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Abstract

Crack segmentation (CS) is crucial for structural inspection
and maintenance in production scenarios. To achieve both
high accuracy and efficiency, recent methods have adopted
Mamba-based architectures built upon state space models
(SSMs), which enable linear-complexity modeling of long-
range dependencies. However, existing approaches typi-
cally rely on static multi-directional scanning to flatten vi-
sual features into sequences. This fixed flattening order
disrupts spatial continuity and weakens the SSM’s abil-
ity to model irregular crack patterns effectively. To ad-
dress this limitation, we propose CrackSSM, a novel crack-
aware segmentation framework featuring a dynamic scan-
ning strategy that adapts the token sequence to the underly-
ing structure of each image. Specifically, we compute direc-
tional response strength along four orientations from high-
level semantic features, and use these values to reorder to-
kens so that crack-relevant regions remain adjacent in se-
quence. This alignment improves the causal modeling abil-
ity of SSMs while preserving their efficiency and better suits
the irregular, fine-grained nature of cracks. Additionally,
we design a wavelet-guided decoding mechanism to recover
detailed features. It incorporates high-frequency compo-
nents extracted from the input image and applies them to
guide feature refinement and edge-aware fusion, further
enhancing segmentation precision. Experiments on three
benchmark datasets demonstrate that our method achieves
superior segmentation accuracy with fewer parameters and
faster inference compared to existing state-of-the-art mod-
els. The source code for this work is available at https:
//github.com/hby123123/CrackSSM.

1. Introduction

In real-world scenarios, objects frequently develop cracks
of varying degrees due to anthropogenic or environmental
factors. For instance, asphalt pavements subjected to alter-
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Figure 1. Static-path scanning vs. dynamic-path scanning.

nating temperatures and heavy loads are prone to numer-
ous crack types. Developing efficient crack segmentation
(CS) methods is therefore critical for intelligent inspection
and maintenance [22]. Compared to conventional objects,
cracks exhibit more complex geometries in terms of length,
width, and shape, and often blend seamlessly into the back-
ground, posing substantial challenges for accurate CS.

To cope with these challenges, various segmentation
models [4, 5] have been explored. Early efforts based on
convolutional neural networks (CNNs) [2, 30] focused on
local patterns and achieved reasonable results in structured
scenes. However, their limited receptive fields made it diffi-
cult to model the global continuity of cracks. Transformer-
based architectures [1, 10], enabled by self-attention [24],
improved long-range contextual reasoning but introduced
quadratic complexity, limiting their scalability in high-
resolution or real-time settings.

In response to the need for both efficiency and ex-
pressiveness, state space models (SSMs) have recently
emerged as a promising alternative [3, 7, 13]. Among them,
Mamba [3], built on the Selective State Space (S6) mech-
anism, achieves efficient long-range dependency modeling
with linear time complexity. This makes it particularly at-
tractive for dense prediction tasks such as semantic segmen-
tation. To extend Mamba to visual domains, VMamba [21]
proposes a multi-directional scanning strategy that flattens
2D feature maps into 1D sequences along several spatial
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axes. This design attempts to preserve more spatial context
than unidirectional SSMs, and demonstrates competitive re-
sults on general-purpose vision tasks.

Building on this idea, recent efforts have applied similar
strategies to CS. For example, SCSegamba [16] introduces a
diagonal snake-like scanning path and integrates SSMs into
a lightweight encoder for crack analysis. However, both
VMamba and SCSegamba rely on static scanning paths pre-
defined across all images. While multi-directional scanning
improves over purely unidirectional designs, it still treats all
images uniformly, without adapting to specific spatial struc-
tures. When applied to crack scenes, such rigid flattening
further disrupts spatial continuity—pixels that are adjacent
in 2D space may become distant in the 1D sequence, espe-
cially in the case of curved or disjointed cracks, as shown in
Fig. 1. This spatial inconsistency weakens the causal mod-
eling capacity of S6, which relies on temporal or sequential
coherence to propagate information effectively. As a result,
these methods fall short when modeling the irregular struc-
tures inherent to cracks.

In this paper, we propose CrackSSM, which revives the
performance of S6 on crack segmentation by designing an
adaptive token reordering strategy. Rather than applying a
fixed scan order, we compute directional response intensi-
ties from high-level features to assess how strongly cracks
are expressed along four principal orientations—horizontal,
vertical, and the two diagonals. These directional cues
guide the reordering of the token sequence, ensuring that
semantically related and spatially connected crack regions
remain adjacent in the 1D representation. By aligning the
scanning path with the intrinsic structure of cracks, the
model enables S6 to better capture causal dependencies
across fragmented patterns while preserving its linear ef-
ficiency. Compared to the latest SOTA work-SCSegamba,
which relies on a fixed diagonal scanning path, our method
offers better adaptability to irregular crack patterns, making
it more suitable for practical deployment.

While the encoder benefits from this spatially coher-
ent sequence modeling, preserving boundary detail in the
decoder remains equally important. Conventional upsam-
pling often blurs fine crack edges, especially in thin or low-
contrast regions. To enhance boundary fidelity, we further
design two wavelet-guided decoding modules that incorpo-
rate high-frequency structural cues extracted from the orig-
inal image via Haar wavelet transform. The wavelet-based
gating module (WGM) generates selective gating weights
to refine features at each decoding stage, while the global
re-optimization module (GRO) computes pixel-wise simi-
larity with the high-frequency map to suppress noise and
enhance object-related detail expression. Extensive exper-
iments on three benchmark datasets demonstrate that our
framework achieves superior accuracy while maintaining a
compact and efficient architecture suitable for real-world

deployment. In summary, our main contributions are as fol-
lows:
• We propose a novel adaptive token reordering algorithm

that adopts multi-direction crack feature intensities as key
to reorder a static scan-derived sequence, thereby rein-
forcing the S6’s capacity for modeling features.

• We design a WGM and a GRO based on the high-
frequency priors of the input image, effectively boost-
ing fine-detail representation and noise suppression dur-
ing the decoding stage.

• We develop a novel crack segmentation model,
CrackSSM, which achieves superior segmentation
accuracy with low parameters and FLOPs.

2. Related Work

2.1. State Space Model
State Space Models (SSMs) have emerged as potent tools
for modeling sequential data, thanks to their ability to cap-
ture long-range dependencies and support parallel compu-
tation [3]. Adapting SSMs to vision tasks [6, 27] has led
to various multi-directional scanning strategies, including
raster scanning [21], serpentine scanning [16], and local-
ized scanning [11]. A latest CS example is the Mamba-
based model, SCSegamba [16]. However, most current
methods rely on predefined scanning paths, potentially dis-
rupting intrinsic spatial continuity when converting 2D im-
age features to 1D sequences—an issue that intensifies with
complex shapes. We address these shortcomings by dy-
namically reordering target-related tokens based on multi-
directional crack feature responses, enhancing the capacity
of SSM to handle complex target morphologies.

2.2. Crack Segmentation
CS is crucial for a variety of real-world structures, help-
ing reduce maintenance costs and improve efficiency. In
recent years, several approaches to CS have been pro-
posed. Among previous CNN-based methods [14, 20],
DeepCrack [20] introduced an end-to-end model for CS,
while BARNet [8] fused image gradient information with
deep features, thereby improving boundary representation.
With the rise of Transformers, numerous attention-based
models have been applied to CS [1, 10], further boosting
accuracy. However, such methods often suffer from high
computational complexity. More recently, SSMs [3] have
attracted attention for their efficient long-range modeling
capabilities. A representative example is SCSegamba [16],
which adopts a unique multi-directional scanning mecha-
nism and has emerged as the latest SOTA in CS task. Un-
like SCSegamba, this work leverages SSM’s parallel model-
ing capacity while incorporating an adaptive token reorder-
ing strategy to further strengthen feature sequence learning,
thereby achieving superior performance.
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Figure 2. The overall pipeline of the proposed model, CrackSSM, which includes our designed key module, Dynamic Path Scanning
Mamba module (DPSM), Wavelet Gating Module (WGM), and Global Re-Optimization Module (GRO).

3. The Proposed Model: CrackSSM

3.1. Overall Pipeline of Model

Fig. 2 depicts the overall pipeline of the proposed
CrackSSM, with differently colored regions denoting three
sub-networks: the Encoding Stage, the Feature Enhance-
ment Stage, and the Decoding Stage. The encoding stage
primarily extracts multi-scale features from the input im-
age. Specifically, to balance efficiency in feature extrac-
tion with global perception capabilities, we adopt a vanilla
VSS-based backbone [21]. This backbone comprises four
feature extraction blocks, yielding multi-scale feature maps
{Fenc

i ∈ R2i−1C× H

2i+1 × W

2i+1 }4i=1, where H and W indi-
cate the height and width of the image, respectively, and
C is the basic channel number. After the feature extrac-
tion, the model transitions into the Feature Enhancement
Stage, where a novel dynamic path planning approach,
shown in Fig. 3, leverages multi-directional crack inten-
sity information to reorder an initially static path sequence.
This reordering is designed to enhance the causal infer-
ence and global context modeling capacity of SSM, thereby
guiding the model to focus more effectively on crack fea-
tures. The resulting enhanced multi-scale encoded features
{F̂enc

i ∈ R2i−1C× H

2i+1 × W

2i+1 }4i=1 advance to the decod-
ing stage, which integrates and refines these features to
better capture fine-grained details. The decoding pipeline
fuses features top-down; each stage contains a simple up-
sampling block and a wavelet gating module (WGM), and
the processed output is passed to the next stage. Unlike
vanilla multi-scale feature decoding strategies, the proposed

approach additionally capitalizes on high-frequency pri-
ors extracted from the original image’s wavelet sub-bands,
thereby alleviating smoothing effects introduced by up/-
downsampling. Before obtaining the final output, a global
re-optimization module (GRO) is introduced to further en-
rich details and suppress noise. For brevity, the following
subsections concentrate on the two critical stages-feature
enhancement and decoding-and their associated modules.

3.2. Adaptive Token Reordering for Structural-
Aware Modeling

Standard Mamba-based vision models flatten 2D feature
maps into 1D sequences using fixed scanning paths (e.g.,
horizontal, diagonal), which often disrupt spatial continu-
ity—especially for thin, fragmented cracks. To address
this, we propose a novel Dynamic Path Scanning Mamba
(DPSM) module (as shown in Fig. 3), the core of which
is an adaptive token reordering (ATR) strategy, and impor-
tantly, it requires no modification to the original S6 struc-
ture of Mamba. The ATR follows the content-aware mech-
anism that reorders tokens so that spatially and semanti-
cally related crack regions remain adjacent in the sequence.
Our approach operates on the highest-level feature map
Fenc

4 ∈ R8C× H
32×

W
32 , which contains rich semantic infor-

mation about crack topology. We first incorporate posi-
tional information using a lightweight coordinate convolu-
tion [19], reducing the feature to four channels correspond-
ing to horizontal, vertical, and two diagonal orientations,
forming the feature map Fdir ∈ R4× H

32×
W
32 . To ensure Fdir

learns explicit directional sensitivity rather than generic se-
mantics, we supervise it with a direction-aware auxiliary
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Figure 3. The workflow of the Dynamic Path Scanning Mamba module (DPSM), featuring the adaptive tokens reordering strategy. Direc-
tional intensities derived from high-level semantics guide the reordering of statically scanned sequences, ensuring spatially coherent crack
regions remain adjacent in the 1D representation.

task. Specifically, we convolve the ground-truth segmenta-
tion mask with four oriented Sobel-like kernels, producing
a four-channel directional label map Gdir. After applying
softmax across channels, we obtain the target probability
distribution G′

dir:

G′
dir(i, j, c) =

exp
(
Gdir(i, j, c)

)∑4
k=1 exp

(
Gdir(i, j, k)

) , c ∈ {1, 2, 3, 4},

(1)
where (i, j) denotes the spatial coordinate and c indexes
the channel. Similarly, we normalize Fdir into F′

dir via
channel-wise softmax. Background pixels are explicitly
masked by setting their probability vectors to [0, 0, 0, 0],
ensuring supervision focuses only on foreground crack re-
gions. The discrepancy between G′

dir and F′
dir is mini-

mized through a cross-entropy loss, encouraging the model
to predict dominant crack orientations at each location.

Equipped with Fdir as directional guidance, we per-
form adaptive tokens reordering on lower-level features
{Fenc

i }3i=1. Specifically, for each scale, we first gener-
ate four initial 1D sequences {Pi}4i=1 by scanning the 2D
feature map along four predefined snake-like paths cor-
responding to the same orientations. Each sequence is
then reordered based on the intensity values in the up-
sampled Fdir, such that tokens associated with strong
directional responses—indicative of salient crack struc-
tures—are brought closer together in the sequence:

P̂k = Sort(Pk, key = Fdir), k = 1, 2, 3, 4. (2)

These reordered sequences {P̂i}4i=1 are independently pro-
cessed by standard S6 blocks of Mamba [3] to model token
dependencies inside each sequence, obtainging {P̄k}4i=1:

P̄k = S6(P̂k). (3)

Then, the resulting enhanced sequences are then mapped
back to their original spatial positions to reconstruct 2D

feature maps {Fpi}4k=1, which are concatenated along the
channel dimension and fused via a point-wise convolution:

Fi
merge = PointConv

(
Concat(Fp1, Fp2, Fp3, Fp4)

)
.
(4)

We repeat the above process for each channel of Fdir,
generating four augmented feature maps {Fi

merge}4i=1.
Then a SE block [9] is adopted to further refines these
feature channels through adaptive weighting, followed by
a residual structure to produce the final enhanced features
{F̂enc

i ∈ R2i−1C× H

2i+1 × W

2i+1 }3i=1.
Except for Fenc

4 , other encoded features are enhanced
and modeled through the aforementioned steps. Through
this process, the S6’s modeling of multi-scale encoded fea-
ture maps is further optimized, enabling the model to con-
centrate on learning crack features.

3.3. Refining Detail Representation in Decoding

The enhanced multi-scale features {F̂enc
i }4i=1 proceed to

the decoding stage. To mitigate the degradation of fine
crack structures caused by smoothing and loss of target de-
tails during repeated sampling and interpolation, we pro-
pose a wavelet-guided decoding strategy. This strategy en-
hances segmentation refinement while suppressing back-
ground noise via two complementary modules: the Wavelet
Gating Module (WGM) and the Global Re-optimization
Module (GRO) (Fig. 4). Both modules leverage the high-
frequency sub-bands derived from the Haar wavelet trans-
form of the original image, operating at intermediate and
final decoding stages, respectively.

Specifically, we begin by decomposing the input image
Iin ∈ R3×H×W using a single-level Haar wavelet trans-
form:

{ÎwLL, Î
w
LH , ÎwHL, Î

w
HH} = HaarTransform(Iin), (5)
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yielding one low-frequency component (ÎwLL) and three
high-frequency sub-bands (ÎwLH , ÎwHL, ÎwHH ) that capture
edge-like details in horizontal, vertical, and diagonal orien-
tations. These high-frequency components serve as explicit
structural priors reflecting local intensity variations. The
WGM leverages high-frequency priors to perform multi-
scale segmentation refinement. At each decoding stage i,
the three high-frequency maps are independently processed
through a lightweight network consisting of two 1× 1 con-
volutional layers with BatchNorm and ReLU activation.
The output of this pathway passes through a sigmoid func-
tion to produce spatial gating weights:

W∗ = σ
(
Conv1×1

(
ReLU(BN(Conv1×1(Î

w
∗ )))

))
(6)

where σ(·) ensures values lie in [0, 1], enabling soft mod-
ulation of feature responses. Each gating map is resized to
match the current feature resolution and applied to modu-
late the up-sampled feature map Fdec

i :

F∗
G = Resize(W∗)⊙ Fdec

i . (7)

This operation selectively amplifies features aligned with
strong image gradients—such as crack boundaries—while
attenuating regions lacking high-frequency support. Fur-
ther, the modulated outputs from all three directions are then
concatenated with the original Fdec

i and fused:

Fout = Conv1×1

(
Concat(Fdec

i ,FLH
G ,FHL

G ,FHH
G )

)
. (8)

By injecting wavelet-derived structural knowledge at ev-
ery decoding level, WGM enables continuous guidance
from the original image domain, significantly improving the
model’s ability to recover thin, fragmented cracks without
introducing extra parameters.

Despite this local enhancement, residual noise may still
persist, particularly in complex scenes. To achieve holis-
tic refinement, we introduce the GRO at the final decod-
ing stage, which performs global noise suppression through
adaptive feature recalibration. GRO first aggregates the
three high-frequency sub-bands into a unified structural
map:

Ihf =
1

3

(
ÎwLH + ÎwHL + ÎwHH

)
∈ R3×H×W . (9)

It then projects both the final decoded feature F3
out and Ihf

into a shared latent space using linear transformations fol-
lowed by ReLU activation:

X = ReLU
(
Linear(F3

out)
)
, Y = ReLU

(
Linear(Ihf )

)
,

(10)
ensuring semantic compatibility before comparison. A
pixel-wise similarity map is computed via element-wise
multiplication and a learnable projection:

S = σ
(
Proj(X⊙Y)

)
, (11)
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Figure 4. The detailed structure of WGM and GRO.

where Proj(·) maps the fused representation back to the
original spatial dimension, and σ(·) produces a confidence
score in [0, 1] for each pixel. This similarity measure re-
flects how well the decoded features align with true image
edges. Finally, GRO adaptively fuses the decoded features
with the projected high-frequency prior:

Frefined = (1− S)⊙ F3
out + S⊙ Proj(Ihf ), (12)

where 1 denotes an all-ones tensor of matching size. In
regions with high similarity (e.g., along real cracks), S ap-
proaches 1, reinforcing edge-aware details; in inconsistent
areas, S remains low, allowing the model to suppress spuri-
ous responses. This mechanism acts as a global consistency
checker, enhancing prediction reliability.

After GRO processing, the refined feature map under-
goes a final upsampling and channel reduction to generate
the binary crack segmentation result. Together, WGM and
GRO form a hierarchical refinement decoding procedure.

3.4. Optimized Objective
We employ a multi-task learning strategy to optimize the
model parameters. In the main segmentation task, we use
Binary Cross Entropy (BCE) and Dice losses to supervise
the alignment between the predicted maps (PM) and the
ground-truth (GT). Furthermore, as described in the Static
Sequence Reordering section, we apply filtering along four
principal directions to the GT to derive a four-channel re-
sponse map. After a softmax operation, this map captures
the pixel’s extension probabilities across the four direc-
tions, and background pixels are assigned a probability vec-
tor of [0, 0, 0, 0] to differentiate them from foreground re-
gions. For the direction-specific features, we adopt a Cross-
Entropy (CE) loss to measure the discrepancy between the
extracted directional feature distribution and the true direc-
tional response for target pixels. Consequently, the overall
loss function is defined as follows:

Ltotal = Lmain + α · Ldir, (13)
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Table 1. Performance comparison of different methods on three crack segmentation datasets.

Methods Crack500 [29] TUT [15] DeepCrack [20]
ODS↑ OIS↑ P↑ R↑ F1↑ mIoU↑ ODS↑ OIS↑ P↑ R↑ F1↑ mIoU↑ ODS↑ OIS↑ P↑ R↑ F1↑ mIoU↑

CTCrackSeg23 0.694 0.706 0.694 0.775 0.732 0.759 0.794 0.800 0.820 0.820 0.820 0.830 0.882 0.890 0.901 0.890 0.895 0.893
DTrCNet23 0.701 0.724 0.653 0.828 0.736 0.763 0.799 0.807 0.797 0.844 0.820 0.833 0.847 0.851 0.891 0.825 0.857 0.866
Crackmer24 0.693 0.710 0.699 0.757 0.727 0.759 0.743 0.764 0.750 0.766 0.758 0.797 0.871 0.879 0.895 0.878 0.886 0.884
SimCrack24 0.713 0.731 0.709 0.798 0.752 0.772 0.798 0.809 0.805 0.837 0.821 0.833 0.857 0.872 0.898 0.855 0.876 0.874
CSMamba24 0.693 0.716 0.686 0.782 0.732 0.759 0.788 0.795 0.795 0.835 0.815 0.826 0.874 0.877 0.903 0.886 0.894 0.886
MambaIR24 0.704 0.719 0.723 0.768 0.744 0.766 0.786 0.793 0.788 0.839 0.812 0.825 0.880 0.884 0.906 0.890 0.898 0.891
PlainMamba24 0.704 0.717 0.717 0.756 0.736 0.768 0.787 0.797 0.770 0.856 0.810 0.825 0.865 0.867 0.905 0.866 0.885 0.879
SCSegamba25 0.714 0.733 0.697 0.805 0.746 0.771 0.805 0.812 0.827 0.821 0.824 0.838 0.886 0.893 0.898 0.907 0.903 0.896
DefMamba25 0.711 0.745 0.723 0.783 0.752 0.772 0.802 0.819 0.826 0.836 0.823 0.836 0.895 0.907 0.905 0.908 0.907 0.900
CrackSSM (Ours) 0.726 0.760 0.727 0.805 0.764 0.780 0.826 0.838 0.827 0.864 0.845 0.851 0.902 0.914 0.918 0.918 0.918 0.909

Lmain = β · LBCE(PM,GT) + LDice(PM,GT), (14)

Ldir = LCE(G
′
dir, Fdir

′). (15)

In our experimental setting, α and β are set to 0.5 and 3,
respectively.

4. Experiment and Analysis
4.1. Datasets and Implementation Details
We validate the proposed method on three public bench-
mark datasets (Crack500 [29], DeepCrack [20], and
TUT [15]), which encompass cracks or scratches on roads,
walls, and other surfaces under diverse scenarios. During
training, we resize all input images to 448×448 and apply
classic data augmentations to improve generalization. We
use AdamW with a batch size of 16, an initial learning rate
of 8× 10−4, and a progressive decay schedule, training for
up to 300 epochs and stopping early upon convergence. For
evaluation, we employ widely used evaluation metrics, in-
cluding Precision (P), Recall (R), F1 score, mIoU, Optimal
Data Scale (ODS), and Optimal Image Scale (OIS). ODS
assesses model accuracy under a global threshold, whereas
OIS uses per-image thresholds to determine an upper bound
in ideal settings. Beyond segmentation accuracy, we also
evaluate model size, computational overhead. All experi-
ments are conducted on NVIDIA 3090 GPUs.

4.2. Comparisons with state-of-the-arts
In this section, we compare our approach with several repre-
sentative SOTA arts in crack detection—namely CTCrack-
Seg [23], DTrCNet [26], SimCrack [12], Crackmer [25],
and SCSegamba [16]—as well as advanced methods in
other computer vision tasks, such as CSMamba [18], Plain-
Mamba [28], MambaIR [7], and dynamica scanning based
model-DefMamba [17].

4.2.1. Quantitative Results and Analysis
Table 1 reports the crack segmentation results on three
benchmarks, where higher values indicate better perfor-

Table 2. Comparison of FLOPS, parameter number, and memory
usage among different methods.

Methods FLOPS↓ Params↓ Size↓

CTCrackSeg23 39.47G 22.88M 174MB
CSMamba23 145.84G 35.95M 233MB
DTrCNet24 39.47G 22.88M 174MB
Crackmer24 14.94G 5.90M 43MB
SimCrack24 286.62G 29.58M 225MB
MambaIR24 47.32G 10.34M 79MB
PlainMamba24 73.36G 16.72M 96MB
DefMamba25 50.91G 177.44M 201MB
SCSegamba25 18.16G 2.80M 37MB
CrackSSM(Ours) 4.69G 2.95M 15MB

mance. From Table 1, it is evident that our proposed
CrackSSM method is consistently at or near the top across
all evaluation indices. In particular, for the Crack500 and
DeepCrack datasets—which provide relatively fewer train-
ing data—CrackSSM achieves leading performance. On
the more complex TUT dataset, CrackSSM demonstrates a
larger performance margin compared to other SOTA meth-
ods, indicating that both our enhanced feature modeling
strategy and optimized decoding mechanism substantially
benefit segmentation accuracy. Furthermore, Table 2 com-
pares the parameter count, computational cost, and model
size of each method. Although our proposed model does
not have the smallest parameter count, it maintains a rela-
tively low computational cost while still achieving the best
segmentation results.

4.2.2. Qualitative Results and Analysis
To further illustrate each method’s performance in complex
scenarios, we present visual comparisons in Fig. 5. The
results show that CrackSSM excels in terms of segmenta-
tion integrity, accuracy, and background noise suppression,
highlighting the strong generalization capabilities of our ap-
proach across diverse environments.
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Image GT CSMamba CTCrackSeg DTrCNet MambaIR PlainMamba DefMamba SCSegamba Ours

Figure 5. Qualitative comparison results of recently proposed SOTA methods. Red boxes highlight the detailed differences in detection,
while green boxes mark the false positives.

Table 3. Performance on the TUT dataset under different module
configurations. “✓” indicates that the module is enabled; “×”
indicates that it is disabled.

DPSM WGM GRO ODS↑ OIS↑ P↑ R↑ F1↑ mIoU↑

× × × 0.791 0.804 0.799 0.824 0.811 0.827
✓ × × 0.803 0.816 0.809 0.839 0.824 0.836
× ✓ × 0.805 0.818 0.810 0.844 0.827 0.837
× × ✓ 0.802 0.814 0.805 0.845 0.825 0.835
✓ ✓ × 0.807 0.821 0.809 0.852 0.830 0.839
✓ × ✓ 0.807 0.819 0.813 0.845 0.829 0.839
× ✓ ✓ 0.807 0.821 0.811 0.847 0.829 0.839
✓ ✓ ✓ 0.826 0.838 0.827 0.864 0.845 0.851

4.3. Ablation Studies

4.3.1. Impact of Key Components

We conducted a module ablation study to systematically
evaluate the contribution and performance gain of each
components within the CrackSSM. We define the baseline
setting: the encoder utilizes the VSSM backbone to ex-
tract multi-level features, which are directly fed to the cor-
responding decoder layers for upsampling and feature fu-
sion, thereby generating results. In addition, we evaluated
the model’s performance under seven distinct configura-
tions, as shown in Table 3. When different combinations
of DPSM, WGM, and GRO are added to the baseline, the
model’s performance improves to varying degrees. When
only a single module is enabled, each metric increases
significantly (see Rows 2–4), indicating that any of the

direction-awareness, detail enhancement, or global struc-
ture re-optimization modules can effectively remedy the
shortcomings of the baseline model. Furthermore, pairing
any two modules offers complementary advantages in direc-
tion capture, detail restoration, and structural consistency,
leading to better performance than single-module configu-
rations (see Rows 5–7). Notably, when all three modules are
integrated, the model synergistically addresses high-level
feature direction sensing, local detail enhancement, and
global noise suppression; all metrics reach their optimal val-
ues, confirming the superior performance of the complete
model in complex crack scenarios. Besides, Fig. 6 provides
a detailed qualitative visualization of our proposed WGM
and GRO. The series of ”WGM Before/After” pairs demon-
strates a progressive feature refinement process. From the
optimization process of feature content, we can see that
WGM iteratively enhance activations along the crack paths
while suppressing irrelevant background responses, mak-
ing the crack features more salient and continuous. Finally,
the ”GRO Before/After” comparison highlights its role in
global output refinement. GRO effectively eliminates iso-
lated noise artifacts and enhances the connectivity of the
crack network, resulting in a more reliable output.

4.3.2. Feature’s Direction-aware Learning
In the Methods section, we mentioned that four direction-
aware labels were introduced in the DPSM to supervise
the learning of higher-level features, thereby uncovering di-
rectional information beyond semantic features. To verify
whether this kind of direction-aware learning can further en-
hance model performance, we conducted experiments with
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Figure 6. Visualization of the effectiveness of WGM and GRO modules.

Table 4. The results of w/ vs. w/o direction-aware loss (Ldir).

Ldir Dataset ODS↑ OIS↑ P↑ R↑ F1↑ mIoU↑

w/o
DeepCrack 0.893 0.908 0.911 0.908 0.911 0.902
TUT 0.816 0.829 0.824 0.853 0.838 0.845
Crack500 0.712 0.748 0.715 0.790 0.750 0.771

w/
DeepCrack 0.902 0.914 0.918 0.918 0.918 0.909
TUT 0.826 0.838 0.827 0.864 0.845 0.851
Crack500 0.726 0.760 0.727 0.805 0.764 0.780

and without direction-aware loss function on three datasets.
The outcomes is shown in Table 4. It can be observed
that, although the model already achieves relatively favor-
able segmentation metrics (compared to other methods) us-
ing the unconstrained approach, adding explicit supervision
via direction-sensitive labels improves the metrics to vary-
ing degrees across all datasets. For instance, on the Deep-
Crack dataset, ODS increases from 0.893 to 0.902, and F1
increases from 0.911 to 0.917; similar enhancements can
also be observed on the other datasets. To provide an intu-
itive comparison of performance under both settings, Fig. 7
shows visualization results in a multi-branching crack sce-
nario, where our method demonstrates superior detail de-
piction and overall coherence. These experiments confirm
that employing a adaptive tokens reordering strategy based
on direction sensitivity effectively strengthens S6’s ability
to model crack characteristics, further validating the effec-
tiveness of our proposed approach.

Furthermore, we also explore the role of supervision la-
bels in the direction-aware mechanism, we apply different
label configurations to Fenc

4 : (1) Two labels capturing hor-
izontal and vertical direction changes; (2) Two labels cap-
turing only the diagonal directions; (3) The four complete
directions as used in our main text. The results of different
configurations are listed in Table. 5. As the results show,
using labels in four basic directions for supervised learning
leads to better model performance, further confirming the
rationality of our design.

w/ Ldirw/o LdirGTImage

Figure 7. The results of w/o and w/ direction-aware learning.

Table 5. The results adopting various direction labels in DPSM.

Direction Label ODS↑ OIS↑ P↑ R↑ F1↑ mIoU↑

Horizontal and Vertical 0.819 0.832 0.820 0.858 0.838 0.847
Two Diagonals 0.816 0.830 0.821 0.857 0.839 0.845

Four Directions (Ours) 0.826 0.838 0.827 0.864 0.845 0.851

5. Conclusion

In this paper, we propose a new crack segmentation (CS)
model, CrackSSM, integrating a dynamic path scanning
strategy into Mamba’s S6 to better handle the complex ge-
ometries of cracks while maintaining efficiency. By lever-
aging four principal directions in high-level crack features,
the reordering of token sequences addresses the limitations
of static-path scanning and effectively reduces distortion in
visual spatial structure. The incorporation of a wavelet-
based gating module (WGM) and a global re-optimization
module (GRO) further enhances fine-grained detail model-
ing and noise suppression in the decoding stage. Exper-
imental evaluations on multiple benchmark datasets con-
firm that our approach outperforms current state-of-the-
art methods—not only in segmentation accuracy but also
in reduced parameter count and computational overhead.
Overall, these results demonstrate that jointly strengthen-
ing SSM’s capacity for causal inference with dynamic path
planning and exploiting high-frequency priors for detailed
expression offers a leading solution for robust and efficient
CS. In future work, we will extend the dynamic scanning
strategy to other structural analysis tasks and other vision
applications.
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