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Abstract
Deep learning has increasingly been adopted in the non-destructive testing industry for
detecting defects in carbon fiber composite structures (CFCS), particularly in CFCS-cored
aluminum conductor composite core (ACCC) wires. However, the effectiveness of these
approaches is often limited by the availability of sizable annotated failure datasets for training
purposes. Addressing this challenge, this paper presents a semi-supervised model employing
consistency strategies to automate defect detection in CFCS, compensating for the real-world
scarcity of samples. It proposes a multi-faceted approach combining synthetic sample
generation, transformer-based feature fusion, and a DenseNet architecture-based detection
module. Initially, the model generates a large set of synthetic data to mitigate the issue of
limited real-world sample availability. These synthetic samples, produced through consistency
strategies, are then engineered to complement actual test data. The following step involves a
transformer architecture that blends features from synthetic and real samples, refining the
dataset for improved damage identification. The final stage features a detection module based on
DenseNet architecture, particularly designed for assessing the integrity of CFCS within ACCC
wires. Experiments conducted in real-world field scenarios have shown the model’s
effectiveness, demonstrating that the hybrid use of synthetic and real samples substantially
enhances the training process and damage detection capabilities.
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1. Introduction

Carbon fiber composite structures (CFCS) are widely
employed across various industries such as power grid infra-
structure, wind energy, aerospace, and telecommunications
[1–3]. Significantly, CFCS-cored aluminum conductor com-
posite core (ACCC) wires have become prominent in elec-
trical grid applications, offering superior conductivity, light-
ness, high tensile strength, and resistance to corrosion.
Nevertheless, these wires are prone to damage due to
adverse environmental stresses, which can lead to costly and
unplanned maintenance. Consequently, to prevent such dis-
ruptions and improve the efficiency and reliability of the power
transmission network, fault diagnostics and health condition
monitoring of power lines is imperative.

In the past, inspections to determine the integrity of ACCC
wires have traditionally been conducted by manual methods,
which present challenges including high costs, potential haz-
ards, and significant labor time. To improve on these manual
techniques, a range of Non-destructive evaluation (NDE) tech-
nologies have been developed for the inspection of over-
head ACCC wires. These technologies encompass a variety of
sensors, some attached directly to the wires, such as ultrasonic
gilded wave systems [4], and others that form part of power
line carrier systems. Additionally, robotic platforms have been
equipped with an array of sensors including infrared [5, 6],
electromagnetic induction [7], eddy current [8, 9], stress [10],
and acoustic wave detectors [11–13]. Power line companies
favor unmanned aerial vehicles (UAVs) over helicopters for
inspections due to their compact size [14]. Equipped with
sensors and cameras, UAVs capture detailed images and nav-
igate close to power lines without disturbances. Nevertheless,
the effectiveness of these NDE technologies can sometimes
be compromised by environmental conditions like lighting or
by the material properties inherent to the ACCC wires, which
can be especially challenging for methods like those based on
eddy currents. To mitigate these compatibility issues, some-
times a magnetic sleeve must be applied to the wire’s compos-
ite core, ensuring that the non-destructive detection methods
remain functional in grid applications [15].

While many non-destructive testing (NDT) methods are
available, their reliability in detecting damage has been incon-
sistent. Recent studies have shown that x-ray imaging holds
promise in identifying internal damages in ACCC wires by
allowing inspection of thicker materials and spotting both
external and internal flaws. One of its advantages is that it can
transmit x-rays through thick composite components, mak-
ing it possible to inspect thicker materials. Moreover, x-ray
imaging can detect both surface and subsurface defects and
provide a record of the inspection. The vision-based meth-
odologies such as camera-sensor or infrared-sensor are lim-
ited with difficult to accommodate with early failure with
different scales and tiny sizes, Song et al [16] introduced
Deformable you only look once X , improving detection accur-
acy and speed through strategies like decoupling head and
anchor-free design. Adaptively spatial feature fusion resolves
feature inconsistency in different scales. Chen et al [17]
improved YOLOv8 by using content-aware up-sampling for

small objects, a dedicated detection head for small insulator
defects, and the SIoU loss function to enhance both mAP
and inference speed. Wang et al [2] presented an innovat-
ive automated detection system that addresses the challenge
of identifying internal defects in aluminum conductor com-
posite core (ACC) wires. This system incorporates an x-ray
inspection robot and employs an anchor-free object detection
model. Different backgrounds (water, ground, trees, build-
ings, towers, etc) have diverse impacts on the appearance of
the power line components. Moreover, variations in illumina-
tion conditions also occur because of the presence of sunlight
in the outdoor situation, which depends on the daytime and
the weather conditions on the day of data collection. Wang
et al [18] developed a network that initially focuses on insu-
lator segmentation before conducting defect detection on the
segmented insulator image. This segmentation step eliminates
the background, thereby mitigating interference. In a similar
vein, Abdelfattah et al [19] utilized generative adversarial net-
works (GANs) for extracting thin power lines from intricate
backgrounds. Their proposed approach involved joint training
of a generator and a semantic decoder.

Deep learning [20–24], especially algorithms for fault dia-
gnosis and object detection, has been increasingly applied to
enhance NDT, with robots now being developed to carry port-
able x-ray systems and automated diagnostic tools for identify-
ing wire defects. [25], x-ray imaging has demonstrated poten-
tial in identifying internal ACCC wire damage using non-
destructive detection techniques. with researchers develop-
ing robots equipped with portable x-ray generators and deep
learning-based defect diagnostic systems to detect ACCCwire
defects. Gao et al [26] developed a robot that includes a port-
able x-ray generator, a DR detecting pane for gathering x-ray
images, and a deep learning-based defect diagnostic system
combinedwithmanual evaluation to discover defects to ACCC
wires. Wei et al [27] provide an automatic defect detection
approach based on deep convolution network (DCN) for defect
detection of the aluminum conductor carbon fiber composite
core through x-ray images. However, these approaches, par-
ticularly the supervised deep learning algorithms mentioned
above, require a large number of labeled failure data for train-
ing. In practice, obtaining sufficient amounts of labeled failure
samples can be difficult, making these approaches somewhat
challenging to implement in real-world industrial applications.

In real-world testing, the quality of captured x-ray images
is often compromised by noise, spurious edges, and other
environmental interference. This can be especially problem-
atic when examining CFCS, as the low contrast of the carbon
core and the high energy absorption of the outer steel core can
make it difficult to identify cracks. As known that the effect-
iveness of deep learning methods is contingent on the scale of
the training dataset. A larger annotated dataset corresponds to
improved accuracy in classification or detection for deep learn-
ing models. The issue of data imbalance and data insufficiency
in real-world measurements, where the number of samples for
a specific type of defect may be limited, leading to potentially
misleading deep learning performance estimates. Wang et al
[28] modified the contribution of gradients from negative and
positive samples in the loss function. The subsequent section
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delves into various methodologies employed by the power line
inspection community to address issues of data scarcity and
class imbalance within datasets. In a study by Zhai et al [29],
amirror-flipping augmentation strategywas adopted to expand
the dataset, coupled with the utilization of domain knowledge
to tackle class imbalance. The incorporation of domain know-
ledge with visual features proved effective in enhancing the
detection of small objects. Researchers [30] have explored
ways to design deep learning models to avoid such inaccurate
estimates, particularly in cases of small sample sizes. GANs
[31] have frequently been regarded as state-of-the-art generat-
ive models in terms of sample quality, but they are known for
being difficult to train and prone to mode collapse [32]. On the
other hand, diffusion models (DM) [33], which are likelihood-
based, provide more diversity and a steady training process,
may be a more practical solution for dealing with these issues.

The restrictions of the aforementioned can be summarized
as follows:

1. Manual inspection drawbacks: Engaging in conventional
manual inspection practices presents significant challenges
due to their considerable expense, inherent safety risks, and
the extensive time commitments they impose.

2. NDE limitations: The introduction of innovative NDE tech-
niques, backed by sensors and advanced robotic systems
like UAVs, aims to augment the efficiency of ACCC wires
inspection. However, these methods are not immune to dif-
ficulties; they may encounter performance issues in certain
environmental settings or may not fully adapt to the unique
material traits of the wires.

3. Obstacles in model training: The process of procuring a
substantial volume of accurately labeled training data for
the construction of supervised deep learning algorithms
presents a formidable challenge. This scarcity of training
data serves as a barrier to the broader application and effect-
iveness of these computationalmodels in real-life scenarios.

4. Issues with data availability: The imbalance and lack of suf-
ficient data, especially regarding the range and occurrence
of material defects, can lead to inaccuracies in the machine
learning algorithms designed to detect and classify such
defects. This imbalance has a direct impact on the reliab-
ility of deep learning outcomes.

As discussed above, there have been few investigations
addressing the challenge of small sample sizes in the NDT of
CFCS-cored ACCC wires. This study explores novel method-
ologies for overcoming the limitations of small sample sizes
in the NDE of CFCS-cored ACCC wires. The research pro-
poses a semi-supervisedmodel based on consistency strategies
to detect damage within CFCS. This model is composed of
a module for generating samples using consistency models, a
module for feature fusion using a transformer architecture, and
a damage detection module. The model is particularly adept at
utilizing a limited number of actual test samples to produce an
extended set of synthetic counterparts, effectively circumvent-
ing the constraints associated with scarce sample data. These
synthetic samples are then amalgamated with genuine samples
within the feature fusion transformer module to refine their

attributes. Subsequent to this fusion, the samples are processed
through a module built on DenseNet architecture, culminat-
ing in a specialized module targeting the detection of damage
within ACCC wires in CFCSs.

The key contributions of this research are articulated as
below:

1. Synthetic data generation and training facilitation: This
study proposes a model that utilizes consistency models to
generate a large quantity of training data. This addresses
the long—standing issues of data insufficiency and imbal-
ance in damage detection. The synthetic samples not only
solve the problem of scarce data but also overcome the
obstacle of limited training data, which restricts the wide—
scale application and effectiveness of computational mod-
els in practical scenarios. By incorporating these synthetic
samples, the model can be trained more comprehensively,
thus improving its performance.

2. Emphasized feature fusion for enhanced detection: Our
model incorporates a transformer—based framework, with
a primary focus on the feature fusion process. This archi-
tecture serves as a crucial medium for integrating the fea-
tures of real and synthetic data. Through this fusion, the
model can extract more comprehensive and discriminative
features. This integrated feature set significantly enriches
the information available for the model during training.

3. Viability and adaptability of proposed methods: The pro-
posed approach is robust, not only in its immunity to diffi-
culties often presented by certain environmental factors or
in adapting to unique material characteristics of structures
but also in its straightforward applicability to real-world
situations. The methods incur minimal costs, impose low
safety risks, and are time-efficient, making them particu-
larly suitable for field applications.

The organization of this paper is systematically presented
as follows: Initially, section 2 revisits the fundamental prin-
ciples underlying the denoising diffusion probabilistic model
(DDPM) and consistency models (CM), which play a cru-
cial role in shaping the methodology proposed in this paper.
Following that, section 3 is dedicated to present the proposed
Semi-supervised CM (SSCM) providing a detailed exposition
of their theory and implementation. Subsequently, a comparat-
ive analysis, along with validation utilizing a case study from
actual field measurements, is detailed in section 5. The paper
concludes with section 6, which provides a comprehensive
overview of the research’s foundational approach and encap-
sulates the principal findings.

2. Related theory

This section will begin by revisiting CM [34], influenced sig-
nificantly by the theory of continuous-time DM. Rooted in
the extensive exploration of continuous-time DM in previous
studies [35, 36], CM present a complex yet intriguing topic.
The section will provide concise introductions to both DM and
CM to lay the necessary groundwork for later discussions. This
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foundational understanding will pave the way for addressing
the proposed SSCM in subsequent sections.

DMs adopt a progressive strategy by systematically intro-
ducing perturbations to data through Gaussian perturbation.
These models then generate samples from the perturbed data
via sequential denoising steps, starting with the original data
distribution denoted as pdata (x). Utilizing a forward Stochastic
Differential equation (SDE) [35, 36], DMs gradually disperse
the probability distribution pdata (x).

dxt = µ(xt, t)dt+σ (t)dωt, (1)

where t ∈ [0,T] and T > 0 is a predetermined constant, the
functions µ(·, ·) and σ(·) represent the drift and diffusion coef-
ficient, respectively. The term {ωt}t∈[0,T] presents the standard
Brownian motion, emphasizing the stochastic nature inherent
in the diffusion process.

The SDE can be reversed at each time step. Consequently,
the Reversed SDE provides a means to systematically trans-
form noise into data. Notably, an ordinary differential equation
(ODE) known as the Probabilistic flow (PF) ODE is equival-
ent to the Reversed SDE [35].

dxt =

[
µ(xt, t)−

1
2
σ (t)2∇ logpt (xt)

]
dt, (2)

The distribution of xt, denoted as pt (x), is represented by
p0 (x) at time t= 0, which is equivalent to the data distribu-
tion pdata (x). As the system evolves over time, the distribution
at time T, pT (x), approaches a tractable Gaussian distribution
π (x). The score function of pt (x) is given by ∇ logpt (x).

To facilitate the sampling process, it begins by training a
score model denoted as sϕ (x, t)≈∇ logpt (xt) using the score
matching technique. The resulting sϕ (x, t) is then integrated
into equation (2), enabling the derivation of an empirical
estimate of the Partial Differential equation (PF ODE) in the
following form.

dxt
dt

=−tsϕ (xt, t) . (3)

To begin the empirical PF ODE, start by sampling x̂T from
π =N

(
0,T2I

)
. Utilize any numerical ODE solver to retro-

spectively solve it, yielding the solution trajectory {x̂t}t∈[0,T].
The initial value x̂0 serves as an approximate sample from the
data distribution pdata (x). To address numerical instability, it
is common to terminate the ODE solver at t= ϵ, where ϵ is a
predefined small positive value.

Consistency models, a novel type of generative model, sup-
port both one-step and multi-step iterative sample generation.
Training can occur in two modes: distillation and isolation.
In the distillation mode, pre-trained DMs are crucial as con-
sistency models distill knowledge for a single-step sampler.
Conversely, in the isolation mode, consistency models can be
trained independently, distinguishing them as an autonomous
class within generative models.

The core of the consistency strategy lies in the self—
consistency property of the consistency function f : (xt, t) 7→
xe, building upon the trajectory solution {x̂t}t∈[ϵ,T] provided

Figure 1. Consistency models correlate points on any trajectory of
PF ODE with the origin of that trajectory.

by equation (2). This property ensures f(xt, t) = f(xt′ , t ′) for all
t, t ′ ∈ [ϵ,T], maintaining uniformity within the same PF ODE
trajectory. In practical terms, this means that for a given set
of data points that lie on the same trajectory of the PF ODE,
the consistency function will map them to the same reference
point xe. For example, consider two data points xt1 and xt2 at
different time steps t1 and t2 within the range [ϵ,T] but on the
same PF ODE trajectory. The consistency function f will out-
put the same result for both points, regardless of their different
time—step positions. This property is fundamental for the con-
sistent handling of data during sample generation and feature
fusion processes in the proposed semi—supervised model. It
helps to standardize the data representation and makes the
model more robust to noise and variations in the input data.
The goal of the consistency modelq, denoted as f θ, is to
estimate this consistency function through data-driven learn-
ing and reinforce its self-consistency property, as illustrated in
figure 1.

For any consistency function f(·, ·), it must satisfy the
boundary condition f(xϵ, ϵ) = xϵ, indicating that f(·, ϵ) acts as
an identity operation. This constraint, known as the ‘boundary
condition,’ is essential for validating a consistency model. In
the context of consistency models based on deep neural net-
works, let us consider a flexible network Fθ (x, t) with out-
put matching the dimensionality of x. A practical approach
to parameterize the consistency model involves using skip
connections.

fθ (x, t) = cskip (t)x+ cout (t)Fθ (x, t) . (4)

The differentiability of functions cskip (t) and cout (t) is cru-
cial, ensuring cskip (ϵ) = 1 and cout (ϵ) = 0. This configuration
maintains consistency model differentiability at t= ϵ, contin-
gent upon the differentiability of Fθ (x, t) and scaling coeffi-
cients, pivotal for effective training of continuous-time con-
sistency models.

A well-trained consistency model fθ(x, t) streamlines
sample generation by drawing from x̂T ∼N

(
0,T2I

)
. The

model evaluates x̂ϵ = fθ (x̂T,T) for one-step noise-to-sample
generation. Iteratively introducing noise further improves
the model’s evaluation and enhances the overall sample
quality.
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3. SSCM

The section proposes SSCMs for detecting damage in CFCSs,
as illustrated in the referenced figure 2. The model comprises
a sample generation module utilizing consistency models, a
feature fusion transformer module, and a damage identifica-
tion module. It leverages a small set of real-world test samples
to generate numerous synthetic samples, thereby addressing
the issue of limited sample availability. Subsequently, these
synthetic samples are integrated with real ones in the fea-
ture fusion transformer module to enhance their characterist-
ics. The enhanced samples undergo processing in a DenseNet-
based module, and finally, a module specifically designed for
diagnosing damage in the CFCSs of ACCC wires.

The process begins with the original datasets being sub-
jected to a diffusion process as described by the SDE in
equation (1). This involves augmenting the data with noise,
which is subsequently used for training consistency models. It
is important to note that the absence of an existing pre-trained
DM precludes the strategy of leveraging a pre-trained scored
model, represented by sϕ (x, t), for training consistency mod-
els through distillation. Instead, the training of the consistency
models is conducted independently. This independent train-
ing relies on the employment of an unbiased estimator for the
gradient of the log probability ∇ logpt (xt) as follows.

∇ logpt (xt) =−E
[
xt− x
t2

∣∣∣∣xt] (5)

where x∼ pdata and xt ∼N (x; t2I), a Monte Carlo estimate of
∇ logpt (xt) can be formed with −(xt− x)/t2. This estimate
effectively replaces the pre-trained DM in consistency distil-
lation, particularly when utilizing the Euler method, like the
Heun Solver [36], as the ODE solver in the limit of N→∞
[34].

After undergoing training with a neural network to
acquire a consistency models characterized by effective self-
consistency, a novel sample x̃0 can be generated by introducing
x̃T, drawn from a normal distribution N (0,I), into the estab-
lished consistency model, as shown in figure 2.

The dataset synthesized from the consistencymodel is com-
bined with a limited real dataset using a feature fusion trans-
former module, producing fused data with enhanced inform-
ation. Both synthesized and real data undergo processing
through four encoder blocks, each consisting of a 3 × 3 ker-
nel convolution layer followed by ReLU activation and max-
pooling. The Spatio-Transformer fusion network merges fea-
tures from both data at multiple scales. The spatial branch
captures local features with convolution layers and a bot-
tleneck layer, while the transformer branch utilizes an axial
attention-based transformer block for global context through
self-attention. Finally, a nested decoder network, based on
RFN-Nest architecture [37], is trained to generate fused

images using the combined features. In figure 1, DenseNet
is employed to improve damage identification accuracy. This
improvement is achieved through the optimization of informa-
tion flow, the enhancement of reusable features, and the over-
all improvement of features themselves. The calculation of the
output of the rth layer, denoted as zr, and it can be calculated
as below.

zr = Hr ([z0,z1, . . . ,zr−1]) (6)

where the function Hr (with r taking values of 1, 2, 3, …)
is primarily constituted by batch normalization, the Rectified
Linear Unit (ReLU), and convolution. The features generated
in layers 0, 1, . . ., r− 1 undergo concatenation and are denoted
as [z0,z1, . . . ,zr−1].

Subsequently, the z̃r for a small batch of data, denoted as B,
can be computed using the following method.

zBN =
ẑr −µB√
σ2
B+α

(7)

z̃r = γ · zBN+β (8)

where the input data undergoes normalization, denoted by
zBN, the r-th layer input of Batch Normalization, ẑr=
[z0,z1, . . . ,zr− 1], is considered, with mean (µB) and variance
(σ2

B) being crucial for calculation. The parameter α is a small
constant used to prevent division by zero. Learnable paramet-
ers, β and γ, scale and shift, enabling the network to learn and
restore the original feature distribution.

The dataset denoted as xD, utilized for damage iden-
tification, amalgamates a small portion of authentic data
with a substantial volume of fused data processed through
feature fusion transformer module. Within the dam-
age diagnosis module, a soft-max classifier is employed
to undergo training on feature vectors derived from a
DenseNet-based model mentioned earlier. These feature
vectors are extracted from a mixed sample, denoted as{
(x(i)D , l(i)); i ∈ 1, . . . ,N, l(i) ∈ 0, . . . ,k− 1

}
, where x(i)D rep-

resents the i−th feature vector of the input sample, and l(i)

corresponds to the label. The probability of a sample belong-
ing to a specific category is determined for each sample in this
set using the following equation.

p
(
l(i) = j | x(i)D ;θ

)
=

eθ
T
j x(i)D∑k

j=1 e
θTj x(i)D

(9)

where p(l(i) = j | x(i)D ;θ) denotes the probability that x(i)D
belongs to the jth category, signifying the segmentation of the
sample into different damage types. This probability is equi-
valent to the likelihood of the sample being categorized under
the jth classification.
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Figure 2. The proposed semi-supervised consistency model.

The method for assessing damage through the use of
soft-max is articulated as follows.

hθ
(
x(i)D

)
=


p
(
l(i) = 1 | x(i)D ;θ

)
p
(
l(i) = 2 | x(i)D ;θ

)
...

p
(
l(i) = k | x(i)D ;θ

)



=
1∑k

j=1 e
θTj x(i)D


eθ

T
1 x(i)D

eθ
T
2 x(i)D
...

eθ
T
k x(i)D



(10)

where θ represents the model parameters and
∑k

j=1 e
θTj x(i)D is

the operation of the probability normalization.
The algorithm’s comprehensive workflow is delineated in

algorithm 1, providing a high-level overview of its operation.
Additionally, a more detailed description of the implemented
procedure is available for reference.

4. Testing setup and data measurement

A data acquisition system for quantifying x-ray images of
ACCCwires with carbon fiber composite core structures, com-
prehensively illustrated in figure 3, has been developed. The
acquisition robot (figures 3(a) and (b)), composed of data col-
lection, transmission, and analysis modules (figure 3(c)), is
equipped with a portable cold cathode x-ray source (TXR-
C1R150P - 08) and designed to climb ACCC wires. It integ-
rates an x-ray generator and a digital radiography dashboard
at its base for obstacle—free navigation, and enables wireless
transmission of x-ray image data to cloud storage via WIFI
for subsequent fault detection and analysis on a workstation;
in-depth details are available in our previous work [3].

5. Validation case study: real-world field
measurements

In this section, the effectiveness of damage assessment with
the use of CFCS-cored ACCC wires is validated through real-
world field measurements. Following the demonstration in
section 5.1, an initial comparison is drawn between actual
measurements and synthesized data. The subsequent prepara-
tion and examination of the data are comprehensively outlined
in section 5.2. Finally, section 5.3 provides a detailed compar-
ative analysis focused on defect-induced damage.

5.1. Comparing data between actual measurements and
synthesized data

The examination of synthetic samples generated by the pro-
posed SSCM involves a comparative analysis with real-world
data, as illustrated in figure 4. This analysis aims to object-
ively assess any disparities or deviations between the synthet-
ically produced samples and actual data, aiding in the identi-
fication of potential inconsistencies. Specifically, figure 4 con-
trasts real and synthesized representations of four failure types.
Despite minor discrepancies, the majority of instances exhibit
similar failure characteristics, which are pivotal for compre-
hending failure mechanisms and enhancing the output of the
SSCM. Quantitatively, the comparison between real and syn-
thetic data employs cosine similarity as a metric, with the res-
ults presented in table 1 indicating strong correlations exceed-
ing 0.996. These results affirm the synthetic samples’ close
approximation to real-world data, thereby bolstering confid-
ence in the effectiveness of the SSCM model. Furthermore,
to provide a comprehensive evaluation of the model’s per-
formance across varying degrees of similarity, we conducted
an in-depth analysis of cases where synthetic samples exhib-
ited notable divergence from real measurements. As illus-
trated in figure A1, we present a detailed visualization of these
divergent cases, complemented by corresponding quantitat-
ive metrics in table A1 for systematic evaluation. Our ana-
lysis revealed that synthetic data encompassing the four fail-
ure types (fracture, sawing, shifted, and splitting) demon-
strated relatively lower similarity with an average cosine sim-
ilarity value of 0.95. Specifically, the selected synthetic-real
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Algorithm 1. The algorithm for implementing the proposed SSCM
method.

1: procedure SampleGeneration( fθ(·, ·), {τ1, τ2, . . . , τN−1}, x̂T)
2: x← fθ(x̂T,T)
3: for n= 1 to N− 1 do
4: z∼N (0,I)
5: x̂τn ← x+

√
τ 2
n − ϵ2z

6: x← fθ(x̂τn , τn)
7: end for
8: return x
9: end procedure
10: procedure FeatureFusion(xR, ST, EJ, D)
11: FJ← EJ(x,xR)
12: FJfused ← ST(FJ)
13: xfused← D(FJfused)
14: return xfused
15: end procedure
16: procedure Classification{xfused1 ,xfused2 , . . . ,xfusedM}, L, k,

C
17: xin←{xfused1 ,xfused2 , . . . ,xfusedM}
18: Initialize Conv1 with ReLU activation
19: Initialize Dense Blocks and Transition Layers
20: for l= 1 to L do
21: xin← xin
22: xout← DenseBlockl(xin,nl)
23: xin← [xin,xout]
24: xin← TransitionLayerl(xin)
25: end for
26: Global Average Pooling
27: Flatten the output
28: Fully Connected Layer with Softmax Activation for C

classes
29: return Predicted Class Probabilities {P1,P2, . . . ,PN}
30: for i= 1 to N do
31: Predicted Label for Image i: argmax(Pi)
32: if Predicted Label = 5 then
33: Output for Image i: ‘Image i belongs to class 5’
34: else
35: Output for Image i: ‘Image i does not belong to class

5’
36: end if
37: end for
38: end procedure

sample pairs exhibited varying degrees of dissimilarity across
different defect types, with cosine similarity values ranging
from 0.931 to 0.986: fracture (0.943), sawing (0.986), shifting
(0.931), and splitting (0.976).

5.2. Preparation and examination of data

To achieve consistency in training data, it is essential
to employ methods such as segmentation, straightening,
and gray-level normalization (as illustrated in figure 5(b)).
Deviations in ACCC wires resulting from gravitational effects
are mitigated by employing straightening techniques, which
horizontally align lines using centered pixel coordinates. To
account for variations in x-rays and detectors, corrections
are made to the brightness and contrast. Discontinuities are

reduced by substituting vertical integration with convolution
processes. Additionally, histogram specification is utilized to
standardize contrast across various images, ensuring a uniform
color distribution.

In analyzing figure 5, defect positions are determined from
the central part of raw x-ray images. Additionally, a cross-
sectional diagram illustrating the ACCC wire can be observed
in figure 5(a). The images are divided into patches using a
sliding window for analysis. Figure 5(b) shows overlapping
patches, preventing misinterpretations caused by interference
from exterior aluminum wire gaps. Figure 6 depicts ACCC
wires with CFCS cores in both undamaged condition along-
side four different types of damage states. Four defect types:
shifting, splitting, fracture, and sawed are identified based on
morphological properties (figure 4). Real-world testing intro-
duces noise and interference, reducing image quality. Limited
x-ray images lead to the use of SSCM to generate substantial
varieties of samples, resulting in 6000 raw samples from 400
images. Table 2 details their distribution for training and test-
ing, each sample sized at 128× 128× 1.

5.3. Evaluation and comparative analysis of defect-induced
damage

The optimization of hyperparameters constitutes a pivotal
stage in ensuring the effective training of the proposed
architecture, a notion supported by insights gleaned from
the literature [20, 38]. Following each pooling and fully-
connected layer, the ReLU is employed as the activation func-
tion, alongside batch normalization applied with a momentum
of 0.9 across both input and activation layers. The convolu-
tion layers are outfitted with 12 input filters. The architec-
ture, depicted in figure 2, encompasses 16 Basic Blocks and
16 Transition Blocks, all interlinked with each Dense Block.
During training, the Adam optimizer is utilized, with a learn-
ing rate set at 0.0001, spanning 50 epochs and a growth rate
of 12. An examination of the relationship between the num-
ber of epochs and loss reveals a notable decline initially,
which stabilizes around the 40th epoch, suggesting a plateau-
ing of model performance beyond a certain epoch count, a
behavior akin to that observed in conventional models like
ShuffleNet [39]. As depicted in figure 7(b), other models such
as ShuffleNet [39], ResNet-based [40], and DenseNet [41]
exhibit superior performance.

For the implementation of these algorithms, PyTorch is util-
ized on a computing platform equipped with an AMD Ryzen
9 5950X 16-core CPU, 64 GB DDR4 memory, and an Nvidia
RTX3090Ti GPU, facilitating the training of the proposed
architecture.

This section conducts a comprehensive comparative ana-
lysis of several state-of-the-art deep learning architectures
to evaluate their efficacy in detecting structural damage
within CFCS-cored ACCC wires, which are crucial com-
ponents in modern power transmission systems. The eval-
uation encompasses well-established architectures such as
ShuffleNet [39], which is known for its computational effi-
ciency; RepVGG [42], which features a straightforward
yet effective architectural design; ResNet50 and ResNet101

7



Meas. Sci. Technol. 36 (2025) 046109 P Chen et al

Figure 3. Schematic of damage detection during field deployment measurements: (a) Inspection robot, (b) Inspection robot sketch, (c) Data
analysis system.

Figure 4. Comparison of Samples: Synthesized vs. Real Measurements. (a) X-ray Image of Fractured Sample with Zoomed Region. (b)
X-ray Image of Sawed Sample with Zoomed Region. (c) X-ray Image of Shifted Sample with Zoomed Region. (d) X-ray Image of Splitting
Sample with Zoomed Region.

Table 1. Quantitative comparison of real measurement and synthesis.

Type of defect Cosine similarity

Fracture 0.985
Sawing 0.996
Shifting 0.986
Splitting 0.996

[40, 43], which implement residual learning frameworks;
DenseNet [41], which utilizes dense connectivity patterns;
and a DDPM-based method [3], which leverages DMs for
enhanced feature extraction. Furthermore, to rigorously eval-
uate the effectiveness of the feature fusion module proposed
in this research, the study extends its comparative analysis to
include state-of-the-art image feature fusion models, specific-
ally CoCoNet [44] and CDDFuse [45], which have demon-
strated notable performance in similar computer vision tasks.
The primary metric for evaluation is test accuracy. ShuffleNet

achieves a peak accuracy of approximately 90.2%, but exhib-
its instability, resulting in fluctuations and an average accur-
acy of 90.0%, as shown in figure 8(a). In contrast, ResNet-
based algorithms (ResNet50 and ResNet101) demonstrate
greater stability, consistently maintaining an accuracy rate
near 91.2%. DenseNet, with its direct layer connections,
achieves a slightly higher maximum accuracy of 92.0%. The
proposed SSCM surpasses the benchmark set by DenseNet,
achieving a test accuracy of around 96.2% and an average
accuracy of 94.0%, as depicted in figures 7(a) and 8(a). Table 3
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Figure 5. (a) Cross-section diagram of ACCC wires, (b) Schematic illustration of data pre-processing.

Figure 6. Typical damaged ACCC wires with CFCS cores. (a) X-ray image of an intact sample. (b) X-ray image of a fracture sample. (c)
X-ray image of a sawed sample. (d) X-ray image of a shifting sample. (e) X-ray image of a splitting sample.

Table 2. Organization of training and test data sets.

Models Categories Training datasets Test datasets

Existing models Fracture 400 (real) 100 (real)
Intact 1200 (real) 100 (real)
Sawing 400 (real) 100 (real)
Shifting 400 (real) 100 (real)
Splitting 400 (real) 100 (real)

Proposed model Fracture 400 (real) + 800 (synthetics) 100 (real)
Intact 1200 (real) 100 (real)
Sawing 400 (real) + 800 (synthetics) 100 (real)
Shifting 400 (real) + 800 (synthetics) 100 (real)
Splitting 400 (real) + 800 (synthetics) 100 (real)

Note: Existing models are denoted as ShuffleNet, RepVGG, ResNet50, ResNet101, DenseNet, DDPM-based
method, CoCoNet, and CDDFuse.
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Figure 7. (a) Comparative analysis of model accuracy among various models, (b) Training loss.

Figure 8. (a) Accuracy comparison through box plots, (b) Evaluating various models with ROC curves.

Table 3. Accuracy comparison of various models after 100 epochs of training.

Models ShuffleNet RepVGG ResNet50 ResNet101 DenseNet DDPM CDDFuse CoCoNet SSCM

Accuracy 0.904 0.867 0.914 0.908 0.918 0.924 0.920 0.916 0.937

provides a detailed display of the accuracies of different meth-
ods in figure 8(a) when trained for 100 Epochs.This enhanced
performance is attributed to the incorporation of feature man-
ifold learning, augmenting diagnostic capabilities by integrat-
ing synthetic and real field-testing samples. Examining the
detailed view in figure 7(a), it is observed that ShuffleNet
and RepVGG exhibit a broader range of test accuracies, con-
trasting with ResNet50, DenseNet, and the proposed SSCM,
which demonstrate minimal variation in their results, as indic-
ated by the box plot in figure 8(a). When evaluating various
feature fusion methodologies, the proposed SSCM demon-
strates significantly enhanced performance in integrating fea-
tures from both real and synthetically generated samples.
Specifically, while CDDFuse and CoCoNet achieve average
accuracy rates of 92.3% and 91.4% respectively, our SSCM
approach exhibits superior fusion capabilities, as evidenced
by the comparative analyses presented in figure 7(a) and fur-
ther substantiated by the ROC curves and accuracy distri-
butions illustrated in figure 8(a). Furthermore, these empir-
ical results underscore the robust nature of SSCM’s feature
integration mechanisms, particularly in maintaining semantic

consistency while preserving spatial relationships between the
input samples. The receiver operating characteristic (ROC)
[46] curve serves as a tool to assess the effectiveness of
classification models by analyzing their shape and the area
under the curve (AUC). An examination of the ROC curve,
as presented in figure 8(b), reveals that the proposed model
attains a higher AUC. This observation suggests an enhanced
capability of the proposed model to distinguish accurately
between the true and false categories of features derived
from CFCS.

The t-SNE [22, 24] dimensionality reduction technique
serves as a valuable tool for the visual analysis of latent
features encapsulated by various models, as exhibited in
figures 9 and 10. This approach significantly improves the
comprehension of data patterns and streamlines the identi-
fication of clusters, consequently supporting the decision-
making process. Meanwhile, these observations are quantit-
atively validated using confusion matrices in figures 11 and
12. In the case of models like ShuffleNet and RepVGG,
as depicted in figures 9(a) and (b), clear separation among
scatter points representing intact conditions signals precise
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Figure 9. Visualizing features with t-SNE: (a) ShuffleNet, (b) RepVGG, (c) ResNet50, (d) ResNet101.

Figure 10. Visualizing features with t-SNE: (e) DenseNet, (f) DDPM-based method, (g) SSCM, (h) CDDFuse, (i) CoCoNet.
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Figure 11. Evaluating classification performance with a Confusion Matrix: (a) ShuffleNet, (b) RepVGG, (c) ResNet50, (d) ResNet101.

recognition capabilities. Conversely, the overlapping scatter
points for fracture and splitting modes reveal the models’ lim-
itations in differentiating between these two states. Similarly,
the ResNet-based models, illustrated in figures 9(c) and 10(d),
demonstrate pronounced overlaps among failure manifesta-
tions, highlighting their struggle to discern critical patterns
effectively. The feature visualization results obtained through
t-SNE dimensionality reduction are presented in figures 10(h)
and (i) for the CDDFuse and CoCoNet-based models, respect-
ively. Upon analysis, it becomes evident that a substantial pro-
portion of data points belonging to distinct categories exhib-
its significant overlap in the feature space. Consequently, this
pronounced intersection of feature distributions poses a con-
siderable challenge in establishing clear decision boundar-
ies between fracture and splitting fault classifications, thereby
potentially compromising the models’ discriminative capab-
ilities in fault type identification. The proposed SSCM, dis-
tinctively outlined in figures 10(g) and 12(g), shows a profi-
cient separation of manifold distributions for nearly all fail-
ure types, thus evidencing its superior ability in accurately
differentiating between the various conditions. Nonetheless,
recognizing splitting and fracture failures remains a pervasive
challenge across all examined models, possibly attributable

to the inherent complexity within the data set. In summary,
the application of feature manifold visualization offers valu-
able perspectives on the comparative performance of the mod-
els, with particular emphasis on the proposed model’s adept-
ness at capturing and interpreting latent features with higher
precision.

During the ablation study, we systematically adjusted
the proportion of synthetic samples in the training set.
Specifically, we began with a base case in which syn-
thetic samples made up 20% of the total training samples.
Subsequently, we incrementally raised this proportion in
20% increments, ultimately reaching 100%. Throughout these
experiments, we kept the model architectures consistent,
including the number of layers and neurons in each layer.
The training parameters, such as a learning rate of 0.0001, the
number of epochs set at 50, and a batch size of 20, remained
unchanged. Learning rate schedulers were used to adjust the
learning rate adaptively during training to prevent overfit-
ting and accelerate convergence. Additionally, data pre—
processing steps, like segmentation, straightening, and gray—
level normalization, were uniformly applied to all datasets.
This was done to isolate the impact of the synthetic sample
proportion on the model’s classification accuracy.
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Figure 12. Evaluating classification performance with a Confusion Matrix: (e) DenseNet, (f) DDPM-based method, (g) SSCM, (h)
CDDFuse, (i) CoCoNet.

Figure 13. A box plot illustrating results from the ablation
experiment.

As depicted in figure 13, when the proportion of syn-
thetic samples increased from 20% to 100%, the model’s
classification accuracy for detecting different types of defects,
such as fractures and sawing, also increased steadily.
Specifically, figure 13 demonstrates that the model achieves its
optimal average accuracy of 94.0%, with the maximum accur-
acy reaching 96.0% when the sample is composed entirely
of synthetic data. In contrast, when synthesized samples
account for only 20% of the total sample, the accuracy not-
ably declines, reaching a minimum of 89.6%.This indicates
that the increase in synthetic samples enhanced the model’s
overall performance in defect detection.

Other metrics like recall and F1-score were also examined
for the overall training, as shown in table 4. The overall recall
improved from 0.919 when there were 0% synthetic samples

Table 4. Table of F1-Score and Recall by Synthetic Sample
Proportion.

Proportion 0% 20% 40% 60% 80% 100%

F1-Score 0.919 0.923 0.927 0.943 0.945 0.952
Recall 0.919 0.924 0.928 0.944 0.946 0.953

in the training data to 0.953 when the training data consisted
of 100% synthetic samples. The F1 - score also increased
during this process. These improvements provide more evid-
ence of the positive impact of synthetic samples on themodel’s
performance in the overall training. Compared to other studies,
our model benefits significantly from synthetic samples. It out-
performs many models that face challenges caused by limited
data, demonstrating its superiority in handling the scarcity of
data during the training process.

To comprehensively evaluate the impact of lower-similarity
synthesized data (average cosine similarity of 0.95) on model
performance across four distinct defect types, we conduc-
ted a systematic analysis using Confusion Matrix method-
ology. This quantitative assessment examined classification
effectiveness across a spectrum of synthetic sample propor-
tions ranging from 0% to 100%, with detailed results presen-
ted in figure A2. When utilizing exclusively authentic meas-
urement data (0% synthetic samples), the model established
baseline classification accuracies of 85% and 82% for frac-
ture and splitting defects, respectively. However, upon intro-
ducing synthetic samples, we observed notable fluctuations
in classification performance. Specifically, at a 20% syn-
thetic sample proportion, the model demonstrated dimin-
ished performance with classification accuracies of 72%,
76%, and 92% for fracture, splitting, and sawing defects,

13



Meas. Sci. Technol. 36 (2025) 046109 P Chen et al

respectively. Furthermore, our longitudinal analysis revealed
that increasing the proportion of synthetic samples did not
yield the anticipated progressive enhancement in model per-
formance. Even when employing a completely synthetic
dataset (100% synthetic samples), the classification accur-
acy showed only marginal improvements, reaching 87% for
fracture detection and 86% for splitting defect identifica-
tion. These empirical findings demonstrate that the incor-
poration of lower-similarity synthesized data failed to sub-
stantially enhance the model’s discriminative capabilities.
Moreover, the observed performance patterns across various
synthetic data ratios indicate that synthetic data augmenta-
tion did not contribute meaningfully to the overall model
effectiveness.

6. Conclusion

This paper represents an advancement in the detection of
defects within CFCS-cored ACCC wires, which are crucial
components within NDT industries. The introduced SSCM
employs innovative consistency strategies to address the lim-
itations imposed by the scarcity of annotated failure data-
sets, a prevalent issue in this field. By synthesizing data and
integrating transformer-based feature fusion with a DenseNet
architecture-based detection module, the model offers a robust
solution that effectively compensates for the shortage of real-
world samples. The promising results of experiments conduc-
ted in authentic field settings validate the efficacy of com-
bining synthetic with real samples. This integration not only
enriches the training dataset but also enhances themodel’s pre-
cision in identifying damage.

Key strengths of this study include its use of synthetic
data generation to overcome data insufficiency, the incorpora-
tion of a transformer-based feature fusion process to improve
detection accuracy, and its practical applicability demon-
strated in real-world conditions. However, the study also has
limitations, including its reliance on the quality of synthetic
data, a narrow focus on CFCS-cored ACCC wires, and poten-
tial challenges in scaling the approach to broader applica-
tions. Future research could explore broader applicability by

extending the SSCM to various types of composite mater-
ials and defects beyond CFCS-cored ACCC wires, thereby
increasing its relevance and utility within the NDT industry.

Data availability statement

The data cannot be made publicly available upon publication
because they are owned by a third party and the terms of use
prevent public distribution. The data that support the findings
of this study are available upon reasonable request from the
authors.

Acknowledgments

Partial funding for this research has been provided by several
sources, including the National Natural Science Foundation of
China under Grant 52105111, and 52305085, the Guangdong
Basic and Applied Basic Research Foundation under Grant
2025A1515012256, the Shantou University (STU) Scientific
Research Initiation Grant under Grant NTF21029, the China
Postdoctoral Science Foundation under Grant 2023M740021,
and the Natural Science Foundation of Anhui Province under
Grant 2108085QE229.

Appendix. Supplementary information on
experimental data and analysis

This appendix offers supplementary details regarding the
experimental data and analyses conducted in this study.

Table A1. Cosine Similarities of Synthetic-Real Sample Pairs with
the Lowest Similarity for Different Types of Defects.

Type of defect Cosine similarity

Fracture 0.9434 792
Sawing 0.9859 342
Shifting 0.9308 711
Splitting 0.9760 003
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Figure A1. Images of synthetic—real sample pairs with the lowest cosine similarities for different types of defects: (a) Fractured, (b)
Sawed, (c) Shifted, (d) Splitting.

Figure A2. Confusion matrices for synthetic samples with low cosine similarity to real data under different percentages : (a) 0%, (b) 20%,
(c) 40%, (d) 60%, (e) 80%, (f) 100%.
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