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Cracks in infrastructures, such as concrete structures and pavements, pose significant risks to structural safety
and durability. The development of crack geometry provides critical information of structural reliability hence
there is need, recommended by standards, to precisely quantify the crack details, such as crack length, width or
depth. Although deep learning has inspired automated crack detection, its capacities in profiling the crack ge-
ometry is still in doubt since most methods that rely solely on RGB images face challenges in field conditions with
low contrast, surface contamination, and complex textures. Such conditions often result in blurred boundaries
and unreliable geometric measurements, limiting their applicability in practice. To address these challenges, this
study proposes a progressive Cross-Modal Fusion Transformer (CMF-Former) that integrates RGB and depth
modalities through hierarchical representation and adaptive feature interaction. The network separately models
RGB and depth representations to retain modality-specific features, and introduces a progressive cross-modal
attention mechanism to adaptively fuse complementary information across semantic stages. A multi-scale
decoder is used to further facilitate accurate crack localization and restoration. Additionally, a depth-assisted
quantification method is developed by leveraging depth information to automatically estimate distance and
spatial scale, enabling direct measurement of crack geometric features. Experimental results show that CMF-
Former achieves a highest mIoU of 86.51%, outperforming other RGB-based and RGB-D based models. In
addition to segmentation performance, the proposed RGB-D framework notably enhances geometric quantifi-
cation. For crack width estimation, the proposed method achieved an average Root Mean Square Error (RMSE) of
1.167, representing a substantial improvement compared to other RGB-based methods. Moreover, the relative
error rates for crack length and depth estimation are 2.19% and 6.188%, respectively, demonstrating improved
accuracy in capturing crack morphology.

1. Introduction segmentation-based approaches have gained increasing attention due to

their ability to localize cracks at the pixel level [12-15]. In most existing

Cracks are among the most common forms of structural damage in
infrastructure, and can significantly compromise load-bearing capacity
with induced deterioration, resulting in serviceability loss, structural
failure, or even collapse [1-4]. Therefore, accurate detection and
quantification of crack geometry, such as length, width, and depth, are
essential for structural assessment and maintenance planning [5-8].
However, traditional inspection methods rely on manual procedures,
which are time-consuming, labor-intensive, and prone to subjective er-
rors [9-11].

Recent advancements in deep learning (DL) have substantially
improved automated crack detection and quantification. In particular,

* Corresponding authors.

E-mail addresses: shaoqi@njtech.edu.cn (S. Li), yancheng.li@uts.edu.au (Y. Li).

https://doi.org/10.1016/j.measurement.2025.119453

workflows, crack regions are segmented from RGB images, and geo-
metric features are subsequently estimated through manual pixel-to-
metric conversions based on reference objects or known scene di-
mensions. A variety of segmentation models have been adapted to
support this process. Convolutional neural networks (CNNs), such as
FCN [16], SegNet [17], U-Net [18], PSPNet [19], DeepLabV3+ [20],
Fast-SCNN [21], and SegNeXt [22], have been widely adopted to extract
hierarchical features through encoder-decoder architectures. More
recently, Transformer-based networks such as ViT [23], PVT [24], Swin
Transformer [25], and SegFormer [26] have demonstrated improved
structural perception by capturing long-range dependencies and global
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Fig. 1. Workflow of proposed method.
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context.

While these approaches perform well in controlled environments,
their reliance on RGB contexture feature can limit robustness under
complex real-world conditions, reducing segmentation reliability and
compromising the accuracy of downstream crack geometry quantifica-
tion. Furthermore, the subsequent quantification process typically re-
quires manual reference placement and is highly sensitive to imaging
angles, which introduces human-induced errors and undermines the
robustness and deployability of these methods in real-world scenarios
[27,28].

With awareness of the limitations of RGB-based methods, several
studies have investigated multi-modal fusion strategies for crack
detection and quantification. One commonly explored approach in-
volves combining RGB and thermal imagery to help distinguish cracks
from complex backgrounds in low-contrast conditions [29-31]. How-
ever, thermal modality inherently lacks structural cues such as crack
width variation and topology, which are critical for precise segmenta-
tion and meaningful quantification. In parallel, several studies have
employed LiDAR-based methods to improve the precision and
completeness of crack geometry measurement. For example, Zhang et al.
[32] applied principal component analysis to 3D laser profiling data to
identify crack-related points and estimated crack depth by computing
their vertical distances to a fitted pavement surface. Pan et al. [33]
reconstructed 3D pavement crack profiles, from which crack depth was
obtained directly from the Z-coordinates of the point cloud. However,
these methods rely heavily on raw geometric data capture by specialized
equipment, without incorporating pixel-level segmentation and visual
context, which can lead to inaccurate or unstable quantification. In
addition, their complex workflows, expensive equipment, and intensive
computation make them difficult to deploy in routine inspection
scenarios.

Compared with thermal and LiDAR-based methods, RGB-D sensors
simultaneously provide RGB features of surface appearance and depth
features of geometric structure, enabling more comprehensive crack
analysis. A few studies have also begun to explore RGB-D data for crack
detection and quantification. For example, Kim et al. [34] used depth
data to reconstruct a 3D pavement surface, applied RANSAC to fit a
planar model, and mapped crack pixels onto this plane via coordinate
transformation. Crack width was then measured by computing the 3D
distance between edge pixels near the crack skeleton. Lin et al. [35]

utilized the YOLACT++ algorithm to segment crack regions from RGB
images and mapped the crack pixels into 3D space using depth data. A
flat road surface was then fitted from the depth map, and crack width
was measured by calculating the distance between crack edges projected
onto this plane. However, these methods adopt two-stage frameworks
that separates crack segmentation and geometric quantification. As the
segmentation masks are typically generated from RGB-only inputs
without incorporating depth information, they often lack geometric
consistency, which in turn compromises the accuracy and reliability of
subsequent crack geometry quantification.

The depth image provides precise information on surface disconti-
nuity, such as pixel-wise elevation change, which is extremely valuable
in tasks such as crack segmentation. Integration of the depth feature will
certainly improve the existing RGB based crack detection/segmentation.
However, few studies in the field have explored RGB-D fusion to jointly
improve segmentation accuracy and geometric measurement. In the
broader field of computer vision, several studies have attempted to
leverage RGB-D fusion in tasks like indoor navigation and object
recognition [36-38]. Although these works confirm the complementary
nature of RGB and depth information, they are mostly designed for
structured environments with distinct object boundaries and stable
depth signals. In contrast, cracks often exhibit irregular shapes, low
contrast, and appear within noisy backgrounds, which may limit the
effectiveness of such designs when applied to this domain. Beyond
general computer vision tasks, RGB-D fusion has also been explored in
defect detection in industrial. For example, Wang et al. [39] proposed
CLANet for RGB-D rail defect inspection, where RGB and depth features
are fused at early stages using a multimodal attention block based on
spatial refinement and feedback interaction. Zhang et al. [40] designed a
dual-encoder RGB-D segmentation network for pore detection in bridge
towers, where features from each stage of MobileNetV2 are extracted
separately and fused at higher semantic levels by proposed FFEM
modules. However, these methods rely on relatively rigid fusion stra-
tegies, where RGB and depth features are integrated at fixed stages with
limited modality interaction.

As discussed above, although progress has been made with RGB-
based, thermal, and LiDAR-assisted approaches, current methods still
face the following challenges:
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Fig. 2. Structure of CMF-Former ( {F}iz}f:1 and {F}J}il represent the multi-scale RGB and depth feature maps extracted at each encoder stage. {F;}> , represents the

fused cross-modal features obtained at different stages, while {?1}?:1 denotes the progressively restored multi-scale feature maps generated by the decoder).

e Insufficient robustness of RGB-only segmentation methods under
complex conditions.

e Lack of geometric consistency due to the separation of segmentation
and quantification stages.

e Limited adaptability of existing RGB-D fusion strategies, which
remain relatively rigid.

These limitations collectively hinder accurate crack segmentation
and reliable geometric quantification in real-world scenarios. To address
these challenges, this paper proposes CMF-Former, a cross-modal fusion
transformer that progressively integrates RGB and depth information for
crack segmentation and geometry measurement. The main contributions
are as follows:

1) A cross-modal feature fusion network for RGB-D crack segmentation
with progressive multi-stage integration.

2) A progressive cross-attention fusion module that enables adaptive
interaction between RGB and depth cues across semantic stages.

3) A depth-assisted quantification method for physical measurement of
crack length, width, and depth.

4) Generalized RGB-D fusion designs applicable to both CNN and
Transformer backbones.

2. Methodology

The workflow of the proposed method for crack detection and
quantification is illustrated in Fig. 1. It consists of four stages: data
collection, distance estimation, crack segmentation and crack quantifi-
cation. An RGB-D sensor is employed to capture both RGB images and
their corresponding depth maps of cracks. To obtain accurate depth-to-
surface measurements, the RGB-D sensor is integrated with the YOLOvV5
algorithm, enabling automated spatial distance estimation and

subsequent calculation of the spatial ratio.

The collected RGB-D data are processed by the proposed CMF-
Former, which performs multi-stage fusion of RGB and depth features
through progressive cross-modal attention for precise pixel-level crack
segmentation. Following segmentation, a depth-assisted quantification
method is employed to measure the geometric properties of cracks,
including length, width, and depth. Crack length and width are calcu-
lated based on skeleton extraction and contour analysis, and crack depth
is obtained by mapping the segmented crack regions onto the corre-
sponding depth map. This quantification process provides accurate
geometric data of cracks, which is vital for safety evaluation, damage
diagnosis, and maintenance planning of critical infrastructures.

3. Crack segmentation algorithm
3.1. CMF-Former

This section introduces CMF-Former, a Transformer-based network
tailored for crack segmentation, which integrates RGB and depth fea-
tures to improve the perception of fine-scale crack patterns under
challenging field conditions. The structure of CMF-Former follows a
hierarchical encoder-decoder framework, as illustrated in Fig. 2.

The encoder extracts multi-scale representations from RGB and
depth inputs, capturing both surface texture and structural disconti-
nuity. To preserve modality-specific characteristics, RGB and depth
images are first processed through separate Patch Embedding modules
(RGB-PE and Depth-PE), which utilize distinct convolutional operations
suited to the different statistical properties of visual appearance and
depth geometry. Subsequently, each modality is passed through a
Global-Local Self-Attention (GLSA) block. This module is designed to
capture long-range contextual dependencies while retaining fine-
grained structural cues, which is critical for identifying thin,
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Fig. 3. Architecture of Patch Embedding module. (a) RGB Patch Embedding
(RGB-PE); (b) Depth Patch Embedding (Depth-PE). (RS and LN denote Reshape
operation and Layer Normalization, respectively.).

discontinuous, or branching cracks often observed in real-world
structures.

In the first encoding stage, RGB and depth features are processed
separately to preserve their individual advantages. RGB captures
appearance cues such as color and texture, while depth provides overall
geometric information. CAF module is applied from the second stage
onward to enable bidirectional attention between RGB and depth fea-
tures. This mechanism allows each modality to selectively attend com-
plementary information from the counterpart, facilitating more effective
feature alignment and fusion across semantic levels. For crack seg-
mentation, this mechanism strengthens the representation of true crack
contours, particularly when visual contrast is weak but geometric dis-
continuities are evident in the depth map. In the decoder, the proposed
Dual-Patch Feature Restoration (DPFR) module integrates multi-scale
encoder features through skip connections to progressively reconstruct
high-resolution segmentation maps.

In addition, CMF-Former is a general Transformer-based architecture
designed for RGB-D feature fusion. For other Transformer-based seg-
mentation frameworks that operate on RGB-D data, GLSA block and CAF
modules proposed in CMF-Former can serve as replacements of their
attention mechanisms, facilitating more effective multi-modal feature
interaction and extraction. The details of each module will be described
in the following sections.

3.1.1. Patch Embedding module

Patch Embedding module converts RGB and depth inputs into token
sequences for Transformer-based processing. To retain the distinct
feature distributions of each modality, a dual-branch structure is intro-
duced, where RGB and depth data are handled separately before fusion.

RGB-PE branch focuses on visual characteristics such as texture
continuity and brightness variation, which are important for identifying
thin and low-contrast cracks. It employs parallel 7 x 7 depth-wise con-
volutions (DWConv) to efficiently capture elongated crack patterns and
spatial continuity along different directions. A parallel 1 x 1 convolu-
tion is used to retain localized appearance contrast and enhance
channel-wise feature integration, as shown in Fig. 3(a). GELU [41] and
ReLU [42] activations are applied to enhance non-linear representation
capacity.

Depth-PE branch emphasizes structural features, including surface
depressions and geometric discontinuities caused by cracks. As shown in
Fig. 3(b), a deformable convolutional (DeformConv) [43] layer is used
to enhance sensitivity to local geometric changes. By learning spatial
offsets, it shifts the sampling pattern toward depth variations around
crack edges, helping the network identify surface depressions and
structural boundaries that are difficult to capture using RGB features
alone.
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Fig. 5. Architecture of CAF module.

3.1.2. GLSA block

The output tokens from RGB-PE and Depth-PE branches are respec-
tively passed into separate GLSA blocks to further refine modality-
specific representations. As shown in Fig. 4, each GLSA block consists
of a Multi-head Self-Attention (MHSA) module followed by a Local
Enhancement Branch (LEB). MHSA module models long-range de-
pendencies to associate fragmented crack regions and capture global
continuity patterns. To compensate for the potential loss of local detail,
the LEB is applied to the intermediate features and enhances spatial
resolution through a lightweight convolutional structure, including a
3 x 3 DWConv, Batch Normalization (BN) [44], GELU activation, and a
1 x 1 convolution followed by another BN layer. This design enables
each modality to retain global semantic context while reinforcing crit-
ical local cues, such as crack edge and contour discontinuities, which are
essential for accurate segmentation under complex conditions. The
output of LEB is passed through a LN layer and a Feed-Forward Network
(FFN), followed by a second residual connection. The overall compu-
tation process of GLSA block is summarized in Eq. (1).

f = MHSA(LN(f)) + f o
f' = FEN(LN(LEB(f))) + f
3.1.3. CAF module
Following modality-specific encoding and global-local feature
extraction through GLSA blocks, the RGB and depth features are pre-
pared for cross-modal interaction. However, existing fusion methods
often rely on early concatenation or late-stage addition, which lack
adaptive alignment and tend to produce misaligned features or blurred
crack boundaries. To address this, the proposed CAF module introduces
bidirectional attention between RGB and depth streams, as shown in
Fig. 5. Each modality generates queries and attends to the key-value
embeddings of the counterpart, enabling dynamic and task-aware
feature enhancement. RGB features incorporate geometric cues from
depth to better localize cracks in weak-texture regions, while depth
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features leverage appearance cues from RGB to suppress noise and
restore incomplete boundaries. This design facilitates mutual guidance
and effective feature selection, improving robustness in challenging in-
spection scenarios.

The detailed computation of CAF module is as follows: Let Fg and Fp
denote the input features from the RGB and depth branches, respec-
tively. To perform symmetric cross-attention, each modality is first
normalized via LN and then projected into query embeddings (Q) using
its own features, while key (K) and value (V) embeddings are derived
from the other modality:

Qz = FrWE, Kp = FpW2, Vp = FpWh, @
Qv = FoW3, Kp = Fx Wy, Vi = Fx W5,
where I?'R and Fp represent the normalized RGB and depth features,
respectively, and Wy, Wy, Wy, € RE<€ are learnable projection matrices.

The attention outputs are computed by allowing each modality to
attend informative regions of the other using symmetric cross-attention.

These outputs are then fused with the original inputs through residual
connections to preserve modality-specific information:

T
P — Fy + Softmax (Q;Ide ) Vo

T
F{)use =Fp +SOfUTlCLX(Q\D/I§R)VR

To further emphasize salient features and suppress irrelevant ones, a
channel-wise gating mechanism [45] is applied. Each fused feature map
is passed through a linear layer and a sigmoid activation to generate a
gating vector. The gated features Fp and F;, are obtained via element-
wise multiplication, as follows:

3

Fp = U<W§F}fe‘5€) ®FQM

£y — o (W) o 1t v

where ¢ denotes sigmoid activations,® denotes element-wise multipli-
cation, and W, are learnable weights.
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The gated features are concatenated with their corresponding
residual-enhanced representations and subsequently passed through
modality-specific projection layers, followed by LN to complete the
integration. The resulting embeddings are reshaped and processed by a
spatial refinement block consisting of a 1 x 1 convolution, a 3 x 3
DWConv, and a final 1 x 1 convolution, with BN applied to the output.
The final fused representation is given by:

FRtsn = BN(Convy 1 (DWConvs,s(Convi 1 (Feont)))) (5)

This output preserves the spatial continuity and local geometric detail of
crack patterns, enhancing robustness in real-world inspection scenes.

3.1.4. DPFR module

In the decoder, it is important to recover spatial detail from coarse
high-level features, particularly when handling cracks characterized by
narrow width, discontinuities, and low contrast. To this end, DPFR
module is proposed to fuse upsampled high-level and low-level skip
features via two complementary interaction paths: an element-wise
multiplication branch that enhances spatial alignment, and a concate-
nation branch that promotes channel diversity and local context
awareness. This dual-branch design facilitates the restoration of irreg-
ular and disconnected crack regions while preserving geometric
continuity.

The architecture of DPFR is illustrated in Fig. 6, and the entire pro-
cess can be defined as follows: Let F;;; and F; denote the upsampled
high-level and the corresponding low-level feature, respectively. The
high-level feature is first refined and then combined with the two branch
outputs. The fused feature Fy, is further enhanced through a convolu-
tional refinement block to produce the final restored feature:

F; = Convy .1 (GELU(BN(ConVs..s (Faot, Feont Fiy1)))) 6)

Prediction

7

. Decoder

Fig. 7. Architecture of CNN-based feature fusion framework.
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where Fy,, and F,o are the outputs of the multiplicative and concate-
nation branches. The restored feature improves spatial alignment and
local structural continuity, which is essential for reconstructing thin and
disconnected crack patterns in degraded visual conditions.

3.2. CNN-based feature fusion architecture

To assess the generalizability of the proposed fusion strategy beyond
Transformer-based designs, it is incorporated into a CNN-based seg-
mentation framework for comparative analysis. The architecture follows
a standard encoder-decoder paradigm, where RGB and depth images are
processed by two parallel ResNet-50 backbones to extract multi-level
hierarchical features, as shown in Fig. 7. ResNet-50 is selected due to
its effectiveness in feature representation and its training stability
enabled by residual connections.

To integrate modality-specific features, a Cross-modal Feature
Fusion (CFF) module is employed at each semantic level, as illustrated in
Fig. 8. CFF module applies channel-wise attention independently to RGB
and depth inputs, allowing informative cues such as edge contrast and
crack boundaries in the RGB image, and surface depressions or geo-
metric discontinuities in the depth map to be selectively enhanced prior
to fusion. This design supports robust and geometry-aware feature
integration within a convolutional framework, facilitating better struc-
tural representation for downstream decoding.

The module first applies Adaptive Averaging Pooling [46] to capture
channel-wise global context for both modalities. The resulting channel-
wise features are passed through two sequential 1 x 1 convolutions with
ReLU and sigmoid activations to generate attention weights, which are
used to reweight the original features via element-wise multiplication.

The reweighted RGB features F r and depth features ﬁD are then
concatenated and fused through a final 1 x 1 convolution, followed by
BN and ReLU activation:

F% = ReLU(BN(Conv([Fg; Fp)))) @

The fused feature is then passed to the decoder for spatial reconstruction
and crack prediction. CFF module provides a simple and effective way to
adaptively combine RGB and depth features while maintaining
compatibility with convolutional encoder-decoder architectures.

4. Crack quantification

This section outlines the procedure for crack quantification based on
RGB-D data. The process begins with distance acquisition, where the
YOLOVS5 algorithm [47] is integrated with an RGB-D camera to estimate
precise distances and derive spatial scaling factors in real time. Subse-
quently, coordinate transformation is applied to correct geometric dis-
tortions using camera calibration parameters, as detailed in Appendix A.
Finally, the segmentation results obtained from CMF-Former are com-
bined with the aligned depth map and the estimated spatial scale to
compute physical crack characteristics, including length, width, and
depth.

4.1. Distance acquisition

Accurately determining the distance is crucial for the quantification
process, as it directly impacts the spatial ratio, thereby affecting the
overall accuracy. However, the depth map captured by the RGB-D
camera often contains excessive information from irrelevant back-
ground regions, making it unreliable to estimate distance based on the
entire map. To address this challenge, YOLOV5 is employed to locate the
region of interest via bounding boxes, owing to its maturity and stability,
which enable reliable integration with the RGB-D setup. The distance for
each predicted bounding box is estimated by averaging the depth values
within a local window centered at the midpoint of the box. The detailed

Measurement 258 (2026) 119453

'(]7.5
b) .
ym®E—1 = Center point
@ / (xp¥p)
/ 4 L F12.5
sy B
N RGB-D sensort 7 5
I’Il AY ﬂ’((‘:\:(\«
/ @m‘“‘
- 2.5
=15
0
10 0 -10 -20 3015

Fig. 9. Schematic for distance acquisition using RGB-D camera.

algorithmic process is provided as pseudocode in Appendix B.
Fig. 9 illustrates the schematic for distance acquisition using the

RGB-D camera. The coordinates of the center point (xp7 yp> are calcu-

lated as:
xp _ Xmax '2~'xmin
(8
y max + y min
Yo = — 5

where (Xmax, Ymax) and (Xmin, Ymin) denote the coordinates of the upper-
left and lower-right corners of the bounding box, respectively. The dis-
tance estimation is then carried out based on the center point and its
local neighborhood, following the method detailed in Appendix B.

4.2. Geometric quantification of cracks

To enable physical measurement of crack geometry following seg-
mentation, a depth-assisted quantification framework is introduced.
This framework incorporates crack skeletonization, contour extraction,
and pixel-to-metric conversion based on depth information, providing
estimates of crack length, width, and depth in real-world dimensions.

The process begins with skeleton extraction using the Zhang-Suen
image thinning algorithm [48], which generates an initial medial axis
of the crack. To suppress redundant branches and noise-induced arti-
facts, the skeleton is further refined using the Discrete Curve Evolution
(DCE) method [49], which removes morphologically insignificant
vertices while preserving the main crack trajectory. A comparison be-
tween the original and refined skeletons is shown in Fig. 10.

After skeletonization, crack contours are extracted using the Canny
edge detector. For each skeleton point, a normal direction is constructed,
and the crack width is calculated as the Euclidean distance between its
two intersection points with the crack edges:

d:\/(xiij)er(yifyj)z ©)

where (xi, yi) and (xj, y,-) are the coordinates of two intersection points.

The crack length is estimated by summing the pixel-wise distances
between consecutive points:

n-1
L= z \/(xi+1 = %)? + (Vi1 —3i)? (10)
i1

where n is the number of pixel points on the crack skeleton line, (x;,y;)
and (xi1,¥i+1) are the coordinates of consecutive pixel points along the
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Table 1
Specific parameters of RGB-D camera.

RGB camera 1920 x 1080 pixels, 30 FPS

RDB field of view 70" x 55" (£3")

LiDAR camera 1024 x 768 pixels, 30 FPS

Recommended use range 0.2m-9m

LiDAR field of view 70" x 43°(+3")
skeleton.

To convert these pixel-based measurements into real-world di-
mensions, the spatial ratio s between image pixels and physical length is
computed using the RGB-D camera parameters:

s = dyl/Pf an

where d,, I, P, and f denote the distance between the camera and the

Transverse Longitudinal

Damage surface Low light

target structure, the size of the camera sensor, the image pixel resolu-
tion, and the focal length of camera, respectively.

Fig. 11 presents the crack RGB image and corresponding 3D depth
map. The crack depth at a specific location is computed as the difference
between the maximum depth value at that location and the distance
from the camera to the intact surface of the structure, as follows:

D= dmax — UWsurface (12)

where dinq denotes the maximum depth at the location, and dgqc. de-
notes the distance to the undamaged surface.

5. Datasets and evaluation metrics
5.1. Dataset description

In this study, the Intel RealSense L515 RGB-D camera is employed as

Diagonal

Water stains

Shadow

Fig. 12. Representative samples from RGB-D Crack dataset.
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Table 2

Statistical distribution of crack types and background complexities in RGB-D
crack dataset (The total percentage exceeds 100% because multiple crack
types or background complexities may appear simultaneously in a single image).

Crack Types Approx. Count Percentage (%)
Diagonal 179 35.8
Longitudinal 168 33.6
Transverse 147 29.4
Low light 63 12.6
Shadow 53 10.6
Damage surface 48 9.6
Map 39 7.8
Water stains 28 5.6

the data acquisition device, which integrates an RGB camera and a
LiDAR camera. The RGB camera captures images at a resolution of 1920
x 1080 pixels with a frame rate of 30 FPS. The detailed camera pa-
rameters are listed in Table 1. A dataset named RGB-D Crack was
collected across various sections of the Nanjing Tech campus. To ensure
reliable depth acquisition, images were captured under stable lighting
conditions. Most outdoor samples were acquired during the early
morning or late afternoon, while additional samples were obtained in
indoor environments, thereby covering both natural and artificial illu-
mination. The dataset includes diverse crack types such as transverse,
longitudinal, and diagonal, etc. Representative examples are illustrated
in Fig. 12, and the statistical distribution is summarized in Table 2.

The original dataset contained 500 pairs of RGB and corresponding
depth images of concrete and pavement cracks. To increase data di-
versity, six augmentation techniques, including cropping, scaling,
rotation, HSV contrast adjustment, blurring, and centrosymmetry [50],
were applied, resulting in an expanded dataset of 3,500 image pairs. The
dataset was subsequently divided into 2,450 pairs for training, 700 for
validation, and 350 for testing, enabling comprehensive evaluation
under diverse conditions.

In the L515 RGB-D camera, the RGB sensor and the LiDAR-based
depth sensor are physically offset and operate at different resolutions,
resulting in misalignment between the captured RGB and depth images.
To address this issue, the Intel RealSense SDK is employed together with
Python scripts [51] to perform image alignment. This process compen-
sates for perspective and resolution differences, ensuring that the depth
data is accurately aligned with the RGB images, which is an essential
step for effective network training and accurate crack quantification.

5.2. Performance evaluation metrics

To evaluate the performance of the proposed network in crack seg-
mentation, several standard metrics are used: Precision, Recall, Accu-
racy, Fl-score, and mean Intersection over Union (mlIoU). The
evaluation metrics are defined as follows:

.. P
Precision = ———
TP + FP
Recall = L
CE TP N

Precision x Recall as

F1 - —ox——— T
score % Precision + Recall

1< TP
mloU = - _—
° Z;FN—&-FP—&-TP

where TP represents the true positive samples that were correctly
detected as cracks, FP represents the false positive samples that detected
as non-cracks, and FN represents the false negative samples that were
not detected as cracks.
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Table 3
Various networks for comparison.
Model type Method Backbone
CNN-based DeepLabV3+ [56] ResNet-50
U-Net [57] ResNet-50
PSPNet [58] ResNet-50
Transformer-based UperNet [59] PVT [60]
UperNet ViT [61]
UperNet Swin [62]
CMF-Former

6. Results and discussion
6.1. Network implementation

To evaluate the effectiveness of the proposed cross-modal feature
fusion strategy in crack segmentation, several representative semantic
segmentation architectures, which are widely used in general-purpose
vision tasks, were extended to support dual-modality input, incorpo-
rating both RGB images and depth maps. Each model was integrated
with the proposed fusion modules to ensure consistent cross-modal
interaction and maintain architectural comparability. Table 3 summa-
rizes the employed networks, including their methodological categories
and backbone architectures. CNN-based models adopt ResNet-50 as the
backbone, while Transformer-based models employ diverse encoder
designs.

In addition to these generic segmentation architectures, several
crack-specific networks have also been included for comparison, such as
CrackSegformer [52], DCCM [53], DBCNet [54], and ESSA-net [55],
which were recently introduced for segmentation and quantification
tasks. All networks were trained on a workstation equipped with two
NVIDIA RTX 4090 GPUs, using 60,000 iterations and a mini-batch size
of 8.

6.2. Quantitative evaluation of segmentation performance

To assess the impact of depth information, Table 4 presents the
quantitative results of various networks. Among the RGB-only variants,
CNN-based models achieved mIoU between 78.33 % and 79.12 %, while
Transformer-based models yielded higher values, ranging from 81.04 %
to 82.37 %. Crack-specific networks achieved further improvements
compared with CNN baselines, with DBCNet reaching an mIoU of 83.80
%.

Nevertheless, RGB-D networks consistently outperformed not only
their RGB-only counterparts but also the crack-specific architectures.
When comparing RGB-only and RGB-D variants of the same backbone,
the proposed fusion strategies yielded mIoU gains between 2.14 % and
3.25 %. The proposed CMF-Former achieved the best overall perfor-
mance, with a Precision of 92.14 %, Recall of 89.96 %, F1-score of 90.57
%, and mlIoU of 86.51 %, outperforming the best CNN-based model,
DeepLabV3+, and the best Transformer-based model, Swin, by 4.14 %
and 1.75 % in mloU, respectively. These results demonstrate that
explicit cross-modal fusion with depth information provides more sub-
stantial benefits than architecture-level specialization alone.

In addition to segmentation accuracy, Table 4 also reports compu-
tational efficiency. It can be observed that the introduction of depth
information generally increases the computational complexity of all
backbones, leading to higher FLOPs and reduced inference speed
compared to their RGB-only counterparts. Despite this increase in
computational burden, the proposed CMF-Former achieves the highest
mIoU while using only 9.38 M parameters, which is considerably fewer
than other Transformer-based models. However, the integration of
depth information and progressive fusion substantially raises the
computational cost to 483.63 GFLOPs and results in a relatively slow
inference speed of 8.93 FPS.

To complement the quantitative results, Fig. 13 illustrates visual
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Table 4
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Quantitative accuracy and efficiency comparison of various networks (* denotes the network adopts the proposed feature fusion architecture, and computational

complexity is calculated based on an input image size of 512 x 512).

Model type Net index Precision Recall F1-score mloU Params (M) GFLOPs FPS
CNN-based DeepLabV3+ 90.84 88.43 88.52 79.12 40.35 93.21 48.81
DeepLabV3+* 91.35 89.24 89.61 82.37 76.41 153.95 41.34
U-Net 89.63 87.01 86.58 78.33 26.16 52.96 54.53
U-Net * 90.38 87.41 87.08 81.04 62.22 113.1 47.56
PSPNet 90.32 87.53 87.19 78.54 47.76 671.08 14.87
PSPNet* 90.86 88.07 87.92 81.45 83.82 732.23 14.41
Transformer-based PVT 90.77 87.67 88.93 81.23 36.89 146.82 28.11
PVT* 91.43 88.42 89.64 83.37 85.03 243.17 23.2
ViT 91.57 87.94 89.29 81.75 116.55 227.35 16.9
ViT* 91.98 88.25 89.83 83.97 617.51 489.63 8.38
Swin 91.65 88.29 89.61 82.24 48.47 182.57 26.22
Swin* 91.93 89.7 90.12 84.76 135.89 365.73 17.28
Crack-Specific CrackSegformer 87.81 87.36 86.24 80.2 47.14 71.6 39.38
DCCM 89.06 88.36 87.13 81.08 26.04 44.94 41.12
DBCNet 90.16 87.69 88.36 83.8 50.57 73.81 27.26
USSA-net 88.76 88.53 81.23 82.76 26.09 462.72 9.62
CMF-Former 92.14 89.96 90.57 86.51 9.38 483.63 8.93
DcchabV3+ U Net PSPth PVT ViT Swm
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Fig. 13. Qualitative comparison of various networks using RGB features and RGB-D features (“Pred.” denotes the baseline prediction, while “Pred. + FF” indicates

prediction with future fusion.

comparisons between RGB-only and RGB-D variants of representative
backbones, where red boxes highlight representative regions for quali-
tative analysis. Ground truth and predicted results are displayed for each
method, with different colors indicating TP, FP, TN, and FN. The high-
lighted regions show that CNN-based models suffer from false positives
in simple crack cases (Case 1 and 2), while Transformer-based models
struggle with false negatives in complex backgrounds (Case 3 and 4).
The addition of depth information consistently improves boundary
localization and structural continuity, reducing both FP and FN regions.
In particular, in Case 3, which presents a reticular crack pattern with
complex connectivity, the depth map provides spatial continuity cues
among crack branches, helping the model distinguish crack regions from
textured backgrounds. In Case 4, where cracks closely resemble the
surrounding material in color and texture, RGB-D networks demonstrate
improved boundary delineation and reduced FP areas.

Furthermore, Fig. 14 provides qualitative comparisons between
crack-specific networks and CMF-Former under diverse conditions,
including longitudinal cracks, diagonal cracks, low-light environments,

and surfaces with water stains. For longitudinal and diagonal cracks, all
crack-specific models are generally capable of capturing the overall
crack topology. However, CrackSegformer exhibits noticeable missing
regions along thin crack branches, while the other algorithms tend to
produce false detections near the crack boundaries. In low-light sce-
narios, where the contrast between crack and background pixels is
substantially reduced, all models encounter difficulties in maintaining
complete crack continuity, with CrackSegformer and DBCNet showing
the most obvious missed detections and false detections. In the case of
surfaces with water stains, the high visual similarity between stains and
actual cracks poses a significant challenge. Consequently, most crack-
specific networks exhibit substantial false detections and blurred
boundaries, whereas CMF-Former achieves more accurate and coherent
segmentation, successfully preserving the complete crack structure
under these challenging conditions. These observations confirm that the
integration of depth cues effectively supplements RGB features with
geometric context, improving the detection of fine and low-contrast
cracks in complex environments.
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Fig. 14. Qualitative comparison of crack-specific networks and CMF-Former under different conditions.

6.3. Crack geometry quantification and evaluation

This section presents the results of crack quantification, focusing on
the measurement of crack width, length, and depth. To highlight the
significance of depth feature information for accurate quantification, the
results from CMF-Former are compared with those from DeepLabV3+
(DeLab), Swin Transformer (Swin), and the ground truth (GT). The
ground truth geometric information of the cracks was obtained through
multiple manual measurements and averaged. Fig. 15 illustrates the four
cracks analyzed in this section, along with the detection results of
various networks and the extracted skeleton lines.

6.3.1. Crack width

Among various crack morphological features, crack width plays a
particularly important role, as it provides critical indicators for struc-
tural assessment in fracture mechanics. To evaluate the accuracy of
width prediction, 100 crack widths were manually measured from four
representative test images. Measurements were taken along the direc-
tion of the crack skeleton to ensure consistency and objectivity. Two
quantitative metrics are adopted to assess prediction performance: Ab-
solute Error Rate and RMSE. The Absolute Error Rate reflects the
average absolute difference between the predicted and ground truth
values, while RMSE quantifies the standard deviation of the prediction
errors, as follows:

1< ~
RMSE = ‘/Hzi(yﬁyi)z

(14

10

where y; denotes the actual width of a crack, y; denotes the predicted
value, and n is the total number of cracks. A lower RMSE indicates
higher accuracy of the implemented method.

Fig. 15 presents the segmentation results of different networks, and
to better visualize the quantitative performance, Fig. 16 provides spline
plots of predicted crack widths with shaded regions, alongside absolute
error curves. In the plots, the shaded areas of different colors represent
the prediction width ranges of various networks, while the red lines
indicate the corresponding absolute error rates.

For Crack A, DeepLabV3 + significantly overestimates the width due
to FP regions, resulting in an average absolute error rate of 27.83 %,
which is 9.96 % and 12.54 % higher than that of Swin and CMF-Former,
respectively. In Crack B, both DeepLabV3 + and Swin suffer from
discontinuous detection, leading to maximum absolute error rates of
179.29 % and 122.27 %. In contrast, CMF-Former leverages depth-
aware feature alignment to reconstruct a coherent crack path and pro-
duces smoother and more realistic predictions. For geometrically com-
plex cases such as Cracks C and D, CMF-Former consistently achieves
sub-millimeter absolute errors of 0.36 mm and 0.53 mm. It also pro-
duces more consistent results, reflecting a better ability to detect small
changes in crack width. This is particularly important in engineering
practice, where even minor width differences may indicate underlying
structural issues.

Quantitative comparisons in Table 5 further support these observa-
tions. For Crack B and Crack D, the actual average widths are 4.3 mm
and 9.5 mm. DeepLabV3 + predicts these as 2.68 mm and 11.5 mm,
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Table 5
Quantification results of crack width.
Crack No. Mean crack width (mm) RMSE
Manual Measurement DeLab Swin Ours DeLab Swin Ours
A 6.54 9.52 9.38 6.9 7.038 4.133 1.578
B 4.3 2.68 3.19 3.68 1.948 1.604 1.322
C 2.3 1.28 1.39 1.97 1.414 1.306 0.889
D 9.5 11.5 11.68 9.04 2.722 2.457 0.878
Mean RMSE 3.281 2.375 1.167
Table 6
Quantification results of crack length.
Crack No. Crack length (mm) Absolute error (mm) Relative error rate (%)
Manual Measurement DeLab Swin Ours DeLab Swin Ours DeLab Swin Ours
A 389 407 419 390 18 30 1 4.63 7.71 0.26
B 303 259 287 308 44 16 14.52 5.28 1.65
C 605 542 562 589 63 43 16 10.41 7.11 2.64
D 642 521 543 615 121 929 27 18.85 15.42 4.21
while Swin gives 3.19 mm and 11.68 mm, both showing significant
deviations. In contrast, CMF-Former, which incorporates depth features, Table _7_ .
. . Quantification results of crack depth.
achieves more accurate predictions of 3.68 mm and 9.04 mm, closely
matching the ground truth. For Crack A and Crack C, although CMF- Crack Mean depth (mm) Absolute RMSE Relative
Former shows slight deviations, the errors between its predicted and No. Manual Ours error (mm) (mm) ‘("Or/z;r rate
actual mean widths are only 0.36 mm and 0.33 mm, respectively. On Measurement
average, CMF-Former has the smallest RMSE across all cracks, reducing A 6.574 6.876  0.302 0.452 4.59
the prediction error by 1.174 compared to DeepLabV3 + and by 1.201 B 5.428 5152  0.276 0.368 5.08
compared to Swin. d 7.399 6.536  0.863 0.917 11.66
Overall, CMF-Former achieves more reliable and accurate crack D Ilvfe.j:?m SE 13.744 0455 8'223 842
width estimation by effectively capturing both surface texture and Mean Relative error rate 6.188

geometric depth cues. Through the integration of RGB and depth in-
formation using cross-modal attention, the model can better distinguish
true crack regions from background noise, restore incomplete or blurry
boundaries, and track subtle width variations along irregular crack
paths.

6.3.2. Crack length

The crack lengths are computed based on the proposed skeleton
extraction method, and the predicted values from different networks are
summarized in Table 6. Evaluation is conducted using both absolute and
relative error metrics. For Crack A, CMF-Former achieves the highest
accuracy, with an absolute error of only 1 mm and a relative error rate of
0.26 %, significantly outperforming DeepLabV3+ (18 mm, 4.63 %) and
Swin (30 mm, 7.71 %).

As shown in Fig. 16, the advantage becomes more evident in chal-
lenging cases like Crack B. Both DeepLabV3 + and Swin fail to maintain
continuous detection along the crack path, resulting in broken skeletons
and large underestimations of crack length. In comparison, CMF-Former
produces a more continuous and complete skeleton, resulting in a length
prediction that more closely matches the ground truth. Similar trends
are observed in Crack D, where DeepLabV3 + suffers from extensive
missed regions, leading to a large absolute error of 121 mm, which is 94
mm higher than that of CMF-Former. These results confirm that CMF-
Former is more reliable for crack length estimation, particularly in
irregular or noisy conditions. By integrating RGB and depth features
through cross-modal attention, the model improves its ability to trace
the full extent of cracks, including weak or disconnected regions, which
is critical for accurate damage assessment in engineering applications.

6.3.3. Crack depth

To evaluate the effectiveness of the proposed method in crack depth
estimation, its results were compared with manual measurements con-
ducted using a depth vernier caliper. Given that each crack skeleton
typically consists of hundreds of pixels, performing manual depth
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measurement at every location is infeasible, and such measurements
cannot be perfectly aligned with the discrete pixel grid. To ensure
representative coverage, 25 points were selected at approximately uni-
form intervals along each crack skeleton, so that the measurements span
the entire crack in a consistent manner. The average of these measure-
ments was used as the ground truth reference for each crack.

The quantitative results presented in Table 7 show that the average
depths measured manually for the four test cracks range from 5.428 mm
to 13.289 mm. The proposed method, which utilizes RGB-D information,
achieves an average RMSE of 0.56 mm and an average relative error rate
of 6.188 %. In contrast, Crack C shows a relatively large discrepancy,
with a relative error of 11.66 %. One of the main contributing factors to
this deviation is environmental interference, such as lighting variation
and surface reflectance, which introduce noise into the depth sensing
process and compromise the accuracy of the captured depth map.

Since previous crack detection networks are incapable of measuring
crack depth, this section focuses on comparing the depth measurements
obtained by the proposed method with those acquired through manual
measurement. The crack depth was manually measured using a depth
vernier caliper. Owing to the difficulty of measuring the entire crack
manually, 25 points along the crack were selected, and the depth at each
point was recorded. The average depth across all measured points was
then calculated to represent the overall depth of the crack. To further
assess the consistency of the proposed method, the Pearson correlation
coefficient between the predicted and manually measured depths was
calculated. The resulting coefficient of 0.987 indicates a strong positive
correlation, supporting the reliability of the proposed depth estimation
approach.

In summary, the proposed method demonstrates reliable perfor-
mance in estimating crack depth, with sub-millimeter average RMSE
and strong correlation to manual measurements. By leveraging RGB-D
sensing, it provides a practical alternative to traditional manual
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Fig. 17. Failure cases of CMF-Former.

measurement, particularly when manual depth acquisition is difficult or
inefficient. Despite some limitations under challenging environmental
conditions, such as in Crack C, the method maintains acceptable accu-
racy and consistency. These results highlight its potential for efficient
and accurate crack depth quantification in real-world engineering
inspections.

7. Limitations and future work

Although CMF-Former achieves promising performance compared
with various CNN- and Transformer-based models as well as recent
crack-specific algorithms, several limitations should be acknowledged.
As illustrated in Fig. 17, the first example shows that low contrast be-
tween cracks and background, combined with unreliable depth esti-
mation, leads to imprecise boundary delineation. In the second example,
extremely fine cracks are not adequately represented in the depth map,
limiting the effectiveness of cross-modal fusion and resulting in
incomplete segmentation. In addition, the incorporation of depth in-
formation substantially increases computational complexity, leading to
high FLOPs and a relatively low inference speed, which constrains its
suitability for real-time inspection tasks. Furthermore, reliance on RGB-
D sensors imposes practical constraints, as depth measurements can be
degraded under strong illumination, reflective surfaces, or long-range
scenarios, thereby affecting robustness in outdoor environments.

Potential directions for future work include the development of
lightweight fusion mechanisms and model compression techniques, such
as knowledge distillation, to reduce computational overhead and
improve deployment efficiency while preserving accuracy. Another
promising avenue is the integration of advanced depth enhancement
strategies, for instance self-supervised reconstruction or multi-view
consistency, which could mitigate the impact of noisy or incomplete
depth maps and thereby strengthen the reliability of RGB-D fusion in
diverse real-world environments.

In summary, while CMF-Former represents a significant step forward
in RGB-D crack analysis, addressing these limitations through more
efficient fusion designs and enhanced depth processing will be essential
for improving its robustness and practicality in large-scale engineering
applications.

8. Conclusion

This paper proposes CMF-Former, an RGB-D fusion network that
enhances crack segmentation and enables accurate quantification of
geometric features. The main conclusions are summarized as follows:

1) CMF-Former introduces progressive cross-modal interaction across
multiple semantic levels, enhancing structural sensitivity and
boundary precision. The architecture integrates several key compo-
nents, including a modality-specific Patch Embedding for preserving
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crack-relevant cues in each stream, a GLSA block for capturing both
long-range context and fine local details, a CAF module that selec-
tively aligns RGB and depth features to enhance complementary
representation, and a DPFR module in the decoder to facilitate ac-
curate recovery of thin and fragmented crack contours through
spatially aligned feature fusion.

2) A depth-assisted quantification method is developed to directly es-
timate crack width, length, and depth by leveraging spatial cues from
the depth map. This method incorporates automatic spatial ratio
estimation by integrating the RGB-D camera with the YOLOvV5
detection framework, thereby facilitating geometric measurement
under diverse conditions.

3) A dedicated RGB-D crack dataset was collected to validate the
effectiveness of the approach. The proposed fusion framework
demonstrates strong generalizability, achieving consistent perfor-
mance gains of 2.14 % to 3.25 % when applied to both CNN-based
and Transformer-based architectures.

4) CMF-Former achieves the highest segmentation performance on the
dataset with an mIoU of 86.51 %, and yields more accurate geo-
metric measurements compared to RGB-only baselines. In particular,
the method achieves a mean RMSE of 1.174 in width estimation, a
relative error of 2.19 % in length prediction, and 6.188 % in depth
inference, demonstrating reliable and comprehensive crack quanti-
fication suitable for practical engineering assessments.

Overall, the proposed RGB-D feature fusion approach presents a
significant advancement in crack detection and quantification, offering
both enhanced segmentation accuracy and reliable geometric
measurements.
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Appendix A. . Process of coordinate conversion

In this appendix, the process of coordinate conversion is described. Firstly, a series of checkerboard images were captured at various orientations
and distances to form a calibration dataset for camera calibration. Then, the captured data were processed to obtain the intrinsic and extrinsic matrices
of camera using the Zhang Zhengyou calibration method. The calibration process involves three coordinate systems, including 3D world coordinate
system (Xw, Yw Zw), camera coordinate system (X¢, Y¢ Z¢), and image coordinate system (o,u,v), as shown in Fig. A.1.

The extrinsic matrix can be expressed as Eq. (5), which is represented by a combination of a rotation matrix R and a translation vector, and is used
to define the position and orientation of the camera in the real-world.

ki=[R (A1)

The role of extrinsic matrix is to transform points from the 3D world coordinate system to the camera coordinate system, defined as Eq. (A.2):

Xc Xw
Yc| =R| Yy | +t (A.2)
ZC ZW

where (X¢, Y¢, Z¢) are the points in the camera coordinate system, and (Xw, Yw, Zw) are the points in the 3D world coordinate system.
The intrinsic matric of the camera is expressed as Eq. (A.3):

fi 0 o
k=10 f ¢ (A.3)
0 0 1

where f, and f, denote the focal length in terms of pixels in the x and y direction, respectively, c, and c, denote the coordinates of the principal point of
the image. The intrinsic matric serves to map the 3D points in the camera coordinate system to 2D points in the image coordinate system, defined as Eq.
(A.4):

X =i

Zc

Y, (A.4)
Y =fry

where (X', Y') are the points in the image coordinate system.
According to the extrinsic and intrinsic matrices of the RGB-D camera and the transformation relationships of each coordinate system, the crack
images will be calibrated to eliminate the distortion effect.

P(Xw, Yw, Zw)

v

Fig. A.1. . Coordinate system illustration of 3D world, camera and image.

Appendix B. . Algorithm for distance acquisition

Table B1
. Pseudocode for distance acquisition.

Algorithm 1: Distance acquisition algorithm flow
Input: — bounding box coordinates (Xmin, Ymin > Xmaxs Ymax)

— depth map D of size Hx W
— window size = 3 (i.e., offsets dx, dy € { —1,0,1})
Output: distance Z

(continued on next page)
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Table B1 (continued)
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Algorithm 1: Distance acquisition algorithm flow
Input: — bounding box coordinates (Xmin, Ymin> Xmaxs Ymax)

Compute the center point (xp,yp)

if 0 <x; < Wand 0 <y; < H then

Z <« —1 — invalid or missing depth

1

2 Xp = (Xmin +Xmax)/2

3 Yo (Vmin +¥max) /2

4 Initialize depth sum S < 0
5 Initialize valid count N < 0
6 for each dx in { —1,0,1} do
7 for each dy in { —1,0,1} do
8 Xj<Xp + dx

9 Yiey, +dy

10

11 deDyi] [xi]

12 if d > 0 then

13 S<S+d

14 N<N+1

15 end if

16 end if

17 end for

18 end forSS

N if N > 0 then

20 Z<S/N

21 else

22

23 Return Z

Data availability

Data will be made available on request.
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