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Abstract— Recently, deep learning-based methods for road
crack segmentation have achieved promising performance,
particularly in robotic vision applications such as automated
inspection and maintenance. However, most frequency-domain
methods employ a decoupled processing strategy, overlooking
the dynamic modulation mechanism between high- and low-
frequency components, which constrains the model’s effec-
tiveness in detecting cracks within complex environments.
Moreover, existing methods suffer from low information fidelity
during feature transmission, where critical encoder details
are progressively lost in the decoder, making it difficult to
reconstruct complete crack structures. To address these issues,
we propose a Bidirectional Frequency-domain Modulation Pro-
gressive Fusion Network (BFMPF-Net). Specifically, we propose
a Bidirectional Frequency-domain Modulation Enhancement
(BFME) module that effectively exploits bidirectional modu-
lation between high- and low-frequency components and learns
the spatial weights of high-frequency features to attenuate
noise and preserve crack edge details, thereby improving
the performance of crack segmentation. Furthermore, the
Progressive Guidance Fusion module serves as another core
component of our framework. It leverages the spatial prior
provided by the original low-resolution image to guide feature
refinement via stepwise optimization from coarse contours to
fine edges, thereby ensuring the integrity of crack segmentation.
Evaluation on three publicly available datasets—CrackTree260,
CrackLS315, and Crack760—affirms the superior segmentation
accuracy of the proposed BFMPF-Net compared to current
mainstream methods.

I. INTRODUCTION

Structural safety monitoring relies on accurate crack iden-
tification—as a direct indicator of damage, it plays a central
role in robotic inspection tasks for tunnels, bridges, and
roads[1], [2], [3]. In robotic vision applications, accurate
crack segmentation is critical for autonomous maintenance
and safety assessment, as precise detection of crack propaga-
tion directly informs maintenance decisions. Recent advances
in deep learning—based semantic segmentation have greatly
enhanced robotic systems’ ability for precise crack detection
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and delineation [4], [5]. Despite these improvements, existing
methods still face two major challenges:

1) Exploiting the modulation relationship between fre-
quency domains is key to improving crack detection accu-
racy. Some studies [6], [7] indicate that wavelet transforms
are highly effective for segmentation tasks. Additionally, to
improve segmentation performance, some studies [8], [9]
innovatively introduce attention mechanisms to process high-
and low-frequency components in a differentiated manner.
However, existing methods still inadequately fuse and uti-
lize high- and low-frequency components. Specifically, local
edge and detail information is derived primarily from high-
frequency components, which facilitates accurate crack local-
ization yet remains susceptible to interference from complex
backgrounds. Low-frequency components, on the other hand,
capture contextual information, but may be degraded by
extraneous background noise. Therefore, effectively integrat-
ing frequency-domain information to achieve optimal crack
segmentation remains an unresolved challenge.

2) Existing crack segmentation networks fail to fully
retain critical feature details during transmission. Most
existing crack segmentation methods are based on the U-
Net architecture, where image features are extracted using
Convolutional Neural Networks (CNNs) and Transformers,
with feature fusion strategies employed [10], [11], [12],
[13], [14] to enhance segmentation performance and feature
representation. As network depth increases, the extracted fea-
tures often undergo information attenuation, reducing their
effectiveness in subsequent processing. In addition, existing
approaches remain insufficient in mitigating feature dilution
and fail to fully preserve critical information. Consequently,
effectively retaining key features during transmission remains
a central challenge in crack segmentation research.

To address these challenges, we propose a Bidirectional
Frequency-domain Modulation Progressive Fusion Network
(BFMPF-Net) for road crack segmentation. Specifically, we
propose a Bidirectional Frequency-domain Modulation En-
hancement (BFME) module, which utilizes the bidirectional
modulation between high- and low-frequency components to
alleviate noise interference, while simultaneously enhancing
the representation capability of crack edge details, thereby
improving segmentation performance. Furthermore, a Pro-
gressive Guidance Fusion (PGF) module is developed to
improve the accuracy and reliability of information in the
encoder-decoder layers. It employs a coarse-to-fine pro-
gressive strategy to integrate layer-wise features with low-
resolution features.

The major contributions of this study can be encapsulated
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Fig. 1.
(PGF) module.

as follows:

1) In the BFME module, the modulation mechanism
between high- and low-frequency features is fully activated,
thereby enriching feature representations and ultimately im-
proving crack segmentation performance.

2) To improve crack feature extraction and enhance seg-
mentation quality, this paper designs the PGF module, which
leverages low-resolution features for progressive optimiza-
tion.

3) The proposed BFMPF-Net innovatively integrates the
BFME and PGF modules. Experiments on the CrackTree260
[15], CrackLS315 [16], and Crack760 [17] datasets validate
its effectiveness: leveraging superior frequency-domain mod-
ulation and a low-resolution progressive fusion mechanism,
BFMPF-Net outperforms state-of-the-art segmentation meth-
ods across multiple metrics.

II. RELATED WORKS

A. Traditional Methods

Before the widespread adoption of deep learning, the
mainstream approaches for crack detection were classical
image processing techniques [18]. For instance, Del Rio-
Barral et al. [19] used a region-growing algorithm for 3D
point clouds that suppresses road slope interference, showing
greater robustness in complex scenarios. Yuan et al. [20]
propose a method for pavement transverse crack identifi-
cation that reconstructs vehicle vibration signals into two-
dimensional images, extracts edge detection features, and
integrates them with the RUSBoost classifier. Lei et al.
[21] combined segmentation loss with a dynamic threshold
binarization objective by introducing a dynamic threshold-
ing branch (DTB) to regress each crack image’s optimal
threshold. Experiments demonstrate improved segmentation
accuracy.

BFME
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Architecture of BEMPF-Net with Bidirectional Frequency-domain Modulation Enhancement (BFME) module and the Progressive Guidance Fusion

B. Learning-based Segmentation Methods

The rapid progress of deep learning in image process-
ing has led to its widespread adoption in crack segmen-
tation [22], [23], [24], addressing the inherent limitations
of conventional methods. For example, Xu et al. [25] use
Transformers for long-range dependencies and local modules
for fine-grained features, boosting crack detection. Guo et
al. [26] incorporated an attention mechanism (STA) for
pixel-level pavement crack detection, which outperformed
conventional CNNs on multiple public datasets. Liu et al.
[27] introduce an upgraded CrackFormer-II network for
pavement crack segmentation that integrates Transformer en-
coders with relative positional embeddings in a SegNet-style
encoder-decoder. Subsequently, Zhou et al. [28] proposed
SCDeepLab, a hybrid segmentation algorithm combining the
Swin Transformer and CNNs in the DeepLabv3+ framework
to detect tunnel lining cracks. Yang et al. [8] proposed the
two-stage spatial-frequency fusion network SFFNet, which
fuses multi-features via WTFD-based frequency decompo-
sition and MDAF-based feature alignment to segment re-
mote sensing images, effectively handling grayscale-varying
regions with spatial information preserved. Goo et al. [29]
introduce Hybrid-Segmentor, a CNN-Transformer model that
combines ResNet-50 and SegFormer to capture local details
and global contexts for precise crack segmentation across
surfaces. Additionally, Sun et al. [6] utilize the wavelet
transform to extract multiple frequency domain components
of an image, thereby achieving decent segmentation perfor-
mance for complex crack images. Qi et al. [30] introduced
UltraFastCrackSeg, a lightweight real-time crack segmenta-
tion model using task-oriented self-supervised pretraining to
achieve high performance with minimal computational cost.

I1I. THE PROPOSED METHOD

The proposed Bidirectional Frequency-domain Modulation
Progressive Fusion Network (BFMPF-Net) is illustrated in
Fig. 1. Its overall architecture follows a U-Net framework.
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Fig. 2. Bidirectional Frequency-domain Modulation Enhancement (BFME) module.

The input image is first processed by convolutional layers
and the BFME module to extract features. The resulting
features, together with the downsampled original image, are
subsequently passed to the PGF module. Skip connections
are employed to link corresponding encoder and decoder
layers throughout each encoding—decoding stage. In the
following subsections, we detail the two key components:
the BFME module and the PGF module.

A. Bidirectional Frequency-domain Modulation Enhance-
ment Module

Wavelet transforms are commonly leveraged in frequency-
based crack segmentation methods [8], [9] to extract high-
frequency texture information and low-frequency global
background. However, they often overlook the correlation
between these components, leading to inaccurate detection.
To overcome this limitation, the BFME module is devel-
oped to enhance feature representation by capturing cross-
frequency interactions. Fig. 2 shows the overall architecture
of the BFME module.

Applying the Discrete Wavelet Transform (DWT) [31] to
the input feature map L;, € RH*WXC (with height H,
width W, and channels C') yields four sub-bands, formulated
as:

LEL» {LiHaL}iLvL}iH} = DWT(Lin) (1)

After wavelet decomposition, the structural information
of cracks is mainly concentrated in the low-frequency com-
ponent L}, while edge and texture details are distributed
among the three high-frequency components L} ;;, L};;, and

1
Ly

Firstly, the three directional high-frequency sub-bands
L}y, LY, and L, are concatenated to form the compos-

ite feature Lz, which facilitates unified modeling of high-
frequency information. This operation is defined as:

Ly = Concat(L} g, Lrr, L) )

Then, the low-frequency feature L1 ; is processed through
a convolutional layer followed by a sigmoid activation
to generate weights that modulate Ly, thereby producing
a suppression term zy which attenuates noise-like high-
frequency components that are inconsistent with the global
semantics. Similarly, the composite high-frequency feature
Ly modulates the low-frequency feature L1, yielding a
correction term zp; that effectively eliminates redundant
background information and thus enhances the crack-region
recognition capability of the low-frequency representation.
To achieve adaptive control, learnable gating coefficients
ALtoH and \HtoL are introduced to balance the information
exchange between the two domains. This operation is defined
as:

zg = Sigmoid(Convix1 (Lt ;) x NEOH x Ly 3)
zrr = Sigmoid(Convyxy (L)) x AL x L1,
here, x represents element-wise multiplication, with

Sigmoid(-) denoting the sigmoid function.

Subsequently, subtracting these modulation terms yields
the refined high-frequency feature hy and low-frequency
feature L2, providing more refined representations and a
more reliable foundation for the subsequent processing.

hH = LH — ZH (4)
L%L = LlLL —ZLL (&)

To further leverage frequency domain information, we de-
compose the high-frequency feature hy into three directional
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sub-bands, which are then combined with the low-frequency
component to generate the features Fy, F», and F3, which
can be expressed as:

L3, L3, Ly = Split(hg) (6)

Fy = Concat(L% 4, L3 )
Fy = Concat(L%,,L% ;) 7
F3 = Concat(L%, L3 ;)

Pooling operations are then independently applied to F1,
F5,, and F3, producing one pixel-wise descriptors for each.
The formalization is as follows:

Fry = Convyxr(Mean(Fy))
Frr = Convryr(Mean(F3)) (8)
Fryp = Convryr(Mean(Fs))

where Mean(-) represents mean pooling. Convy.7(-) denote
7x7 convolutions. Based on this, Fry, Fyr, and Fgpg are
converted into spatial weight maps that quantify the impor-
tance of each region in the current feature representation,
thereby boosting salient information. The detailed procedure
is formulated as:

L3 = Sigmoid(Fry) x L2
L3, = Sigmoid(Fyr) x L, )
L3y = Sigmoid(Frm) x Ly

here, by applying Sigmoid(-), the representation of local
detail features is enriched, leading to enhanced crack details
within the frequency domain.

Finally, the Inverse Discrete Wavelet Transform is em-
ployed as a reconstruction method to convert the enhanced
sub-bands L3 ,;, L3,;, L%, and L%, from the frequency
domain back to the spatial domain, generating the output
feature map L,,; € RIT*WxC,

Loyt = IDWT (L%HvL%L7L§{H’L%L) (10)

By effectively leveraging bidirectional frequency-domain
modulation and enhancing high-frequency texture details in
crack images, the BFME module improves crack recognition
capability and thereby enhances segmentation performance.

B. Progressive Guidance Fusion Module

In encoder-decoder architectures, the information pre-
served tends to diminish as network depth increases. This
degradation results from repeated feature transformations
and extractions within the network, which can progressively
erode fine-grained details and high-level semantic context. To
mitigate this drawback, we introduce a Progressive Guidance
Fusion (PGF) module. This module utilizes the original low-
resolution image and progressively refines crack information
through a coarse-to-fine fusion strategy. Specifically, low-
resolution features are initially integrated with encoder-
decoder layer features, after which the fused representation
is gradually refined through a weighting mechanism. This

design not only enriches the overall feature representation
but also enhances the accuracy of crack segmentation. The
detailed architecture is illustrated in Fig. 3.

Channel
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SA
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Fig. 3.

Progressive Guidance Fusion (PGF) module.

The input to the module comprises two feature sets:
F;,, € REXWXC from the encoder or decoder layers, and
Frr € REXWXC "3 Jow-resolution representation produced
by repeatedly downsampling the original image. Effective
fusion necessitates that Frr and Fj,, share identical spatial
dimensions and channel counts.

First, Fr is processed by a 3x3 convolution, PReLU
activation, and another 3x3 convolution, resulting in FL1 R
Subsequently, F}  is combined with the input feature Fj,
through element-wise addition to obtain F}. . This operation
aligns the downsampled features with the current features to
achieve an initial coarse fusion, improving the reliability of
the fused representation.

Flp = Convsus(PReLU(Convgys(Frr)))  (11)

Fl = Convix:i(F} g + Convisi (Fin)) (12)

here, PReLU(-) denotes the activation function, whereas
Convsxs(-) and Convixi(-) represent the 3x3 and Ix1
convolution.

Subsequently, the intermediate feature Fj is refined
using spatial and channel attention. This mechanism is
designed to selectively highlight crack-related salient features
and enhance the representation of key regions. The outputs of
the spatial and channel attention branches are concatenated
to retain complementary multi-dimensional information to
support fine-grained feature fusion.

F?p = Convix, (Concat(C’A(FLlR),SA(FLlR))) (13)

here, CA(-) and SA(-) denote the channel attention and
spatial attention mechanisms, respectively.

Next, the input feature F} is fused with F7 ,, generating
F?, € REXWXC Through this operation, the representation
learned from encoder—decoder layers is complemented. Such
integration enables the low-resolution branch to provide
effective guidance, encouraging the network to focus on
crack-relevant regions.

F., =Fip+F, (14)
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Finally, F2, is refined by adaptively weighting each feature
according to its relative importance. This step realizes a
coarse-to-fine integration process, where informative fea-
tures are gradually emphasized and merged with the en-
coder—decoder representations. By integrating F}, through
residual combination, the final output F,,, preserves pro-
gressively refined representations, thereby enhancing the
completeness and accuracy of crack segmentation.

Fou = (Sigmoid(Fig) x F2,) + Fyh, (15)

The PGF module incorporates low-resolution features into
the encoder—decoder layers, effectively mitigating the infor-
mation loss resulting from repeated network transformations.
This progressive fusion process preserves essential structural
cues from the original image, thereby enhancing the accuracy
and completeness of crack segmentation.

C. Loss Function

The training objective is formulated as a combination
of Binary Cross-Entropy loss and Dice loss, which serves
to optimize the segmentation network and address class
imbalance. The precise definitions are as follows:

N
1
Lpcr = N E (1 —1t;)log(1 —p;) —t;log(p;) (16)
i=1

2 Zfil pztz + €

Zi]\il pi + sz\il tite

In the above loss functions, Lpcg and Lp;.. denote
the binary cross-entropy loss and Dice loss, respectively. N
denotes the total number of pixels in the image, ¢; denotes
the ground truth of the ¢-th pixel, and p; denotes the model
prediction for that pixel. To avoid a zero denominator, we
introduce a smoothing factor ¢ into the Dice loss and set its
value to 1.

The total training objective is formulated by combining the
BCE loss and Dice loss, yielding the overall loss function:

Lpice =1— (17

L= Lpce + Lpice
IV. EXPERIMENTS AND ANALYSIS

This section presents quantitative and qualitative compar-
isons between our method and nine state-of-the-art segmenta-
tion approaches, namely FCN [22], Deeplabv3+ [23], Deep-
Crack [16], UT-Net [32], FAT-Net [33], DeepCrackAT [24],
DECS-Net [9], APF-Net [34], and Hybrid-Segmentor [29],
on the road crack datasets CrackTree260 [15], CrackLS315
[16], and Crack760 [17].

(18)

A. Experimental Configuration

To evaluate the proposed crack segmentation approach,
three public pavement crack datasets were used. The Crack-
Tree260 dataset [15] contains 260 images at 640x480 resolu-
tion, captured under visible light with a region-array camera,
ensuring authentic crack features. CracklL.S315 [16] consists
of 315 high-resolution images ranging from 640x480 to

1920x1080 pixels, acquired with a line-array camera and
laser illumination to enhance contrast and feature extrac-
tion. Crack760 [17] includes 760 images with diverse crack
morphologies, from simple to complex patterns and wide
cracks, some partially obscured by debris—making it more
challenging and realistic. An 8:2 random split is applied to
each dataset, and all images are cropped to 256x256 pixels
for network input.

In the training phase, the Adam optimizer is employed
to update network parameters, with an initial learning rate
set to 0.0001 and progressively adjusted through a cosine
annealing strategy. Training is performed for 200 epochs,
processing two samples per iteration. All experiments are
carried out using the PyTorch framework. To improve model
generalization, data augmentation techniques are applied
exclusively to the training set, while the test set is left
unaltered.

Model performance is evaluated using four metrics: Pre-
cision (Pr), defined as the proportion of correctly predicted
crack pixels among all pixels predicted as cracks; Recall
(Re), defined as the proportion of correctly identified crack
pixels among all ground truth crack pixels; F1 Score (F1),
the harmonic mean of Precision and Recall, which com-
prehensively reflects their trade-off; and Mean Intersection
over Union (MIoU), which measures the ratio between the
intersection and union of predicted segmentation regions and
ground truth annotations, and is calculated only on the crack
category, providing an overall assessment of segmentation
accuracy.

B. Comparison Experiments

Quantitative comparisons among the evaluated algorithms
are presented in Table I and Table II, which report Precision,
Recall, F1 Score, and MIoU for each method. The optimal
value for each metric is highlighted in bold. Furthermore, the
last two columns of Table I provide the Multiply-Accumulate
Operations (MACs) and parameter counts for each model.

The data in Table I demonstrate that BEMPF-Net achieves
the best performance across all four evaluation metrics on
the CrackTree260 dataset: Precision of 81.44%, Recall of
84.30%, F1 Score of 82.85%, and MIoU of 70.72%. Com-
pared with APF-Net and Hybrid-Segmentor, our method out-
performs them by 3.91% and 2.90% in Precision, 2.11% and
0.57% in Recall, 3.06% and 1.80% in F1 Score, and 4.34%
and 2.58% in MIoU, respectively. This performance im-
provement stems from two key designs: the BFME module,
which effectively exploits the modulation between frequency
domains to enhance crack detection accuracy, and the PGF
module, which refines segmentation continuity through pro-
gressive fusion of low-resolution features. In addition, Table
I also provides a comparison of parameter counts and compu-
tational costs among the models. BFMPF-Net achieves opti-
mal segmentation performance while maintaining the lowest
computational cost and one of the smallest parameter sizes,
demonstrating a favorable efficiency-performance balance
that makes it well-suited for deployment in robotic vision
systems.
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TABLE I
QUANTITATIVE PERFORMANCE COMPARISON AND ANALYSIS OF VARIOUS SEGMENTATION METHODS ON THE CRACKTREE260 AND CRACKLS315

DATASETS.

Model Year CrackTree260 CrackLS315 MACs Params

Pr(%) Re(%) F1(%) MloU(%) | Pr(%) Re(%) F1(%) MloU(%) (G) M)
FCN [22] 2015 7223 70.35 71.28 55.37 54.47 59.72 56.97 39.83 37.132 35.307
Deeplabv3+ [23] 2018  72.54 71.59 72.06 56.33 56.61 53.79 55.17 38.09 43.447 41.994
DeepCrack [16] 2018  71.85 74.42 73.11 57.62 57.27 52.34 54.69 37.64 136.804  30.905
UT-Net [32] 2021 75.16 76.35 75.75 60.97 57.70 58.68 58.19 41.03 20.486 14.407
FAT-Net [33] 2022 73.76 82.60 77.93 63.84 56.63 56.77 56.70 39.57 42.800 29.615
DeepCrackAT [24] 2023  76.85 81.73 79.21 65.58 60.41 57.81 59.08 41.92 93.719 13.328
DECS-Net [9] 2024  76.47 81.25 78.79 65.00 60.27 57.31 58.75 41.60 26.085 68.865
APF-Net [34] 2024 77.53 82.19 79.79 66.38 61.77 58.38 60.02 42.88 10.106 7.542
Hybrid-Segmentor [29] 2025  78.54 83.73 81.05 68.14 63.00 58.69 60.77 43.65 268.162  226.805
Proposed — 81.44 84.30 82.85 70.72 64.48 60.14 62.24 45.18 11.378 5.801

TABLE II

PERFORMANCE COMPARISON OF VARIOUS METHODS ON THE
CRACK760 DATASET.

Model Pr(%) Re(%) F1(%) MloU(%)
FCN [22] 76.66 76.40 76.53 61.98
Deeplabv3+ [23] 76.86 82.84 79.74 66.30
DeepCrack [16] 75.03 83.63 79.09 65.42
UT-Net [32] 74.55 82.77 78.44 64.53
FAT-Net [33] 78.42 76.33 77.36 63.08
DeepCrackAT [24] 77.47 82.76 80.03 66.71
DECS-Net [9] 80.12 81.52 80.81 67.80
APF-Net [34] 81.24 81.41 81.32 68.53
Hybrid-Segmentor [29]  79.36 83.72 81.48 68.75
Proposed 82.21 84.58 83.38 71.49

Experimental Results on CrackL.S315 and Crack760: The
data in Table I and Table II show that BFMPF-Net ranks first
across all evaluation metrics on both datasets. Specifically,
on the CracklLS315 dataset, it achieves a Pr of 64.48%, Re
of 60.14%, F1 of 62.24%, and MIoU of 45.18%; on the
Crack760 dataset, the corresponding metrics are 82.21%,
84.58%, 83.38%, and 71.49%, respectively. When compared
to Transformer-based models (UT-Net, FAT-Net), a wavelet-
transform-based model (DECS-Net), and an encoder-decoder
based approach (Hybrid-Segmentor), BFMPF-Net exhibits
notable improvements across all evaluation metrics. These
improvements, enabled by the BFME and PGF modules,
not only boost segmentation performance but also facilitate
practical deployment in robotic vision systems.

To intuitively demonstrate performance, representative re-
sults obtained from the proposed method and other top-
ranking approaches are displayed in Fig. 4. Compared to
DECS-Net, APF-Net, and Hybrid-Segmentor, our method
yields fewer false positives and false negatives on the Crack-
Tree260 dataset. On the Crackl.S315 dataset, it delivers
more continuous segmentation, especially for fine cracks
with low contrast. On the Crack760 dataset, it better captures
both large and fine cracks. This is due to the use of the
BFME module in BFMPF-Net, which facilitates the mod-
ulation of crack background information and edge textures,
thereby optimizing segmentation performance. Moreover, the

PGF module integrates low-resolution representations with
encoder-decoder layer output features via progressive fusion,
leading to more complete segmentation outcomes.

C. Ablation Study

We conduct ablation studies on CrackTree260,
CrackLS315, and Crack760 to assess the effectiveness
of each key component in BFMPF-Net. Specifically, four
network configurations are examined: (a) the baseline
model, (b) baseline with BFME, (c) baseline with PGF, and
(d) the complete BFMPF-Net. The quantitative results are
presented in Table III.

TABLE III
ABLATION STUDY RESULTS OF THE CORE COMPONENTS OF
BFMPF-NET ON THREE DATASETS.

Dataset Model Pr(%) Re(%) F1(%) MlIoU(%)
(a) 7632 7892  77.60 66.39
(b 7893 8174 8031 67.10
CrackTree260 () 7953 280  81.13 68.25
() 8144 8430  82.85 70.72
(@) 5427 5116 52.67 3575
(b 60.52 5970  60.10 42.96
CrackLS315 © 57.86 5411 5592 38.81
() 6448 6014 6224 45.18
(a) 7623 7210 7411 58.87
(b 7645 8380  79.95 66.60
Crack760 © 8079 8373 8224 69.83
() 8221 8458 8338 71.49

1) Contribution of the BFME module. A comparison
between configurations (a) and (b) in Table III reveals
the performance gains brought by the BFME module. The
incorporation of BFME leads to substantial improvements
across Precision, Recall, F1 Score, and MIoU, confirming
its efficacy. To further validate the contribution of the BFME
module, we incrementally integrate various components (In-
dices 1-6) corresponding to the encoder and decoder at
the same resolution. As shown in Table IV, the gradual
incorporation of the BFME module (Indices 2—6) leads to
consistent gains across all metrics compared to Index 1.
These results demonstrate that the BFME module, through
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Fig. 4. Segmentation results visualization: Rows 1-3 (CrackTree260), rows 4—6 (CrackLS315), rows 7-8 (Crack760). Columns (a)—(j) correspond to FCN
[22], Deeplabv3+ [23], DeepCrack [16], UT-Net [32], FAT-Net [33], DeepCrackAT [24], DECS-Net [9], APF-Net [34], Hybrid-Segmentor [29], and our

BFMPF-Net, respectively.

its effective modulation of high- and low-frequency features,
substantially improves crack detection accuracy and conse-
quently enhances segmentation outcomes.

TABLE IV
ABLATION EXPERIMENTS OF THE BFME MODULE ON THE
CRACKLS315 DATASET.

Index BFME BFME BFME BFME Pr Re F1 MiIoU
1 2 3 4 (%) (%) (%) (%)

1 X X X X 5427 51.16 52.67 35.75

2 v X X X 56.84 54.12 5540 3831

3 X v X X 5875 5346 5598 38.87

4 X X v X 5598 56.22 56.10 38.99

5 X X X v 5491 5389 5439 3735

6 v v v v 6052 5970 60.10 42.96

2) Contribution of the PGF module. A comparison be-
tween configuration (a) and configuration (c) reveals substan-
tial performance improvements attributable to the PGF mod-
ule. With the inclusion of PGF, configuration (c) achieves
consistently better results than configuration (a) across all
metrics, providing strong evidence for the efficacy of the

TABLE V
ABLATION EXPERIMENTS OF THE PGF MODULE ON THE CRACKLS315
DATASET.
Index PGF PGF PGF PGF Pr Re F1 MIoU
1 2 3 4 (%) (%) (%) (%)
1 X X X X 5427 51.16 52.67 35.75
2 v X X X 54.41 5328 53.84 36.84
3 X v X X 56.55 5246 5443 37.39
4 X X v X 55.61 5335 5446 3742
5 X X X v 5475 52.62 53.66 36.67
6 v v v v 5786 54.11 5592 38.81

proposed module. To further validate the contribution of the
PGF module, we incrementally integrate various components
(Indices 1-6) corresponding to the encoder and decoder at the
same resolution. Table V shows that as module components
are progressively added (Indices 2 to 6), all evaluation
metrics exhibit consistent improvements, steadily surpassing
the baseline level. This phenomenon stems from the unique
progressive fusion mechanism of the PGF module, which
leverages original low-resolution features as spatial priors to
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calibrate encoder-decoder features layer by layer. This allows
detailed crack information to be preserved during feature
propagation.

V. CONCLUSIONS

The proposed BFMPF-Net presents a novel solution for
road crack segmentation. Its core innovation lies in the
synergistic design of the BFME and PGF modules: the
former enhances the model’s sensitivity to crack edges by
exploiting the bidirectional modulation between high- and
low-frequency features, while the latter optimizes feature
transmission efficiency during the encoding-decoding pro-
cess through progressive fusion of low-resolution representa-
tions. Evaluation results on three public datasets demonstrate
that the proposed method outperforms existing mainstream
segmentation algorithms across multiple metrics. The current
work primarily focuses on single-modal image data; future
research will extend to crack segmentation in multi-modal
scenarios to further improve the model’s adaptability in
complex environments, laying a foundation for its practical
deployment in robotic vision systems.
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