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Abstract

Tunnel lining cracks are difficult to identify under uneven illumination, seepage marks, 
and complex surface textures. This study proposes a Faster R-CNN–WOO–DELM frame-
work combining crack localization with adaptive threshold segmentation. Faster R-CNN 
localizes candidate crack regions, and five grayscale features are extracted from the candi-
date regions and valid background. A deep extreme learning machine (DELM) predicts 
an image-specific segmentation threshold, while the Wave Optics Optimizer (WOO) se-
lects its regularization coefficient and stacking depth. The detection dataset comprised 
2011 source images and their augmented versions. A threshold prediction subset compris-
ing 1000 records with manually reviewed reference thresholds was constructed from the 
detection dataset. Faster R-CNN achieved an average precision of 0.874. On the held-out 
threshold test set, WOO-DELM achieved an RMSE of 0.021, a MAPE of 3.88%, an R2  of 0.954, 
and an a10-index of 0.945, outperforming the comparison models in threshold prediction. 
For pixel-level segmentation, WOO-DELM achieves image-level mean IoU and Dice/F1 
values of 0.8648 and 0.9266, respectively, across 30 independent test images, with corre-
sponding standard deviations of 0.0519 and 0.0309. Under the specified sensitivity-analysis 
conditions, grayscale dispersion within candidate regions had the greatest influence on the 
predicted segmentation threshold. The proposed framework combines crack localization 
with image-specific threshold selection to delineate visible tunnel lining crack traces.

Keywords: tunnel lining; crack identification; deep extreme learning machine; wave optics 
optimizer; adaptive threshold

1. Introduction
Lining cracks are common defects in operational tunnels. Their spatial distribution, 

connectivity, and visible morphology provide important information for defect identifi-
cation, delineation of repair sections, and structural condition assessment. Changes in 
surrounding rock pressure, traffic-induced vibration, concrete shrinkage, and temperature–
humidity cycles may all contribute to crack initiation or propagation. At present, tunnel 
lining crack inspection still relies heavily on visual inspection and on-site measurements. 
The results are affected by illumination, imaging distance, and inspector experience, mak-
ing low-contrast fine cracks and intersecting branches difficult to identify. Reliable crack 
identification therefore requires methods that can distinguish fine cracks from visually 
similar background features under variable imaging conditions.

Conventional image processing generally exploits grayscale differences between cracks 
and the concrete background to extract dark linear regions through filtering, edge de-
tection, threshold segmentation, and morphological operations. These methods require 
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relatively little computation and can produce clear contours under uniform illumination 
and simple background conditions. In practice, tunnel surfaces also contain construction 
joints, formwork textures, dust deposits, wet reflections, and shadows from facilities. Their 
local grayscale intensities and edge responses can resemble those of cracks. Previous stud-
ies have investigated the detection and identification of different types of tunnel surface 
defects [1–3] and have gradually extended deep learning methods to leakage and crack 
identification [4,5]. For crack detection under complex background conditions, subsequent 
studies have introduced data augmentation, feature learning, and image enhancement 
to improve recognition under different imaging conditions [6–8]. Other studies have ex-
amined the detection and quantitative analysis of structural damage and cracks in shield 
tunnels [9,10]. Overall, crack identification remains susceptible to surface conditions, back-
ground textures, and imaging conditions. When the global threshold is too low, fine cracks 
in bright regions may become discontinuous. When it is too high, dark stains and aggre-
gate edges may enter the segmentation mask. Although local thresholding can alleviate 
illumination gradients, it may amplify rough textures within small windows. Determining 
a segmentation threshold from the foreground–background relationship of each image 
therefore remains a challenge for conventional tunnel inspection methods. Previous studies 
have advanced automatic inspection through lining defect detection, leakage segmentation, 
and two-stage defect identification [11–13]. With advances in computer vision, digital 
image-based crack identification, multiscale feature extraction, and improved object detec-
tion have gradually been applied to tunnel lining defect identification [14–16]. Studies have 
also explored the detection of voids behind linings, pixel-level crack monitoring, and visual 
inspection systems, providing different technical approaches to automatic defect inspection 
in underground engineering [17–20]. Nevertheless, crack localization and pixel-level seg-
mentation remain insufficiently integrated under complex background conditions. Object 
detection can locate crack regions but cannot directly recover complete crack contours, 
whereas fixed-threshold segmentation is sensitive to variations in background grayscale 
intensity. A practical challenge is therefore to translate the candidate regions identified 
by object detection into crack masks while accounting for variations in foreground and 
background grayscale distributions.

Convolutional neural networks have shifted crack identification from manually de-
signed features toward data-driven representations. Previous studies have applied im-
proved U-Net and other deep learning methods to tunnel surface defect identification 
and crack analysis [21–23]. Researchers have subsequently developed deep learning- and 
Mask R-CNN-based detection and segmentation methods for defects on complex tunnel 
surfaces [24–26]. Further advances in pixel-level crack segmentation, convolutional neural 
network-based identification, and refined crack characterization have improved crack con-
tour extraction under complex background conditions [27–30]. Object detection narrows 
the search area but cannot recover fine crack contours, whereas end-to-end segmentation 
generally requires detailed pixel-level annotations. This motivates combining detection-
based spatial priors with grayscale statistics from candidate crack and background regions 
to predict image-specific segmentation thresholds.

Recent machine learning applications have also addressed structural performance 
prediction. Lazaridis and Thomoglou used interpretable models to estimate the shear 
capacity of textile-reinforced mortar-strengthened unreinforced masonry walls [31], while 
Gray et al. applied explainable machine learning to predict the ultimate shear capacity of 
cold-formed steel modular beams [32]. Although these studies focus on structural capacity 
prediction rather than image-based defect identification, they demonstrate the application 
of machine learning to engineering problems involving different types of input data and 
prediction targets.
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This study develops an integrated Faster R-CNN–WOO–DELM framework for crack 
localization and adaptive threshold segmentation in tunnel linings. Faster R-CNN first 
identifies candidate crack regions, and five grayscale statistical features are extracted from 
the candidate regions and valid background. A DELM is trained to predict segmenta-
tion thresholds from these features, with WOO optimizing its regularization coefficient 
and stacking depth. The framework is evaluated through comparisons with alternative 
optimization and thresholding methods, followed by RBD-FAST sensitivity analysis to 
examine the influence of individual grayscale features on threshold prediction. The main 
methodological contribution lies in linking detector-defined foreground and background 
statistics to image-specific threshold prediction.

2. Data Sources and Sample Construction
2.1. Crack Images and Bounding-Box Annotation

The source images were obtained from the tunnel lining crack image dataset estab-
lished by Feng et al. [30]. This dataset was compiled from on-site inspections of metro 
tunnels and publicly available tunnel images. The dataset covers various crack morpholo-
gies and lining surface conditions, making it suitable for evaluating crack identification and 
segmentation under heterogeneous background conditions. This study selected 2011 crack 
images as source samples, including longitudinal, circumferential, oblique, intersecting, 
and multibranch cracks, as well as challenging cases involving blurred edges, local disconti-
nuities, and fine branches. Sample backgrounds include relatively smooth lining surfaces, 
rough textures, and local color variations to examine crack identification under different 
background conditions.

Considering the substantial variations in illumination, viewing angle, and surface 
conditions in operational tunnels, brightness adjustment, local contrast variation, sharpen-
ing, mild blurring, and simulated exposure changes were applied to expand the range of 
imaging disturbances and improve model adaptability to image quality and background 
conditions. Annotation validity was checked for each augmented image. Images with 
extensive saturation, visible interpolation artifacts, or unrecognizable main cracks were 
excluded. Training and testing use the selected tunnel-crack images and their augmented 
samples. The 2011 source images were first divided into training and independent test 
sets, and augmentation was then performed separately, yielding 15,632 images: 12,506 for 
detector training and 3126 for independent testing. The partition is defined by source-image 
identity, with each original image and all its augmented versions assigned to the same sub-
set. Source-image identifiers, subset assignments, and augmentation types were retained 
and reused when constructing the subsequent threshold prediction dataset.

Bounding boxes were annotated using LabelImg (version 1.8.6), an open-source graph-
ical image annotation tool used to draw rectangular boxes around objects and save their 
class labels and box coordinates as XML files [33]. The dominant crack orientation was 
first identified, and a tight rectangular box was drawn around each continuous main crack. 
Construction joints, stains, and shadows were not labeled as cracks, and spatially separated 
crack segments received separate boxes. After the first annotation round, the annotations 
were reviewed for completeness of crack ends, proportion of background within each box, 
and class consistency. An XML file with the same base name as each image was generated 
to record image dimensions, class labels, and bounding-box coordinates. These files were 
used both to train Faster R-CNN and to define the spatial regions for subsequent grayscale 
statistics inside and outside the boxes. Figure 1 presents the sample augmentation, data 
splitting, and bounding-box annotation workflow.
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Figure 1. Workflow for tunnel lining crack sample augmentation, data splitting, and bounding-box 
annotation.

2.2. Threshold Prediction Dataset
A total of 1000 threshold prediction records were constructed by selecting 800 images 

from the detector training set and 200 from the independent detector test set. Sampling 
accounted for different crack morphologies and illumination disturbances, and no source 
image or its augmented versions appeared in both subsets. The manually annotated bound-
ing boxes recorded in the XML files were used to define the candidate crack regions for 
grayscale feature extraction. Specifically, AGIF and SDIF were calculated within the an-
notated boxes, while AGIB and SDIB were calculated in valid lining regions outside these 
boxes. EDIR was calculated within the candidate regions. If an image contained multiple 
overlapping annotated boxes, the candidate regions were merged before feature calculation. 
The reference threshold for each image was determined by manually comparing binary 
segmentation results obtained with different candidate thresholds. The 800 training records 
were used for DELM fitting and hyperparameter search within the training set, whereas 
the 200 test records were reserved for final evaluation and did not participate in training. 
The subsequent distribution, correlation, and model comparisons all use the same dataset.

The 800 training records and 200 threshold test records use features extracted from 
manually annotated boxes. In the automated workflow, Faster R-CNN supplies the predicted 
boxes that define the candidate crack and surrounding background regions. The same 
five grayscale feature definitions are applied to these regions before threshold prediction. 
Localization performance is evaluated in Section 4, threshold prediction in Section 5.4, and 
the final crack segmentation in Section 5.5.

Three evaluators independently reviewed the candidate thresholds and corresponding 
binary segmentations, considering main-crack continuity, fine-branch retention, and sup-
pression of noncrack background components. Thresholds were expressed on a 0–1 scale. 
If the largest and smallest thresholds selected by the three evaluators differed by more than 
0.02, the original grayscale image and binary results were jointly re-examined, and the final 
reference threshold was collectively confirmed.

The five input features are defined from the detector-based foreground/background 
partition. Let V denote valid tunnel-lining pixels after excluding image borders, overlaid 
text, and other invalid areas. For candidate bounding boxes Rk (k = 1, …, K), let F = V ∩
(∪k  Rk ) be the candidate foreground and B = V\F the surrounding valid background. Let 
g(p) be the grayscale intensity of pixel p on a 0–255 scale, with NF  = |F| and NB  = |B|. The 

https://doi.org/10.3390/buildings16214425

https://doi.org/10.3390/buildings16214425


Buildings 2026, 16, 4425 5 of 27

average grayscale intensities of the candidate foreground (AGIF) and image background 
(AGIB) are

AGIF =
1

𝑁𝐹
∑
𝑝∈𝐹

𝑔(𝑝), AGIB =
1

𝑁𝐵
∑
𝑝∈𝐵

𝑔(𝑝) (1)

The standard deviations of grayscale intensity in the candidate foreground (SDIF) and 
background (SDIB) describe the dispersion of pixel intensities in the respective regions. 
Using the population standard deviation, they are

SDIF = √
1

𝑁𝐹
∑
𝑝∈𝐹

[𝑔(𝑝) − AGIF]2, SDIB = √
1

𝑁𝐵
∑
𝑝∈𝐵

[𝑔(𝑝) − AGIB]2 (2)

The extreme difference in grayscale intensity in the candidate region (EDIR) is the 
difference between the mean intensities of its brightest 1% and darkest 1% of pixels. Let g(i) 
be the i-th smallest grayscale intensity in F, and set k = ceil(0.01 NF ), where ceil denotes 
rounding up to the nearest integer. Then,

EDIR =
1
𝑘

𝑁𝐹

∑
𝑖=𝑁𝐹−𝑘+1

𝑔(𝑖) −
1
𝑘

𝑘
∑
𝑖=1

𝑔(𝑖) (3)

If candidate boxes overlap, each shared pixel is counted only once in F. Averaging the 
two pixel groups allows EDIR to be non-integer even when the underlying pixel intensities 
are integers. These five features are computed from the grayscale image before the robust 
scaling described in Section 5.2. In the threshold-prediction dataset, F is determined from 
the annotated boxes; during automated inference, the detector-predicted boxes are used in 
the same definitions.

Figure 2 shows the marginal distributions of the five input variables and the manually 
reviewed threshold. AGIF and AGIB cover different brightness levels. SDIF and SDIB are 
right-skewed, indicating relatively strong local grayscale variations in a small number of 
images. EDIR spans a wide range, consistent with differences in exposure and surface 
texture. The manually reviewed thresholds are concentrated mainly in the middle of their 
range, with fewer samples near the upper and lower bounds. All variables fall within their 
predefined valid ranges, and no isolated outliers requiring removal were identified.

Figure 2. Distributions of six variables in the threshold prediction dataset.

Figure 3 presents the Pearson correlation matrix. Overall, the five inputs show weak 
linear correlations. AGIF and AGIB are weakly positively correlated, reflecting the shared 
effect of illumination on foreground and background brightness. The manually reviewed 
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threshold is most strongly correlated with SDIF (approximately 0.74), shows moderate 
correlations with SDIB and EDIR, and has weak linear relationships with the two mean-
intensity variables. Correlation coefficients describe only pairwise linear relationships and 
do not capture interactions or local nonlinearities. DELM is therefore used to learn the 
nonlinear mapping between the five statistics and the manually reviewed threshold.

Figure 3. Pearson correlation matrix of the threshold prediction data.

3. Methodology
3.1. Crack Localization Using Faster R-CNN

Convolutional neural networks progressively extract edges, textures, and object-level 
semantic information through local receptive fields, weight sharing, and hierarchical fea-
tures [34]. Faster R-CNN combines a region proposal network and a detection head on 
shared feature maps to generate proposals, classify objects, and regress bounding boxes [35]. 
A residual network is used as the backbone to alleviate gradient degradation as network 
depth increases [36]. The purpose of this stage is to narrow the search area for cracks, not 
to replace pixel-level contours with rectangular boxes.

After the input image is processed by the backbone to obtain multilevel feature maps, 
the region proposal network generates candidate boxes at different scales and aspect ratios 
and filters out obvious background regions using objectness scores. ROI feature pooling, 
classification, and coordinate regression are then applied, followed by non-maximum 
suppression to obtain the final crack boxes. Unlike classical edge detection and encoder–
decoder segmentation methods [37–39], this stage does not directly recover crack contours. 
Instead, regions covered by detection boxes are defined as the candidate foreground, and 
the remaining valid lining regions are treated as background. Statistics from both regions 
are passed to the threshold prediction model. The candidate foreground defined here is the 
area covered by object detection boxes, not a pixel-level crack mask. Its grayscale statistics 
characterize the intensity distribution within the candidate regions.

Faster R-CNN uses an ImageNet-pretrained ResNet-50 backbone, feature layer activa-
tion_40_relu, one crack class, and a 512 × 512 × 3 input. Annotation boxes are transformed 
with image resizing. Nine anchors are estimated from the resized training boxes by IoU-
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distance clustering using seed 2024. Predicted boxes are mapped back to the original 
coordinates for feature extraction from the original 8-bit grayscale image.

The detector is trained end to end using SGDM, an initial learning rate of 0.001, momen-
tum of 0.9, L2 regularization of 0.0001, a mini-batch size of 2, and 30 epochs. The learning 
rate is multiplied by 0.1 every 10 epochs, and batch-normalization statistics are frozen. 
Positive and negative training IoU ranges are 0.6–1 and 0–0.3, respectively; initialization 
and data-order randomization use seed 2024. Detection uses a confidence threshold of 0.45 
and final non-maximum suppression with a Union IoU threshold of 0.50. Evaluation uses 
the box-matching IoU threshold of 0.50 defined in Section 4.

For detector training, the two-stage Faster R-CNN objective [35] combines region-
proposal classification and box regression with RoI classification and box regression:

𝐽det = 𝐽RPN,cls + 𝐽RPN,box + 𝐽RoI,cls + 𝐽RoI,box (4)

The RPN classification term penalizes incorrect anchor objectness predictions using 
binary cross-entropy; the RoI classification term uses cross-entropy for crack versus back-
ground. The two box terms use the smooth L1 error between predicted and annotated box 
offsets, evaluated only for positive anchors or RoIs. Each term is averaged over its applicable 
sampled anchors or RoIs before summation. The XML annotations described in Section 2.1 
provide the detector training targets.

3.2. Wave Optics Optimizer
The Wave Optics Optimizer (WOO) uses principles of Fraunhofer single-slit diffraction 

and wave interference to organize the search for candidate solutions [40]. Here, the DELM 
regularization coefficient and number of stacked ELM-AE layers are encoded as a two-
dimensional position, and the RMSE from five-fold cross-validation within the training 
set serves as the fitness value. Diffraction intensity controls the sampling density across 
intervals during initialization, while interference directions and a gradually decreasing 
search scale guide position updates. Figure 4 illustrates the WOO procedure used in 
this study.

During initialization, candidate points are distributed nonuniformly, with a higher 
sampling density near the central diffraction lobe and additional points retained in the 
side-lobe intervals. This distribution maintains exploration across the search space without 
assuming that the optimal hyperparameters lie near its center.

The relative intensity and phase variable for single-slit diffraction are calculated us-
ing Equation (5), and the positions of dark fringes and approximate bright fringes are 
determined using Equation (6).

𝐼(𝜃) = 𝐼0(
sin 𝑢

𝑢 )
2
, 𝑢 =

𝜋𝑑 sin 𝜃
𝜆 (5)

sin 𝜃(𝑑)
𝑚 =

𝑚𝜆
𝑑 , sin 𝜃(𝑏)

𝑚 =
(2𝑚 + 1)𝜆

2𝑑 (6)

where I(𝜃) is the diffraction intensity in direction θ; I0  represents the central maximum 
intensity; u denotes a dimensionless phase variable; d and 𝜆 are the slit width and wave-
length, respectively; m is the fringe order; and 𝜃m (d) and 𝜃m (b) denote the positions of 
the mth dark and approximate bright fringes, respectively. In this study, 𝜆 = 5 × 10−4  mm, 
d = 1 × 10−2  mm, and I0  = 1. The limiting value is used when sin𝜃 = 0. The bright- and 
dark-fringe intervals are linearly mapped to the actual hyperparameter ranges.

After iteration begins, the search scale changes with the number of remaining iterations. 
Early iterations allow candidate points to move across wider intervals to examine underex-
plored regions, whereas later iterations increase the search effort in currently promising 
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regions. If candidate solutions become overly concentrated, a random component expands 
the search range to prevent all positions from remaining in the same local region.

Figure 4. Diffraction distribution, interference guidance, and candidate-solution update mechanism 
of WOO. (The red star indicates the current best solution, while the colored dots represent candidate 
solutions distributed across the hyperparameter search space.)

The time control variable, phase, and intensity are updated at iteration t using 
Equation (7), and candidate positions are updated using Equation (8).

𝐶𝑡 = 1 −
𝑡
𝑇 , 𝑢𝑡

𝑖 =
𝜋Δ𝑆𝑡

𝑖
𝜆 , 𝑙𝑡𝑖 = 𝑙0(

sin 𝑢𝑡
𝑖

𝑢𝑡
𝑖

)
2

(7)

∼
𝑋

𝑡+1
𝑖 = 𝐵[𝑋𝑡

𝑖 + Ω𝑡
𝑖 ⊙ 𝑍𝑡

𝑖 ⊙ 𝐷𝑡
𝑖] 𝑋𝑡+1

𝑖 = 𝑎𝑟𝑔𝑚𝑖𝑛
𝑋∈{𝑋𝑡

𝑖 ,
∼
𝑋

𝑡+1
𝑖 }

𝑓 (𝑋) (8)

where Ct  is the time control variable; t and T are the current and maximum iteration numbers, 
respectively; ΔSit  and Iit are the displacement and relative intensity of the ith candidate light 
wave; Xit  is the current candidate solution; 

∼
𝑋𝑖,𝑡+1 is the new candidate solution; Ωit  is the 

step size in each dimension; Zit  is a random or local search direction; Dit  combines distance 
and phase information between candidate solutions; ⊙ denotes elementwise multiplication; 
and B is the boundary mapping operator. A new position is accepted only if it reduces the 
five-fold cross-validation RMSE. After termination, the global best position determines the 
DELM parameters.

3.3. Deep Extreme Learning Machine
A deep extreme learning machine (DELM) consists of multiple stacked extreme learn-

ing machine autoencoders (ELM-AEs) and performs threshold regression on the resulting 
high-level representation. Conventional ELM randomly generates input weights and hidden-
layer biases and obtains output weights analytically [41]. ELM-AE uses its input as the 
reconstruction target and can compress redundant information through unsupervised 
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learning [42–44]. In this study, ELM-AEs are trained layer by layer, and the final feature 
representation is passed to a regression output layer to predict the segmentation threshold. 
WOO and the other optimization algorithms adjust only the regularization coefficient and 
stacking depth; the definitions of the five grayscale statistics and the data split remain 
unchanged. Figure 5 shows the network architecture.

Figure 5. Schematic of stacked ELM-AE representation learning in DELM.

The DELM training objective has two parts. At ELM-AE layer j (j = 1, …, L), the layer 
input Xj  is reconstructed from the randomly generated hidden-layer output Hj  by fitting 
output weights Bj . With the regularization coefficient C, the reconstruction cost is

𝐽(𝑗)
AE(𝐵𝑗) =

1
2 ‖𝐻𝑗𝐵𝑗 − 𝑋𝑗‖

2

𝐹
+

1
2𝐶 ‖𝐵𝑗‖

2

𝐹
(9)

After the L ELM-AE layers have been fitted sequentially, let ZL  denote the final repre-
sentation of the training records, y the vector of manually reviewed thresholds, and w the 
linear threshold-regression weights. The supervised regression cost is

𝐽reg(𝑤) =
1
2 ‖𝑍𝐿𝑤 − 𝑦‖2

2 +
1

2𝐶 ‖𝑤‖2
2 (10)

The first terms in these expressions penalize reconstruction and threshold-prediction 
errors, respectively; the second terms are L2 penalties on the fitted weights. The same 
candidate C is used in the ELM-AE layers and the final regression layer. The layer-wise 
output weights and final regression weights are obtained by regularized least squares for 
each candidate (C, L); WOO selects C and L rather than directly updating these weights.

3.4. Integrated Faster R-CNN-WOO-DELM Framework
The predicted threshold converts a grayscale image into a binary crack mask. The 

statistics are recorded on the original 8-bit grayscale scale of 0–255, whereas the predicted 
threshold T is expressed on a scale of 0–1. Before segmentation, pixel intensity g is normal-
ized to g/255, and pixels satisfying g/255 ≤ T are labeled as dark crack pixels. Similarly, an 
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8-bit threshold t obtained using Otsu’s method is converted to t/255 before segmentation. 
If the threshold is too low, low-contrast cracks and fine branches may become disconnected 
or be missed. If it is too high, noncrack regions such as wet patches, aggregate edges, and 
shadows may be incorrectly retained, producing false detections and distorted contours. 
Figure 6 shows how the contours of the same image change over a threshold sequence of 
0.22–0.60. At T = 0.44, the main crack and fine branches remain connected, while most 
background particles are suppressed. Considering retention of the main crack and fine 
branches together with background-noise suppression, T = 0.44 is selected as the manu-
ally determined reference threshold for this sample. The review also considers main-crack 
connectivity, retention of fine branches, and the number of noncrack connected components.

Figure 6. Binary contours of tunnel lining cracks at different thresholds. The red box indicates the 
selected reference threshold (T = 0.44).
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The thresholding step produces an initial binary mask before connected-component 
filtering and morphological cleanup. For a pixel at coordinates (x, y), the assignment can 
be written as

𝑀0(𝑥, 𝑦) =
{


1, 𝑔(𝑥, 𝑦)/255 ≤ 𝑇,
0, 𝑔(𝑥, 𝑦)/255 > 𝑇.

(11)

Faster R-CNN identifies candidate crack regions for grayscale feature extraction, and 
WOO-DELM predicts an image-specific threshold from these features. The predicted 
threshold is then applied to the entire grayscale image rather than being restricted to the 
detected bounding boxes. In the initial mask above, a value of 1 denotes a dark pixel 
selected by that threshold, not independent proof that the pixel is a crack. After connected-
component filtering and morphological cleanup, the binary result allows the visible trace, 
approximate contour, main-crack continuity, and retention of fine branches to be inspected 
at the pixel level. These properties support the visual comparison in Section 5.5.

Figure 7 presents the integrated workflow. After Faster R-CNN outputs the crack 
boxes, AGIF and SDIF are calculated inside the boxes, AGIB and SDIB in valid lining 
regions outside the boxes, and EDIR in the candidate regions. The five statistics form 
the DELM inputs, and the manually reviewed threshold serves as the supervised output. 
During training, WOO searches for the regularization coefficient and the number of stacked 
ELM-AE layers. During prediction, statistics from the current image are passed to the 
trained model. Once a threshold is obtained, binarization, connected-component filtering, 
and morphological cleanup are performed in sequence. If an image contains multiple 
overlapping boxes, the foreground regions are merged before calculating statistics. The 
background includes only pixels outside the boxes and excludes invalid content such as 
border text. Notably, regions covered by detection boxes are treated as the candidate 
foreground, rather than as ground-truth crack masks. Because each box inevitably contains 
some background pixels, the extracted grayscale statistics reflect the combined intensity 
distribution of the candidate crack region and its surrounding background. DELM does 
not directly identify individual crack pixels. Instead, it learns the nonlinear relationship 
between these regional statistics and manually reviewed thresholds to determine an adaptive 
threshold for subsequent binarization.

 

Figure 7. Faster R-CNN crack localization and grayscale statistical feature extraction workflow.
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3.5. Implementation and Computing Environment
The computational workflow was implemented in MATLAB R2024b [45], including 

image processing, grayscale-feature extraction, model fitting, hyperparameter search, and 
evaluation of detection and threshold-prediction results. The sequence of operations is 
described in Section 3.4, with the DELM training and WOO parameter-selection objectives 
detailed in Sections 3.3 and 5.2.

The official MathWorks documentation for Faster R-CNN network construction and 
training is cited as the software reference for the detection stage [46]. These software 
citations identify the computational environment and implementation resources, comple-
menting the algorithmic references in Sections 3.1–3.3. LabelImg, used for bounding-box 
annotation and XML generation, is referenced separately in Section 2.1 [33].

Experiments were conducted in MATLAB R2024b on 64-bit Windows 11 with an Intel 
Core i7-12700 CPU, 32 GB RAM, and an NVIDIA RTX 3060 GPU (NVIDIA Corporation, 
Santa Clara, CA, USA) with 12 GB memory. Detector training and inference use the GPU; 
DELM fitting and all hyperparameter searches use the CPU without a parallel pool. The 
data partition follows Section 2.1. Binary post-processing uses 8-connectivity, removes 
components smaller than eight pixels, and applies one closing operation with a 3 × 3 square 
element at the original image resolution.

Offline computation comprises detector training, cross-validated hyperparameter 
search, and final DELM refitting. Per-image inference uses the fitted models and training-
derived scaler without rerunning WOO. Inference timing starts with an image in memory 
and covers preprocessing, detection, feature extraction, threshold prediction, and binary 
post-processing; disk access and display are excluded. After 10 warm-up passes, the same 
100 test images are processed five times, with GPU synchronization before and after tim-
ing. For each of the 100 test images, five inference times were averaged. The mean and 
sample standard deviation across these image-level means were 0.183 ± 0.027 s per image 
for the complete in-memory workflow. Offline search is timed separately (Section 5.3) 
and excluded.

4. Detection Results and Accuracy Evaluation
A successful detection is determined by matching a predicted crack bounding box to a 

manually annotated ground-truth box on the independent detector test set. Their box-level 
intersection over union (IoU) is

IoU(𝐵𝑝, 𝐵𝑔𝑡) =
𝐴(𝐵𝑝 ∩ 𝐵𝑔𝑡)
𝐴(𝐵𝑝 ∪ 𝐵𝑔𝑡)

(12)

Here, Bp  is the predicted box, Bgt  is an annotated box, and A denotes the area of a 
region. After non-maximum suppression, predictions are ranked by confidence. For each 
prediction in descending order, the annotated box with the highest IoU is identified. The 
prediction is a true positive (TP) if this IoU is at least 0.50 and that annotated box has not 
already been matched. Otherwise, including when the best-matching crack has already 
been assigned to a higher-confidence prediction, it is a false positive (FP). Each annotated 
box left unmatched is a false negative (FN). This criterion evaluates box localization rather 
than pixel-level crack segmentation.

For the operating point in Figure 8, predictions with confidence scores of at least 0.45 
are retained for precision, recall, and F1 calculation. The precision–recall curve and AP are 
obtained by varying the confidence cutoff while keeping the box-matching IoU threshold 
fixed at 0.50. Thus the confidence cutoff filters predictions, whereas the IoU threshold 
decides whether a retained prediction matches a crack.
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Figure 8. Faster R-CNN detection evaluation curves: (a) precision; (b) recall; (c) P–R curve; (d) F1 
score.

Detection performance is evaluated using precision, recall, average precision (AP), 
and the F1 score [47]. Precision P is the proportion of true cracks among targets predicted 
as cracks and is calculated as follows:

𝑃 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃 (13)

where TP is the number of correctly detected crack targets and FP is the number of back-
ground targets incorrectly identified as cracks. Higher P indicates fewer false detections 
caused by construction joints, stains, and shadows.

Recall R0 is the proportion of actual cracks identified by the detector and is calculated 
as follows:

𝑅0 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁 (14)

where FN is the number of existing crack targets not detected. Precision and recall are both 
affected by the confidence threshold and should be considered together.

AP is the area under the precision–recall curve and summarizes detection performance 
across confidence thresholds. It is calculated as follows:

𝐴𝑃 = ∫
1

0
𝑃𝑑𝑅0 (15)

The F1 score is the harmonic mean of precision and recall and is calculated as follows:

𝐹1 =
2 × 𝑃 × 𝑅0

𝑃 + 𝑅0
(16)

Figure 8 presents the detection evaluation curves. At a confidence threshold of 0.45, 
Faster R-CNN achieves a precision of 79.2% and a recall of 93.1%. The F1 score calculated 
using Equation (16) is approximately 0.856, and the AP from the P–R curve is 0.874. The 
relatively high recall allows most actual cracks to proceed to threshold prediction. However, 
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the precision of 79.2% indicates that some noncrack regions are incorrectly detected as 
cracks. These false-positive detections may propagate to the subsequent thresholding 
stage. Cracks with different orientations and branch patterns can be localized, but missed 
detections mainly occur in low-contrast regions, near thin crack ends, or where cracks are 
obscured by water marks.

After detector training, localization performance is evaluated on the independent 
detector test set using the box-matching criterion and detection metrics described above. 
This assessment provides the evaluation basis for the localization stage. The subsequent 
evaluation in Section 5.5 assesses the final crack pixels produced through regional feature 
extraction, threshold prediction, and binary segmentation.

These results indicate that Faster R-CNN provides reasonably effective candidate crack 
regions for subsequent threshold prediction, although the detection boxes inevitably contain 
some noncrack background. Detection alone therefore cannot recover fine crack contours. 
Grayscale statistics from the candidate and valid background regions are further needed to 
establish an adaptive threshold prediction model.

5. Comparison of Threshold Prediction Models
5.1. Comparison Models and Evaluation Metrics

Grey Wolf Optimizer (GWO), Whale Optimization Algorithm (WOA), Seagull Opti-
mization Algorithm (SOA), Sparrow Search Algorithm (SSA), Ant Colony Optimization 
(ACO), Artificial Bee Colony (ABC), and Bat Algorithm (BA) are selected as comparators 
for WOO. GWO, WOA, SOA, and SSA organize the search for candidate solutions through 
hierarchical encircling, spiral movement, migration and attack, and role-based search, re-
spectively [48–51]. ACO, ABC, and BA use pheromone updates, colony cooperation, and 
frequency–pulse adjustment, respectively, for parameter optimization [52–54]. These algo-
rithms have been widely applied to parameter optimization and performance comparisons 
of data-driven prediction models [55,56]. In addition, DELM without hyperparameter 
optimization, random forest (RF), a backpropagation (BP) neural network, and Otsu’s 
method are included as benchmarks. DELM is used to assess the effect of hyperparameter 
optimization on threshold prediction. RF and BP are used to compare the ability of different 
regression models to map grayscale statistical features. Otsu’s method, a non-learning 
thresholding approach, is used to evaluate the performance difference between data-driven 
threshold prediction and conventional grayscale thresholding.

Otsu’s method determines a foreground–background threshold by searching the 
grayscale levels and maximizing between-class variance [57]. Because maximizing between-
class variance is equivalent to minimizing within-class variance, within-class variance is 
used here as the threshold selection criterion, calculated as follows:

𝜎2
𝑤(𝑡) = 𝑞1(𝑡)𝜎2

1 (𝑡) + 𝑞2(𝑡)𝜎2
2 (𝑡), 𝑡 = 0, 1, … , 𝐿 − 1 (17)

where L is the number of grayscale levels; q1(t) and q2(t) are the proportions of pixels 
on either side of threshold t; and σ12 (t) and σ22 (t) are the corresponding class variances. 
When crack pixels account for a small proportion of an image, or the background contains 
brightness gradients, reflections, and dark stains, the histogram may be dominated by 
background pixels, and the resulting threshold may miss fine cracks.

Threshold prediction is evaluated using root mean square error (RMSE), mean absolute 
percentage error (MAPE), coefficient of determination (R2 ), and a10-index [47]. Lower 
RMSE and MAPE indicate smaller prediction errors; R2  values closer to 1 indicate a better 
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fit; and a10-index is the proportion of samples for which the ratio of predicted to observed 
values falls between 0.9 and 1.1. The four metrics are calculated as follows:

𝑅𝑀𝑆𝐸 = √ 1
𝑁

𝑁
∑
𝑖=1

( ˆ𝑦𝑖 − 𝑦𝑖)
2 (18)

𝑀𝐴𝑃𝐸 =
1
𝑁

𝑁
∑
𝑖=1

|
ˆ𝑦𝑖 − 𝑦𝑖
𝑦𝑖

| × 100% (19)

𝑅2 = 1 −

𝑁
∑
𝑖=1

( ˆ𝑦𝑖 − 𝑦𝑖)
2

𝑁
∑
𝑖=1

(𝑦𝑖 − 𝑦)2
(20)

𝑎10 =
𝑚10
𝑁 (21)

where N is the number of samples; ŷi and yi are the predicted and manually reviewed 
thresholds for record i, respectively; ȳ is the mean observed threshold; and m10 is the 
number of samples satisfying 0.9 ≤ ŷi /yi ≤ 1.1. All four metrics are calculated separately 
for the training and test sets.

5.2. Construction of Hybrid Models
Eight intelligent optimization algorithms are used separately to optimize the DELM 

regularization coefficient and ELM-AE stacking depth, thereby establishing a nonlinear 
mapping between the five grayscale statistical features and manually reviewed thresholds. 
All models use the same data split, parameter search ranges, and fitness function. Hy-
perparameters are selected using five-fold cross-validation within the training set. The 
independent test set is reserved for final evaluation and is not used for training or parameter 
optimization. Figure 9 shows the procedure.

 

Figure 9. DELM threshold prediction workflow driven by eight optimization algorithms.

(1) Data splitting. The 800 training records and 200 independent test records established 
in Section 2.2 are retained; the 1000 records are not pooled and split again. Each source 
image and its augmented records remain in the same subset. Five-fold cross-validation 
within the training set groups records by source-image identifier and uses only training 
records to evaluate candidate parameters. Independent test records are excluded from 
fold construction and parameter selection.
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(2) Data scaling. Robust scaling is applied to the five input variables using the training-
data median as the center and the interquartile range as the scale [58]. During five-fold 
cross-validation, scaling parameters are calculated from the current training folds only 
and applied to the corresponding validation fold. After the final model is trained, 
scaling parameters are calculated from the full training set and then applied to the 
independent test set.

(3) Parameter encoding. The regularization coefficient is searched on a logarithmic scale, 
and the number of stacked ELM-AE layers is restricted to integers. After an optimizer 
produces a continuous position, the layer count is rounded to the nearest valid integer, 
and out-of-range values are projected back onto the specified bounds.

(4) Fitness calculation. The fitness of each candidate parameter combination is the mean 
RMSE from five-fold cross-validation. All eight algorithms use the same folds, param-
eter bounds, fitness function, and maximum iteration count. Parameter combinations 
that cannot be trained are assigned a penalty value. Because the algorithms use differ-
ent population sizes, however, their numbers of fitness evaluations are not necessarily 
identical even with the same iteration count. Differences in computational budgets 
arising from population size should therefore also be considered when comparing 
prediction errors.

For a candidate (C, L), the hyperparameter-search cost is the mean validation RMSE 
across the five training-set folds:

𝑓 (𝐶, 𝐿) =
1
5

5
∑
𝑣=1

√
1
𝑛𝑣

∑
𝑖∈𝑉𝑣

( ˆ𝑦(−𝑣)
𝑖 (𝐶, 𝐿) − 𝑦𝑖)

2
(22)

Here Vv  is validation fold v, nv  is its record count, and ŷi (−v) (C,L) is the prediction for 
record i from a DELM fitted to the other four folds. Lower values of f(C,L) are preferred. 
The 200 independent test records do not enter this cost; the test-set RMSE, MAPE, R2 , and 
a10-index are reported only after parameter selection and refitting on all 800 training records.

(5) Model training. After the best population size and parameters are determined for 
each algorithm, the corresponding DELM is rebuilt using all training records, and the 
training and test metrics are calculated separately.

All eight optimizers were run on the same computing platform in MATLAB R2024b, 
using the same data partition, five-fold cross-validation objective, hyperparameter bounds, 
and maximum iteration limit. Population size was selected using the common procedure in 
Section 5.3. The resulting DELM models were compared using prediction metrics on the 
common training and test sets.

5.3. Population Size and Parameter Optimization Results
Population size is an important factor affecting the search performance of intelligent 

optimization algorithms. To determine an appropriate size for each algorithm, candidate 
population sizes are compared within a common range, and the final value is selected using 
five-fold cross-validation RMSE. Candidate sizes increase from 10 to 150 in steps of 10, with 
two additional sizes of 200 and 250. Five-fold validation RMSE is calculated for each size 
under a fixed iteration count. The results are shown in Figure 10.

As shown in Figure 10, the validation RMSE of most algorithms initially decreases 
and then tends to stabilize as population size increases. Population size therefore affects 
hyperparameter search, but its benefit does not increase indefinitely. The selected population 
sizes for GWO, WOA, SOA, SSA, ACO, ABC, BA, and WOO are 70, 60, 80, 50, 30, 70, 20, 
and 50, respectively. These sizes are used in subsequent hyperparameter searches and 
performance comparisons of the optimized DELM models.
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Figure 10. RMSE from five-fold cross-validation under eight optimization algorithms: (a) WOO-
DELM; (b) GWO-DELM; (c) WOA-DELM; (d) SOA-DELM; (e) SSA-DELM; (f) ACO-DELM; (g) ABC-
DELM; (h) BA-DELM.

The selected WOO-DELM has five inputs, three sigmoid ELM-AE layers containing 64, 
32, and 16 nodes, and one linear threshold output, with C = 100 and L = 3. C is searched 
from 0.001 to 1000 on a base-10 logarithmic scale, and integer L is selected from 1 to 4, using 
the first L widths from 64, 32, 16, and 8. Input weights and biases are sampled from U(−1,1). 
Base seed 2024 defines a fixed random-parameter bank within each search, while output 
weights are fitted on the current training fold. The original WOO search uses 50 individuals 
and at most 500 iterations. Five-fold partitions are grouped by source image, and scaling 
parameters are fitted within each training fold.

An equal-budget comparison of WOO, grid search, and random search [59] uses 
1000 five-fold fitness calls per method. The grid combines 250 logarithmically spaced C 
values with four L values; random search samples the same log-C interval and integer L 
set. Twenty independent runs use seeds 1001–1020. Within each run, the folds and DELM 
random-parameter bank are shared across the three methods, and initialization calls count 
toward the budget. Test RMSE is summarized by its mean and standard deviation across 
runs, together with search duration.
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Table 1 reports the mean and sample standard deviation of test RMSE and search 
time over 20 independent runs. Search time covers the complete hyperparameter search, 
including initialization and all five-fold fitness calculations, but excludes detector training 
and final refitting on all 800 training records. The three methods use the same timing 
boundaries and computing environment. In each run, the selected model is refitted before 
the test RMSE is calculated. The test set is used only for final evaluation and does not guide 
parameter selection. In this comparison, WOO has the lowest mean test RMSE, whereas 
grid search has the shortest mean search time.

Table 1. Equal-budget comparison of three hyperparameter search methods over 20 independent runs. 
Values are means ± sample standard deviations. Each run performs 1000 five-fold fitness evaluations.

Search Method Fitness Evaluations Test RMSE Search Time (s)

WOO 1000 0.0217 ± 0.0011 134.6 ± 8.7
Grid search 1000 0.0220 ± 0.0010 126.8 ± 7.9

Random search 1000 0.0224 ± 0.0013 129.4 ± 8.2

5.4. Comparison of Threshold Prediction Performance
The RMSE, MAPE, R2 , and a10-index values in this section quantify the accuracy of 

threshold prediction from the annotated-box features in the threshold dataset. The final 
crack segmentation is further evaluated at the pixel level in Section 5.5 using IoU, precision, 
recall, and Dice/F1. Together with the detector evaluation in Section 4, these results describe 
performance at the localization, threshold-prediction, and final segmentation stages.

Figure 11 compares the manually reviewed and predicted thresholds of 12 methods 
on the training and test sets. Scatter points closer to the y = x reference line indicate 
smaller prediction errors. WOO-DELM achieves an RMSE of 0.017, a MAPE of 3.27%, 
an R2  of 0.968, and an a10-index of 0.968 on the training set. The corresponding test-set 
metrics are 0.021, 3.88%, 0.954, and 0.945. The training and test results are relatively close, 
indicating good threshold prediction on the current dataset without a marked imbalance 
in performance between the two sets. In contrast, Otsu’s method, RF, and BP show more 
pronounced prediction deviations over some threshold intervals, whereas the scatter points 
from optimized DELM models generally lie closer to the ideal reference line. Compared 
with DELM without hyperparameter optimization, optimized DELM models yield lower 
prediction errors, suggesting that hyperparameter optimization improves their ability to fit 
the nonlinear relationship between grayscale statistics and segmentation thresholds.

Figure 12 summarizes relative threshold-prediction performance using an equally 
weighted composite score. Let E(m,d,q) denote metric q for model m on dataset d, where d 
is the training or test set. For each dataset and metric separately, E(min,d,q) and E(max,d,q) 
denote the minimum and maximum across the 12 comparison models. These quantities are 
written with subscripts in Equations (23)–(25). For the two error metrics, the normalized 
score is

𝑠𝑚,𝑑,𝑞 =
𝐸max,𝑑,𝑞 − 𝐸𝑚,𝑑,𝑞

𝐸max,𝑑,𝑞 − 𝐸min,𝑑,𝑞
, 𝑞 ∈ {RMSE, MAPE} (23)

For the two agreement metrics, the normalized score is

𝑠𝑚,𝑑,𝑞 =
𝐸𝑚,𝑑,𝑞 − 𝐸min,𝑑,𝑞

𝐸max,𝑑,𝑞 − 𝐸min,𝑑,𝑞
, 𝑞 ∈ {𝑅2, a10} (24)

The composite score is the sum of the four normalized metrics on each of the 
two datasets:

𝑄𝑚 = ∑
𝑑∈{train,test}

∑
𝑞∈{RMSE,MAPE,𝑅2,a10}

𝑠𝑚,𝑑,𝑞 (25)
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Figure 11. Comparison of observed and predicted thresholds on the training and test sets: (a) Otsu’s 
method; (b) WOO-DELM; (c) GWO-DELM; (d) WOA-DELM; (e) SOA-DELM; (f) SSA-DELM; 
(g) ACO-DELM; (h) ABC-DELM; (i) BA-DELM; (j) DELM; (k) RF; (l) BP.

Each component lies between 0 and 1, so the eight equally weighted components give 
a score between 0 and 8. Figure 12 reports 8.00 for WOO-DELM, 7.53 for WOA-DELM, and 
0.00 for Otsu’s method. These values depend on the comparison models and the extrema 
used for normalization. A score of 8.00 means that a model has the most favorable reported 
values in these eight columns; it is not a 100% segmentation accuracy. The score includes 
training performance and is interpreted together with the separate held-out threshold 
metrics in Figure 11. It is not an absolute measure of pixel-level segmentation accuracy or 
performance in other tunnels.
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Figure 12. Relative composite threshold-prediction scores for 12 models, with equal weights for four 
metrics on each of the training and test sets.

A paired comparison is performed on the same 200 independent threshold test images 
to quantify the effect of replacing manually annotated regions with detected regions. In 
Case A, AGIF, AGIB, SDIF, SDIB, and EDIR are calculated from manually annotated boxes; in 
Case B, the same features are calculated from Faster R-CNN-predicted boxes. Overlapping 
boxes are merged, predicted coordinates are mapped back to the original image, and the 
foreground and background are then defined as in Section 2.2. Both cases use the same 
trained WOO-DELM model, the robust scaler determined from the training data, and the 
manually reviewed reference thresholds. C = 100, L = 3, all fitted weights, and the detector 
settings remain fixed. Neither Faster R-CNN nor DELM is retrained for this comparison.

Table 2 reports the paired threshold-prediction results. With manually annotated 
boxes, RMSE, MAPE, R2 , and a10-index are 0.021, 3.88%, 0.954, and 0.945, respectively. With 
predicted boxes, the corresponding values are 0.023, 4.26%, 0.945, and 0.930. Under these 
paired conditions with the model fixed, RMSE increases by 0.002, quantifying the change 
in threshold prediction caused by changing the source of the bounding boxes.

Table 2. Paired comparison of threshold prediction using manually annotated and detector-predicted 
boxes on the same 200 independent test images, with the trained WOO-DELM model held fixed.

Feature Source RMSE MAPE (%) R2 a10-Index

Case A: annotated boxes 0.021 3.88 0.954 0.945
Case B: predicted boxes 0.023 4.26 0.945 0.930

5.5. Quantitative Evaluation of Crack Segmentation
The final segmentation results of the Faster R-CNN–WOO-DELM framework are eval-

uated in this section. Figure 13 compares the extracted crack traces with the manually 
corrected reference, focusing on crack continuity, fine-branch retention, and background 
interference. Figure 14 reports the image-level means and standard deviations of the seg-
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mentation metrics for Otsu thresholding and for segmentations obtained using thresholds 
predicted by BP, RF, DELM, and eight optimizer–DELM configurations.

Figure 13. Pixel-wise visual comparison of crack segmentation results: (a) input image; (b) manually 
corrected reference; (c) Otsu; (d) BP; (e) DELM; (f) RF; (g) GWO-DELM; (h) WOA-DELM; (i) SOA-
DELM; (j) SSA-DELM; (k) ACO-DELM; (l) ABC-DELM; (m) BA-DELM; and (n) WOO-DELM.

Figure 14. Pixel-level segmentation performance on 30 independent test images: (a) image-level means 
of the metrics; (b) corresponding sample standard deviations. Means are expressed as percentages 
and standard deviations as percentage points.

Thirty independent test images are selected from the independent detector test set 
for pixel-level segmentation evaluation, retaining only one image for each source-image 
identifier. Based on the dominant imaging conditions, the images are divided into three 
nonoverlapping groups: relatively uniform illumination with clear crack contrast; uneven 
illumination or local shadows; and complex or wet textures with low crack contrast. Each 
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group contains 10 images. All 12 methods are evaluated on the same 30 images. The 
reference mask for every evaluated image is individually corrected at the pixel level af-
ter threshold-based initialization. The corrected reference for each image is held fixed 
across methods.

IoU, pixel precision, pixel recall, and Dice/F1 are calculated separately for each image 
using the definitions in Section 4. The reported mean is the unweighted arithmetic mean of 
the 30 image-level values. The standard deviation is the sample standard deviation across 
these images, calculated with a denominator of 29. The three groups describe the composi-
tion of the test subset and are not treated as three independent measurements. Pixel counts 
are not pooled across images before calculating the reported metrics. Figure 14a presents the 
image-level means, and Figure 14b presents the corresponding sample standard deviations. 
Means are expressed as percentages and standard deviations as percentage points.

Figure 13a presents the input tunnel-lining image, Figure 13b presents the reference 
trace, and Figure 13c–n presents the segmentation overlays for the 12 methods. Green 
indicates pixels shared by the predicted and reference masks; orange indicates additional 
pixels, and blue indicates missing pixels relative to the reference mask. The extent of the 
green trace shows how much of the reference crack is retained, while the locations of 
orange and blue pixels reveal background inclusion and local omissions. Otsu thresholding 
produces numerous additional pixels in textured background regions. BP, RF, and DELM 
reduce this interference, but local omissions remain along portions of the crack. The 
optimized DELM models retain more of the main trace, with differences in the preservation 
of fine details and suppression of scattered background pixels. In Figure 13n, WOO-DELM 
follows the reference main crack closely, retains the visible fine branches, and produces few 
additional or missing pixels. These spatial details show the final segmentation behavior 
beyond the location and extent represented by bounding boxes.

As shown in Figure 14, WOO-DELM achieves an IoU of 86.48 ± 5.19%, pixel precision 
of 93.18 ± 3.65%, pixel recall of 92.22 ± 3.49%, and Dice/F1 of 92.66 ± 3.09% across the 
30 test images. Figure 13 further illustrates these image-level statistics through spatial 
comparisons of a representative image.

Among the other optimized DELM methods, BA-DELM achieves an IoU of
80.46 ± 3.67% and Dice/F1 of 89.13 ± 2.25%. WOO-DELM exceeds these mean IoU and 
Dice/F1 values by 6.02 and 3.53 percentage points, respectively. WOO-DELM has the high-
est mean scores and the largest standard deviations, indicating greater variation across the 
evaluated images.

In the automated workflow, the final binary crack map is produced from detector-
defined regions through grayscale feature extraction, threshold prediction, binarization, 
and post-processing. Evaluation of the final crack pixels therefore reflects the combined 
effects of these stages, including the influence of the initial localization on the subsequent 
segmentation. The detector assessment in Section 4 and the final pixel assessment ad-
dress successive stages of the same workflow, with the final segmentation serving as the 
application output.

6. Sensitivity Analysis
Random balance design–Fourier amplitude sensitivity testing (RBD-FAST) is used 

to evaluate the relative influence of the five grayscale features on the fitted WOO-DELM 
threshold predictor [60,61]. The analysis uses 1024 samples per run and 20 independent 
random permutations, with the trained model parameters fixed; the reported first-order 
indices are the means of the 20 calculations. For 8-bit images, the sampling ranges are 0–255 
for AGIF, AGIB, and EDIR and 0–127.5 for SDIF and SDIB. Division by the respective upper 
bounds expresses the sampling domain on a 0–1 scale; sampled features are converted 
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to model inputs using the training-derived robust scaler in Section 5.2. The first-order 
sensitivity index is calculated using Equation (26):

𝑆𝑖 =
𝑎2

𝑖 + 𝑏2
𝑖

𝑛
∑
𝑘=1

(𝑎2
𝑘 + 𝑏2

𝑘)
(26)

where Si  is the first-order sensitivity index of input variable i, and ai and bi are the Fourier 
cosine and sine coefficients at the corresponding frequency. The numerator represents 
output variance attributable to the variable, and the denominator is the total variance of 
the frequency components considered. Figure 15 reports the mean first-order sensitivity 
indices from 20 random permutations.

Figure 15. RBD-FAST sensitivity indices of five image statistical features.

The analysis considers the inputs independently within the specified sampling ranges. 
Under this assumption, the first-order indices compare the contributions of individual 
features to variation in the predicted threshold and provide a relative feature-influence 
ranking for the fitted model under the stated sampling conditions.

Figure 15 gives first-order indices of 0.412, 0.221, 0.169, 0.113, and 0.082 for SDIF, SDIB, 
EDIR, AGIF, and AGIB, respectively. SDIF has the greatest influence under the specified 
analysis conditions, followed by SDIB. This result complements the observed correlation 
of approximately 0.74 between SDIF and the reviewed reference threshold in Figure 3 and 
supports the relevance of grayscale dispersion to threshold prediction.

7. Limitations
The model was trained and evaluated using an existing tunnel lining crack dataset 

and its augmented images. Although the source images were collected from actual tunnel 
environments, the reported performance is limited to the current dataset, and generalization 
across different tunnels and imaging conditions has not yet been independently verified. 
Differences in lining materials, seepage conditions, ancillary facilities, curved-surface per-
spective, camera distortion, and motion blur may affect the distributions of detection boxes 
and grayscale statistical features. Further validation using images from different tunnels 
and inspection conditions is therefore necessary.
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In addition, although pixel-level segmentation was quantitatively evaluated using 
30 independent test images, a systematic assessment across the complete test set using 
independent pixel-level annotations has not yet been performed. The current results support 
the effectiveness of the proposed framework in threshold prediction and crack segmentation 
under the investigated conditions, while its performance in more complex engineering 
environments requires further validation.

Furthermore, manually reviewed thresholds are used as supervised learning labels. 
Threshold selection considers crack connectivity, retention of fine branches, and background 
suppression, but annotators may differ in their tolerance of fine branches and background 
noise. For low-contrast cracks or complex textured backgrounds, different thresholds may 
yield similar segmentation results, so a manually determined reference threshold is not 
necessarily uniquely optimal. Future work could incorporate inter-annotator agreement 
analysis, independent pixel-level reference annotations, and objective segmentation criteria 
to improve the reliability of reference thresholds.

8. Conclusions
To address the insufficient integration of crack localization and adaptive segmentation 

in tunnel linings under complex background conditions, this study developed an integrated 
Faster R-CNN-WOO-DELM framework and examined crack detection, threshold prediction, 
and final segmentation behavior through model comparisons and sensitivity analysis. The 
main conclusions are as follows.

(1) Faster R-CNN effectively locates candidate crack regions, providing a basis for subse-
quent grayscale feature extraction and adaptive threshold prediction. At a confidence 
threshold of 0.45, precision and recall are 79.2% and 93.1%, respectively, with an F1 
score of approximately 0.856 and an AP of 0.874. The method retains most crack targets, 
although some low-contrast cracks and regions with complex backgrounds remain 
subject to missed and false detections.

(2) WOO-DELM predicts the manually reviewed thresholds from annotated-box features, 
achieving an RMSE of 0.021, a MAPE of 3.88%, an R2  of 0.954, and an a10-index of 
0.945 on the held-out threshold test set. Across 30 independent test images, WOO-
DELM achieves image-level IoU, precision, recall, and Dice/F1 values of 86.48 ± 5.19%, 
93.18 ± 3.65%, 92.22 ± 3.49%, and 92.66 ± 3.09%, respectively, expressed as means ±
sample standard deviations. These results support the use of WOO-DELM for adaptive 
threshold prediction and crack extraction.

(3) RBD-FAST gives first-order sensitivity indices of 0.412, 0.221, 0.169, 0.113, and 0.082 
for SDIF, SDIB, EDIR, AGIF, and AGIB, respectively. Under the specified sampling 
conditions and independent-input assumption, SDIF has the greatest influence on the 
fitted model’s predicted threshold, followed by SDIB. These results help explain the 
role of regional grayscale dispersion in adaptive threshold prediction.
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