent with
the visual observations in Figure 5, jointly validating the comprehensive superiority of the
improved algorithm proposed in this paper in enhancing image quality.

Performance Metrics Comparison of Retinex Algorithms

SSIM Comparison PSNR Comparisqq , Average Gradient
14 0.04 0.0380
1 - 101 10.1
0.8 0 - - 5 003
E 8 S 0.0242
Sos ot £ &
= z » 002
= Z 8 =)
004 <D ©
@ = 0 g 0.0094
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Algorithm Algorithm Algorithm

Figure 6. Quantitative performance evaluation of different Retinex algorithms.

4. Hybrid Denoising Framework Integrating Cubic Spline Wavelet
Threshold and Dynamic Connected Component Analysis

Although the SWE-Retinex algorithm exhibits superior enhancement effects compared
to the classic MSR method, it still suffers from an imbalance between edge detail preser-
vation and noise suppression. To further enhance edge integrity under noisy conditions,
this paper proposes a hybrid denoising framework that integrates cubic spline wavelet
thresholding with dynamic connected component analysis.

4.1. Improved Wavelet Thresholding Denoising Algorithm

(1) Selection of Wavelet Basis Function and Decomposition Level

The choice of wavelet basis function directly affects the representation capability of
image features and the denoising effect. To objectively evaluate the denoising performance
of different wavelet basis functions, comparative experiments were conducted on the
Daubechies series, Symlets series, and Coiflets series wavelets. The experimental results
are shown in Table 3 [20,21].
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Table 3. Performance comparison of different wavelet basis functions in crack image denoising.

Wavelet Basis

Vanishing Moments  Support Length PSNR(dB) SSIM

Computation Time

Function (ms)
db2 2 5 70.24 0.873 38.2
db4 4 7 74.73 0.928 45.6
dbé6 6 11 74.12 0.921 52.3

sym4 4 7 74.38 0.925 46.1
coif2 4 11 73.95 0.919 54.7

Based on the difference between the denoised image and the original noise-free ref-
erence image, we adopted PSNR and SSIM as quantitative indicators, and recorded their
computation time to comprehensively measure algorithm efficiency. PSNR reflects the
pixel-level fidelity of the image; the higher the value, the closer the denoised image is
to the ideal noise-free state. SSIM evaluates the visual perception quality of the image
from three dimensions: brightness, contrast, and structure; the closer its value is to 1, the
more complete the structural information retention. As shown in Table 3, the db4 wavelet
performed optimally in both PSNR (74.73 dB) and SSIM (0.928), indicating that it can
effectively suppress noise while better preserving the edge and texture details of cracks.
Although its computation time (45.6 ms) is slightly higher than that of db2, it achieves the
best balance between denoising quality and operational efficiency, and is thus selected as
the wavelet basis function for this study.

The number of wavelet decomposition layers is another key parameter affecting
denoising performance. Too few layers may lead to insufficient separation of noise and
signal frequency bands; too many layers will increase computational complexity and may
overly smooth useful high-frequency details. For the image resolution (720 x 724 pixels)
and crack feature scale used in this study, experimental verification on the training subset
determined that a decomposition level of 3 was selected. This setting achieves a good
balance between denoising effect and computational efficiency, effectively suppressing
noise across all frequency bands while better preserving crack edge information from coarse
to fine.

(2) Cubic Spline Smoothing Threshold Function

Traditional soft and hard threshold functions have inherent drawbacks: the hard
threshold function is discontinuous at the threshold point, which can easily cause ringing
artifacts in the reconstructed image; the soft threshold function, while continuous, has
a constant bias that may weaken edge strength [22,23]. To address this issue, this paper
proposes a cubic spline-based smoothing transition threshold function:

A 0, ) W@ k) <Th
W(ik) =3 sign(W(j,k)[IW(, k)| - 250 f(WEHET) 1y < (i k)| < T (1D)
W(j, k), w[ > T,

A
where W(j, k) is the wavelet coefficient at position (j, k), W(j, k) is the coefficient after
thresholding, Ty and T, are the dual threshold parameters satisfying T; < T,. f(x) is the
cubic spline transition function, defined as:

flx)=3x2-2x3, 0<x <1 (12)

The function satisfies the boundary conditions f(0) =0, f(1) =1, f’(0) =0, f'(1) =0,
ensuring that the function values and their first derivatives are continuous at the threshold
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boundaries, effectively avoiding the abrupt changes at the threshold points inherent in
traditional methods.
The threshold parameters T; and T; are determined through the BayesShrink adaptive

method. For each detail subband, the noise standard deviation is estimated as:

A median(|HH;|)

o= T 06745 13)
where HHj is the coefficient of the first-level diagonal detail subband. The signal standard
deviation is estimated as:

1 .
o= | max() W(j, k) — 02) (14)
Then the threshold parameters are calculated as:

B A
T\ =02/0x, T»=2T, (15)

To verify the superiority of the cubic spline function, comparative experiments were
conducted with other smooth functions, such as the sigmoid function and polynomial func-
tions. As shown in Table 4, the cubic spline function performs optimally in both PSNR and
SSIM metrics, while also demonstrating a significant advantage in computational efficiency.

Table 4. Performance Comparison of Different Smooth Transition Functions.

Transition Function Type Mathematical Expression PSNR(dB) SSIM Mathematical Expression
Cubic Spline 3x% —2x3 74.73 0.928 0(1)
Sigmoid TG0 74.21 0.920 O(1)
Quadratic Polynomial 2x — x? 73.89 0.915 o(1)
Linear Transition X 72.45 0.902 O(1)

The denoising effect after the improved wavelet processing is shown in Figure 7.
Compared to the original noisy image, the processed image achieves high-quality noise
suppression, essentially eliminating obvious salt-and-pepper noise and Gaussian noise.
While effectively reducing noise, it maximally preserves edge details and texture features,
making the image contours clearer and the structure more intact.

Edge Comparison

Input Image Improved Denoised Image  (Red:Original, Green:Improved Denoised)

Figure 7. Edge Detection Comparison.

Further analysis of the comparative results, as shown in Figure 8, reveals that in
the difference image analysis, the mean difference of 14.4853 is concentrated in the noise
regions rather than the edge structures, confirming its selective denoising capability. The
wavelet coefficient distribution shows that high-frequency noise coefficients are effectively
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suppressed while important signal coefficients are well preserved. The grayscale histogram
comparison further indicates that the algorithm eliminates statistical anomalies caused
by noise while perfectly maintaining the overall contrast and brightness characteristics of
the image.

Wavelet Coefficient Distribution

= Original Coefficients
= Processed Coefficients

Input Image vs Improved Improved Denoised

* Input Image & mproved Denoised Result

Normalized Frequency
o o )
IS > ®

o
o

-200 -150 -100 -50 0 50 100 150 200
Wavelet Coefficient Value

Gray Histogram Comparison

Input Image
Denoised Image

10,000

8000

6000 -

4000

Pixel Count

2000 -

0 50 100 150 200 250
Gray Value

Figure 8. Comparison of Denoising Effects of the Improved Wavelet Algorithm.

The multi-dimensional performance evaluation and comprehensive score of the im-
proved algorithm are shown in Figure 9. The PSNR test result is 25.72 dB, indicating
that the algorithm causes relatively small overall pixel distortion to the image, with an
edge preservation rate of 109.4%, which fully retains the original edge structure. The
experimental results of the hierarchical denoising rate further demonstrate the algorithm'’s
performance differences across different decomposition scales: the denoising effect is opti-
mal at Layer 1 (approximately 98%), while it is relatively weaker at Layer 3 (approximately
45%), a phenomenon that is highly consistent with the multi-scale characteristics of wavelet
decomposition. Ultimately, the comprehensive score of the algorithm is 81.1/100.

PSNR: 25.72 dB Edge Preservation: 109.4%

PSNR (dB)
Edge Preservation (%)

1

Noise ion per Level Overall Score: 81.1/100

Noise Reduction (%)
s 9 o
3 & 8

N
3

0
PSNR ScoreEdge Score Noise Red Composite

d 2 3
Decomposition Level

Figure 9. Multi-dimensional Performance Evaluation and Comprehensive Score of the
Improved Algorithm.

To verify the performance differences of various denoising algorithms in the pre-
processing of concrete crack images, this study selects adaptive median filtering, NLM,
BM3D, DnCNN, WNNM, and the improved wavelet algorithm proposed in this paper
for comparative experiments. As shown in Figure 10, the algorithms are evaluated from
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two dimensions: visual effects and quantitative metrics, in terms of noise suppression
capability, edge preservation accuracy, and computational efficiency.

Adaptive Median Filtering NLM Filtering BM3D

(" .
.
&

7

T

DnCNN Filtering WNNM Filtering Our paper

Adaptive Median Filtering NLM Filtering

DnCNN Filtering WNNM Filtering Our paper

. & o ow o &R S

Figure 10. Visual Representation Comparison of Concrete Crack Images after Processing by Different
Denoising Algorithms.

From the visual representation of the images, the processing effects of different de-
noising algorithms show significant differences: Adaptive median filtering exhibits the
weakest ability to suppress background speckle noise, with the image still containing a
large amount of granular noise, blurred crack edges, and severe loss of texture details; NLM
filtering significantly reduces background noise but causes obvious smoothing and blurring
of crack contours, leading to the loss of fine texture features; BM3D and WNNM filtering
can better preserve the continuous edges of cracks, but some granular noise remains in
the background, and the overall visual clarity needs improvement; DnCNN filtering has
moderate noise suppression and edge preservation effects, without presenting outstanding
advantages. In contrast, the improved wavelet algorithm proposed in this paper effectively
clears background noise while completely retaining the sharp edges and fine textures of
cracks, visually presenting the clearest crack structure and providing high-quality image
input for subsequent crack size measurements.
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To more objectively evaluate the comprehensive performance of each denoising algo-
rithm, this study quantitatively compares them from three dimensions: noise suppression
capability, edge preservation accuracy, and computational efficiency, with results shown
in Table 5.

Table 5. Quantitative Comparison of the Performance of Different Denoising Algorithms.

Algorithm Noise_Reduction_Ratio Edge_Preservation_Index Time_Seconds
Adaptive Median Filtering 0.125464712 0.201478388 0.3299235
NLM 0.8188839 0.425286969 0.1655071
BM3D 0.089323965 0.972678037 0.3351828
DnCNN 0.60447627 0.64165494 0.1897691
WNNM 0.180267116 0.900838447 0.0883093
Our paper 0.521906496 0.918044329 0.1116602

The quantitative results further validate the visual observations: NLM filtering ex-
hibits the strongest noise suppression capability (0.8189) but the worst edge preservation
performance (0.4253); BM3D filtering achieves the optimal edge preservation performance
(0.9727) but requires a long computation time; the improved wavelet algorithm proposed
in this paper achieves the optimal balance among noise suppression (0.5219), edge preser-
vation (0.9180), and computational efficiency (0.1117 s), meeting the real-time detection
requirements of engineering scenarios.

To more intuitively present this performance difference and trade-off relationship, we
visualize the quantitative results from Table 5 through a scatter plot. As can be clearly
seen in Figure 11, the performance point of our proposed algorithm is located in the
balanced region of high edge preservation and moderate noise suppression, which is
completely consistent with the conclusions of the quantitative analysis in the table and
intuitively verifies its optimal balance among noise suppression, edge preservation, and
computational efficiency.

Performance Distribution of Different Denoising Algorithms Point Size: Time Cost
Larger = Faster

[ ]
BM3D

0.9~ QINM Our pgr

0.8

e
~
T

DnCV@

o
)
T

NLVb

Edge Preservation Index
o =}
S (4]
T T

o
w
T

Adaptive Median Filtering
0.2 @)

0 1 1 1 1 1
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9

Noise Reduction Ratio

Figure 11. Scatter Plot Comparison of Multi-index Performance Distribution of Denoising Algorithms.

https:/ /doi.org/10.3390/buildings16040713


https://doi.org/10.3390/buildings16040713

Buildings 2026, 16, 713

16 of 25

4.2. Noise Post-Processing Based on Dynamic Threshold Connected Component Analysis

After wavelet denoising, the image still contains discrete point, block-like noise (orig-
inating from texture interference, method limitations, and binarization artifacts), which
can easily lead to misjudgment in subsequent skeleton extraction and affect parameter
accuracy [24,25]. To this end, this study introduces a noise post-processing module based
on dynamic threshold connected component filtering. Unlike traditional fixed-threshold
methods, this approach adaptively determines the threshold based on the statistical distri-
bution characteristics of the connected component areas. The core principle is: real cracks
and noise-connected components differ significantly in area, and in the area descending
sequence, a distinct “steep drop” point will emerge, which can achieve effective separation.

Let all connected components in the image be arranged in descending order of area as
sequence {A(l), Ay Am }, where A(q) is the area of the largest connected component.
Define the adjacent area ratio as:

_Ak+1

Ry AL

, k=12,--- ,N—-1 (16)
where Rj represents the area ratio between the k-th connected component and the next one.
By analyzing a large number of concrete crack image samples, it is found that when
Ry is less than a certain threshold Tg, it typically signifies the transition from primary crack
structures to secondary noise. Therefore, the dynamic threshold Ty 4mic is defined as:

Taynamic = Am, m = argmkin{Rk < Tr} (17)

Based on the above definition, the dynamic threshold selection algorithm flow is shown
in Figure 12. The algorithm traverses the sorted connected component area sequence to
find the first position where Ry < Ty is satisfied, and uses the corresponding area as the
dynamic threshold.

Dynamic Threshold Determination

Initialize k=1

Data Preprocessing J

Start

Calculate Ry = A1 / Ax
Result Output

/ Determine final threshold
Input binary image It T_dynamic

Check Ry < T_R?
Remove connected

components
with area < T_dynamic

Connected component
analysis

Yes No Yes

Calculate area of all
connected components Ai k=k+1 Threshold T = Ac End

Sort connected component Output denoised image
areas
in descending order
Obtain sequence A1, Az, ..., ‘
A

Threshold T = A

Figure 12. Flowchart of the Dynamic Threshold Selection.
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To determine the optimal Ty value, parameter sensitivity analysis was conducted on
the 200 crack images from the DeepCrack sequence according to the algorithm. As shown
in Figure 13, as T increases from 0.05 to 0.20, the recall rate (blue solid line) gradually de-
creases from 0.98 to 0.72, while the precision rate (red dashed line) monotonically increases
from 0.75 to 0.96. This reflects the inherent trade-off between recall and precision. The F1
score (green dotted line), as a comprehensive indicator, reaches its maximum value of 0.94
at Tr = 0.12, indicating that at this parameter setting, the algorithm achieves the optimal
balance between “retaining as many true cracks as possible” and “filtering out as much
noise as possible.”

Effect of Threshold Parameter T, on Filtering Performance
1 T T T T T T T T

0.85

0.8

Performance Metric Value

—@—Recall
0.75 - | ——Precision
F1 Score
A Optimal Point (Tg=0.12)

07 1 1 1 1 1 1 1
0.04 0.06 0.08 0.1 0.12 0.14 0.16 0.18 0.2 0.22

Threshold Parameter TR

Figure 13. Impact of Threshold Parameter A on Filtering Performance.

To evaluate the algorithm'’s sensitivity to parameter T, perturbation tests were con-
ducted in its vicinity around the optimal value Tr = 0.12. The experiments show that when
Tr fluctuates within the range [0.10, 0.14], the decline in the comprehensive evaluation
metric, the F1 score, does not exceed 3% (decreasing from a peak of 0.94 to no lower than
0.91). This indicates that the algorithm is not highly sensitive to variations of this key
parameter within a certain range and possesses good operational robustness. In practical
applications, if the noise and crack area distribution characteristics of the image to be
processed are similar to those of the training set, setting Tr within the interval 0.12 % 0.02
can achieve stable and good performance. All subsequent experiments in this paper use
Tr = 0.12 as the decision condition for dynamic threshold selection.

After obtaining the area threshold Tyynamic through the above dynamic threshold
selection algorithm (where Tqyynamic is determined by the decision of Tg = 0.12), a filtering
decision is made for each connected component Cy: if its area A ¢, is less than T4ynamic,
all pixel values within that connected component are set to 0 (i.e., considered as noise and
removed); otherwise, they are retained. The mathematical expression is as follows:

Dy = 0, A(Ck) < Tdynamic L, k=1,2,...,N (18)
1, others

To prevent extreme cases, based on statistical analysis of noise-connected component
areas in the training set images, a lower bound of 4 pixels is set to filter out isolated point
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noise, and an upper bound of 200 pixels is set to retain the largest possible crack-connected
components while preventing area calculation anomalies, i.e., Tgynamic € [4,200].
Comparative results of different edge detection and image enhancement algorithms
are shown in Figure 14. Among them, (a) is the original image; (b) is the manually annotated
true edges; (c) is the detection result of the improved algorithm proposed in this paper;
(d) is the edge extracted based on texture features; (e) is the processing effect of the multi-
directional line detection method; (f) is the output of the improved Canny algorithm; (g) is
the enhancement result based on top-hat transformation; (h) is the binary image after
adaptive local threshold segmentation. Visually, the improved algorithm (c) proposed in
this paper shows more balanced performance in edge continuity, detail preservation, and
noise suppression, and its edge structure is closer to the true annotation (b) than other
methods, demonstrating its robustness and accuracy in complex scenes.
(a) Original Image

(b) Labeled Image (c) Proposed Improved Algorithm (d) Texture Feature Method

(e) Multi-direction Line Detection (f) Inprove Canny (g) Top-hat Transform (h) Adaptive Local Threshold

8-Image Display with Consistent Size (2x4 Layout)

(a) Original Image (b) Labeled Image (c) Proposed Improved Algorithm (d) Texture Feature Method

(e) Multi-direction Line Detection (f) Inprove Canny (g) Top-hat Transform (h) Adaptive Local Threshold

All images displayed at consistent size: 182 x 180 pixels

Figure 14. Detection Results of Different Denoising Algorithms.
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As shown in Table 6, the performance comparison results of the proposed improved
algorithm and the other five comparative methods on multiple quantitative metrics are
presented. On the comprehensive evaluation metrics F1-Score (0.8528) and MCC (0.8530),
the proposed method significantly outperforms the other methods, demonstrating a good
balance between precision and recall. Although the texture feature method achieves a high
recall rate (0.9553), its precision is low (0.3892), resulting in an F1-Score of only 0.5531.
Meanwhile, the multi-directional line detection, improved Canny, and top-hat transfor-
mation methods show relatively limited performance across all metrics. Additionally, the
proposed method achieves the highest values in accuracy (0.9925) and Dice coefficient
(0.8528), and its IoU (0.7434) is significantly superior to other algorithms. In summary,
the proposed improved algorithm demonstrates higher comprehensive performance and
stability in the edge detection task.

Table 6. Comparison of Performance Evaluation Results for Different Edge Detection Algorithms.

Algorithm Precision Recall F1-Score Accuracy  MCC IoU Dice
Multi-direction Line Detection 0.8463 0.2320 0.3641 0.9773 0.4362 0.2226 0.3641
Adaptive Local Threshold 0.8731 0.7051 0.7801 0.9888 0.7791 0.6395 0.7801
Inprove Canny 0.6600 0.3198 0.4308 0.9763 0.4492 0.2746 0.4308
Top-hat Transform 0.5806 0.5726 0.5766 0.9764 0.5644 0.4050 0.5766
Texture Feature Method 0.3892 0.9553 0.5531 0.9567 0.5948 0.3822 0.5531
Proposed Improved Algorithm 0.9419 0.7791 0.8528 0.9925 0.8530 0.7434 0.8528

To more intuitively present the performance differences in Table 6, we visualize the
quantitative results of various metrics through a radar chart, as shown in Figure 15. From
the chart, it can be clearly seen that the performance profile of the improved algorithm
proposed in this paper lies on the outermost periphery in most dimensions, which is
completely consistent with the quantitative analysis in the table and further corroborates
its comprehensive performance advantage.

Performance Comparison of Edge Detection Algorithms
1

Algorithms:
MD Line Det.

Adaptive Local Thresh.
loU Predlsion Improved Canny
Top-hat Transform
Texture Feature
Proposed Improved Alg,

F1-Score

Figure 15. Radar Chart Comparison of Comprehensive Performance for Different Edge
Detection Algorithms.
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5. Crack Feature Quantification and Overall Algorithm Validation

To achieve non-contact automated measurement, pixel information must be converted
into geometric parameters. Considering the high noise levels and complex, tortuous shapes
of post-earthquake crack images, this paper evaluated three mainstream quantification
methods. The pixel statistics method is susceptible to noise interference, leading to over-
estimated results; the projection method severely underestimates the length of complex
cracks; the skeleton analysis method, by extracting the centerline, accurately reflects the
topological structure of cracks and exhibits strong robustness to discontinuities in prior
processing. Therefore, this study selects skeleton analysis as the core approach [26,27].

The skeleton analysis method, based on a linear approximation (“straight-line approx-
imation” for “curved lines”), introduces discretization error, whose magnitude is inversely
proportional to image resolution and directly proportional to crack curvature. To quantify
this error, tests were conducted grouping cracks by morphological complexity (Table 7).
The results show that for straight/mildly curved (Groups A and B) cracks, the error is
controllable (<4%); for highly tortuous (Group C) cracks, the average error increases to 6.5%,
becoming the primary error source. This result also indirectly reflects the effectiveness
of the previously mentioned skeleton extraction algorithm: if the skeleton is complete
and continuous, the error primarily originates from discretization approximation; if the
skeleton fractures at tortuous sections, the error significantly increases. Overall, the method
is practically reliable within the engineering tolerance threshold (<10%).

Table 7. Discretization Error Analysis of Length Calculation.

Crack Grouping Sample Size Average Relative Error Main Sources of Error
A (Straight/Mildly o Endpoint Localization and Pixel
52 1.8% o
Curved) Quantization
B (Moderately Tortuous) 33 3.7% Discretization Approximation Error
C (Highly Tortuous) 15 6.5% Accumulation of Discretization Errors

5.1. Key Parameter Calculation Process

(1) Crack Length

First, extract a single-pixel-wide crack skeleton, then accumulate the Euclidean dis-
tances between adjacent skeleton points. The calculation schematic is shown in Figure 16a.
The specific steps are as follows:

(1) Input: Refined crack skeleton image S;

(2) Skeleton point extraction: Traverse the pruned skeleton graph to obtain the coordinate
sequence of all skeleton points (x;,y;), i=1,...,n;

(38) Segment-by-segment distance calculation: Calculate the Euclidean distance between

adjacent points, d; = \/(xiﬂ — )+ (i —y) i=1,...,n—1;
n=1
(4) Length accumulation: Total length L., = ) d;;
i=1

(5)  Scale restoration: According to the camera calibration coefficient s, = 0.080 mm/pixel,
obtain the actual length: L,,;; = L. % 0.08.
(2) Maximum Crack Width Calculation
To accurately obtain the maximum width and avoid the errors of projection methods,
a measurement method based on the skeleton normal direction is adopted. The calculation
schematic is shown in Figure 16b. The algorithm workflow is as follows:
(1) Input: Skeleton graph S and corresponding edge map E;
(2) Local normal determination: For a skeleton point P;, utilize its neighboring points to
fit the local orientation; the perpendicular direction is the normal direction;
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(3) Edge intersection search: Along the normal direction, search on both sides in the edge

map E to obtain intersection points A(x4, yp), B(x4, ¥5);
(4) Local width calculation: Calculate the Euclidean distance between the intersection

points, d(i) = / (xa — 1) + (va — 1)’
(5) Maximum width determination: The maximum width is the maximum value

among dmax.
(3) Crack Area Ratio
The area ratio reflects the density of cracks and is calculated as follows:
(1) Crackarea: Ac = N e X s%, where N,k is the total number of crack pixels;
(2) Density ratio: Ry = (Ac/ Appox) X 100%, where Ay, is the area of the minimum

bounding rectangle of the crack;
(3) Image coverage: R; = (A./ Aimage) X 100%, where Aj . is the total image area.

(xm' 2 yai)

(a) Léngth Calculation (b) Maximum Width Calculation

Figure 16. Crack Feature Calculation.

5.2. Overall Algorithm Validation Based on Ground Truth Comparison

To construct a multi-dimensional and traceable algorithm performance validation
system, this section adopts a verification method combining “process visualization compari-
son” with “result quantitative analysis.” As shown in Figure 17, by parallelly displaying the
complete feature calculation processes based on the ground truth (GT) annotations and the
outputs of the algorithm proposed in this paper, a visual diagnosis of the algorithm’s inter-
mediate processing states (such as skeleton morphology and edge continuity) is achieved.
This figure not only elucidates the generation pathways of geometric parameters but, more
importantly, establishes a direct visual association between the final performance gap and
the output quality of the front-end image processing modules (Sections 2 and 3), providing
a structured observation window for error tracing.

On this basis, Figure 18 further provides precise quantitative evidence. By comparing
the specific values and percentage differences of five key parameters, the algorithm perfor-
mance evaluation is advanced from qualitative observation to quantitative measurement.
The data show that, for the width and area parameters, the algorithm proposed in this
paper presents consistent positive biases (+10.3% to +23.3%), while for the length parameter,
it exhibits a negative bias (—6.4%). This systematic error pattern is not random noise but is
highly consistent with the intermediate states revealed in Figure 14 (such as more sensitive
edge detection and more conservative skeleton connection), thereby cross-validating the
behavioral characteristics of the preceding algorithm modules at a statistical level.
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Figure 17. Crack Feature Calculation Flowchart.
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Figure 18. Algorithm Performance Evaluation.

To comprehensively evaluate the engineering practicality and environmental adapt-
ability of the proposed algorithm [28], one hundred crack images from the DeepCrack
training set were selected to systematically conduct tests on computational efficiency and
adaptability to complex environments.

In the algorithm performance evaluation presented in Table 8, the method proposed
in this paper demonstrates strong robustness under three typical complex environments:
strong shadows, severe stains, and low contrast. In strong shadow scenarios, the F1-score is
0.81, with relative errors of 7.3% and 5.1% for length and width, respectively, indicating that
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the algorithm maintains high detection accuracy and measurement stability even under
uneven illumination conditions. Under severe stain interference, the Fl-score drops to
0.76, with length and width errors increasing to 9.8% and 6.9%, respectively, suggesting
that surface stains have a certain impact on crack feature extraction, but the errors are still
within an acceptable range for engineering applications. In low-contrast scenarios, the
algorithm performance further declines, with an Fl-score of 0.69 and length and width
errors reaching 12.5% and 15.4%, respectively, reflecting that insufficient image contrast
significantly increases the difficulty of feature extraction and parameter quantification.
Overall, the algorithm exhibits good adaptability and reliability under various adverse
imaging conditions, performing optimally especially in strong shadow environments,
providing data support for subsequent engineering applications. The results show that
the average processing time of the algorithm for a single image is approximately 0.319
s. Among the core modules the time consumption ratios of image enhancement wavelet
denoising connected component analysis and feature quantification are 40%, 35%, 15% and
10% respectively. This demonstrates favorable computational efficiency meeting the time
requirements for rapid inspection.

Table 8. Algorithm Performance under Different Challenging Scenarios.

Scenario Sample Size F1-Score Relative Error in Length ~ Relative Error in Width
Strong Shadow 35 0.81 7.3% 5.1%
Severe Stain 35 0.76 9.8% 6.9%
Low Contrast 30 0.69 12.5% 15.4%

6. Conclusions and Future Work

This study proposes a post-earthquake bridge crack image processing algorithm based
on improved Retinex and wavelet transform. The main contributions include: (1) Proposing
an improved Retinex algorithm combining side-window filtering and dual gamma prepro-
cessing, which effectively balances illumination and enhances crack contrast; (2) Designing
an improved wavelet threshold function based on cubic spline smooth transition and a
dynamic threshold selection strategy, achieving effective filtering of large-area, point-like,
and patchy noise; (3) Realizing automated calculation of crack length, maximum width,
and area ratio based on skeletonization and edge images, with experimental errors meeting
the requirements of rapid assessment.

The limitations of this study are: the dataset scale is small, not covering all crack types
and extreme environments; geometric measurements are based on two-dimensional im-
ages, without considering crack depth. In addition, it needs to be noted that this algorithm
primarily achieves automatic crack identification and precise extraction of two-dimensional
parameters, and cannot directly distinguish whether cracks are caused by earthquakes,
fatigue, or environmental factors. Crack cause determination is a comprehensive engineer-
ing problem requiring professional judgment combined with seismic damage background,
structural analysis, and multi-source information.

Future work: (1) Constructing a larger-scale, more diverse post-earthquake bridge
damage image dataset; (2) Exploring fusion of binocular vision or LiDAR point clouds
for three-dimensional crack reconstruction and depth estimation; (3) Integrating the al-
gorithm into a drone inspection system for on-site real-time testing, and exploring data
fusion with structural health monitoring systems to provide support for the bridge’s entire
lifecycle management.
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