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Highlights

What are the main findings?

• We propose a Multi-Scale Deformable Visual State Space (MDVSS) module, introducing
a dynamic scanning strategy that adaptively captures irregular road crack morphologies.

• We develop a Geometric-Topology Prior Injection (GTPI) module, which leverages
gated modulation skip connections to infuse edge priors, effectively resolving bound-
ary ambiguity.

What are the implications of the main findings?

• This paper proposes GeoMamba for road crack semantic segmentation. It thus pro-
vides support for the structural health assessment of road infrastructure and is of vital
importance to ensuring traffic safety and efficiency.

Abstract

Accurate pavement crack segmentation is critical for road infrastructure assessment, yet it
remains challenging due to complex background noise and highly variable crack topologies.
While emerging visual Mamba models excel in long-range contextual modeling, their in-
herent 1D sequence flattening process compromises local 2D spatial continuity. To address
this limitation, we propose GeoMamba, a geometric-prior-infused multi-scale deformable
visual Mamba network for road crack semantic segmentation. First, we design a Multi-Scale
Deformable Visual State Space (MDVSS) module to extract multi-scale contextual features
and dynamically adapt to tortuous crack paths through a novel deformable scanning
mechanism. Second, a Geometric-Topology Prior Injection (GTPI) module is introduced
to mitigate serialization artifacts. By leveraging deterministic, parameter-free analytical
operators (i.e., Sobel and Laplace), the GTPI module explicitly extracts and adaptively
infuses multi-scale structural priors into the Mamba decoder via gated skip connections,
intrinsically reconstructing crack typologies while suppressing pseudo-structural noise.
Comprehensive experiments on DeepCrack and Concrete3K datasets demonstrate that
GeoMamba outperforms nine state-of-the-art methods. Specifically, it achieves peak per-
formance on the DeepCrack dataset with an mIoU of 83.79% and an F1 score of 89.27%,
demonstrating exceptional semantic segmentation performance, superior topological conti-
nuity, and robust generalization across diverse pavement materials.
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1. Introduction
The structural health of road infrastructure is critical to ensuring transportation safety

and efficiency. Road long-term service and environmental erosion inevitably generate
various cracks on asphalt or concrete pavements. If these cracks are not detected and main-
tained in a timely manner, they will accelerate structural deterioration, cause safety hazards,
and significantly increase maintenance costs [1,2]. To comprehensively evaluate infras-
tructure conditions, Structural Health Monitoring (SHM) systems (e.g., IoT, vibration) [3]
and Non-Destructive Testing (NDT) techniques (e.g., GPR, infrared) [4] are indispensable
for continuous, system-level, and subsurface diagnostics. As a vital complementary ap-
proach for rapid and large-scale surface screening, developing an efficient visual detection
system is deemed equally essential. Driven by recent advancements in computer vision,
deep learning-based semantic segmentation has been widely established to automatically
extract crack features from RGB imagery, providing an accurate and scalable solution for
infrastructure preservation.

Early efforts of pavement crack detection were primarily based on Convolutional Neu-
ral Networks (CNN). Zhang et al. [5] proposed an efficient CNN-based encoder–decoder
network, named ECSNet, which, by integrating small-kernel convolutions and parallel
down-sampling operations, significantly reduces model parameters while ensuring real-
time pavement crack segmentation. Zaid Al-Huda et al. [6] improved the classic UNet
with an asymmetric dual-decoder architecture. This innovative design simultaneously
captures fine-grained crack details and coarse-grained spatial context, thereby significantly
enhancing the overall segmentation accuracy. Liu et al. [7] proposed DeepCrack, an end-to-
end deep hierarchical feature-learning architecture, for pixel-level crack segmentation. By
integrating side-output layers and fusing multi-scale convolutional features from different
network stages, this model effectively combined low-level details with high-level semantics
to achieve high-precision detection. However, due to the inherent nature of local computa-
tion, the modeling of long-range dependencies in CNN architectures is severely hindered
in capturing tortuous and widely extended crack topologies [8], frequently generating
discontinuous segmentation results or false detections in complex backgrounds [9]. To over-
come this bottleneck of long-range dependency modeling, Vision Transformer (ViT) [10]
was introduced into dense prediction tasks. Following this advancement, self-attention
mechanisms were incorporated into crack segmentation due to their robust global modeling
capabilities [11–13]. Liu et al. [14] applied pure Transformers to crack segmentation in
a seminal work, demonstrating the immense potential of global attention mechanisms
in capturing subtle, meandering crack structures and significantly improving segmenta-
tion performance in complex backgrounds. Tao et al. [15] combined Transformers with
a dedicated Boundary Awareness Module to effectively address the persistent issue of
blurred boundaries in complex segmentation results. Xie et al. [16] introduced SegFormer,
which, by unifying a hierarchical Transformer encoder with a lightweight Multi-Layer
Perceptron (MLP) decoder, powerfully extracts multi-scale features for delineating com-
plex pavement cracks. Furthermore, beyond crack detection, a recent study in remote
sensing [17] demonstrates that multi-modal attention fusion effectively enhances the con-
nectivity of fragmented road networks, confirming the power of attention mechanisms in
recovering complex linear topologies. However, some inherent limitations exist within
transformer architectures. For example, the computational complexity of self-attention
mechanisms increases quadratically with image resolution, resulting in massive param-
eter counts and immense computational costs. Specifically in road crack segmentation
tasks, high-resolution images are typically required as inputs to preserve minuscule crack
branches and edge topologies. Therefore, a variety of efficient architectures that maintain
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linear computational complexity when enabling global context modeling have emerged in
recent years.

Recent advancements in State Space Models (SSMs) are drawing widespread atten-
tion [18]. SSMs, which are derived from the classical Kalman filter, excel at capturing
long-range dependencies and enable efficient parallel training. These strengths quickly
captured the attention of the computer vision community, spurring the development of
dedicated visual models, such as Vision Mamba (Vim) [19] and VMamba [20]. In semantic
segmentation, Liu et al. [21] proposed CM-UNet, a hybrid architecture that integrates CNNs
with Mamba. CM-UNet enhances global-local feature modeling in remote sensing images
by employing CSMamba blocks and multi-scale attention aggregation modules, which
collectively contribute to its superior segmentation performance. Similarly, Li et al. [22] in-
troduced UMFormer, a novel encoder–decoder network that integrates State Space Models
with optimized self-attention mechanisms to significantly lower computational complexity
while effectively capturing multi-scale global and local features. In contrast, aiming to
achieve high-quality crack segmentation with low computational cost, Liu et al. [23] pro-
posed SCSegamba, a lightweight structure-aware Vision Mamba network that effectively
integrates morphological information and texture cues.

However, accurate crack segmentation is challenging due to irregular morphology,
weak long-range continuity, and strong background interference. Existing visual Mamba
networks predominantly employ predefined mapping strategies, including raster scan-
ning [19,20], local scanning [24], and continuous scanning [25]. These approaches depend
on fixed scanning paths, which fail to adapt to the inherent and often irregular spatial
structure of images, particularly cracks. Moreover, the existing prevalent use of single-
scale patch embedding struggles to capture fine cracks and lacks the flexibility to handle
significant width variations.

Despite the advancements of CNNs, Transformers, and recent State Space Models
(SSMs), pavement crack segmentation still faces critical challenges. First, the standard
1D sequence scanning in SSMs often disrupts the continuous 2D geometric topology of
irregular cracks. Furthermore, rigid spatial modeling struggles to dynamically adapt
to severe environmental noise, causing fragmented predictions. Finally, extracting fine-
grained details from high-resolution inputs necessitates robust global context modeling,
which incurs prohibitive computational costs. To address these limitations, we propose
a dual-branch edge-guided multi-scale deformable visual Mamba model for road crack
detection. Instead of using traditional scanning methods, the network employs dynamic
scanning to adapt to the irregular patterns of road cracks. At the same time, it incorporates
an auxiliary edge-detection path to explicitly extract boundary information, thereby refining
the final segmentation output. The primary contributions can be summarized as follows:

• We design a Multi-Scale Deformable Visual State Space (MDVSS) module. It employs
a deformable scanning strategy that dynamically adapts to crack morphologies. This
design enhances long-range dependency modeling and optimizes attention allocation,
improving computational efficiency and robust generalization.

• We develop a Geometric-Topology Prior Injection (GTPI) module to tackle boundary
ambiguity and noise interference. It integrates multi-source edge priors into structured at-
tention features. Facilitated by gated modulation skip connections, this module provides
explicit guidance during feature fusion, which emphasizes authentic crack topologies
and thereby achieves precise, coherent segmentation within complex backgrounds.

We conducted extensive experiments, and the results demonstrate that the proposed
network significantly outperforms existing methods. Optimal performance is achieved on
both the DeepCrack and Concrete3K datasets. The architectural design of GeoMamba is
detailed in Section 2. Experimental datasets, evaluation metrics, parameter configurations,
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and model performance comparisons are elaborated in Section 3. The analysis of visualiza-
tion results and ablation experiments is shown in Section 4. The conclusion of this research
is presented in Section 5.

2. Materials and Methods
In this section, we propose a Mamba-based architecture for road crack semantic seg-

mentation. We break down our methodology by first introducing our two core innovative
components before presenting the overall network framework. In Section 2.1, we detail
the Multi-Scale Deformable Visual State Space (MDVSS) module, which uses deformable
scanning to capture long-range dependencies of irregular cracks. Subsequently, Section 2.2
introduces the Geometric-Topology Prior Injection (GTPI) module, designed to inject multi-
source edge priors into the attention features for precise boundary delineation. Finally, in
Section 2.3, we illustrate the overall encoder–decoder architecture, demonstrating how the
MDVSS and GTPI modules are integrated via gated modulation skip connections.

2.1. Multi-Scale Deformable Visual State Space Module

To address the limitations of rigid scanning methods and dynamically capture com-
plex crack topologies under severe background interference, we design the Multi-Scale
Deformable Visual State Space (MDVSS) module as our core backbone. The backbone
network MDVSS first encodes the input image, which is then partitioned into patches
via the newly proposed Multi-Scale Patch Embedding (MPE) (see Figure 1). The MPE
module is designed to effectively capture thin cracks and adapt to cracks with varying
widths. As shown in Figure 1, to extract multi-scale features, the MPE module adopts
three parallel convolutional layers with distinct kernel sizes: a small-scale convolutional
kernel G1 that captures local details, a medium-scale convolutional kernel G2 that main-
tains the standard resolution, and a large-scale convolutional kernel G3 that extracts global
contextual information. Subsequently, all feature maps are upsampled to a unified scale via
bilinear interpolation and concatenation. Next, feature fusion and edge enhancement are
performed to form a three-dimensional sequence B, which is flattened and conversed into
a two-dimensional sequence {B1, B2, . . . , Bn}.

Figure 1. Illustration of the Multi-Scale Patch Embedding (MPE) module.

As shown on the left side of Figure 2, our designed MDVSS Block employs two-
dimensional selective scanning (SS2D) tailored for visual tasks. It takes as input the
sequence {B1, B2, . . . , Bn} from the preceding MPE module. At its initial stage, the MDVSS
Block integrates two layers of GBC [23]. The bottleneck convolution significantly reduces
the number of parameters and computational cost, while the gating mechanism dynamically
adjusts feature weights. This design enables accurate capture of crack morphology and
effective noise suppression in complex backgrounds. Subsequently, PAF [26] is introduced
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to fuse the initial feature sequence with those processed by the SS2D, enhancing the capture
of crack shape and texture details. Residual connections are added after both the scan
and fusion stages to preserve feature integrity and detail information. We modify the
scan mode of the SS2D into a deformable scanning strategy [27], inspired by deformable
convolution. This allows features to be extracted along crack textures, generating more
refined and robust segmentation results than a fixed scan. Finally, the MDVSS module
outputs multi-scale feature maps {F1, F2, F3, F4}, containing crack local details, middle-level
contours, and deep global context.

Figure 2. Illustration of the MDVSS module.

Figure 2 illustrates the newly introduced deformable scanning strategy. For a given
input feature x ∈ RC×h×w, an offset subnetwork outputs the offset values o ∈ R3×h×w,
for the reference points and reference tokens. The architecture of the offset subnetwork
is presented on the right side of Figure 2. As shown in the figure, the offset subnetwork
extracts local features from the input features by depth-wise separable convolution. The
features are then passed through a Channel Attention (CA) mechanism, a GELU activation
function, and Layer Normalization (LN). Finally, a 1 × 1 convolution is applied to the
normalized features to obtain offset values with a total dimension of 3. These offset values
are subsequently split into two parts: the first two dimensions, which represent the offset
of the reference points in two-dimensional space, termed as point offset ∆p; the third
dimension, which denotes the index offset of reference tokens within the whole image
patch, termed as token index offset ∆t. The specific procedures are detailed as follows:

∆p, ∆t = Split(tanh(O f f set(x)), dims = [2, 1]) (1)

where Split(.) represents dividing the dimension into two parts, tanh(.) suppresses the
influence of extreme values, and O f f set(.) denotes the subnetwork for the generation
of offsets.

Subsequently, the point offset is implemented to dynamically adjust the spatial posi-
tions of feature points and obtain position-accurate offset features with offset bias. Then,
based on the deformable index generated by the token index offset, we sort the offset
features using the index values, thereby mapping two-dimensional features into a one-
dimensional feature sequence. However, since the discrete sorting operation inherently
truncates the gradient flow, we introduce a gradient compensation mechanism during
backpropagation. Specifically, we approximate the gradient of the token index offset by
computing the mean gradient of the sorted feature sequence and replicating it back to the
offset tensor, which effectively reconnects the computational graph. Finally, we integrate
the position adaptation from the point offset and the sequence order optimization from the
token index offset to generate a feature sequence with dual adaptability to both content
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and structure. The deformable scanning strategy incorporates both position compensa-
tion and gradient compensation (GC) strategies. This design directly addresses two key
challenges—the loss of position information and the interruption of gradient propaga-
tion caused by deformation adjustment—improving feature representation capability and
model training stability.

2.2. Geometric-Topology Prior Injection Module

To explicitly overcome the loss of geometric continuity caused by standard 1D sequence
scanning and preserve the complex 2D topological structures of meandering cracks, we intro-
duce the Geometric-Topology Prior Injection (GTPI) module. While the Mamba architecture
exhibits exceptional capabilities in modeling long-range contextual dependencies, its inherent
1D sequence flattening operation inevitably disrupts the local 2D topological continuity of
high-frequency regions, such as delicate crack branches and intersections. To fundamentally
compensate for this spatial distortion, we propose the Geometric-Topology Prior Injection
(GTPI) module (see Figure 3). Instead of employing task-driven auxiliary boundary branches
that require additional training, the GTPI module leverages deterministic mathematical op-
erators to explicitly extract multi-scale structural priors at the encoder front-end. These
high-frequency topological representations are subsequently refined via an adaptive gating
mechanism and directly infused into the Mamba decoder through skip connections, thereby
intrinsically reconstructing the crack typologies without increasing the learning burden.

Figure 3. Illustration of the GTPI module.

To attain a balance between structural continuity and localization precision, we design
a dual-branch deterministic prior extraction mechanism, which includes two first-order
and second-order derivatives, i.e., a Sobel operator that captures gradient magnitude for
structural continuity, and a Laplace operator that identifies zero-crossing points for precise
localization. The dual-branch edge-guided mechanism is as follows:

Ff = W1
(

L
(

Igray
))

⊕ W2
(
S
(

Igray
))

(2)

where L(.) denotes the Laplace operation, S(.) denotes the Sobel operation, and W(.)
represents learnable projection layers. A static weighting strategy, empirically set to 0.7 and
0.3 [28], is introduced for integrating edge features from the Laplace and Sobel operators.
This specific distribution is guided by the high-frequency recovery mechanism, which
demonstrates that assigning a dominant weight to second-order derivatives optimally
highlights subtle textural variations while utilizing first-order derivatives to preserve basic
structural layouts. The Laplace operator yields a stronger response to step edge points
in the image, thereby effectively capturing continuous and elongated structures typically

https://doi.org/10.3390/rs18152449

https://doi.org/10.3390/rs18152449


Remote Sens. 2026, 18, 2449 7 of 20

manifested by road cracks. whereby a higher weight is assigned to this operator. To address
the variations in road cracks across different scales, we design a multi-scale edge feature
extraction layer, which yields the gradient magnitude features through progressively
increasing pooling ratios (r ∈ {1, 2, 4, 8}). Different pooling ratios enable the model to
perceive features at different scales, thereby better extracting road cracks. Following the
feature transformation and upsampling [29], multi-granularity edge representations are
presented, which is detailed as follows:

Fms = Concat
(

Up
(

Conv
(

Poolr
(

Fgrad

))))8

r=1
(3)

Traditional edge operations are highly susceptible to background noise and interference,
such as gaps in asphalt roads, rainwater, and mud. To tackle this issue, we design an attention
gating mechanism in which the CBAM module recalibrates the fused features along the
channel and spatial dimensions, and a suppression branch generates a pixel-level noise mask
through a Sigmoid activation function. A residual scaling strategy is then adopted to eliminate
gradient vanishing while preserving the details of faint cracks, which is detailed as follows:

Ff inal = CBAM
(

Ff used

)
⊗ (α + (1 − α) · M) (4)

where ⊗ denotes element-wise multiplication. Hyperparameter α(set to 0.7) [30] ensures
that 70% of structural information is unconditionally retained, while the remaining 30% is
adaptively filtered by the network, thereby balancing the recall and precision of crack seg-
mentation. This specific ratio is adopted following the edge-guided mechanism, which has
empirically demonstrated that retaining a dominant proportion of explicit boundary priors
effectively prevents the loss of weak topological structures during deep feature abstraction.

2.3. Overall Architecture

Figure 4 illustrates the overall architecture of the proposed GeoMamba, which includes two
core components: a Multi-Scale Deformable Visual State Space module for dynamic adaptation
to the morphological characteristics of cracks, and a Dual-branch Edge-guided Geometric
Structure Perception module for detecting thin edges and geometric topology of cracks.

Figure 4. Overview of the GeoMamba.

Specifically, we process a given RGB input image I ∈ R3×h×w with height h and
width w by dividing it into n patches via multi-scale patch embedding (MPE), thereby
obtaining serialized features F. The obtained sequence is processed by four MDVSS
modules. Through this process, key crack-pixel cues are embedded into multi-scale feature
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maps {F1, F2, F3, F4}. Subsequently, these multi-scale features {F1, F2, F3, F4} are fed into
independent lightweight (MLP) layers separately. Each MLP layer adaptively transforms
features to a unified channel dimension and learns the correlation between features and
segmentation labels by nonlinear mapping. Then, dynamic upsampling is performed on
the features of each scale processed by the MLP to preserve fine spatial details such as
thin cracks and edges. Next, the upsampled multi-scale features are concatenated along
the channel dimension to integrate complementary crack feature information, including
shallow edge features and deep semantic features. After dynamic upsampling and channel-
wise concatenation, the feature tensor is then fed into the Gated Bottleneck Convolution
(GBC) module, where the gating mechanism and lightweight bottleneck convolution
dynamically adjust feature weights. This process effectively suppresses background noise
and enhances the representation of crack morphological details, thereby accomplishing
the in-depth fusion and refinement of multi-scale features. Moreover, the input image
I is also fed into the Geometric-Topology Prior Injection (GTPI) module to extract the
high-frequency edge representation F5. With the Skip Connections mechanism, edge
feature F5 is efficiently injected into the MFS decoder, which provides explicit boundary
constraints in the feature fusion stage and enables the model to intensively focus on the
complex topological structure of cracks. Finally, within the MFS decoder, edge feature F5

is concatenated with multi-scale feature F, and the resulting single prediction tensor is
processed to output a refined pixel-level segmentation map O ∈ R1×h×w.

The four feature maps F1, F2, F3, F4 ∈ R3×h×w generated by the MDVSS are input
into the MFS. Processing is respectively conducted via efficient MLP operations and dy-
namic upsampling. This procedure restores the resolution of these maps to the original
dimensions, finally yielding Fup

1 , Fup
2 , Fup

3 , Fup
4 ∈ R3×h×w. The corresponding expression is

detailed as follows:
Fup

i = DySample(MLPi(Fi)) (5)

where i denotes the layer index. The network integrates all multi-scale crack shape and
texture features into a single tensor, thereby yielding a high-quality crack segmentation
map o ∈ R1×h×w, which is detailed as follows:

F = Upsample(GBC(Concat(Fup
1 , Fup

2 , Fup
3 , Fup

4 ))) (6)

o = Conv(Concat(F5, F)) (7)

Finally, we introduced a Binary Cross-Entropy loss (BCE) [31] with a Dice loss [32].
Through the hybrid loss function, the network effectively enhances its robustness to the
imbalance of pixel data. The expression of the total loss function is detailed as follows:

L = α · LDice + β · LBCE (8)

The hyperparameters α and β control the weights of the two loss components, with
their ratio set at 1:5 [23]. This specific configuration is adopted because empirical eval-
uations demonstrate that it optimally balances pixel-level classification accuracy with
structural overlap, effectively mitigating the severe class imbalance typically encountered
in crack segmentation tasks.

3. Experimental Results
3.1. Experimental Details

(1) The proposed GeoMamba and all nine comparative baseline algorithms were inde-
pendently reproduced and evaluated under a fully unified experimental environment.
Specifically, all networks were implemented using PyTorch v1.13.1 and executed on a
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single NVIDIA GeForce RTX 4090 GPU. For all models, the input image resolution
was uniformly set to 256 × 256 pixels, and the batch size was configured to 8. The
AdamW optimizer was consistently employed across all models with an initial learn-
ing rate of 0.0005, a weight decay coefficient of 0.01, a globally fixed random seed of
42, and a PolyLR learning rate scheduling strategy. Each model was trained for up to
50 epochs, and the specific checkpoint exhibiting the optimal validation performance
was selected for final testing to ensure that every comparative algorithm reached its
best convergence state.

(2) Comparative Methods: To comprehensively evaluate the performance of our Geo-
Mamba network, we compared our GeoMamba with nine state-of-the-art methods.
The compared networks included three parts: CNN- or Transformer-based models
(i.e., ECSNet, UNet, DeepCrack, LETNet, CTCrack, SegFormer), SAM-based models
(i.e., MFNet), and Mamba-based networks (i.e., UMFormer and SCSegamba).

(3) Evaluation Metrics: The performance of our GeoMamba was evaluated by six metrics:
Precision (P); Recall (R); F1 score; Optimal Dataset Scale (ODS); Optimal Image Scale
(OIS); and mean Intersection over Union (mIoU). Within these metrics, ODS, which
evaluates the overall performance using a single fixed optimal threshold across the
entire dataset, was used to demonstrate the adaptability of the model to different
dataset scales. Meanwhile, OIS, which captures the theoretical maximum performance
by selecting the optimal threshold for each individual image, was used to illustrate
the adaptability across varying image scales under perfectly tailored thresholds.

3.2. Datasets

For rigorous evaluation and absolute reproducibility, the DeepCrack and Concrete3K
datasets were partitioned into training, validation, and testing sets at a strict 7:1:2 ratio. To
mitigate potential class imbalance, a stratified random sampling strategy was implemented
utilizing a globally fixed random seed. This ensures that the proportional distribution
of crack versus background pixels remains perfectly balanced and consistent across all
subsets. The validation set was exclusively used for hyperparameter tuning. Consequently,
all quantitative comparisons between GeoMamba and the baseline models were evaluated
on the identical, unseen fixed testing set.

In addition, the FCN dataset776 was utilized as an independent testing set to evaluate
the cross-domain generalization capability of the models. All models were tested directly
on this dataset using their pre-trained weights without any further fine-tuning. The detailed
sample quantity and class distribution statistics for each subset are summarized in Table 1.

Table 1. Detailed sample quantities and class distribution statistics for each dataset.

Dataset Subset Images Background Pixels (%) Crack Pixels (%)

Deepcrack
train 368 96.30 3.70
val 52 96.70 3.30
test 106 96.91 3.09

Concrete3K
train 2100 93.80 6.20
val 300 92.65 7.35
test 600 93.52 6.48

FCN all 776 93.72 6.28

(1) DeepCrack Dataset [7]: It comprises 537 RGB images with a fixed resolution of
544 × 384 pixels. The images in this dataset are contained by a variety of noise
interferences, such as shadows, oil stains, water spots, lane lines, and road surfaces
with diverse textures. All images were employed as raw inputs, and manually
annotated pixel-level binary masks are provided as the corresponding ground truth.
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(2) Concrete3K Dataset [33]: It includes a total of 3000 concrete pavement images with a
resolution of 512 × 512 pixels. This dataset contains concrete pavements with gray
and white shades, and all were captured from real-world construction sites. The
images not only contain various cracks but are also filled with concrete-specific strong
background noise, such as pitting, construction joints, exposed aggregate, and water
stains. Misdetection is easily induced by these complex texture interferences. This
dataset is highly suitable for the evaluation of the robustness of algorithms under
complex concrete environments.

(3) FCN dataset [34]: It comprises 776 RGB and grayscale images with varying resolutions.
The dataset contains a variety of complex crack morphologies, such as extremely thin,
intersecting, and historical wide cracks on pavements and concrete walls. Each
image is paired with a manually annotated pixel-level binary mask serving as the
ground truth.

3.3. Model Performance Comparison

Table 2 lists the quantitative results by comparing our GeoMamba with the SOTA methods.

Table 2. Comparison with nine methods on two datasets.

Type Method
DeepCrack

mIoU/% F1/% P/% R/% ODS/% OIS/%

CNN
ECSNet [5] 76.35 69.99 61.88 81.3 60.60 63.61
UNet [35] 81.13 77.11 72.25 85.23 65.88 68.77

DeepCrack [7] 81.03 77.17 69.79 86.53 71.19 73.28

CNN+
Transformer

LETNet [36] 77.12 70.81 71.18 72.88 66.23 70.12
CTCrack [15] 82.91 79.87 75.30 85.30 66.15 70.22

SegFormer [16] 78.86 73.82 69.49 79.62 67.53 70.86

SAM MFNet [37] 76.69 70.21 64.24 77.70 58.46 60.93

Mamba
UMFormer [22] 80.89 77.05 72.51 82.54 70.30 72.80
SCSegamba [23] 83.02 84.91 85.12 84.71 78.63 80.05

GeoMamba (ours) 83.79 89.27 90.61 87.96 79.06 79.78

Type Method
Concrete3K

mIoU/% F1/% P/% R/% ODS/% OIS/%

CNN
ECSNet 84.93 84.34 87.61 81.3 84.49 85.44

UNet 85.71 85.23 89.77 81.13 85.27 87.94
DeepCrack 85.50 85.03 87.24 82.93 85.30 84.29

CNN+
Transformer

LETNet 86.12 85.74 88.72 82.96 85.89 86.22
CTCrack 86.16 85.76 90.27 81.68 85.76 85.9

SegFormer 84.96 84.42 85.40 83.47 84.99 83.22

SAM MFNet 85.35 84.94 83.51 86.41 85.28 84.31

Mamba
UMFormer 86.59 86.28 89.64 83.15 86.31 86.00
SCSegamba 85.85 80.82 85.24 76.83 83.51 83.95

GeoMamba (ours) 87.77 86.92 89.68 84.34 86.04 87.59
The best and second-best results in the table are marked in boldface and underlined, respectively.

3.3.1. DeepCrack Dataset

The DeepCrack dataset, characterized by complex road scenes and cracks with highly
diverse topologies, poses significant challenges to segmentation algorithms. Specifically, it
heavily tests a model’s robustness against severe background interference (e.g., shadows,
stains, and pavement markings) as well as its capacity to model long-range continuous de-
pendencies inherent in crack structures. As quantitatively detailed in Table 2, our proposed
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GeoMamba demonstrates clear superiority, achieving state-of-the-art performance across
the core evaluation metrics when compared against other architectures.

Notably, GeoMamba obtains an F1 score of 89.27% and a Precision rate of 90.61%.
These metrics surpass the second-best model (SCSegamba) by substantial margins of 4.36%
and 5.49%, respectively. This significant improvement in Precision underscores the model’s
exceptional ability to distinguish true crack pixels from complex, noisy backgrounds—a
common pitfall for baseline CNNs and standard Transformer networks. We attribute this
success directly to the effectiveness of our proposed dual-branch edge-guided GTPI module.
By systematically fusing multi-source edge information and transforming it into structured
attention maps, the GTPI module empowers the network to focus strictly on the intrinsic
geometric topology of the cracks. Consequently, it effectively mitigates false-positive
detections that are frequently induced by background noise.

Furthermore, in terms of mIoU and Recall, which are metrics crucial for evaluating
the structural integrity and continuity of the segmented cracks, GeoMamba continues
to outperform all competitors. It achieves an mIoU of 83.79% and a Recall of 87.96%,
yielding corresponding improvements of 0.77% over SCSegamba and 1.43% over the
DeepCrack network. The high Recall specifically indicates that our method recovers
more complete crack networks with minimal fragmentation. This success is primarily
driven by the proposed MDVSS module. Within this module, the deformable scanning
strategy breaks away from rigid grid constraints, enabling the network to dynamically
adapt its spatial receptive field to the highly tortuous and irregular geometries of natural
cracks. Concurrently, the multi-scale patch embedding ensures that the network can
seamlessly extract multi-granularity features, allowing for the precise segmentation of
cracks with widely varying widths, from prominent, wide fissures to subtle, hair-like
fractures. Additionally, GeoMamba yields highly competitive boundary-based metrics,
specifically an ODS of 79.06% and an OIS of 79.78%, further validating its comprehensive
capability in precise crack delineation.

3.3.2. Concrete3K Dataset

To rigorously evaluate the cross-scenario generalization capabilities of GeoMamba
across disparate materials and surface textures, further validation was conducted on the
Concrete3K dataset. Unlike predominantly asphalt-based pavements, concrete surfaces
present a highly heterogeneous, mottled appearance with significant intrinsic noise. This
severe textural complexity drastically reduces the visual contrast between the foreground
and the background, frequently blurring crack edges and posing a formidable challenge
for accurate segmentation.

As shown in Table 2, while certain comparative methods excel in isolated metrics on
this dataset, they fundamentally struggle to overcome the inherent Precision–recall trade-
off. For instance, CTCrack achieves the highest Precision (90.27%) but suffers a drop in
Recall (81.68%), whereas MFNet secures the top Recall (86.41%) but yields a comparatively
lower Precision (83.51%). These baseline models fail to maintain an optimal balance,
leaning either toward under-segmentation by omitting faint structural details or toward
over-segmentation by misclassifying surface noise as cracks.

In contrast, GeoMamba successfully mitigates this trade-off, achieving an optimal
equilibrium with a Precision of 89.68% and a Recall of 84.34%. Consequently, it secures
the highest comprehensive F1 score of 86.92% and an mIoU of 87.77%, outperforming all
other comparative methods. This robust performance indicates that the MDVSS module
transcends mere superficial texture fitting; rather, it effectively captures the robust, in-
trinsic geometric topologies of the cracks. By focusing on these fundamental structural
characteristics rather than dataset-specific background patterns, GeoMamba demonstrates
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superior and stable cross-dataset generalization. Furthermore, the designed GTPI mod-
ule proves indispensable in this specific low-contrast scenario. By systematically fusing
multi-source edge information, the GTPI module explicitly guides the network to recog-
nize the weak-contrast gradients typical of concrete surfaces. As a result, GeoMamba can
sharply delineate even the most severely blurred crack boundaries, ensuring high-fidelity
segmentation despite the challenging mottled background.

4. Discussion
4.1. Analysis of Visualization Results

Figure 5 presents the qualitative results of the proposed GeoMamba and other com-
parative methods on the DeepCrack dataset. As shown in the green squares of Figure 5,
real road images contain abundant interfering elements, such as spots, water stains, and
complex background textures. The comparative networks, lacking effective constraints
on the intrinsic geometry of cracks, frequently misidentified these interfering elements as
cracks, leading to obvious false-positive predictions. For instance, ECSNet, DeepCrack,
and UMFormer produced numerous misdetections in such regions, lowering their crack
segmentation performance. Conversely, compared with the competitors, our GeoMamba
model filtered these background interferences out and obtained satisfactory crack segmen-
tation results. This is because the GTPI module uses multi-source edge information as
priors to ensure the network learns the distinction between authentic crack topology and
disordered background noise in the feature fusion stage, contributing to salient feature
representation of cracks under complex backgrounds.

Furthermore, as illustrated in the red squares of Figure 5, existing models generally
extracted cracks with severe feature fragmentation or falsely detected extremely fine cracks
with multiple branches and cracks with complex network topologies. However, our
GeoMamba completely and continuously extracted these fine-grained structures. For
example, in Figure 5(b), both UNet and GeoMamba predicted the slender crack in the
lower left corner; in Figure 5(d), the GeoMamba captured ground residue within large
cracks; and in Figure 5(e), our GeoMamba accurately captured the complex topological
relationship in the lower left corner. This is because the MDVSS uses the deformable
scanning strategy, rather than traditional fixed windows used in the comparative methods,
for long-range dependency modeling, enabling the network to dynamically adapt to the
irregular paths of cracks and finally precisely capture complex morphologies. Moreover,
our multi-scale patch embedding strategy ensured the network with the preservation of
minute local details in the deep feature space. In summary, the GeoMamba preserved the
complete topological structure of cracks to the maximum extent using the model, while
effectively suppressing background noise.

Figure 6 presents visual comparison results of the GeoMamba and other baseline
networks on the Concrete3K dataset. We observed that the regions within the red bound-
ing boxes contain complex topological branches and wide cracks accompanied by sur-
face spalling. To be specific, there were fragmentations of fine terminal branches in
Figure 6(a), inaccurate predictions in Figure 6(b), (c), as well as extremely blurry boundaries
in Figure 6(d). Our GeoMamba accurately depicted the complex network boundaries of
cracks and maintained internal continuity and topological integrity. This is because the
dynamic scanning mechanism in the MDVSS module not only excels on slender cracks,
but also flexibly adjusts its receptive field when encountering concrete cracks with drastic
width variations, thereby preventing the loss of local features.
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Figure 5. Visual analysis of crack detection results with DeepCrack dataset. (Within these boxes,
background noise regions prone to misdetection are highlighted by green squares, while fine and
topologically complex crack branches are emphasized by red squares).

Secondly, the GeoMamba also exhibited significant advantages in the suppression
of background noise and in the trade-off of comprehensive performance. As illustrated
in the green bounding boxes in Figure 6(e), concrete surface interferences, i.e., holes or
shallow scratches that typically trigger false positives in common models (e.g., SegFormer),
have minimal impact on the GeoMamba’s performance in terms of recall. In contrast, the
proposed GeoMamba uses the GTPI module to obtain multi-source edge priors, achieving
strong structural constraints from blurred and low-contrast backgrounds. Consequently,
our network strikes an optimal balance: it effectively filters out noise while preserving
genuine crack structures.
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Figure 6. Visual analysis of crack detection results with Concrete3K dataset. (Within these boxes,
background noise regions prone to misdetection are highlighted by green squares, while fine and
topologically complex crack branches are emphasized by red squares).

The cases with poor model performance are visualized in Figure 7. For ultra-thin cracks
with extremely low contrast against complex pavement textures, our GeoMamba model
occasionally produces fragmented predictions. This limitation primarily occurs because the
local pixel gradients of these microcracks are exceptionally weak. While our structural prior
injection and deformable scanning modules effectively suppress background interference,
they may inadvertently attenuate these exceptionally faint target features during the feature
fusion process. Consequently, the network struggles to maintain the absolute topological
continuity of these highly obscured structures.
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Figure 7. Visual analysis of crack detection results with Concrete3K dataset.

4.2. Complexity Analysis

Figure 8 illustrates the comprehensive performance comparison of various models on
the Concrete3K dataset. The vertical axis shows the mIoU and the horizontal axis represents
the model size in megabytes. The bubble area corresponds to the parameter count, and the
color indicates the computational cost. Additionally, the border thickness of each bubble
reflects the inference speed in frames per second (FPS). Compared to heavy architectures
like MFNet with 146.02 G FLOPs and 210.21 MB size or DeepCrack with 136.80 G FLOPs
and 117.89 MB size, GeoMamba requires significantly less computational overhead and
storage space by utilizing only 5.81 G FLOPs and 17.65 MB. Furthermore, when evaluated
against other recent models such as UMFormer at 86.59% and SCSegamba at 85.85%, our
method achieves a noticeably higher segmentation accuracy of 87.77%. By occupying the
top left region of the chart, GeoMamba clearly demonstrates the optimal balance between
high precision and lightweight design among all evaluated baselines.

 
Figure 8. Comparison of complexity with other methods.

4.3. Generalization Analysis

To evaluate the cross-domain generalization capability of the proposed method, we
conducted direct testing on the FCN dataset without any prior training. As shown in
Table 3, GeoMamba achieves the best mIoU of 69.65% and OIS of 67.48%, demonstrating
superior robustness compared to existing CNN, Transformer, and other SSM baselines.
However, despite outperforming other competitive models, the absolute performance
metrics including a Precision of 43.85% and an F1 score of 58.38% indicate a noticeable
performance degradation compared to the in-domain evaluations. This degradation ex-
poses the failure modes of the current architecture when encountering extreme domain
shifts. Specifically, the model occasionally fails in extreme environments, such as extremely
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low-contrast scenarios where the crack color closely blends with the asphalt background,
or under extreme lighting conditions featuring severe shadows and overexposure. In
these failure cases, although our deformable scanning strategy and GTPI module strive to
maintain topological continuity, the severe environmental noise fundamentally disrupts
the pixel-level gradients, occasionally leading to fragmented predictions or false positives.

Table 3. Generalization evaluation on the FCN dataset.

Methods mIoU/% F1/% P/% R/% ODS/% OIS/%

ECSNet 64.36 52.56 41.68 89.81 55.39 57.40
UNet 64.51 53.89 41.00 94.89 57.48 58.53

DeepCrack 64.33 52.93 42.76 90.67 57.86 59.04
LETNet 65.27 54.17 41.42 93.07 57.90 59.02
CTCrack 65.65 53.91 44.62 86.67 57.51 59.80

SegFormer 62.51 49.76 37.79 91.51 56.78 57.77
MFNet 62.20 50.84 40.80 90.59 56.16 57.89

UMFormer 62.50 51.13 40.21 92.11 57.26 59.54
SCSegamba 65.59 59.47 44.99 87.68 59.79 64.58

GeoMamba (ours) 69.65 58.38 43.85 87.29 59.56 67.48
The best and second-best results in the table are marked in boldface and underlined, respectively.

4.4. Ablation Experiments

To further validate the effectiveness of the proposed modules (i.e., MPE and GTPI),
ablation experiments were conducted on the DeepCrack dataset. Table 4 lists the results.
The baseline model devoid of the MPE, GTPI, GBC, PAF, and GC modules is denoted as
Model I. Additionally, the network variants omitting the MPE, GTPI, GBC, PAF, and GC
modules individually from the complete architecture are referred to as Model II, Model III,
Model IV, Model V, and Model VI, respectively.

Table 4. Ablation experiment results for each module on DeepCrack dataset.

Model MPE GTPI GBC PAF GC mIoU/% F1/% P/% R/% ODS/% OIS/%

I 73.66 44.82 29.21 96.22 61.76 64.21
II

√ √ √ √
80.64 87.14 87.57 86.73 72.66 73.41

III
√ √ √ √

75.23 82.89 94.34 73.61 63.75 63.84
IV

√ √ √ √
76.48 63.16 48.48 90.60 66.45 70.23

V
√ √ √ √

75.44 53.53 37.31 94.72 64.25 66.61
VI

√ √ √ √
74.43 62.04 46.84 91.85 63.11 66.19

Ours
√ √ √ √ √

83.79 89.27 90.61 87.96 79.06 79.78
The best and second-best results in the table are marked in boldface and underlined, respectively.

As listed in Table 4, the baseline architecture Model I demonstrates an inherent bias
toward severe over-segmentation. While it achieves an exceptionally high Recall of 96.22%,
this comes at the severe expense of Precision 29.21%, indicating a strong propensity to
misclassify complex background noise as crack pixels, which consequently degrades the
overall F1 score to 44.82%.

The incorporation of the Multi-Scale Patch Embedding MPE module, as observed in
Model III, which omits the GTPI module, directly addresses this over-segmentation. It dras-
tically boosts Precision to an impressive 94.34% by effectively filtering out false positives.
However, this aggressive suppression inadvertently sacrifices structural continuity, causing
the Recall rate to drop to 73.61%. Conversely, Model II, which omits the MPE module but
retains the Geometric Topological Prior Injection GTPI module, yields a vastly superior
trade-off between Precision 87.57% and Recall 86.73%, significantly elevating the overall
segmentation integrity and pushing the mIoU to 80.64%.
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Furthermore, the drastic performance degradation observed in Models IV, V, and VI
warrants a deeper discussion. Specifically, the individual omission of the GBC, PAF, or
GC modules leads to a substantial decline in Precision and a simultaneous rebound in
Recall. This phenomenon occurs because the MPE module and the GTPI module extract
fundamentally distinct representations: MPE focuses on local high-frequency textures,
while GTPI provides global topological priors. The GBC, PAF, and GC modules do not
merely act as auxiliary components; rather, they serve as indispensable feature-alignment
mechanisms and gating buffers. When these synergistic fusion modules are removed, the
raw and potentially conflicting multi-modal features are directly fed into the classification
head. This significant semantic gap overwhelms the classifier, causing it to numerically
degenerate and default to a conservative overprediction strategy to minimize the training
loss. Consequently, the network instinctively predicts almost all suspected pixels as cracks,
explaining the sharp return to a high Recall and low Precision state. This behavior strongly
proves that our proposed modules must operate together as an inseparable collabora-
tive framework to effectively bridge feature conflicts and achieve optimal geometric and
textural balance.

Ultimately, the final proposed architecture demonstrates that the concurrent integra-
tion of all modules acts as a highly synergistic framework, achieving an optimal precision–
recall equilibrium. In this unified model, the MPE module reliably suppresses background
false positives to guarantee a high Precision of 90.61%, while the GTPI module serves as
a critical structural compensator. Through its dual-branch geometric topological prior
injection, GTPI explicitly restores the continuous 2D spatial topology that might be overly
suppressed by the MPE module, thereby preserving a high Recall of 87.96%. This seamless,
complementary collaboration empowers the complete model to achieve peak performance
across all comprehensive evaluation metrics, culminating in the highest mIoU of 83.79%,
F1 score of 89.27%, ODS of 79.06%, and OIS of 79.78%.

To meticulously isolate and evaluate the specific contribution of the deformable scan-
ning strategy to precise crack segmentation, we conducted a comparative ablation study
against several established sequence scanning mechanisms, including parallel, snake, bidi-
rectional, and Structure Aware Scanning Strategy (SASS) [23]. Specifically, SASS employs a
comprehensive four-route scanning strategy consisting of two parallel snake paths and two
diagonal snake paths to effectively capture continuous semantic information across multi-
ple directions. As demonstrated in Table 5, when evaluated under identical experimental
settings on the DeepCrack dataset, the network equipped with our deformable scanning
strategy consistently delivers the most superior and balanced performance.

Table 5. Ablation study results for different scanning methods on the DeepCrack dataset.

Scan mIoU/% F1/% P/% R/% ODS/% OIS/%

Parallel 80.28 80.80 85.01 76.99 74.64 76.39
Snake 80.00 83.50 82.37 84.67 73.02 74.10

Bidirectional 82.11 87.91 86.74 89.12 76.30 78.18
SASS 78.12 74.02 67.18 82.40 69.63 71.97

Deformable 83.79 89.27 90.61 87.96 79.06 79.78
The best and second-best results in the table are marked in boldface and underlined, respectively.

Notably, traditional rigid scanning methods inherently struggle to align with irregular
crack structures, as evidenced by the severe drop in Precision (67.18%) observed with SASS,
or the merely moderate baseline performance of parallel and snake scanning. The bidi-
rectional scanning strategy emerges as a strong sub-optimal baseline due to its expanded
spatial context, achieving a high Recall of 89.12%. However, it still falls short in accurately
filtering out background noise, securing a Precision of only 86.74%.
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The deformable scanning strategy decisively overcomes these limitations. Compared
to the bidirectional approach, it yields absolute improvements of 1.68% in mIoU and 1.36%
in F1 score, reaching 83.79% and 89.27%, respectively. More critically, the deformable
approach significantly elevates the Precision to a peak of 90.61%, representing a substantial
3.87% margin over the bidirectional method, without severely compromising Recall. This
quantitative leap physically translates to the fundamental structural advantage of our
method: whereas traditional fixed scanning trajectories artificially fragment the continuous,
tortuous morphologies of natural cracks due to rigid grid constraints, the deformable
scanning strategy dynamically adapts its sampling locations. By actively adjusting feature
extraction strictly along the intrinsic, irregular textures and semantic flow of the cracks,
the network efficiently avoids assimilating irrelevant background noise, thereby achieving
unprecedented segmentation precision and boundary fidelity, as evidenced by an ODS of
79.06% and an OIS of 79.78%.

5. Conclusions
This paper proposed GeoMamba, a geometric-prior-infused and multi-scale de-

formable visual Mamba model for road crack detection. Aiming to extract cracks with
highly variable morphologies and severe background interference, the GeoMamba achieved
superior performance by integrating the MDVSS and GTPI modules. Specifically, the
MDVSS module used adaptive deformable scanning for capturing irregular extension
trends and long-range dependencies. Crucially, GTPI compensates for the spatial topology
disruption caused by Mamba-based 1D sequence flattening by extracting deterministic
high-frequency structural priors, which impose explicit geometric constraints during fea-
ture fusion. Synergistically, the network is guided to focus on geometric topologies of
cracks, ensuring that feature extraction is strictly aligned with continuous crack structures
in complex backgrounds. In summary, the GeoMamba achieved precise and coherent crack
segmentation. The experiments were conducted on two public datasets, and the results
demonstrated that the GeoMamba obtained mIoU and F1-score values reaching up to
83.79% and 89.27%, respectively. We demonstrated the stability and generalization ability
of the proposed method in complex scenarios.

Nevertheless, to address extreme cross-domain shifts, further improving model gener-
alization remains a key challenge. In future research, we plan to investigate vision-language
foundation models. By integrating text-prompt-driven semantic priors with our geometric
structure perception module, we believe that it will be a promising direction for breaking
the generalization bottlenecks under complex scenarios.
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