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Abstract

The goal of this work is to adapt Segment Anything Mod-
els (SAM) into crack segmentation tasks via automatic la-
bel generation, thus eliminating manual annotation cost. In
this regard, an intuitive approach is to extract edges of crack
samples and generate labels via the dilation and erosion pro-
cesses for fine-tuning SAM. However, this simple solution
cannot guarantee the quality of generated labels, as crack
regions will be corrupted due to the imperfect edge detec-
tion. To this end, this paper proposes CoGenSAM, a novel
Codebook-interactive Generative Labeling framework that
enables an annotation-free SAM fine-tuning. To achieve this,
in the first stage, we pre-train a vector-quantized variational
auto-encoder (VQVAE) by reconstructing the synthesized
crack-like structures for learning crack-aware priors within
the codebook. In the second stage, these priors help another
VQVAE serve as the restoration model to restore the ran-
domly corrupted structures into uncorrupted ones. Specifi-
cally, we propose the crack-aware contrastive-interaction to
maximize the mutual information with the above priors via
codebook interaction. Then, high-quality labels can be gener-
ated by restoring corrupted labels from edge detection, con-
tributing to an annotation-free SAM fine-tuning. We collect
a new dataset, Bridge2025, to address the limited availabil-
ity of related bridge-oriented benchmarks. Experiments show
that our performance is close to fully-supervised methods.

Introduction
Crack segmentation plays a significant role in structural
health monitoring for maintaining the structural health and
reliability of many infrastructures, including concrete pave-
ment (Lei, Zhong, and Wang 2024; Lei et al. 2025), bridges
(Jiang et al. 2020; Inoue and Nagayoshi 2023), and nuclear
power plants (Chen et al. 2025c,b). Manual inspection of
crack regions by human experts is time-consuming and suf-
fers from variability across different inter-observers. Thus,
the advancement of automated crack segmentation methods
has received extensive attention from both the industry and
academia (Chen et al. 2022, 2024).

The significant advancements lie in the rise of deep
learning methods (Xu, Yang, and Zhang 2023a,b; Li et al.
2025a). Concretely, convolutional neural networks (CNN)
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Figure 1: (a) Crack images. (b) Real labels. (c) Segmenta-
tion results of SAM. (d) Generated labels via edge detection:
extracting edge images of crack samples by the Sobel opera-
tor, and obtaining labels via the dilation and erosion process.
(e) Our generated labels: herein, we propose the codebook-
interactive generative labeling to improve the quality of gen-
erated labels from the edge detection process.

are the first to prove their potential (Chen et al. 2023). Later,
Crackformer (Liu et al. 2021a) successfully leverages Vi-
sion Transformer (ViT) to capture long-range interactions
for crack segmentation. Later, SCSegamba (Liu et al. 2025)
proposes a lightweight structure-aware vision mamba net-
work to achieve efficient crack segmentation. Motivated by
the great success of the Segment Anything Model (SAM)
(Kirillov et al. 2023), a series of works make great attempts
to fine-tune SAM via a low-rank mechanism in a super-
vised manner (Ge et al. 2024; Wan et al. 2025). For exam-
ple, FlexiCrackNet (Wan et al. 2025) modifies the SAM ar-
chitecture by adding an information-interaction gated atten-
tion mechanism. Meanwhile, (Rostami, Chen, and Hosseini
2025) focuses on improving the fine-tuning strategy and
proposes an automatic selection mechanism. Despite these
works demonstrating the effectiveness of SAM on crack seg-
mentation tasks compared with CNN-based, ViT-based, and
Mamba-based methods, they still heavily rely on pixel-level
crack annotations, which are difficult to acquire due to the
high demand for experts and labeling cost.

To avoid labeling cost, a simple idea is to directly use
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SAM to get crack labels and then serve as pseudo labels
by following the existing methods (Li et al. 2024; Zhang
et al. 2025). However, such approaches fail to produce re-
liable crack labels, as they either over-segment cracks into
numerous fractions or under-segment the crack regions by
misclassifying many of them as the background, see Fig. 1
(c). Considering this, another intuitive approach is to extract
edges of crack samples, and then obtain labels via the dila-
tion and erosion process. Then, these generated labels can
act as real labels to help SAM adapt to crack segmentation.
Interestingly, Fig. 1 (d) shows that although generated la-
bels can reflect crack regions. However, they still involve
corrupted regions, due to imperfect edge detection.

In this paper, we propose a novel Codebook-interactive
Generative Labeling framework, called CoGenSAM, that
automatically generates labels for fine-tuning SAM. Our key
idea lies in that we learn crack-aware priors within the
codebook by training on synthesized crack-like structures,
which can provide guidance for a restoration model to re-
store corrupted regions via codebook-level interaction. In
return, the trained restoration model can help to improve the
quality of generated labels from imperfect edge detection.
To achieve this, in the first stage, a VQVAE is pre-trained on
the synthesized crack-like structures to enforce a codebook
to learn crack-aware priors. In the second stage, we simulate
corrupted labels by generating multi-scale square masks and
randomly selecting them to corrupt the synthesized crack-
like structures by removing certain regions. Then, we pro-
pose the crack-aware contrastive-interaction to enforce an-
other VQVAE as the restoration model to restore corrupted
regions by maximizing the crack-aware information via con-
trastive interaction with the pre-trained codebook. After-
ward, high-quality labels can be generated by restoring the
corrupted labels from the edge detection process, see Fig. 1
(e), thus contributing to a reliable SAM fine-tuning.

Our contributions can be summarized as four-fold:

• To the best of our knowledge, we are the first one that
automatically generates crack labels for adapting SAM to
crack segmentation without any manual annotation cost.
Notably, our annotation-free SAM achieves satisfactory
performance even compared with supervised methods.

• Propose the codebook-interactive generative labeling by
starting from a corrupted-to-uncorrupted labels restora-
tion perspective, which aims to learn crack-aware priors
from the synthesized crack-like structures and then pro-
vide guidance for the restoration model.

• Propose the crack-aware contrastive-interaction that en-
ables explicitly cross-codebook learning via a contrastive
interaction that maximizes the mutual information be-
tween the restoration and reconstruction model with a
theoretical guarantee.

• A new crack dataset, named Bridge2025, is collected
from real-world bridges, to promote research on bridge-
oriented crack segmentation tasks by serving as a new
bridge-oriented crack segmentation benchmark.

Related Work
Annotation-free Crack Segmentation. Early unsupervised
methods act in a clustering manner (Li et al. 2021). Later,
inspired by anomaly detection, Zhang et al. leverage an au-
toregressive model to learn the distribution of these dis-
crete representations from non-crack samples (Zhang et al.
2024). To improve the restoration of the non-crack region,
UP-CrackNet (Ma, Fan, and Xie 2024) designs a generative
adversarial network to restore the corrupted regions. How-
ever, the existing VQVAE-based unsupervised segmentation
methods (Cheng, Qu, and Lee 2024) still require human
efforts to filter out those crack samples, as these methods
assume that crack areas cannot be reconstructed by train-
ing with only normal samples (Lei et al. 2025). Meanwhile,
self-supervised methods aim to leverage large-scale unsu-
pervised data to perform pre-training by using contrastive
learning losses (Liu et al. 2021b). Although (Kim, Oh, and
Ye 2022) and (Ma et al. 2021) achieve self-supervised seg-
mentation via adversarial learning and fractals, they require
background-only images as input for generating synthesis
data. This limits its real-world applications. To this end,
FreeCOS (Shi et al. 2023) explicitly encodes geometric and
photometric characteristics, as well as some observed vari-
eties of curvilinear objects in the target application.

Herein, our method is distinct from existing FreeCOS
and VQVAE-based methods in two-fold: (1) Instead of us-
ing synthetic data for training segmentation models, we fo-
cus on automatically generating labels for real samples via
our corrupted-to-uncorrupted labels restoration. (2) Instead
of learning a crack-free codebook from crack-free images,
we learn crack-aware priors from the synthesized crack-like
structures, and then they can guide the restoration model via
codebook interaction for generating high-quality labels for
an annotation-free yet reliable SAM fine-tuning.
Vision Foundation Models. Foundation models are pre-
trained, large-scale models that allow for fast customiza-
tion through fine-tuning (Xu, Ye, and Su 2025). For exam-
ple, (Ye et al. 2024) and (Ge et al. 2024) utilize low-rank
adaptation (LoRA) to apply SAM for crack segmentation.
(Wan et al. 2025) proposes FlexiCrackNet by integrating an
information-interaction gated attention mechanism. (Wang,
He, and Yu 2024) and (Rakshitha et al. 2024) aim to train an
object detector to serve as a prompter for enhancing SAM’s
segment capacity. To improve the fine-tuning strategy, (Ros-
tami, Chen, and Hosseini 2025) propose a selective fine-
tuning strategy. (Jiang et al. 2024) leverages distribution-
aware domain-specific semantic knowledge to guide the
learning process. CrossDiff (Shi et al. 2025) aim to gener-
ating synthetic crack images from segmentation masks.

Unlike existing works that generate synthetic images for
training segmentation models, our key difference lies in two-
fold: (1) We aim to achieve annotation-free SAM fine-tuning
via generated labels without any real-world crack labels.
(2) Our work starts from a corrupted-to-uncorrupted labels
restoration perspective, which aims to learn crack-aware pri-
ors from the synthesized crack-like structures and then pro-
vide guidance for the restoration model.
Contrastive Learning. Contrastive learning has proved its
advantage in learning feature representations for various
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Figure 2: The overview of CoGenSAM. Our codebook-interactive generative labeling employs a VQVAE pre-trained on the
synthesized crack-like structure images in Stage I, to learn a codebook for providing informative guidance for the next stage.
Then, we utilize another VQVAE that takes randomly corrupted synthesized crack-like structures as input, to restore the un-
corrupted one via our proposed crack-aware contrastive-interaction. Finally, an annotation-free yet reliable SAM fine-tuning
process can be achieved with automatically generated labels by restoring the generated labels from the edge detection.

tasks (Li et al. 2025b). Jeong et al. (Jeong et al. 2021) en-
hance the discrimination ability of memory with the fea-
ture contrastive loss. However, it involves a huge compu-
tation burden as the memory bank gets outdated quickly
in a few passes. Later, (Gou et al. 2023) design multi-
feature contrastive learning by constructing a patch-wise
contrastive loss using the feature information. Recently,
Zhao et al. (Zhao, Cai, and Yuan 2024) propose the dual
contrastive regularization.

Notably, different from the above methods that aim to
learn class-relevant features, our fundamental advancement
lies in that our crack-aware contrastive-interaction con-
structs contrastive pairs between quantized features from the
codebook, which enables explicit cross-codebook learning
via contrastive interaction with a theoretical guarantee.

Method
Framework Overview
In this paper, we propose Codebook-interactive Generative
Labeling (CoGenSAM), to achieve annotation-free SAM
fine-tuning for crack segmentation. As illustrated in Fig. 2,

in the first stage, we pre-train a VQVAE by reconstructing
the synthesized crack-like structures, which allow the code-
book to learn crack-aware priors. Then, in the second stage,
we propose the crack-aware contrastive-interaction to train
another VQVAE as a restoration model to restore corrupted
regions via contrastive interaction with a pre-trained code-
book. Finally, we enable generative SAM fine-tuning by au-
tomatically generating high-quality labels via restoring cor-
rupted labels from the edge detection. In the following sec-
tion, we will discuss more details of CoGenSAM.

Codebook-Interactive Generative Labeling
Notably, existing methods (Seibold et al. 2022; Chen et al.
2025a) obtain generated labels via a well-trained segmen-
tation model, which is difficult to acquire due to the sub-
stantial effort required to develop well-annotated crack seg-
mentation datasets. In contrast, we aim to learn crack-aware
priors from the synthesized crack-like structures, and then
provide crack-aware contrastive-interaction for the restora-
tion model to improve the quality of generated labels from
the imperfect edge detection process.
Stage I: Crack-aware Prior Pre-training: Since frac-
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tals show similar patterns with cracks and can be ren-
dered by mathematical formulas, herein, we propose crack-
aware prior pre-training that leverages parametric Fractal L-
systems (Zamir 2001) to generate fractal tree structures by
following physiological rules of cracks with bifurcations:

rule : A → A[−A][+A], (1)

where rule denotes the production rule and A denotes an ex-
ample of an axiom, e.g., a line of unit length in the horizon-
tal direction. “[” and “]” denote the departure and return to a
branch point. The symbols “-” and “+” denote a certain rota-
tion angle in anti-clockwise and clockwise directions. Please
see implement details in Appendix A.

Figure 3: The synthesized crack-like structure images

Given the synthesized crack-like structure image Xori
based on the basic Fractal system (see Fig. 3), the convo-
lutional encoder Mp

e maps the input image Xori to the latent
feature vector zpe as following :

zpe = Mp
e(Xori), and zpe ∈ RW×H×C , (2)

where W , H , and C indicate the feature’s width, height, and
the number of channels, respectively. Next, we built a code-
book P ∈ RN×c that contains N discrete latent vectors to
model the distributions of synthesized crack-like structure
images, where N is the number of entries in the codebook.
And, c is the dimension of each entry, which is equal to C.
Then, we can discretize the distribution of the latent feature
vector to get the quantized features ẑpe by the following vec-
tor quantization VQP(·):

VQP(z) := argminzk∈P ∥z− zk∥2 , (3)

where zk is the k-th entry in the codebook P. Then, each
vector in zpe is replaced with its nearest neighbor entry in
the codebook P via VQP(·), resulting in the corresponding
quantized feature vector ẑpe ∈ RW×H×c:

ẑpe = VQP(z
p
e ), and ẑpe ∈ RW×H×c. (4)

The convolutional decoder Mp
d reconstructs the quantized

vector ẑpe back into the image X̂p
recon by the Eq. 5.

X̂p
recon = Mp

d(ẑ
p
e ). (5)

Finally, codebook P, encoder Mp
e and decoder Mp

d are jointly
optimized with the following reconstruction loss:

Lp
VQVAE(P,M

p
e,M

p
d) =

∥∥∥Xori − X̂p
recon

∥∥∥
2
+

∥sg[zpe ]− ẑpe∥2 + ∥sg[ẑpe ]− zpe∥2 ,
(6)

where sg[·] indicates the stop gradient operator. The first
item in Eq. 6 optimizes the encoder and decoder to enforce

the reconstructed image to be close to the original synthe-
sized crack-like structure images. The second item in Eq. 6
provides gradients to the codebook P. To incentivize the en-
coder Mp

e to commit to the codebook, a third term is added
to update the encoder. In other words, it enforces the latent
feature zpe to be close to the nearest neighbor entry in P.

Then, the overall objective Lstage1 is defined as
Lp

VQVAE(P,Mp
e,M

p
d). By exploiting this, we are allowed to

obtain a codebook P that contains crack-aware priors corre-
sponding to those synthesized crack-like structure images.
In the following, we discuss how to leverage a pre-trained
codebook to promote the corrupted region restoration task.
Stage II: Crack-aware Contrastive-interaction : The suc-
cess of our annotation-free SAM fine-tuning process lies in
the quality of the generated labels. However, due to the im-
perfect edge detection result, there still exist corrupted crack
regions in the generated crack labels via the vanilla process
(i.e., edge detection, dilation, and erosion). Considering this,
we aim to simulate such effects by randomly corrupting syn-
thesized crack-like structures. We then train a restoration
model to restore the corrupted regions. In return, the restora-
tion model can help us to improve the quality of the gener-
ated labels from the edge detection process.

Herein, we first divide an image into W
S × H

S patches,
where H and W represent the height and width of input syn-
thesized crack-like structure image Xori respectively, and S
denotes the patch size. Then, masks can be generated via a
Boolean logic strategy, where pixel values are set to 0 or 1
to indicate the regions that should be removed or retained.
Notably, the ratio between the removed and retained regions
is 1 : 1. Given the uncorrupted Xori, the random corrupted
image Xcor can be obtained by: Xcor = Xori ∗M , where M
denotes the random generated mask. Now, we train a VQ-
VAE that takes the corrupted image Xcor as input, and then
restores the corresponding uncorrupted image Xori. How-
ever, due to the domain gap between uncorrupted and cor-
rupted synthesized crack-like structure images, vanilla VQ-
VAE suffers from the model collapse problem, where the
model is likely to get stuck in local optima and fails to opti-
mize the codebook effectively. Thus, we propose the crack-
aware contrastive-interaction that aims to maximize mutual
information with the pre-trained codebook, to encourage the
restoration model to explore more new codewords.

More specifically, the restoration model contains encoder
Mr

e, codebook R, and decoder Mr
d. We input Xcor to en-

coder Mr
e and obtain the latent feature vector zre. Simi-

lar to Eq. 3, the quantized features ẑre can be obtained via
codebook R. Afterward, the restored image X̂r

recon is ob-
tained via decoder Mr

d. Besides the vanilla VQVAE loss,
i.e., Lr

VQVAE(R,Mr
e,Mr

d) (See Eq. 6), the restoration model
adopts our crack-aware contrastive-interaction for joint su-
pervision, as discussed below.

For computation efficiency, our patch operator first di-
vides ẑre and ẑpe into non-overlapping square patch features
ẑr{(1,1),(1,2),··· ,(W

S ,HS )} and ẑp{(1,1),(1,2),··· ,(W
S ,HS )}, where

H and W represent the height and width of input features
ẑpe respectively, and S denotes the patch size. Moreover,
we add two additional projection modules ϕr(·) and ϕp(·),
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each of which includes a global average pooling layer and
a fully connected layer. ϕr(·) and ϕp(·) are used to trans-
form the patch features into P{(1,1),(1,2),··· ,(W

S ,HS )} and
R{(1,1),(1,2),··· ,(W

S ,HS )}, respectively. The transformed em-
beddings are used for contrastive learning. However, previ-
ous contrastive learning methods do not consider leveraging
crack-aware priors within the codebook. In contrast, we aim
to effectively leverage informative quantized features from
the pre-trained reconstruction model, to promote codebook
learning for corrupted mask to uncorrupted mask restoration
tasks. Given an embedding R(i,j) ∈R{(1,1),(1,2),··· ,(W

S ,HS )},
we denote it as an anchor embedding. Then, we construct the
positive contrastive embedding P(i,j) and negative embed-
dings P{(1,1),(1,2),··· ,(m,n),(W

S ,HS )}, where (m,n) ̸= (i, j).
Note that, the above feature embeddings are preprocessed
by l2-normalization for numerical stability. Then, the con-
trastive probability distribution PR→P between codebook R
and P can be formulated as:

PR→P =

softmax([
(
R(i,j) ·P(i,j)/τ

)
, · · · ,

(
R(i,j) ·P(m,n)/τ

)
, · · · ])

(7)
where softmax (xi) = exi/

∑n
j=1 e

xj , τ is a constant tem-

perature, and PR→P ∈ RW
S ·HS . Notably, the quantized fea-

tures from the pre-trained codebook are supposed to contain
crack-like priors, so as to reconstruct crack-like structures.
Thus, the restoration model can benefit from the pre-trained
codebook by enforcing a large similarity at the same loca-
tion (i, j). For this purpose, we follow the existing work and
adopt cross-entropy loss to let positive pair to have a larger
similarity:

Lc = − log
exp(R(i,j) ·P(i,j)/τ)∑W

S
,H
S

m=1,n=1 exp(R(i,j) ·P(m,n)/τ)
. (8)

Herein, our Eq. 8 employs contrastive embeddings from
the quantized features within two codebook under differ-
ent tasks. It can model an explicit relationship between
two codebooks among different tasks, facilitating mutual in-
formation to promote codebook learning of the restoration
model. Our ablation studies further show the necessity of
crack-aware contrastive interaction. The results show that
our restoration model can learn the codebook effectively
with the help of an informative codebook from the pre-
trained reconstruction model. Notably, we provide an infor-
mation perspective to prove that minimizing Eq. 8 is equal
to maximizing the upper bound of the mutual information
I(P,R) between codebook P and R as follows:

I(P,R) ≥ log(
W

S
· H
S

− 1)− E(P,R)Lc (9)

Notably, the mutual information I(P,R) measures the in-
formation overlap degree of quantized features between the
pre-trained reconstruction model and restoration model, cor-
responding to codebook R and P. In other words, the cook-
book of the restoration model could gain extra contrastive
knowledge from the cookbook of the pre-trained reconstruc-
tion model by using Eq. 8. Finally, the overall objective

Lstage2 is formulated as:

Lstage2 = Lr
VQVAE(R,Mr

e,Mr
d) + λ

W
S ,HS∑

i=1,j=1

Lc, (10)

where λ is used to balance the above two loss functions.
Generative SAM Fine-tuning: As shown in Fig. 2 (c), we
first obtain the gray image of a given crack sample Xcrack.
Then, we leverage the Sobel operator (Vairalkar and Nimb-
horkar 2012) to obtain the corresponding edge image Xedge
from the above gray image and perform dilation and erosion
operations in Opencv, shown as follows:

Xcor = erosion(dilate(Xedge)), (11)

where Xcor denotes the generated corrupted crack label.
dilate(·) and erosion(·) denotes dilation and erosion opera-
tions with the kernel size of 8×8. Afterward, we improve the
quality of the above corrupted crack label by inputting Xcor
to the restoration model, and obtain the restored label Xrecon
via vector quantization by using codebook R. Finally, we use
the following sigmoid function as the activation function to
limit each pixel value to (0,1):

Ygen = Sigmoid(Xrecon) =
1

1 + e−Xrecon
. (12)

Now, the generated label Ygen can enable an annotation-free
SAM fine-tuning process (See more details in Appendix C).
Since mean absolute error (MAE) has been identified as a
robust loss function for reducing the impact of incorrect la-
bels (Ghosh, Kumar, and Sastry 2017), we adopt MAE loss
for the supervision:

LCoGenSAM = MAE(SAM(Xcrack), Ygen). (13)

Experiment
Datasets
Since we focus on crack segmentation, we adopt the fol-
lowing commonly used DeepCrack and Crack500 datasets
for evaluation. Meanwhile, to address the limited availability
of related benchmarks, we propose the Bridge2025 dataset
to provide bridge-oriented crack segmentation benchmarks.
The DeepCrack dataset (Liu et al. 2019) contains 537 RGB
color images with manually annotated segmentations. The
Crack500 dataset (Yang et al. 2019) contains 3368 crack
samples and is more challenging with various shapes and
cluttered backgrounds. Moreover, the widths and shapes of
cracks in Crack500 vary over a large range, making crack
segmentation challenging. Our Bridge2025 dataset is col-
lected from real-world bridges via a handheld camera, com-
prising 500 images with the size of 4096 × 3072. The col-
lected images contain noise, such as uneven illumination and
blurred backgrounds. To augment the dataset without com-
promising its resolution, we slice the captured images into
image patches of 256×256 pixels, composing a final dataset
with 1002 samples with manually annotated segmentations.
We provide some examples in Appendix D. Herein, we con-
sider a more challenging setting that splits 100 samples for
training and validation, respectively. The remaining are test
samples for different datasets.
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Method Training DeepCrack Bridge2025 Crack500
mIoU ↑ F1 ↑ mIoU ↑ F1 ↑ mIoU ↑ F1 ↑

SCSegamba

Fully Annotation

61.07 ± 1.25 74.88 ± 0.85 50.05 ± 3.18 64.75 ± 3.10 49.19 ± 1.06 65.13 ± 2.01
FlexiCrackNet 62.25 ± 3.16 75.31 ± 1.41 51.32 ± 2.11 65.11 ± 2.09 52.11 ± 0.86 68.10 ± 1.21
CrackSAM 65.62 ± 1.65 77.55 ± 1.56 54.89 ± 2.11 68.75 ±1.90 54.22 ± 1.54 70.58 ± 1.56
SECrackSeg 64.99 ± 1.21 77.02 ± 0.97 54.31 ± 1.89 68.33 ±1.78 53.04 ± 2.31 69.11 ± 2.35
Patch-VQVAE

Annotation-free

29.22 ±. 3.21 40.20 ± 3.43 15.02 ± 1.87 21.77 ± 2.30 10.15 ± 2.91 18.33 ± 2.18
RIAD 26.76 ±. 3.07 38.31 ± 3.79 11.36 ± 2.06 18.34 ± 2.88 9.63 ± 3.73 16.50 ± 5.63
Up-CrackNet 48.09 ± 2.99 61.63 ± 3.20 21.02 ± 1.05 31.42 ± 2.03 21.27 ±1.61 29.80 ± 2.33
FreeCOS 55.21 ± 3.15 68.11 ± 2.87 41.05 ± 4.10 57.09 ± 3.93 39.15 ± 2.40 55.34 ± 2.78
CoGenSAM 61.57 ± 2.33 74.28 ± 1.05 48.12 ± 3.23 63.34 ± 2.29 46.33 ± 1.34 62.22 ± 1.32

Table 1: Comparisons with different methods, including fully-supervised, weakly-supervised, and annotation-free methods, on
three crack datasets. Each experiment is repeated three times and reports the mean values and standard deviations.

Implementation Details & Evaluation Metrics

Our CoGenSAM is implemented based on the PyTorch
framework (Paszke et al. 2019) with NVIDIA RTX 3090.
The encoder/decoder of VQVAE consists of four blocks,
where each block contains two ResBlocks (He et al. 2016)
and a downsampling/upsampling layer. Note that, crack im-
ages are resized to 1024 × 1024 pixels for training and test-
ing. The intermediate feature has a spatial size of 18 × 18
and a feature dimension of 256. The patch size S is set as
3. The codebook has N = 1024 entries and an entry dimen-
sion of c = 256. The input and output dimensions of the
fully connected layer in two additional projection modules
are 256 and 1024, respectively. For three training stages, we
use an Adam optimizer (Diederik 2014) with a batch size of
4, a learning rate of 1.0 × e−3, and a training epoch of 20.
According to our sensitivity studies, the weight of our Lc in
Eq. 10 is 0.02 and the constant temperature τ is set as 0.1.
By following existing works (Cheng et al. 2021), we first
calculate the F1 score and mIoU for each image. Then, the
average of each metric across all images is set as our metric.

Sensitivity Study

There are two hyper-parameters in this paper. λ is used to
balance the loss functions, and τ is the constant temperature
in contrastive probability distribution. The hyper-parameter
sensitivity study is conducted on the DeepCrack dataset with
the F1 metric. Fig. 4 shows that our method is not sensitive
to the choice of λ and τ , and we set λ = 0.02 and τ = 0.1.

(a) Sensitivity study on λ (b) Sensitivity study on τ

Figure 4: Hyper-parameter sensitivity study on DeepCrack
dataset. Each experiment is repeated three times.

Crack Images

Edge Detection Results

Our Generated Labels 

Figure 5: The first row: crack images. The second row: edge
detection results. The third row: our generated labels.

Quantitative and Qualitative Results
Herein, we compare CoGenSAM with existing methods in-
cluding: (i) Fully annotation methods, e.g., SCSegamba (Liu
et al. 2025), FlexiCrackNet (Wan et al. 2025), CrackSAM
(Ge et al. 2024) and SECrackSeg (Chen, Shi, and Pang
2025); (ii) Annotation-free methods, e.g., Patch-VQVAE
(Cheng, Qu, and Lee 2024), RIAD (Zavrtanik, Kristan, and
Skočaj 2021), Up-CrackNet (Ma, Fan, and Xie 2024) and
FreeCOS (Shi et al. 2023); (iii) Weakly-supervised meth-
ods, e.g., CrackCLIP (Liang et al. 2025) on DeepCrack,
Bridge2005, and Crack500 datasets. Table 1 shows that our
CoGenSAM achieves 61.57% on mIoU and 74.28% on F1,
which are close to the supervised methods, e.g., 64.99 and
77.02 of CrackSAM. The reason behind this effect is that, as
shown in Fig. 5, our method can produce high-quality labels
from imperfect edge detection results.

These results are attributed to that our synthesized crack-
like structure pre-training enables the pre-trained codebook
to capture crack-aware priors. Then, the restoration model
can be guided to overcome noisy edge images with the help
of the crack-aware priors within the codebook by explicitly
performing cross-codebook learning in a contrastive interac-
tion manner. As expected, our method achieves a noticeable
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Image Label Patch-VQVAE RIAD Up-CrackNet CrackCLIP FreeCOS CoGenSAM

Figure 6: Results of various methods, including Patch-VQVAE, RIAD, Up-CrackNet, CrackCLIP, FreeCOS, and CoGenSAM.

performance gap with existing annotation-free methods, see
Fig. 6. Visualization results can be found in Appendix E.

Ablation Study
To examine each component: codebook, crack-aware
contrastive-interaction, and edge detection methods, a series
of ablation experiments is performed on both the DeepCrack
and Bridge2025 datasets.
Evaluation on Restoration Model. Table 2 shows that Co-
GenSAM involves a huge performance drop without the
restoration model or codebook. The reason behind this ef-
fect is that both restoration and codebook are essential to
improve the quality of generated labels from the edge de-
tection process. As we can see from Fig. 1, the vanilla la-
bels from edge detection suffer from substantial noise and a
discontinuity problem of cracks. In contrast, the generated
labels from the restoration model involve high quality, thus
contributing to a reliable SAM fine-tuning.

Method DeepCrack Bridge2025
mIoU ↑ F1 ↑ mIoU ↑ F1 ↑

w/o Restoration 49.22 60.88 32.78 47.19
w/o Codebook 57.33 71.11 43.98 59.16
CoGenSAM 61.73 74.35 48.25 64.51

Table 2: Ablation study on codebook and restoration model.

Evaluation on codebook interaction. We study the effect
of crack-aware contrastive-interaction (Lc) in our proposed
CoGenSAM. Table 3 shows that there is a significant drop
without the supervision of Lc. This is because such guidance
could further enable our restoration model to benefit from a
pre-trained codebook with a theoretical guarantee, i.e., max-
imizing the crack-aware information of the codebook be-
tween stage I and stage II. This will benefit the restoration
model to restore corrupted labels into high-quality labels.
Evaluation on Edge Detection. We further study the ef-
fect of different edge detection methods to demonstrate our
robustness, including Prewitt (Prewitt et al. 1970), Roberts
(Boyle and Thomas 1988), Canny (Canny 1986), and Sobel
(Sobel 2014). Table 3 shows results on DeepCrack. It can
be observed that there is a little performance gap between

Method DeepCrack Bridge2025
mIoU ↑ F1 ↑ mIoU ↑ F1 ↑

w/o Lc 58.01 71.41 44.52 60.05
CoGenSAM 61.73 74.35 48.25 64.51

Table 3: Evaluation of codebook interaction.

different methods. The reason is that our method can restore
those corrupted regions from edge detection, thus avoiding
the instability from different edge detection methods.

Edge operator mIoU ↑ F1 ↑
Roberts 61.34 ± 2.98 74.01 ± 2.01
Prewitt 61.00 ± 2.76 73.65 ± 1.31
Canny 60.41 ± 1.92 73.10 ± 0.87
Sobel 61.57 ± 2.33 74.28 ± 1.05

Table 4: Ablation studies on edge detection methods. Each
experiment is repeated three times on DeepCrack dataset.

Conclusion
This work aims to adapt Segment Anything Models into
crack segmentation tasks via automatic label generation. To
this end, we propose the codebook-interactive generative la-
beling to enable annotation-free SAM fine-tuning for crack
segmentation. To achieve this, we first synthesize crack-like
structure images for pre-training a reconstruction model to
learn crack-aware priors within the codebook. Then, we pro-
pose the crack-aware contrastive-interaction that allows the
restoration model to benefit from the above pre-trained code-
book via contrastive interaction with a theoretical guarantee.
In return, the restoration model could learn an informative
codebook, and then restore corrupted labels from the edge
detection. Finally, those generated labels can enjoy high
quality and thus enable our annotation-free SAM fine-tuning
process. Experiments on publicly available DeepCrack and
Crack500 datasets, as well as our proposed Bridge2025
dataset, demonstrate the superiority of our method, even
achieving comparable performance to supervised methods.
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