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 A B S T R A C T

Accurate and efficient detection of pavement distress is essential for maintaining road infrastructure safety 
and functionality. However, artificial intelligence-based detection methods remain constrained by limited 
labeled data, class imbalance, and high pixel-level annotation cost. To address these challenges, CrackMaskNet 
is proposed as a diffusion-based generative framework that models pavement appearance and pixel-level 
annotation as coupled stochastic variables within a unified diffusion process. By jointly embedding distress 
images and their corresponding segmentation masks into a shared noise trajectory, the framework enables 
coordinated evolution of visual texture and structural boundaries, supporting class-controllable synthesis of 
aligned image–mask pairs without additional annotation stages. Experimental results show that the generated 
pavement distress images achieve a Fréchet Inception Distance of 39.6 and a Kernel Inception Distance of 
0.046, while the corresponding segmentation masks reach a mean Intersection over Union of 0.81 and a Dice 
score of 0.89, indicating coherent image–mask generation. Incorporating the synthesized samples improves 
downstream classification, detection, and segmentation performance, particularly for visually ambiguous and 
underrepresented crack categories. Evaluation on CRACK500 and related datasets further demonstrates stable 
image–mask generation under moderate domain shifts. CrackMaskNet provides a practical approach for 
constructing annotated pavement distress datasets while reducing manual labeling effort, supporting AI-enabled 
infrastructure asset management and big-data-driven maintenance decision-making.
1. Introduction

The durability and performance of pavement infrastructure are 
vital for maintaining the safety and efficiency of transportation net-
works (Ayman and Fakhr, 2023). However, pavements continuously 
experience deterioration due to environmental factors and mechanical 
loads, resulting in various types of distress such as cracks, potholes, 
and surface deformations (J. Li et al., 2022). Regular inspection and 
maintenance of pavements are essential for extending their lifespan 
and ensuring road safety. However, developing reliable and automated 
pavement distress detection methods remains challenging, particularly 
when applied to complex and diverse real-world conditions.

Traditional approaches for pavement condition assessment have 
primarily relied on conventional image processing techniques, includ-
ing edge detection (Wang et al., 2007; Abbas and Ismael, 2021), 
texture analysis (Nair et al., 2018), and other classical image processing 
methods (Jing and Aiqin, 2010; Radopoulou et al., 2013). While these 
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methods offer baseline capabilities for identifying distress, they often 
lack robustness when applied to diverse pavement conditions with 
varying textures, lighting, and environmental factors. The advancement 
of machine learning and deep learning has substantially improved im-
age recognition capabilities for pavement distress. Classification models 
such as Residual Network with 50 layers (ResNet50) (Li et al., 2023) en-
able coarse identification of distress types. Object detection algorithms 
including enhanced You Only Look Once version 12 (YOLOv12) net-
works (Wang et al., 2024) can effectively localize damage regions while 
suppressing interference from complex environmental noise. Semantic 
segmentation techniques, exemplified by Pavement Distress Segmen-
tation Network (PDSNet) (Wen et al., 2023) with its parallel feature 
extraction branches, can quantify the extent of damage by precisely 
labeling each pixel in an image.

Despite substantial progress in pavement distress detection, devel-
oping robust and generalizable models remains challenging due to 
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several fundamental factors. First, the scarcity of large-scale, high-
quality annotated datasets significantly constrains the performance of 
data-driven methods. Existing pavement distress datasets are often 
limited in size and exhibit severe class imbalance, with certain distress 
categories being markedly underrepresented (Maeda et al., 2018; Shi 
et al., 2016; Cui et al., 2015; Yang et al., 2019). Second, obtaining 
pixel-level annotations for pavement distress images requires special-
ized domain expertise and extensive manual effort, resulting in high 
annotation costs that restrict dataset scalability and diversity (Schreiner 
et al., 2006). Third, the visual similarity between different distress types 
— particularly between untreated cracks and repaired areas such as 
sealed or patched sections — introduces substantial ambiguity. Such 
morphological and color-level similarities frequently lead to misclassifi-
cation, even when advanced deep learning models are employed (Gong 
et al., 2023). These challenges collectively limit the deployment of 
existing detection systems in real-world engineering scenarios, where 
robustness across diverse pavement conditions is essential.

Several strategies have been proposed to address data-related chal-
lenges. Traditional data augmentation techniques (Wu et al., 2020; 
Fawzi et al., 2016) enhance dataset diversity through transformations 
such as rotation (Xi et al., 2018), scaling (Chen et al., 2020), and 
flipping (Kim and Lee, 2022), but remain limited to the distribution 
boundaries of existing data. Transfer learning approaches (Gopalakr-
ishnan et al., 2017; Li et al., 2021) employ models pre-trained on 
large-scale datasets, yet frequently struggle with the substantial domain 
gap between general imagery and specialized pavement textures. Semi-
supervised and unsupervised learning methods (Ren et al., 2023; Li 
et al., 2020) reduce annotation requirements but typically underper-
form compared to fully supervised models for complex segmentation 
tasks. More advanced generative approaches have emerged to syn-
thesize additional training data. Variational Autoencoders (VAEs) (Hu 
et al., 2024) provide probabilistic modeling capabilities but often pro-
duce blurry outputs lacking the fine details crucial for distress detec-
tion. Generative Adversarial Networks (GANs) (Ashwini et al., 2024) 
create synthetic images with sharper details but frequently exhibit arti-
facts including unrealistic textures and structural distortions. Although 
diffusion models (Zhang et al., 2024a) substantially improve generation 
fidelity, existing implementations provide limited control over multiple 
distress categories and rarely support joint generation of images and 
pixel-level annotations.

To address these limitations, this paper proposes CrackMaskNet, a 
novel diffusion-based generative model for pavement distress detection 
that systematically addresses the challenges. The primary contributions 
of this work are:

• CrackMaskNet formulates pavement appearance and pixel-level 
annotation as coupled variables within a unified diffusion frame-
work, enabling class-controllable generation of aligned image–
mask pairs under limited and imbalanced labeling conditions.

• A joint image–mask generation strategy treats segmentation
masks as intrinsic generative variables rather than external con-
ditioning signals, reducing reliance on manual pixel-level anno-
tation.

• The proposed joint image–mask generation mechanism, together 
with a noise-aware adaptive feature scaling strategy embedded 
in the denoising network, enhances structural consistency and 
stabilizes feature representations across diffusion states, which 
helps alleviate misclassification caused by morphological and 
color similarity among different distress patterns.

• Extensive experiments demonstrate improved generation fidelity, 
stronger image–mask alignment, and stable performance under 
class imbalance and moderate domain shifts.
2 
2. Literature review

Generative models have emerged as powerful tools for addressing 
data scarcity in pavement distress detection. This section explores three 
primary generative approaches: Variational Autoencoders (VAEs), Gen-
erative Adversarial Networks (GANs), and Diffusion Models, analyzing 
their capabilities and limitations in the context of pavement distress 
data generation.

2.1. VAEs

Variational Autoencoders implement a probabilistic framework con-
sisting of an encoder network transforming input images into a la-
tent distribution and a decoder network that reconstructs images by 
sampling from this distribution.

VAE-ResNet (Wang and Liu, 2024) integrates VAE, ResNet, and 
Residual Feature Distillation Block (RFDB) to suppress stochastic clutter 
in data and enables end-to-end processing for subsurface anomaly 
imaging. VAE-Diffusion (Chen et al., 2025) reduces zero observations 
in frequency data and handles multi-type tabular variables to en-
hance synthetic data quality and improve predictive accuracy. VD-
CrackGAN (Yu et al., 2024) combines VAE and Deep Convolutional 
Generative Adversarial Network (DCGAN) for pavement crack data 
augmentation, integrating spectral normalization and the Swin Trans-
former to enhance crack generation quality. Structural Variational 
Autoencoder (SVAE) (Bacsa et al., 2025) learns structural dynam-
ics from dynamic response data for classification in structural health 
monitoring, enabling damage detection, characterization, and transfer 
learning across different property clusters.

Despite their probabilistic interpretability, VAEs tend to oversmooth 
high-frequency textures, which are essential for distinguishing fine-
scale pavement distresses. This degradation stems from pixel-wise re-
construction loss functions that optimize for average correctness rather 
than structural fidelity. Additionally, controlling specific geometric 
properties of generated distresses often requires complex architecture 
modifications, limiting practical applications (Bredell et al., 2023).

2.2. GANs

Generative Adversarial Networks employ a competitive framework 
between generator and discriminator networks, where the generator 
produces synthetic images while the discriminator evaluates their au-
thenticity against real samples. This adversarial optimization drives 
continuous improvement in generation quality, enabling GANs to pro-
duce sharper, more detailed outputs compared to VAEs.

Conditional adversarial translation frameworks such as pix2pix
(Isola et al., 2017) further extend GANs to paired image-to-image 
generation by learning mappings between structured inputs and target 
images. AsphaltGAN (Cano-Ortiz et al., 2024b) is a class-conditional 
GAN with attention mechanisms designed for dataset augmentation, 
generating diverse rare road defects to enhance object detection in 
pavement distress detection systems. Chen and Ren (2024) proposed 
a method that combines GAN-generated damage with texture synthe-
sis to control severity levels and uses Poisson blending for realistic 
integration, automating sample selection to enhance road damage de-
tection. Furthermore, Wasserstein Generative Adversarial Network with 
Gradient Penalty (WGAN-GP) is utilized to facilitate the generation of 
high-quality pavement crack images, ensuring enhanced realism and 
structural fidelity in the synthesized data (Han et al., 2024; Zhang and 
Zhang, 2024).

Despite notable improvements in realism, GAN-based approaches 
remain vulnerable to training instability and mode collapse, which 
can distort distress morphology and reduce data reliability. For pave-
ment applications, GANs lack mechanisms for generating corresponding 
segmentation masks alongside images, requiring additional annotation 
processes.
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Fig. 1. CrackMaskNet framework. Overview of the joint diffusion pipeline for crack image and segmentation mask generation, illustrating the forward noise 
injection process and the noise-conditioned reverse denoising process guided by class labels.
2.3. Diffusion models

Diffusion models implement a principled probabilistic framework 
based on thermodynamics principles. These models operate through 
a forward diffusion phase that gradually adds noise to images and 
a reverse denoising phase that learns to recover the original image 
from noise (Croitoru et al., 2023). This decomposition into multiple 
denoising steps enables more stable training and higher quality outputs.

The iterative denoising framework provides fine-grained control 
at different noise levels and a well-defined learning target at each 
step (Delbracio and Milanfar, 2023). Recent studies have explored 
efficiency and conditioning strategies in diffusion models, including 
timestep caching mechanisms for video diffusion (Liu et al., 2025), 
context-aware diffusion-guided refinement for hyperspectral classifica-
tion (Chatterjee et al., 2025), and event-guided diffusion for physically 
realistic video interpolation (Zhang et al., 2025). Conditional control 
mechanisms (ControlNet)have also been introduced to incorporate ex-
ternal structural signals into diffusion models (Zhang et al., 2023). 
In the pavement domain, recent research has primarily focused on 
conditional diffusion approaches to control crack position and mor-
phology, as well as the generation of synthetic images for rare defect 
types (Zhang et al., 2024b; Cano-Ortiz et al., 2024a).

Despite producing superior quality images with fewer artifacts, dif-
fusion models face significant limitations including limited fine-grained 
category control across multiple distress types and inability to gener-
ate corresponding pixel-level annotations alongside images. Although 
applications of diffusion models in pavement distress detection remain 
limited, their capacity for stable training and high-fidelity synthesis 
highlights a promising yet underexplored direction.

Building upon these insights from generative models, a significant 
research gap remains in developing integrated frameworks that simul-
taneously address the three critical challenges in pavement distress 
detection: data scarcity with class imbalance, high annotation costs, 
and visual similarity between distress types. The limitations of existing 
methods — VAEs producing oversmoothed textures, GANs suffering 
from instability, and diffusion models lacking integrated control and 
annotation capabilities — indicate the motivation for exploring a uni-
fied generative framework. The proposed CrackMaskNet methodology 
addresses these limitations through a specialized diffusion-based model 
with enhanced control mechanisms and dual-output capabilities, as 
detailed in the following section.

3. Methodology

The proposed CrackMaskNet is designed to generate high-quality, 
class-controllable pavement distress images together with their corre-
sponding segmentation masks within a unified diffusion framework. By 
jointly modeling crack appearance and structural annotation through a 
3 
coupled denoising process, the method aims to improve both the visual 
realism and structural consistency of synthesized crack patterns.

Unlike conditional diffusion frameworks, where structural annota-
tions are introduced as external control signals or guidance inputs, 
CrackMaskNet models the segmentation mask as a stochastic variable 
that participates in both the forward noise injection and reverse de-
noising processes. Specifically, the image and its corresponding mask 
share the same diffusion trajectory and noise schedule, enabling their 
coordinated evolution under identical stochastic states rather than 
treating annotation as a post-hoc prediction target or conditioning cue.

As illustrated in Fig.  1, CrackMaskNet follows a diffusion-based 
generative pipeline consisting of forward and reverse processes. During 
the forward diffusion stage, Gaussian noise is progressively injected 
into paired crack images and masks, encoding them into a latent 
noisy space. In the reverse sampling stage, the model employs the 
Dual-Output Guided Synthesis Module (DOGS), together with class con-
ditioning, to iteratively refine the latent representations and reconstruct 
semantically consistent crack images and segmentation masks. The 
overall architecture integrates multi-scale skip connections, attention 
mechanisms, and adaptive noise-aware scaling to facilitate stable and 
robust denoising across different noise levels.

3.1. Forward diffusion process

The forward diffusion process jointly encodes crack images and 
their corresponding segmentation masks into a shared stochastic latent 
space by progressively corrupting both modalities with identical Gaus-
sian noise levels. Given a clean crack image 𝑟0 and its corresponding 
segmentation mask 𝑚0, the forward process generates noisy represen-
tations (𝑟𝜎 , 𝑚𝜎 ) under increasing noise levels, thereby transforming the 
data into a noise-dominated latent space.

Under this formulation, the noisy crack image and mask at noise 
level 𝜎 are sampled according to the following distributions: 

𝑞(𝑟𝜎 ∣ 𝑟0) = 

(

𝑟𝜎 ;
𝑟0

√

1 + 𝜎2
, 𝜎2

1 + 𝜎2
𝐈
)

,

𝑞(𝑚𝜎 ∣ 𝑚0) = 

(

𝑚𝜎 ;
𝑚0

√

1 + 𝜎2
, 𝜎2

1 + 𝜎2
𝐈
)

,

(1)

where 𝜎 controls the strength of the injected Gaussian noise and 𝐈
denotes the identity matrix. The scaling factor 1∕

√

1 + 𝜎2 attenuates the 
clean signal, while the variance term 𝜎2∕(1+𝜎2) determines the magni-
tude of the added noise. As 𝜎 increases, the noisy samples progressively 
deviate from the original image and mask, enabling a gradual transition 
from clean data to latent noisy representations.
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Fig. 2. Structure of CrackMaskNet. An overview of the network architecture, highlighting the Conditional Residual Blocks and the Dual-Output Guided Synthesis 
Module for joint image–mask denoising.
3.2. Reverse diffusion process

The reverse diffusion process progressively removes noise from 
corrupted crack images and their corresponding segmentation masks 
in order to recover clean and structurally consistent representations. 
Following the general principle of implicit diffusion sampling (Song 
et al., 2020), the reverse process allows flexible transitions between 
noise levels and supports efficient refinement of the joint image–mask 
representation.

Starting from a noisy crack image 𝑟𝜎 and mask 𝑚𝜎 at a given 
noise level 𝜎, the model iteratively refines the inputs by estimating 
a denoised representation conditioned on the current noise level, the 
class label 𝑐, and the learned model parameters. Class conditioning 
is incorporated through embedding layers and injected into the net-
work to guide the denoising process toward specific distress categories, 
enabling controllable joint synthesis of images and masks.

Under the continuous noise-level parameterization, the reverse up-
date from noise level 𝜎 to a lower noise level 𝜎′ ∈ (0, 𝜎) is expressed 
as: 

(𝑟𝜎′ , 𝑚𝜎′ ) =
(𝑟𝜎 , 𝑚𝜎 ) + 𝜎′2𝐷𝜃(𝑟𝜎 , 𝑚𝜎 , 𝜎, 𝑐)

1 + 𝜎′2
+ 𝜎′

√

1 + 𝜎2

1 + 𝜎′2
− 1 𝜖, (2)

where 𝐷𝜃(⋅) denotes the denoising function implemented by Crack-
MaskNet, which outputs a noise-conditioned estimate of the underlying 
crack image and segmentation mask. The variable 𝜖 ∼  (0, 𝐈) repre-
sents standard Gaussian noise, and 𝜎′ specifies the target noise level of 
the current reverse step.

The first term in the update equation refines the current samples us-
ing the denoised estimate, while the second term introduces controlled 
stochasticity to ensure smooth transitions between successive noise 
levels. The reverse process is applied iteratively until a sufficiently low 
noise level is reached, yielding the final crack image and segmentation 
mask estimates.

3.3. Dual-output guided synthesis module

The Dual-Output Guided Synthesis Module (DOGS) is designed to 
facilitate joint denoising of crack images and their corresponding seg-
mentation masks within a unified diffusion framework. Rather than 
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producing the two outputs in isolation, DOGS introduces a lightweight 
interaction mechanism that allows information exchange between the 
image and mask prediction pathways under the same diffusion state.

Given a noisy image–mask pair (𝑟𝜎 , 𝑚𝜎 ) at a specific noise level, 
the shared backbone features are first processed to enable cross-modal 
interaction between appearance and structural representations. Based 
on these interacted features, DOGS then generates two task-specific 
outputs through separate prediction heads, yielding the denoised crack 
image and the associated segmentation mask, respectively. This de-
sign maintains task-specific flexibility while encouraging consistency 
between the synthesized visual content and its pixel-level annotation.

By allowing controlled interaction prior to output prediction, DOGS 
implicitly enforces structural alignment between crack appearance and 
geometry throughout the reverse diffusion process. This coupling is 
particularly important for pavement crack patterns, which are typically 
thin, elongated, and spatially sparse, and therefore sensitive to mis-
alignment between visual texture and structural boundaries. Through 
joint conditioning and moderated feature interaction, DOGS enables 
stable and semantically consistent synthesis of crack images and seg-
mentation masks without introducing additional supervision stages or 
complex architectural overhead.

3.4. CrackMaskNet architecture

CrackMaskNet is implemented as a conditional denoising architec-
ture that realizes the joint image–mask refinement strategy introduced 
by the Dual-Output Guided Synthesis Module. As illustrated in Fig.  2, 
the network operates on noisy crack images and segmentation masks 
under a given diffusion state and produces corresponding denoised 
estimates through a shared backbone with task-specific outputs.

At each denoising step, the network takes four inputs: a noisy crack 
image 𝑟𝜎 , a noisy segmentation mask 𝑚𝜎 , the class label 𝑐, and the 
associated noise level 𝜎. The noise level and class label are encoded 
via positional embeddings and lightweight fully connected layers to 
form conditioning signals, which are injected into multiple stages of the 
network. This noise-aware and class-conditioned modulation allows the 
denoising behavior to adapt across diffusion states while maintaining 
controllable generation of different distress categories.
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The backbone of CrackMaskNet is composed of a hierarchy of condi-
tional residual blocks, within which three complementary architectural 
components are integrated to support stable and effective denoising. 
First, multi-scale skip connections are employed to facilitate informa-
tion propagation across diffusion stages and to preserve fine-grained 
structural details during progressive refinement. Second, attention-
enhanced feature refinement is incorporated to improve spatial selectiv-
ity, enabling the network to emphasize crack-relevant regions that are 
typically thin, elongated, and sparsely distributed in pavement images.

Third, to improve robustness under varying noise intensities, Crack-
MaskNet introduces an adaptive noise-aware scaling mechanism within 
the conditional residual blocks. Given an intermediate feature map 𝐡
and the corresponding noise level 𝜎, a pair of noise-dependent modu-
lation parameters — a scaling factor 𝛾(𝜎) and a shift term 𝛽(𝜎) — are 
predicted from the noise embedding and applied as: 
𝐡′ = 𝛾(𝜎)⊙ 𝐡 + 𝛽(𝜎), (3)

where ⊙ denotes element-wise multiplication with broadcasting over 
spatial dimensions. This affine modulation adjusts feature magnitudes 
and offsets according to the current diffusion state, providing a sim-
ple yet effective mechanism to stabilize feature distributions from 
high-noise to low-noise regimes.

Built upon this shared noise-conditioned backbone, the network 
produces denoised estimates of the crack image and its corresponding 
segmentation mask through parallel output heads. By iteratively ap-
plying this architecture across reverse diffusion steps, CrackMaskNet 
reconstructs high-quality distress images together with pixel-accurate 
segmentation masks from latent noisy representations.

3.5. Training objective and noise schedule

CrackMaskNet is trained to jointly denoise crack images and seg-
mentation masks under randomly sampled noise levels. Given a noisy 
image–mask pair (𝑟𝜎 , 𝑚𝜎 ), the network outputs denoised estimates for 
both modalities. The training objective consists of two complementary 
loss terms. For the crack image branch, a mean squared error loss is 
employed: 

𝑟 = E𝜎

[

𝑤(𝜎) ‖
‖

𝐷𝜃,𝑟(𝑟𝜎 , 𝑚𝜎 , 𝜎, 𝑐) − 𝑟0‖‖
2
2

]

. (4)

For the segmentation mask branch, a binary cross-entropy loss is 
adopted: 
𝑚 = E𝜎

[

𝑤(𝜎)BCE
(

𝐷𝜃,𝑚(𝑟𝜎 , 𝑚𝜎 , 𝜎, 𝑐), 𝑚0
)]

. (5)

The overall objective is defined as: 
total = 𝜆𝑟𝑟 + 𝜆𝑚𝑚, (6)

where 𝜆𝑟 = 𝜆𝑚 = 1.0. Since image reconstruction and mask predic-
tion are complementary and non-adversarial, equal weighting provides 
stable joint optimization.

The noise-dependent weighting function 𝑤(𝜎) is defined as: 

𝑤(𝜎) =
𝜎2 + 𝜎2data
(𝜎 ⋅ 𝜎data)2

, 𝜎data = 0.5, (7)

which balances gradient contributions across different noise levels and 
follows established diffusion training practices (Karras et al., 2022).

4. Experiment

4.1. Dataset settings

The experiments employ a dataset consisting of 1200 pavement 
distress and repair images distributed across four categories, including 
transverse cracks, longitudinal cracks, alligator cracks, and repaired 
cracks. The category-wise distribution is reported in Table  1. Consis-
tent with practical pavement inspection scenarios, the dataset presents 
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Table 1
Distribution of the dataset categories.
 Category Number of images 
 Transverse cracks 312  
 Longitudinal cracks 356  
 Alligator cracks 362  
 Repaired cracks 170  
 Total 1200  

a pronounced class imbalance, where repaired cracks constitute the 
smallest subset. This imbalance introduces substantial challenges for 
model learning and evaluation.

All images were captured using a Hikvision MV-CE060-10UM in-
dustrial camera equipped with a WL1224-4MP 12 mm lens in Aachen, 
Germany, under varying natural lighting conditions to ensure robust-
ness to real-world environmental variations. For standardization and 
computational efficiency, all images were preprocessed to a uniform 
resolution of 512 × 512 pixels prior to model training and evaluation.

4.2. Computational environment and implementation details

The experimental framework was implemented within a high-
performance computing environment running Ubuntu 22.04. The hard-
ware configuration consisted of dual Intel 5318Y processors supported 
by eight NVIDIA RTX A6000 Graphics Processing Units (GPUs), each 
equipped with 48 GB of Video Random Access Memory (VRAM), 
providing sufficient computational capacity for training the diffusion-
based model. The software implementation utilized Python 3.8 and 
PyTorch 2.1 for deep learning operations.

Model training utilized the Adaptive Moment Estimation (Adam) 
optimizer with an initial learning rate of 1e–4 and a batch size of 16. 
The CrackMaskNet model was trained for 800,000 iterations, ensuring 
convergence of the diffusion process parameters and stability of the 
generated outputs. All quantitative results are reported as mean ±
standard deviation over five independent runs with different random 
seeds. To support reproducibility and further research, the codebase 
and dataset are publicly available at: https://github.com/SEU-zhc/
CrackMaskNet

4.3. Evaluation of indicators

To evaluate the performance of the proposed CrackMaskNet model, 
both the quality of the generated pavement images and the accuracy 
of the corresponding segmentation masks are quantitatively assessed. 
The generated images are compared with real images from the test 
set, and the generated masks are evaluated against their ground-truth 
annotations. The evaluation is conducted using four complementary 
metrics, including Fréchet Inception Distance (FID) (Szegedy et al., 
2016), Kernel Inception Distance (KID) (Bińkowski et al., 2018), mean 
Intersection over Union (mIoU) (Rezatofighi et al., 2019), and Dice 
coefficient (Setiawan, 2020).

Fréchet Inception Distance (FID) is employed to measure the simi-
larity between the distributions of generated and real pavement images. 
The metric computes the Fréchet distance between feature representa-
tions extracted from a pretrained Inception network. Lower FID values 
indicate closer alignment between the generated and real image distri-
butions and therefore reflect higher visual fidelity. The FID is defined 
as 
FID = ‖

‖

‖

𝜇𝑟 − 𝜇𝑔
‖

‖

‖

2
+ Tr

(

𝛴𝑟 + 𝛴𝑔 − 2(𝛴𝑟𝛴𝑔)
1
2
)

, (8)

where 𝜇𝑟 and 𝜇𝑔 denote the mean feature vectors, and 𝛴𝑟 and 𝛴𝑔 denote 
the covariance matrices of real and generated images, respectively.

Kernel Inception Distance (KID) is further adopted as a comple-
mentary metric for evaluating image generation quality. KID estimates 
the squared Maximum Mean Discrepancy between feature distributions 
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using polynomial kernels and provides an unbiased measure that is less 
sensitive to sample size. Lower KID values indicate better agreement 
between the generated and real image distributions. The KID is defined 
as 
KID = E𝑥,𝑥′∼𝑃𝑟

[

𝑘(𝑥, 𝑥′)
]

+ E𝑦,𝑦′∼𝑃𝑔

[

𝑘(𝑦, 𝑦′)
]

− 2E𝑥∼𝑃𝑟 ,𝑦∼𝑃𝑔 [𝑘(𝑥, 𝑦)] , (9)

where 𝑃𝑟 and 𝑃𝑔 represent the feature distributions of real and gen-
erated images, respectively, and 𝑘(⋅, ⋅) denotes a polynomial kernel 
function.

To evaluate the accuracy of the generated segmentation masks, 
mean Intersection over Union (mIoU) and Dice coefficient are em-
ployed. mIoU measures the spatial overlap between the generated mask 
and the ground-truth annotation across all categories and reflects the 
overall segmentation accuracy. It is defined as 

mIoU = 1
𝐶

𝐶
∑

𝑐=1

|𝑀𝑔
𝑐 ∩𝑀𝑟

𝑐 |

|𝑀𝑔
𝑐 ∪𝑀𝑟

𝑐 |
, (10)

where 𝐶 denotes the number of categories, and 𝑀𝑔
𝑐  and 𝑀𝑟

𝑐  represent 
the generated and reference masks for class 𝑐, respectively.

The Dice coefficient further evaluates mask similarity by empha-
sizing pixel-level agreement, which is particularly relevant for thin or 
underrepresented structures such as pavement cracks. It is defined as 

Dice =
2|𝑀𝑔 ∩𝑀𝑟

|

|𝑀𝑔
| + |𝑀𝑟

|

, (11)

where 𝑀𝑔 and 𝑀𝑟 denote the generated and ground-truth masks, 
respectively. Higher mIoU and Dice values indicate more accurate and 
consistent segmentation results.

4.4. Generation results and quantitative evaluation

The generation capabilities of CrackMaskNet were evaluated
through extensive experimentation focused on producing class-
controllable pavement distress images and their corresponding seg-
mentation masks. Fig.  3 presents representative results demonstrating 
the model’s ability to synthesize four distinct pavement crack types: 
transverse cracks, longitudinal cracks, alligator cracks, and repaired 
cracks. Each generated image is accompanied by its precisely aligned 
segmentation mask, highlighting the pixel-level accuracy achieved by 
the dual-output architecture.

Quantitative evaluation of image generation quality yielded an FID 
score of 39.6 ± 0.8 and a KID value of 0.046 ± 0.008, indicating a 
strong alignment between the distributions of generated and real pave-
ment images. These results suggest that CrackMaskNet is capable of 
capturing both the fine-grained textural patterns of pavement surfaces 
and the structural characteristics of different crack morphologies, while 
preserving background consistency across categories. The accuracy of 
the generated segmentation masks was assessed using mean Intersec-
tion over Union and Dice coefficient. The reported mIoU of 0.81 ± 0.02 
and Dice score of 0.89 ± 0.01 were computed by directly comparing 
the generated masks with manually annotated ground-truth labels cor-
responding to the generated images. These results demonstrate a high 
degree of spatial consistency between the synthesized images and their 
masks, confirming the reliability of the joint image–mask generation 
process.

Across the four distress categories, CrackMaskNet produces stable 
and well-structured results for transverse, longitudinal, and alliga-
tor cracks, with clear morphological patterns and consistent spatial 
characteristics. In contrast, the generation of repaired cracks exhibits 
higher variability and reduced stability. This limitation primarily arises 
from the strong visual and geometric similarity between repaired and 
untreated cracks, as well as the smaller number of training samples 
available for the repaired crack category.

Despite these challenges, the explicit generation of repaired cracks 
remains a valuable capability, as repaired regions are a frequent source 
of misclassification in automated pavement inspection systems. By 
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Table 2
Ablation study of key components in CrackMaskNet.
 Configuration Skip Atten. Adaptive scale FID ↓ KID ↓  
 Baseline 7 7 7 50.3 ± 1.1 0.069 ± 0.011  
 Exp1 3 7 7 48.7 ± 1.0 0.060 ± 0.011  
 Exp2 7 3 7 44.7 ± 0.9 0.057 ± 0.011  
 Exp3 7 7 3 41.9 ± 0.8 0.051 ± 0.008  
 Exp4 3 3 7 44.5 ± 1.0 0.053 ± 0.011  
 Exp5 3 7 3 40.4 ± 0.8 0.048 ± 0.009  
 Exp6 7 3 3 39.9 ± 0.7 0.047 ± 0.010  
 Full 3 3 3 39.6 ± 0.8 0.046 ± 0.008 

jointly generating pavement distress images and their corresponding 
pixel-level segmentation masks, the proposed approach eliminates the 
need for separate manual annotation and reduces the cost of construct-
ing labeled datasets. This advantage is particularly relevant for under-
represented and visually ambiguous distress types, where additional 
annotated data can lead to meaningful improvements in downstream 
detection and segmentation performance.

5. Discussion

5.1. Ablation study

An ablation study was conducted to quantitatively assess the contri-
bution of the three key components in CrackMaskNet: multi-scale skip 
connections, attention mechanisms, and adaptive noise-aware scaling. 
All configurations were trained under identical settings, and results are 
reported as mean ± standard deviation over five independent runs. 
Generative quality was evaluated using FID and KID.

As summarized in Table  2, enabling skip connections alone leads 
to a modest improvement over the baseline, reducing the FID by ap-
proximately 3%. This indicates that enhanced feature propagation helps 
stabilize the denoising process, although the benefit remains limited 
when the component is used in isolation. Introducing the attention 
mechanism produces a more noticeable gain, lowering the FID by 
about 11% relative to the baseline, which highlights the importance of 
spatially selective feature modeling for thin and sparse crack structures.

Among the three components, adaptive noise-aware scaling pro-
vides the most significant single-module improvement. When applied 
individually, it reduces the FID by roughly 17% compared with the 
baseline while also exhibiting lower performance variance across runs. 
A consistent downward trend can also be observed in the KID metric, 
suggesting improved generation stability.

Further improvements are observed when adaptive scaling is com-
bined with other components. Integrating it with skip connections or at-
tention yields additional performance gains of approximately 20% and 
21% relative to the baseline, respectively. When all three components 
are jointly employed, the full model achieves the best performance, 
corresponding to an overall reduction of about 21% in FID compared 
with the baseline. These results demonstrate that the proposed modules 
contribute complementary benefits rather than redundant functionality, 
with adaptive noise-aware scaling playing a particularly important role 
in stabilizing diffusion-based crack synthesis.

5.2. Validation of joint appearance–annotation diffusion modeling

To validate the core novelty of CrackMaskNet, namely the explicit 
joint modeling of appearance and annotation under a shared diffusion 
trajectory, we compare the proposed framework with representative 
conditional and translation-based paradigms. Unlike approaches that 
treat annotation as an external condition or generate it in a separate 
stage, CrackMaskNet jointly denoises images and masks under identical 
noise levels. This comparison evaluates whether such shared stochastic 
evolution leads to improved image fidelity and stronger image–mask 
consistency.
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Fig. 3. Experimental results. Generated pavement distress images and corresponding segmentation masks.
The first alternative strategy adopts a sequential generation
pipeline. An image-only diffusion model was constructed by removing 
the mask prediction branch from CrackMaskNet while retaining the 
same backbone architecture, noise schedule, and training configura-
tion. This model generates pavement images from noise. Subsequently, 
a state-of-the-art segmentation model (FastSAM X. Zhao et al., 2023) 
trained on the real dataset was applied to predict masks for the gener-
ated images. The quality of generated images was evaluated using FID 
and KID, while mask accuracy was measured using mIoU by manually 
annotating a subset of generated images as reference ground truth.

The second alternative strategy follows conditional and translation-
based paradigms. ControlNet (Zhang et al., 2023) and pix2pix (Isola 
et al., 2017) were trained using paired mask–image data from the 
dataset to perform mask-to-image generation. In this setting, the mask 
is treated as an externally provided structural condition rather than 
being jointly synthesized. Generated images were evaluated using FID 
and KID, and structural consistency was assessed by comparing the 
generated image against the input mask using manually verified mask 
annotations.

Table  3 summarizes the quantitative results. Compared with Crack-
MaskNet, the sequential diffusion–segmentation pipeline achieves com-
parable image generation quality, with only marginally higher FID and 
KID (approximately 3% and 6%, respectively). However, a clear degra-
dation is observed in structural accuracy. The resulting mask quality is 
about 25% lower in mIoU, indicating that the predicted crack structures 
are often inconsistent with the generated image content. This limitation 
mainly stems from the segmentation stage. Since the segmentation 
model is trained on a relatively limited amount of real annotated data, 
its generalization to synthesized images is constrained. Consequently, 
thin crack branches and low-contrast regions are frequently missed or 
fragmented during mask prediction.

For conditional generation models, both ControlNet and pix2pix ex-
hibit inferior performance compared with the proposed joint diffusion 
framework. Compared with ControlNet, CrackMaskNet achieves lower 
FID and KID values, decreasing from 43.6 to 39.6 and from 0.053 
to 0.046, respectively. A more substantial difference is observed in 
structural consistency, where the mIoU increases from 0.70 to 0.81. 
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Table 3
Comparison with conditional and sequential generation frameworks.
 Model FID ↓ KID ↓ mIoU ↑  
 Sequential Diffusion + FastSAM 40.8 ± 0.9 0.049 ± 0.009 0.61 ± 0.04  
 ControlNet (Mask-to-Image) 43.6 ± 0.8 0.053 ± 0.010 0.70 ± 0.03  
 pix2pix (Mask-to-Image) 48.2 ± 1.1 0.081 ± 0.012 0.64 ± 0.02  
 Ours (CrackMaskNet) 39.6 ± 0.8 0.046 ± 0.008 0.81 ± 0.02 

The performance gap becomes more pronounced when compared with 
pix2pix, which produces noticeably higher FID and KID values together 
with lower structural accuracy, with the mIoU decreasing to 0.64.

Although conditional methods enforce structural guidance through 
an input mask, the generated crack patterns do not always align with 
the intended structure. For ControlNet, the overall crack layout is 
roughly preserved, but noticeable spatial deviations and weakened fine 
branches can be observed. In the case of pix2pix, the mismatch becomes 
more evident, where crack shapes are distorted and thin crack segments 
are partially missing.

These observations suggest that treating annotation purely as an 
external condition is insufficient to guarantee spatially consistent cou-
pling between crack appearance and structural representation. In con-
trast, CrackMaskNet jointly models appearance and annotation under 
a shared diffusion trajectory, allowing both modalities to evolve co-
herently during denoising. This joint formulation helps preserve thin 
crack continuity and maintain consistent boundary structures between 
generated images and masks.

5.3. Application in downstream pavement analysis tasks

The effectiveness of CrackMaskNet-generated images was evaluated 
across three pavement analysis tasks, including crack classification, 
detection, and segmentation. The real-world pavement dataset was 
divided into training and testing subsets following a 5:1 ratio, resulting 
in 1000 images used for model training and data augmentation and 
200 images reserved exclusively for testing. To investigate the impact 
of synthetic data volume on downstream task performance, generated 
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Fig. 4. Confusion matrices of pavement crack classification under different data settings. (a) Confusion matrices of crack classification trained on the original 
dataset. (b) Confusion matrices of crack classification trained with CrackMaskNet-augmented data.
images were incrementally incorporated into the training set. The gen-
eration process followed a progressive augmentation strategy, where 
the number of synthetic samples was gradually increased relative to 
the original training set.

5.3.1. Crack classification
The performance of crack classification was evaluated using three 

representative models, including Mixed and Masked Image Modeling 
(MixMIM) (Liu et al., 2022), Sparse masKed modeling (SparK) (Tian 
et al., 2023), and DETR with Improved Denoising Anchor Boxes version 
2 (DINOv2) (Oquab et al., 2023). Fig.  4(a) presents the confusion matri-
ces obtained when the models were trained on the original dataset. Due 
to the pronounced class imbalance and the morphological similarity 
between repaired cracks and untreated crack patterns, the classification 
accuracy for repaired cracks is consistently lower than that of the other 
categories across all models. Misclassifications are primarily observed 
between repaired cracks and longitudinal or transverse cracks, indi-
cating the difficulty of learning discriminative representations for this 
visually ambiguous and underrepresented class.

Fig.  4(b) shows the classification results after augmenting the train-
ing set with 6000 CrackMaskNet-generated images. A clear improve-
ment in overall classification performance is observed for all three 
models. More importantly, the accuracy of the repaired crack category 
increases substantially, with a marked reduction in confusion with 
other crack types. This improvement demonstrates that the generated 
data effectively compensates for the limited availability of repaired 
crack samples and enhances the model’s ability to distinguish visually 
similar distress categories.

These results confirm that the proposed generative augmentation 
strategy improves overall classification accuracy while delivering pro-
nounced gains for underrepresented and challenging categories, leading 
to more robust pavement crack classification performance.

5.3.2. Crack detection
The effect of CrackMaskNet-generated images on crack detection 

performance was evaluated using three representative detection frame-
works, namely YOLOv12 (Tian et al., 2025), RF-DETR (Sapkota et al., 
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2025), and GLIP (L.H. Li et al., 2022). Fig.  5(a) illustrates the variation 
of detection performance in terms of F1 score and mean Average 
Precision (mAP) as a function of both the number and proportion of 
generated images added to the training set.

Overall, all three detection models benefit consistently from the pro-
gressive incorporation of synthetic images. For YOLOv12, the F1 score 
increases from 0.77 on the original dataset to 0.96 when the number 
of generated images reaches 6000, while mAP improves from 0.46 to 
0.72. A clear performance inflection point is observed at approximately 
2000 generated images, corresponding to a synthetic-to-real ratio of 
about 2:1. Beyond this point, further gains become marginal, indicating 
diminishing returns from additional augmentation.

RF-DETR exhibits a similar trend, with F1 scores improving from 
0.69 to 0.90 and mAP values increasing from 0.38 to 0.62 as the 
proportion of generated data increases. The most pronounced improve-
ments occur when the synthetic data ratio increases up to approxi-
mately 200–300 percent of the real training set. GLIP also demonstrates 
steady performance gains. Compared with YOLOv12 and RF-DETR, 
GLIP shows a slightly delayed saturation behavior, reaching its perfor-
mance plateau at a higher augmentation level of around 4000 gener-
ated images. These observations indicate that, for crack detection tasks, 
an effective balance between real and synthetic data is achieved when 
the amount of generated images is approximately two to four times that 
of the real training samples.

5.3.3. Crack segmentation
The impact of synthetic data augmentation on crack segmenta-

tion was further examined using Fast segment anything (FastSAM) (X. 
Zhao et al., 2023), Visual Perception with pre-trained Diffusion models 
(VPD) (W. Zhao et al., 2023), and OneFormer (Jain et al., 2023). Fig. 
5(b) reports the F1 score and mIoU as functions of the number and 
proportion of generated images included during training.

All segmentation models show clear performance improvements as 
the proportion of generated images increases. FastSAM achieves an 
increase in F1 score from 0.64 to 0.82 and an improvement in mIoU 
from 0.59 to 0.79. The most substantial gains occur when the number 
of generated images reaches approximately 2000, corresponding to a 
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Fig. 5. Effect of progressive synthetic data augmentation on crack detection and segmentation performance. (a) F1 score and mAP of crack detection. (b) F1 
score and mIoU of crack segmentation.
Fig. 6. Comparison with state-of-the-art generative methods. Qualitative comparison of pavement crack images generated by CrackMaskNet and representative 
state-of-the-art models, including VDCrackGAN, DDPM, SAGAN, and WGAN-GP. All methods are evaluated under identical dataset and training settings.
synthetic-to-real ratio of about 2:1. Beyond this point, performance 
improvements gradually stabilize.

VPD follows a similar trend, with F1 scores increasing from 0.62 to 
0.81 and mIoU values rising from 0.51 to 0.74. OneFormer, which starts 
from a lower baseline, benefits noticeably from synthetic augmentation, 
achieving F1 and mIoU improvements from 0.60 to 0.78 and from 0.46 
to 0.72, respectively. Compared with FastSAM and VPD, OneFormer 
exhibits a slower convergence pattern, with its performance plateau 
occurring at a higher augmentation level of approximately 4000 to 
6000 generated images.

Based on these results, segmentation performance reaches a peak 
when the proportion of synthetic images is approximately two to three 
times that of the real training data. Beyond this range, additional syn-
thetic samples provide diminishing returns, suggesting that excessive 
augmentation may be unnecessary for practical deployment.

5.4. Comparative analysis with state-of-the-art methods

The performance of the proposed CrackMaskNet was evaluated 
against four representative state-of-the-art generative models, including 
VDCrackGAN (Yu et al., 2024), Denoising Diffusion Probabilistic Mod-
els (DDPM) (Cano-Ortiz et al., 2024a), Self-Attention Generative Ad-
versarial Networks (SAGAN) (Yao et al., 2024) and WGAN-GP (Zhong 
et al., 2023). All models were trained and evaluated under the same 
dataset and experimental settings to ensure a fair comparison. Fig.  6 
provides qualitative comparisons of the generated pavement crack im-
ages, while quantitative results in terms of Fréchet Inception Distance 
(FID), Kernel Inception Distance (KID) and generation efficiency are 
summarized in Table  4.

As shown in Table  4, CrackMaskNet achieves the lowest FID and KID 
scores among all compared methods, with an FID of 39.6 ± 0.8 and a 
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Table 4
Comparison of generation quality and efficiency with state-of-the-art
methods.
 Model FID KID Time (ms) 
 Ours (CrackMaskNet) 39.6 ± 0.8 0.046 ± 0.008 3154  
 VDCrackGAN 222.5 ± 5.2 0.279 ± 0.013 0.93  
 DDPM 62.5 ± 1.4 0.157 ± 0.010 70682  
 SAGAN 181.9 ± 3.9 0.245 ± 0.010 1.60  
 WGAN-GP 171.3 ± 2.7 0.236 ± 0.011 1.06  

KID of 0.046 ± 0.008, indicating superior alignment between generated 
and real image distributions. In contrast, GAN-based methods such as 
VDCrackGAN, SAGAN, and WGAN-GP exhibit substantially higher FID 
and KID values, suggesting limited capability in capturing the complex 
texture and structural characteristics of real pavement distresses. DDPM 
improves generation fidelity compared with GAN-based baselines but 
remains inferior to CrackMaskNet in both FID and KID.

In terms of generation efficiency, GAN-based models demonstrate 
significantly faster inference speed due to their single-pass genera-
tion mechanism. VDCrackGAN, SAGAN, and WGAN-GP require less 
than 2 ms per image, whereas CrackMaskNet requires 3154 ms per 
sample, and DDPM exhibits the highest computational cost. This differ-
ence is expected, as diffusion-based models rely on iterative denoising 
processes, and CrackMaskNet further extends this framework to si-
multaneously generate both pavement images and their corresponding 
pixel-level segmentation masks.

Despite higher generation time, CrackMaskNet offers a practical 
advantage by producing image–mask pairs in a single unified process. 
In contrast, all compared baselines generate images only and require 
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Fig. 7. Cross-domain generalization of CrackMaskNet for image–mask joint generation. (a) Synthetic crack images with corresponding segmentation masks on 
the CRACK500 dataset. (b) Cross-dataset generation of road pothole images and masks on the Indian pothole dataset. (c) Person image and silhouette mask 
generation for traffic re-identification tasks.
additional manual annotation or separate segmentation models to ob-
tain pixel-level labels. When considering the end-to-end cost of dataset 
construction for downstream detection and segmentation tasks, Crack-
MaskNet provides a more efficient and scalable solution by eliminating 
the need for post-generation annotation.

5.5. Generalization and applicability across domains

To evaluate the generalization capability of CrackMaskNet beyond 
the training dataset, additional experiments were conducted across 
three progressively challenging domains. These include a public pave-
ment crack dataset within the same domain CRACK500 (Lau et al., 
2020), a cross-dataset road pothole dataset, and a structurally dis-
tinct person re-identification dataset used in traffic monitoring. Fig.  7 
presents qualitative examples of the generated image–mask pairs, while 
quantitative results are reported using FID and KID to assess generation 
fidelity across domains.

5.5.1. Generalization evaluation on the public CRACK500 dataset
To examine in-domain generalization within pavement crack analy-

sis, CrackMaskNet was evaluated on the public CRACK500 dataset (Lau 
et al., 2020). This dataset contains crack patterns with different surface 
textures, lighting conditions, and acquisition settings compared with 
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the training data, providing a meaningful benchmark for robustness 
within the same semantic domain.

As shown in Fig.  7(a), CrackMaskNet successfully generates crack 
images that preserve realistic pavement textures and crack morpholo-
gies, together with accurately aligned segmentation masks. Quanti-
tatively, the model achieves an FID score of 36.6 ± 0.6 and a KID 
value of 0.044 ± 0.007 on CRACK500, which are comparable to the 
results obtained on the original dataset. These results indicate that the 
proposed diffusion-based framework maintains stable generation qual-
ity under moderate domain shifts while preserving precise pixel-level 
annotations.

5.5.2. Application to road pothole generation
To further assess cross-domain adaptability within transportation 

infrastructure monitoring, CrackMaskNet was applied to the Indian 
Pothole Dataset (Rahman and Patel, 2020). Unlike cracks, potholes ex-
hibit larger spatial extents, irregular boundaries, and more pronounced 
texture variations, posing a greater challenge for joint image–mask 
generation.

As illustrated in Fig.  7(b), the model captures the heterogeneous ap-
pearance of potholes, including complex edge structures and transitions 
between damaged and intact pavement regions. The generated segmen-
tation masks remain well aligned with the pothole regions, enabling 
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direct use as pixel-level annotations. Quantitative evaluation yields an 
FID score of 53.1 ± 1.1 and a KID value of 0.117±0.010. Although these 
values indicate a decrease in generation fidelity compared with crack 
datasets, the results remain consistent with realistic pothole appearance 
and demonstrate effective cross-dataset generalization under increased 
structural variability.

5.5.3. Extension to person re-identification in traffic monitoring
To evaluate generalization beyond pavement analysis,

CrackMaskNet was further applied to person image generation for traf-
fic re-identification tasks using a dedicated dataset (Scharwächter et al., 
2013). This domain differs substantially from pavement-related im-
agery in terms of object structure, semantic complexity, and appearance 
variation. Fig.  7(c) shows that the model is capable of generating person 
images together with corresponding silhouette masks that preserve 
body contours and pose information. The generated samples maintain 
coarse identity-related characteristics such as posture and clothing lay-
out while introducing realistic appearance variations. Quantitatively, 
this task results in an FID score of 68.7 ± 1.4 and a KID value of 
0.183±0.012, reflecting the increased difficulty of modeling articulated 
human structures and identity-consistent features.

The cross-domain evaluation indicates a consistent generalization 
pattern. As the target domain increasingly diverges from pavement 
crack imagery, generation fidelity gradually decreases, as indicated 
by higher FID and KID values, while the ability to produce spatially 
aligned image–mask pairs remains stable without architectural modifi-
cation. These results suggest that the diffusion-based design of Crack-
MaskNet is robust to moderate domain shifts and remains effective 
under increased structural and semantic variability. Overall, Crack-
MaskNet provides a flexible framework for joint image–mask genera-
tion across multiple transportation-related visual analysis tasks, achiev-
ing a trade-off between generation fidelity and domain complexity.

6. Conclusion

This study proposes CrackMaskNet, a diffusion-based generative 
framework for pavement distress analysis that targets three practical 
barriers in automated inspection. These barriers include limited and 
imbalanced labeled data, high pixel-level annotation cost, and mis-
classification caused by visual similarity between distress types. The 
framework formulates pavement appearance and pixel-level annotation 
as coupled stochastic variables within a unified diffusion process. By 
jointly modeling both modalities under a shared noise trajectory, the 
method enables coordinated evolution of visual texture and structural 
boundaries, allowing class-controllable synthesis of image–mask pairs 
for direct use in supervised training pipelines.

A central aspect of the framework is the joint denoising mechanism, 
which refines crack appearance and geometry synchronously under 
identical diffusion states and label conditioning. This formulation treats 
segmentation masks as intrinsic generative components rather than 
external guidance signals, ensuring spatial consistency throughout sam-
pling. Quantitative evaluation on the dataset shows that the generated 
images achieve an FID of 39.6 ± 0.8 and a KID of 0.046 ± 0.008, while 
the generated masks reach an mIoU of 0.81 ± 0.02 and a Dice score of 
0.89 ± 0.01, indicating coherent image–mask synthesis. The ablation 
study further suggests that multi-scale skip connections, attention, and 
adaptive noise-aware scaling contribute complementarily to generation 
quality, with adaptive scaling providing the largest single-component 
improvement.

The practical value of the generated data is examined through 
downstream classification, detection, and segmentation tasks under 
progressive augmentation. Across representative models, consistent 
performance gains are observed as synthetic samples are added, with 
the largest improvements appearing when the synthetic-to-real ratio 
is approximately two to four for detection and approximately two to 
three for segmentation. Improvements are particularly evident for the 
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repaired crack category, which is both underrepresented and visually 
similar to untreated cracks, reducing confusion in multi-class learn-
ing settings. In comparisons with representative generative baselines, 
CrackMaskNet yields lower FID and KID while requiring longer per-
sample generation time, reflecting the iterative nature of diffusion 
sampling and the additional requirement of joint mask generation. 
However, producing image–mask pairs in a single process reduces 
reliance on post-generation manual labeling.

Additional experiments evaluate robustness beyond the training dis-
tribution. CrackMaskNet maintains comparable fidelity on the
CRACK500 dataset with an FID of 36.6 ± 0.6 and a KID of 0.044±0.007. 
The framework also remains capable of generating aligned image–
mask pairs for potholes and person silhouettes under larger domain 
shifts, with expected decreases in image fidelity as domain complexity 
increases.

Future work will focus on extending class coverage to additional dis-
tress types, improving controllability for visually ambiguous categories, 
and reducing sampling time while preserving image–mask consistency.
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