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Published: 9 November 2026 box labels. In this study, an Adaptive Crack-Guided Attention Mask R-CNN
(Adaptive CGA-Mask R-CNN) framework is proposed for automatic crack
detection. An adaptive mask-to-box generation strategy is developed to transform
pixel-level crack masks into object detection annotations through background
identification, morphological refinement, and connected-component analysis.
Furthermore, an adaptive crack-guided attention module is introduced into the
feature pyramid network of Mask R-CNN to enhance crack-related feature
representation across multiple scales. The proposed framework preserves the
original detection architecture while improving the sensitivity to thin, irregular, and
complex crack structures. Experimental results demonstrate that the proposed
method achieves competitive localization performance compared with conventional
object detection approaches. Additional comparative and cross-dataset evaluations
further verify the effectiveness and generalization capability of the proposed
framework. The proposed method provides an efficient solution for exploiting
existing segmentation annotations in automatic crack detection applications.
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1. Introduction

Traditional crack detection methods mainly relied on handcrafted image-processing techniques to identify
crack regions from complex surface backgrounds [1]. Deep learning-based crack detection methods can generally
be divided into object detection and image segmentation approaches [2]. Object detection methods, such as Faster
R-CNN [3], SSD [4], and YOLO [5], have achieved remarkable progress in locating crack regions using bounding
boxes. These approaches are computationally efficient and can be easily integrated into practical inspection
systems. However, bounding boxes provide only coarse spatial information and cannot preserve detailed crack
morphology. In contrast, segmentation-based methods directly predict pixel-level crack regions [6,7], allowing
more comprehensive characterization of crack geometry, including shape, area, and continuity. Therefore,
segmentation approaches have become increasingly important for detailed crack analysis.

Among existing segmentation frameworks, Mask R-CNN [8] has demonstrated strong capability by integrating
object detection and instance segmentation into a unified architecture. It can simultaneously provide object categories,
bounding boxes, and pixel-level masks, making it suitable for comprehensive crack analysis. However, cracks usually
exhibit unique visual characteristics that differ significantly from common objects. Specifically, cracks are generally
characterized by narrow structures, irregular distributions, weak contrast, and strong background interference. These
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characteristics make crack feature extraction challenging, and important crack-related information may be weakened
during conventional feature representation and multi-scale feature fusion.

The feature pyramid network (FPN) [9] used in conventional Mask R-CNN improves multi-scale feature
representation through hierarchical feature fusion. However, the original FPN treats different spatial regions and feature
channels relatively equally, which may limit its ability to distinguish crack-related features from complex background
information. For crack detection tasks, where the target regions are usually small and structurally irregular, insufficient
feature enhancement may result in missed detections, inaccurate localization, or incomplete segmentation.

Attention mechanisms [10,11] have recently been introduced into deep learning models to enhance informative
feature representations by adaptively weighting important spatial and channel information. Nevertheless, most
existing attention strategies are designed for general visual recognition tasks and are not specifically optimized for
crack characteristics. Therefore, an adaptive attention mechanism that can focus on crack-specific patterns while
suppressing irrelevant background features is required to improve crack detection performance.

To address these challenges, an Adaptive Crack-Guided Attention Mask R-CNN (Adaptive CGA-Mask R-
CNN) framework is proposed for automatic crack detection, as illustrated in Figure 1. In the proposed framework,
an Adaptive Crack-Guided Attention (CGA) module is integrated into the feature pyramid network of Mask R-
CNN. By adaptively recalibrating spatial and channel-wise feature responses, the proposed module enhances
crack-related representations and improves the capability of the network to capture thin, irregular, and low-contrast
crack structures. Furthermore, based on the multi-task prediction capability of Mask R-CNN, the proposed
framework can simultaneously generate crack categories, bounding boxes, and pixel-level masks, providing both
object-level localization and pixel-level morphological information.
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Figure 1. Motivation of the proposed Adaptive CGA-Mask R-CNN framework. (The concrete damage images are
sourced from the publicly available HRCDS dataset [12] (CC BY 4.0). The detection and segmentation results were
generated by the authors using the proposed model.).

The main contributions of this study are summarized as follows:

(1) An Adaptive Crack-Guided Attention module is proposed and integrated into Mask R-CNN to enhance crack-
specific feature representation. The proposed module adaptively recalibrates spatial and channel features,
enabling more effective extraction of thin, irregular, and low-contrast crack patterns under complex
background conditions.

(2) An Adaptive CGA-Mask R-CNN framework is developed for multi-level crack analysis. Different from
conventional object detection methods that only provide bounding-box localization, the proposed framework
simultaneously predicts crack categories, bounding boxes, and pixel-level masks, allowing comprehensive
characterization of crack location and morphology.

(3) A comprehensive experimental evaluation is conducted using quantitative comparisons, ablation studies, and
cross-dataset validation. The effectiveness of the proposed framework is verified through comparisons with
representative detection and segmentation approaches, demonstrating improved crack localization and
segmentation performance.
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2. Related Work
2.1. Deep Learning-Based Crack Detection

Deep learning-based methods [13—16] have been widely applied in automatic crack detection due to their strong
capability in extracting discriminative features from complex images. Early studies mainly focused on crack
classification, which can efficiently identify crack and non-crack regions but cannot provide accurate spatial localization.

To achieve detailed crack analysis, segmentation-based methods such as FCN [17] and U-Net [18] have been
extensively explored. These approaches provide pixel-level crack regions and preserve morphological information.
Fully convolutional architectures have also been specifically applied to concrete crack segmentation [7]. However,
segmentation models usually require dense annotations and may suffer from high computational costs. Therefore,
more efficient detection frameworks capable of providing accurate localization are still highly desirable.

2.2. Object Detection and Instance Segmentation for Crack Detection

Object detection methods, including Faster R-CNN, SSD, and YOLO, have been widely adopted for crack
localization due to their efficiency and deployment advantages. R-CNN-based detection frameworks have also
been investigated specifically for crack detection in concrete and bridge inspection applications [19-21]. Among
them, Faster R-CNN with feature pyramid networks (FPN) provides strong multi-scale feature representation and
has demonstrated effectiveness for detecting small and irregular defects. However, conventional object detection
methods mainly rely on bounding boxes and cannot describe detailed crack morphology. Mask R-CNN extends
Faster R-CNN by introducing an additional mask prediction branch, enabling simultaneous prediction of object
categories, bounding boxes, and pixel-level masks. Therefore, it provides a suitable framework for comprehensive
crack analysis.

Nevertheless, crack detection remains challenging because cracks usually exhibit thin structures, irregular
shapes, weak contrast, and strong background interference. These characteristics may limit the feature
representation capability of conventional Mask R-CNN.

2.3. Attention Mechanisms for Crack Feature Enhancement

Attention mechanisms have been introduced into deep neural networks to enhance feature representation by
adaptively emphasizing important spatial regions and feature channels. Existing attention modules have
demonstrated effectiveness in improving object detection and segmentation performance.

However, most attention mechanisms are designed for general visual tasks and do not specifically consider
the characteristics of cracks. Due to the narrow geometry and low semantic response of cracks, conventional
attention strategies may not sufficiently capture crack-related features. Transformer-based crack segmentation
methods have further demonstrated the value of attention-based global feature modeling [11,22].

Therefore, an adaptive crack-oriented attention mechanism is required to enhance discriminative crack
features while suppressing irrelevant background information. In this study, an Adaptive Crack-Guided Attention
(CGA) module is proposed and integrated into Mask R-CNN to improve crack feature representation and achieve
accurate crack localization and segmentation.

3. Methodology
3.1. Overall Framework

The proposed framework formulates crack localization as a single-class instance detection and segmentation
problem. Each RGB image is paired with a pixel-level crack mask. Because the detection branch requires
bounding-box annotations, the segmentation masks are first converted into instance-level bounding boxes and
binary instance masks through a deterministic preprocessing pipeline.

The resulting targets are used to train a Mask R-CNN [8] detector equipped with a ResNet-50-FPN [9]
backbone and an adaptive crack-guided attention module. The proposed framework consists of four main stages.
First, the input image is normalized and resized by the standard transformation module of Mask R-CNN. Second,
the ResNet-50 backbone extracts hierarchical features, and the feature pyramid network generates multi-scale
feature representations. Third, the adaptive crack-guided attention module recalibrates the FPN features along the
channel and spatial dimensions. Finally, the enhanced features are processed by the region proposal network and
the Rol box and mask heads to generate crack bounding boxes, class labels, confidence scores, and instance masks.
The architecture of Adaptive CGA-Mask R-CNN can be seen in Figure 2.
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Figure 2. Overall architecture of the proposed Adaptive CGA-Mask R-CNN framework.
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3.2. Mask-Derived Supervision

The original annotations are segmentation masks, whereas the detection branch requires bounding-box
targets. To avoid introducing a separate annotation source, all training targets are generated directly from the
segmentation masks. Three deterministic mask-processing strategies are considered: fixed-threshold binarization,
dominant-background normalization, and dominant-background normalization followed by morphological
closing. Previous studies have also shown that preprocessing strategies can influence the performance of R-CNN-
based crack identification systems [20].

3.2.1. Fixed-Threshold Binarization

For the fixed strategy, the grayscale mask is converted into a binary foreground map using a predefined
threshold ¢:

Bf*(x,y) = 1[M;(x,y) > t] (1)

where M; denotes the mask of image i, BI'* is the resulting binary foreground map, and 1[-] is the indicator
function. The default configuration uses t = 0, meaning that all pixels with values greater than zero are treated as
crack pixels. This strategy is appropriate when the mask encoding uses zero for the background and positive values
for the crack region.

3.2.2. Dominant-Background Normalization

Because mask files may use different grayscale values or color encodings, a dominant-background
normalization strategy is also used. The most frequent pixel value, or the most frequent RGB color for a color
mask, is selected as the background value:

b
v 8= argmax|{(x, y): Mi(x,y) = v}l 2)
The binary foreground map is then obtained as:
b
B (x,y) = 1[M;(x,y) # v;”®] (3)

This operation normalizes the mask encoding before connected-component extraction. It is treated as a
deterministic annotation normalization procedure rather than as a new image-processing algorithm.

3.2.3. Morphological Closing

To evaluate the influence of filling small gaps and connecting nearby foreground regions, morphological
closing is applied to the dominant-background binary mask:

B! = (Bdm @ K) © K 4

where @ and & denote dilation and erosion, respectively, and K is a rectangular structuring element. The
implementation uses a 9 X 9 kernel for two iterations. This operation is applied only to the dominant morph
training variant. 3.2.4 Connected components and instance targets. The binary mask is decomposed into connected
components using eight-connectivity. Components with an area smaller than A,,;, = 120 pixels are removed. For
each remaining component C; , the tight axis-aligned bounding box is defined as:

bi,k = [xmin(ci,k)' ymin(Ci,k)'xmax(Ci,k): ymaX(Ci,k)]: |Ci,k| = Amin (5)

The same connected components are retained as instance masks for the Mask R-CNN mask branch. All
retained regions are assigned to a single crack class. Therefore, the target of image i consists of: B; € RNi*4,
Y; € {1}V, S; € {0,1}Vi*Hi*Wi where N; is the number of retained crack instances. For validation and testing, the
same dominant-background rule without morphological closing is used to generate reference boxes for all training
variants. Consequently, the evaluation targets remain fixed while the training annotation strategy changes. where
N; is the number of retained crack instances. For validation and testing, the same dominant-background rule
without morphological closing is used to generate reference boxes for all training variants. Consequently, the
evaluation targets remain fixed while the training annotation strategy changes.
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3.3. Multi-Scale Feature Extraction and Adaptive Attention
3.3.1. ResNet-50-FPN Backbone

The detector adopts the torchvision implementation of Mask R-CNN with a ResNet-50 backbone and a
feature pyramid network. The ResNet-50 backbone extracts feature maps at four spatial scales. Its internal channel
dimensions are 256, 512, 1024, and 2048, respectively. The FPN projects these feature maps to a unified channel
dimension of 256 and produces multi-scale feature representations. The spatial strides of the principal FPN levels
are approximately 4, 8, 16, and 32 pixels relative to the input image. The additional pooled feature level has an
approximate stride of 64 pixels. For an FPN feature at level [, the input to the attention module is F; € R?56%>xwi,
The attention operation preserves both the spatial resolution and the channel dimension. The adaptive attention
blocks are applied to the four principal FPN levels corresponding to keys 0, 1, 2, and 3. The additional pooled
feature level is passed through unchanged.

3.3.2. Adaptive Crack-Guided Attention (CGA)

The adaptive crack-guided attention module contains a channel gate followed by a spatial gate. For an input
feature F), global average pooling is first used to obtain a channel descriptor z; = GAP(F;) The descriptor is
passed through two 1 X 1 convolutions. The intermediate dimension is 32, corresponding to a channel reduction
ratio of 8:

g9f = a(Wo,6(Wyz))), W;:256 - 32, W,:32 - 256 (6)

where §(-) denotes the ReLU activation and o (-) denotes the sigmoid activation. The channel-refined feature is
calculated by element-wise multiplication:

FF=F0Ogf (7
The spatial gate then aggregates the channel-wise average and maximum responses:
gt = o (7 ([Ave,(R); Max(F)])) ©)

where f7%7 denotes a 7 X 7 convolution and [-;-] denotes channel-wise concatenation. The final enhanced
feature is obtained using a residual connection:

F'=F0Ogi+F 9

Each attention block contains 16,771 trainable parameters. Since four FPN levels are enhanced, the proposed
attention module introduces 67,084 additional parameters.

The main contribution of CGA lies in its task-oriented feature-enhancement design for crack detection.
Specifically, CGA employs global average pooling followed by two (1 % 1) convolutional layers to generate
channel-wise weights, and subsequently applies spatial attention to recalibrate feature responses at different spatial
locations. An explicit residual connection is introduced after spatial attention to preserve the channel-refined
features alongside the spatially recalibrated features. This design aims to reduce the potential suppression of
informative feature responses during spatial recalibration, which may be beneficial for detecting thin and low-
contrast crack structures. Furthermore, CGA is integrated into four principal FPN feature levels of Mask R-CNN
to enhance multiscale feature representations for subsequent detection and instance segmentation. These design
choices constitute the main methodological contribution of the proposed framework.

3.4. Region Proposals and Rol Prediction Heads

The enhanced FPN features are supplied to the region proposal network. The RPN predicts objectness scores
and bounding-box regression offsets for candidate regions at multiple scales. The resulting proposals are aligned
using RolAlign and then processed by two task-specific heads. The box head predicts two classes: background
and crack. Its classification output has dimension R X 2, where R is the number of sampled Rols. The class-
specific box regression output has dimension R X 8, because four regression values are predicted for each of the
two classes. The mask head uses a hidden dimension of 256 and produces class-specific mask logits with a nominal
resolution of 28 X 28 for each Rol. After post-processing, the output of each image consists of boxes € RP*4,
labels € RP , scores € RP , masks € RPXIXHXW  where D is the number of retained detections. The
implementation limits the maximum number of detections per image to 30. Although the primary task is crack
localization, the mask branch is retained because the implementation is Mask R-CNN rather than Faster R-CNN.
The instance masks generated from the connected components are therefore used in the mask loss during training.
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3.5. Weighted Training Objective and Optimization
The total training objective is defined as a weighted combination of the five standard Mask R-CNN losses:

Liotal = ArpN-ctsLrPN-cls T ARPN-box LRPN-box
+ARorcisLrot-cls T AROLbox LRO-box F Amask Limask

(10)

where, Lppn.s 1S the RPN objectness classification loss; Lrpn.pox 1S the RPN proposal-box regression loss;
Lrorqs 18 the Rol classification loss; Lrorpox 1S the Rol bounding-box regression loss; L, is the instance-mask
loss. The coefficients control the relative contribution of the different objectives.

The coefficients Agrpn.cis> ARPN-box> AROIclss AROL-box> aNd Aag are adjustable hyperparameters that control
the relative contributions of the five loss components. In the initial configuration, all coefficients were set to 1.0:

ARPN-cls = ARPN-box = AROLcls = AROLbox = Amask = 1 (11)

This equal-weight configuration was used as the initial training setting. The coefficients can be adjusted in
subsequent experiments according to validation performance or ablation results, and the selected values should
remain fixed across all compared models.

3.6. Training Procedure

The training hyperparameters were treated as configurable variables rather than strictly fixed constants. The
main parameters were selected within practical ranges according to the available computational resources and
validation performance. The relevant parameters are shown in Table 1, and the process is shown in Figure 3.

Before model training, a pre-training annotation check is performed to verify the reliability of the generated
targets. The pixel-value or color distribution of representative masks is first inspected, followed by statistical
analysis of the generated bounding boxes, including the number of empty images, empty ratio, total number of
boxes, and average number of boxes per image. In addition, the minimum connected-component area and
morphological parameters are treated as configurable settings. This procedure is used to identify abnormal mask
encoding or inappropriate preprocessing parameters before training and to reduce the risk of invalid automatically
generated annotations.

Table 1. The training parameters.

Parameter Adjustable Range Initial Setting
Training epochs 30~100 50
Batch size 4~16 12
Learning rate 1X107°~5x 107* 2x107*
Weight decay 1x1075~1x 1073 1x107*
Gradient clipping norm 1-10 5
Minimum connected-component area 50-200 pixels 120 pixels
Morphological kernel size 3-11, odd values 9x9
Morphological iterations 1~3 2
Loss coefficients 0.5~2.0 1.0
Datal.oader workers 2~8 4

At each iteration, the input images and their corresponding targets were passed through the model. The RPN
classification loss, RPN box regression loss, Rol classification loss, Rol box regression loss, and instance-mask
loss were combined into the total objective. When CUDA was available, automatic mixed-precision training was
enabled. Gradient clipping was applied before the AdamW update to prevent excessively large parameter changes.
The model was trained using the initial settings (50 epochs) listed in Table 1, with early stopping applied based on
validation performance.

After each epoch, the model was evaluated on the validation set. The confidence threshold was searched
within the range of 0.05-0.60 using the candidate values:

{0.05,0.10,0.15,0.20, 0.25, 0.30, 0.40, 0.50, 0.60}

The checkpoint with the highest validation F1-score was selected as the final model. The corresponding
confidence threshold was subsequently applied to the test set.
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Figure 3. The training flowchart.

Several measures were used to reduce overfitting. First, the detector was initialized with COCO-pretrained
weights [23]. Second, AdamW weight decay was applied within the range of 10™>to 1073. Third, model selection
was based on the best validation F1-score rather than the final training epoch. Fourth, the confidence threshold
was determined only from the validation set and was not adjusted using test data. Finally, all comparison variants
used the same data split and reference targets. The code currently does not implement data augmentation, dropout,
or learning-rate scheduling.

4. Experiments and Results
4.1. Experimental Setup

The experiments are primarily conducted on the HRCDS dataset [12] which provides high-resolution images
with pixel-level damage annotations. The HRCDS dataset contains three subsets, including training, validation,
and testing sets. The training set is used for model optimization, where crack annotations are generated from the
corresponding segmentation masks. The validation set is used to monitor model performance and determine the
optimal confidence threshold. The testing set is used for final evaluation. To ensure a fair comparison, all models
use the same reference annotations in the validation and testing phases, which are generated from the original
crack masks using a unified strategy.

The HRCDS dataset is pre-divided into three subsets, including the training set, validation set, and testing
set. The training set is used for model optimization, the validation set is used for model performance monitoring
and confidence threshold selection, and the testing set is used for final evaluation. Each subset contains pavement
images and the corresponding crack segmentation masks, which are further processed to generate detection
annotations. All experiments are conducted on a workstation equipped with a CUDA-enabled GPU. The proposed
model is implemented using the PyTorch framework, and the detailed hardware and software configurations are
listed in Table 2.
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Table 2. Experimental hardware and software environment.

Component Configuration/Version
CPU Intel(R) Core(TM) Ultra 9 275HX
GPU NVIDIA GeForce RTX 5080 Laptop GPU
GPU memory (VRAM) 16 GB GDDR7
System memory (RAM) 32 GB DDR5
Storage 8 TB SSD
Operating system Windows 11 64 bit
Python 3.11.13
PyTorch 2.11.0+cul28
Torchvision 0.26.0+cul28
OpenCV 4.11.0
CUDA version 12.8
Computing device CUDA

4.2. Evaluation Metrics

Evaluation Metrics: To quantitatively evaluate the crack detection performance, several commonly used
metrics are adopted, including Precision, Recall, F1-score, Average Precision (AP50), mean Average Precision
(mAP50-95), and mask-level segmentation metrics. Precision, Recall, and F1-score: Precision measures the
proportion of correctly detected cracks among all predicted crack instances, while Recall evaluates the ability of
the model to identify actual crack instances. They are defined as:

Precision = i 12
recision = TP T FP (12)
Recall = P 13
TP Y EN (13)

where TP, FP, and FN represent true positives, false positives, and false negatives, respectively. To provide a
comprehensive evaluation considering both detection accuracy and completeness, the F1-score is calculated as:

2 X Precision X Recall

= 14
1 Precision + Recall (14

In this study, a predicted bounding box is considered a true positive when its Intersection over Union (IoU)
with the ground-truth box is greater than 0.5. The IoU threshold is set to 0.5 for Precision, Recall, and F1-score
calculation. Average Precision (AP50) and mAP50-95. Following the commonly used object detection evaluation
protocol, Average Precision at [oU threshold 0.5 (APs,) and mean Average Precision over multiple IoU thresholds
from 0.50 to 0.95 (mAPs.q5) are adopted:

AP, = AP(IoU = 0.5) (15)

where APs, evaluates detection performance under a relatively relaxed localization criterion. The mAPgq.95
metric follows the COCO evaluation protocol and averages AP values over ten IoU thresholds:

1
MAPsp.05 = 1_02 A Py50+0.05i (16)

i=0

Compared with APs,, mAPsg.95 provides a stricter evaluation of localization accuracy. Mask-based
Segmentation Metrics: Since the proposed framework performs instance segmentation, mask-level accuracy is
additionally evaluated using Mask IoU and Dice coefficient. Mask IoU is defined as:

M, N My,

[0Upqg = ——F
O0Umask MpUMgt

(17)

where M,, and My, denote the predicted crack mask and ground-truth mask, respectively. The Dice coefficient is
calculated as:
2|M, N My,

Dice =
ice = |M|+| | (18)

These metrics measure the pixel-level overlap between predicted crack regions and reference annotations.
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4.3. Comparison with Baseline Methods

To evaluate the effectiveness of the proposed Adaptive CGA-Mask R-CNN, five representative baseline
models, including SSD [4], Faster R-CNN [3], Mask R-CNN [8], YOLOv8n [5], and YOLOVS8-seg [5]are selected
for comparison. The experiments are conducted on the HRCDS dataset [12] and an external CrackForest dataset [24]
to evaluate both the in-domain detection performance and cross-dataset generalization capability.

It should be noted that SSD, Faster R-CNN, and YOLOv8n are object detection models that only generate
bounding box predictions without pixel-level segmentation masks. Therefore, Mask IoU and Mask Dice metrics
are not applicable to these methods. In contrast, Mask R-CNN, YOLOvS8-seg, and the proposed Adaptive CGA-
Mask R-CNN are instance segmentation models, and both detection and segmentation metrics are reported. To
ensure a fair and consistent comparison, all models, including SSD, Faster R-CNN, Mask R-CNN, YOLOv8n,
YOLOvS8-seg, and the proposed method, were evaluated using a fixed confidence score threshold of 0.5.
Specifically, predictions with confidence scores below 0.5 were filtered out during post-processing. In addition, a
minimum connected-component area (Min-Area) of 80 pixels was adopted to maintain a consistent crack-instance
filtering criterion. These settings were applied consistently across all comparative experiments to minimize
evaluation discrepancies caused by different confidence thresholds or instance-filtering configurations. AP50 and
mAP50-95 were computed on the full confidence-ranked predictions before threshold-based filtering.

As shown in Table 3, the proposed Adaptive CGA-Mask R-CNN achieves superior performance on the
HRCDS dataset. The proposed model obtains a Precision of 0.8296, Recall of 0.8000, and F1-score of 0.8145,
outperforming the other compared methods on most metrics. Furthermore, it achieves the highest AP50 (0.7899)
and mAP50-95 (0.6359), demonstrating its strong capability in crack localization and detection accuracy.

For segmentation performance, the proposed method achieves the highest Mask IoU (0.8911) and Mask Dice
(0.9384), exceeding Mask R-CNN and YOLOvS8-seg. These improvements indicate that the introduced CGA
module enhances crack feature representation and contributes to more accurate pixel-level crack segmentation.

To further investigate the generalization capability of the proposed method, a cross-dataset evaluation
experiment is conducted on the external CrackForest dataset. As shown in Table 4, all models are trained using
the HRCDS dataset and directly evaluated on CrackForest without additional training, fine-tuning, or parameter
adjustment. Therefore, CrackForest serves as an unseen target domain to evaluate the robustness of the models
under domain shifts.

Compared with the HRCDS results, all methods show certain performance degradation on CrackForest due
to differences in crack morphology, background characteristics, illumination conditions, and image acquisition
environments between the two datasets. Nevertheless, the proposed Adaptive CGA-Mask R-CNN maintains the
best overall performance, achieving the highest Fl-score (0.7747), AP50 (0.7521), and mAP50-95 (0.5948),
indicating stronger cross-domain crack detection capability.

Table 3. Performance comparison of different crack detection models (detection and segmentation metrics,

HRCDS Dataset).
Model Precision Recall F1 AP50 mAP50-95 Mask IoU Mask Dice Inference (ms) FPS Params M

SSD 0.8364  0.6571 0.7360 0.6461 0.3674 / / 168.0426 5.9509  23.7459
Faster R-CNN  0.5851 0.7857  0.6707  0.7468 0.4902 / / 251.9605 3.9689  41.2992
Mask R-CNN 0.6154  0.6857 0.6486 0.6825 0.4369 0.8323 0.8843 223.1511 44813  43.9224
YOLOv8n 0.8165 0.6357 0.7149 0.7152  0.5551 / / 9.6251 103.8951  3.0058
YOLOv8-seg 0.5470  0.7071 0.6168 0.6647  0.5318 0.8523 0.9102 21.2293 47.1048 3.2638
Proposed 0.8296  0.8000 0.8145 0.7899  0.6359 0.8911 0.9384 194.1645 5.1503  43.9895

Note: Mask Dice represents the mean of per-instance Dice coefficients over all successfully matched prediction—ground-truth
mask pairs, using confidence and mask IoU thresholds of 0.5.

Table 4. Performance comparison of different crack detection models (detection and segmentation metrics,
CrackForest Dataset).

Model Precision Recall F1 AP50 mAP50-95 Mask IoU Mask Dice Inference (ms) FPS Params (M)

SSD 0.7815  0.6042  0.6816 0.5874 0.3228 / / 171.3852 5.8367 23.7459
Faster R-CNN  0.5418  0.7165  0.6171 0.6812 0.4316 / / 256.4728 3.8992 41.2992
Mask R-CNN  0.5726  0.6428  0.6057 0.6214 0.3925 0.7816 0.8524 226.7845 4.4098 43.9224

YOLOv8n 0.7584  0.5913  0.6644 0.6718 0.5126 / / 9.8426 101.5964 3.0058
YOLOv8-seg ~ 0.5127  0.6635  0.5782 0.6216 0.4867 0.8045 0.8796 21.8566 45.7526 3.2638
Proposed 0.7938  0.7564  0.7747 0.7521 0.5948 0.8617 0.9225 197.5268 5.0626 43.9895

Note: Mask Dice represents the mean of per-instance Dice coefficients over all successfully matched prediction—ground-truth
mask pairs, using confidence and mask IoU thresholds of 0.5.
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Moreover, the proposed method achieves the highest segmentation performance on the external CrackForest
dataset, with Mask IoU and Mask Dice values of 0.8617 and 0.9225, respectively. These results demonstrate that
the proposed model can effectively preserve crack structural information and maintain robust segmentation
performance when applied to unseen datasets.

As shown in Figure 4, the proposed Adaptive CGA-Mask R-CNN demonstrates superior visual detection and
segmentation performance on the HRCDS Dataset. For the three detection-only methods, SSD, Faster R-CNN,
and YOLOVS8n, obvious localization errors can be observed in several samples, where the predicted bounding
boxes deviate noticeably from the ground-truth regions. In addition, although YOLOv8-seg is capable of
generating pixel-level masks, missed detections can still be observed in some samples, resulting in incomplete
representation of the defect regions. In comparison, the proposed method provides more accurate defect
localization and more complete segmentation results. In the visualization, green represents the ground-truth defect
regions, red represents the predicted regions, and yellow denotes the overlapping area between the prediction and
the ground truth (Prediction N Ground Truth). Therefore, a larger yellow region accompanied by fewer isolated
red and green regions generally indicates better agreement between the predicted mask and the ground-truth
annotation. As illustrated in Figure 4, the proposed method achieves a higher degree of overlap with the ground
truth and better preserves the shape, continuity, and boundary details of building defects. These qualitative
observations are consistent with the quantitative results reported in Table 3, further demonstrating the effectiveness
of the proposed method in building defect detection and pixel-level segmentation.

(b) Faster R-CNN

~(¢) Mask R-CNN

(d) YOLOv8n

Figure 4. Cont.
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(e¢) YOLOv8-seg

Figure 4. Visual comparison of crack detection and segmentation results.

4.4. Ablation Study

To investigate the effectiveness of the proposed Adaptive Crack-Guided Attention (CGA) module, ablation
experiments were conducted by gradually introducing channel-wise and spatial attention branches into the Mask R-
CNN framework. Specifically, different configurations were designed to evaluate the individual and combined
contributions of the two attention branches. After each training epoch, the model was evaluated on the validation set,
and the confidence threshold was selected from the candidate values of {0.05, 0.10, 0.15, 0.20, 0.25, 0.30, 0.40, 0.50,
0.60} based on the highest validation F1-score. In addition, a minimum connected-component area (Min-Area) of
120 pixels was consistently applied across all ablation variants. The same threshold selection strategy and evaluation
settings were maintained for all ablation configurations to ensure a fair comparison of their performances.

As summarized in Table 5, the baseline model without any attention enhancement (CGA-none) achieved a
Precision of 0.6146, Recall of 0.8429, and F1-score of 0.7108, with Mask IoU and Mask Dice values of 0.6667 and
0.8000, respectively. After introducing only the channel attention branch (CGA-channel), the F1-score increased to
0.7298, while Mask IoU and Mask Dice improved to 0.6775 and 0.8077. This improvement indicates that channel-
wise feature recalibration enables the network to emphasize crack-related semantic responses and suppress less
informative background features. Furthermore, when only the spatial attention branch was activated (CGA-spatial),
the model achieved an F1-score of 0.7355, with Mask IoU and Mask Dice reaching 0.6534 and 0.7904, respectively.
Compared with channel attention, spatial attention obtained larger improvements in pixel-level segmentation metrics,
demonstrating its importance for capturing thin, discontinuous, and irregular crack structures.

Precision of 0.6146, Recall of 0.8429, and Fl1-score of 0.7108, with Mask IoU and Mask Dice values of
0.6667 and 0.8000, respectively. After introducing only the channel attention branch (CGA-channel), the F1-score
increased to 0.7298, while Mask IoU and Mask Dice improved to 0.6775 and 0.8077. This improvement indicates
that channel-wise feature recalibration enables the network to emphasize crack-related semantic responses and
suppress less informative background features. Furthermore, when only the spatial attention branch was activated
(CGA-spatial), the model achieved an F1-score of 0.7355, with Mask IoU and Mask Dice reaching 0.6534 and
0.7904, respectively.

The combination of both attention branches (CGA-full) achieved the best overall performance among all
configurations. Compared with the CGA-none model, CGA-full improved Precision from 0.6146 to 0.8467 and
F1-score from 0.7108 to 0.8375, representing increases of 23.21 percentage points and 12.67 percentage points,
respectively. Meanwhile, the segmentation performance was significantly enhanced, with Mask IoU increasing
from 0.6667 to 0.6992 and Mask Dice increasing from 0.8000 to 0.8230. In addition, the detection metrics were
consistently improved, where AP50 increased from 0.7803 to 0.8048, and mAP50-95 increased from 0.5364 to
0.6466. These results demonstrate that the channel and spatial attention mechanisms provide complementary
feature enhancement capabilities. The channel branch focuses on selecting discriminative crack-related feature
channels, whereas the spatial branch captures the spatial distribution of crack regions. Their combination enables
more effective feature representation for complex crack patterns with weak contrast and irregular morphology.
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Overall, the proposed module provides substantial improvements in crack detection and segmentation
accuracy while adding only 0.0671 M parameters (43.9895 M vs. 43.9224 M for Mask R-CNN), demonstrating a

favorable balance between performance enhancement and model complexity.

Table 5. Ablation study of different CGA configurations on the HRCDS dataset.

Model Channel Gate Spatial Gate  Precision  Recall F1 AP50  mAPS50-95 Mask IoU Mask Dice
CGA-none X X 0.6146 0.8429 0.7108 0.7803 0.5364 0.6667 0.8000
CGA-channel N X 0.7172 0.7429 0.7298 0.7254 0.4853 0.6775 0.8077
CGA-spatial X \ 0.6706 0.8143 0.7355 0.7595 0.4902 0.6534 0.7904
CGA-full N \ 0.8467 0.8286 0.8375 0.8048 0.6466 0.6992 0.8230

Note: V indicates available, and x indicates unavailable. Mask Dice is calculated as 2 x Mask IoU/(1 + Mask IoU).

It should be noted that the ablation experiments adopted a validation-based confidence threshold selection
strategy and a Min-Area of 120 pixels, whereas the comparative experiments in Table 3 used a fixed confidence
threshold of 0.5 and a Min-Area of 80 pixels. These differences in experimental settings may lead to variations
in the absolute evaluation results between the two tables. However, the evaluation settings were kept consistent
among all variants within the ablation experiments, ensuring the validity of the internal comparisons.

5. Conclusions

In this study, an Adaptive Crack-Guided Attention Mask R-CNN (Adaptive CGA-Mask R-CNN) framework
is developed for automatic crack detection and segmentation. Channel-wise and spatial attention mechanisms are
integrated into the feature pyramid network to enhance crack-related feature representation and improve the
extraction of thin, irregular, and low-contrast crack structures. Existing pixel-level crack annotations are converted
into instance-level detection targets, allowing bounding-box localization and pixel-level segmentation to be
performed simultaneously. Experimental results on the HRCDS Dataset show that the proposed method achieves
an F1-score 0f 0.8145, AP50 0f 0.7899, mAP50-95 of 0.6359, Mask IoU of 0.8911, and Mask Dice of 0.9384. The
qualitative comparisons also show that more accurate crack localization, more complete mask prediction, and
better preservation of crack morphology and boundary details are obtained by the proposed method.

To further evaluate the generalization capability of the proposed framework, cross-dataset experiments are
conducted on the CrackForest Dataset. The models are trained only on HRCDS and are directly evaluated on
CrackForest without additional training, fine-tuning, or parameter adjustment. The proposed method achieves an
Fl-score of 0.7747, AP50 of 0.7521, mAP50-95 of 0.5948, Mask IoU of 0.8617, and Mask Dice of 0.9225,
indicating that stable performance is maintained under domain shift. In addition, the effectiveness of the CGA
module is further verified through ablation experiments, where complementary improvements are provided by the
channel and spatial attention branches. Overall, effective crack localization and pixel-level segmentation are
achieved by the proposed framework, demonstrating its potential for automated inspection of cracks and structural
defects in buildings and infrastructure.
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