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Rapid and accurate detection of surface defects has become critical with the increasing demand for highly 
reliable carbon fiber composite plates (CFCPs) in advanced manufacturing. This study proposes a dual-
stage enhancement framework to detect subtle defects in CFCPs, addressing the limitations of conven-
tional down sampling and feature extraction methods, especially when samples are limited and defects 
are subtle. The framework highlights the critical role of expert knowledge in defect detection and allows 
effective parameter transfer between a task-specific super-resolution reconstruction module and a resid-
ual, multiscale fusion semantic segmentation network. Experiments on a digital radiography CFCPs data
set demonstrate that this method markedly amplifies weak defect signatures and pinpoints their loca-
tions with high fidelity. The findings exhibit significant gains in precision, recall, F1 score, and mean
intersection over Union relative to U-Net, SegNet, and other baselines. In small sample conditions, the
proposed model nearly doubles the performance of the canonical U-Net. This framework offers a broadly
applicable solution for automated micro scale defect inspection across composite material systems and
other advanced manufacturing contexts.
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Higher Education Press Limited Company. Thi s is an open access article under the CC BY-NC-ND license
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1. Introductio n

The growing aerospace and defense industries are driving 
demand for advanced, lightweight materials, making carbon fiber
composite plates (CFCPs) highly suitable [1]. Their low density, 
high specific strength, and corrosion-resistant properties have led 
to their widespread use in applications, ranging from satellite solar
panels and aircraft engine fan blades to wind turbine blades, vehi-
cle structural components, and microelectronic packaging chips
[2,3]. Due to limitations in material technology, manufacturing 
processes, and harsh service conditions, CFCPs often develop sur-
face or internal defects, including cracks, pores, and inclusions, that
can accumulate over time and weaken structural integrity [4,5]. 
Therefore, early and accurate detection of these flaws, especially 
subtle ones, is critical for ensuring reliability in practical applica-
tions [6]. 
Nondestructive testing (NDT) techniques have attracted wide-
spread attention and are widely used to efficiently identify and
monitor the aforementioned damage and defects during produc-
tion and operation [7]. However, the CFCPs’ manufacturing com-
plexity and cluttered surfaces, intricate internal structures, and 
weak defect signals often obscure these minute flaws amidst back-
ground noise, creating these detection challenges [8,9]. 

To detect and monitor various damage and defects in CFCPs 
during production and service, several NDT techniques h ave been
developed [10,11], including ultrasonic testing (UT) [12], infrared 
thermography (II T) [13], optical inspectio n [14], and eddy current 
testing [15,16]. For example, Wang et al. [17] addressed the inter-
layer defects detection in carbon fiber composites by proposing a 
modal decomposition imaging method using air-coupled Lamb 
wave detection. Wong et al. [18] developed a method that 
employed a two-dimensional (2D) ultrasonic array sensor to mea-
sure the elastic characteristics of carbon fiber reinforced polymer 
(CFRP) plates. Caminero et al. [19] utilized phased array ultrasonic 
technology to locate simulated inclusion defects and impact dam-
age in CFRP precisely.
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However, UT of shallow surface defects is often complicated by 
coupling agents, curved geometries, and noise from wave propaga-
tion in thin CFRP laminates, making defect identification more
challenging [20,21]. IIT has gained popularity in NDT in recent 
years. It detects variations in infrared radiation between defective 
and intact regions, allowing for the identification of subsurface
flaws without damaging the materials [13]. 

Avdelidis et al. [22] demonstrated that pulsed thermography 
(PT) is applicable to diverse structural defects, including those in 
CFRPs, honeycomb cores, and sandwich composites. Building on
this, Azizinasab et al. [23] developed a transient response phase 
extraction method for PT using ‘‘local reference pixel vectors”
enabling reliable defect detection in CFRPs. Similarly, Dong et al.
[24] employed infrared lock-in thermography for delamination 
inspection in CFRPs and incorporated deep learning to enhance
subsurface defect characterization. In related work, Yang et al.
[25] integrated induction IIT with thermal-wave radar to identify
faults in CFRP wind turbine blades.

Overall, IIT provides quick contact-free detection over large sur-
faces, offering intuitive and efficient methods for identifying 
delamination, debonding, and impact damage in composite mate-
rials. However, limited detector performance can obscure deeper
defects, reducing resolution.

While optical inspection techniques can produce high-
resolution images in the visible spectrum, balancing efficiency 
and accuracy in industrial settings, especially where minor defects,
complex morphologies, and limited data remain challenging. Cui
et al. [14] proposed a vision-assisted strategy for extracting and 
quantifying delamination in CFCPs, including a robust delamina-
tion extraction algorithm and a comprehensive evaluation frame-
work. However, conventional optical methods often face practical
limitations in real-world production environments, where surface
flaws in CFCPs can be challenging to detect due to constrained data,
intricate geometries, and illumination.

Eddy current testing identifies defects by measuring changes in 
coil impedance and induced voltage, arising from interactions 
between the alternating magnetic field of the coil and the magnetic 
field produced by currents in defective regions. This technique is
commonly used to identify surface, near-surface cracks, fiber frac-
tures, and delamination in CFCPs. Zou et al. [26] applied eddy cur-
rent thermography to evaluate CFRP-steel interfaces, inducing 
eddy currents in the steel plate to detect and characterize interface 
failures. However, due to the skin effect, eddy currents decay
rapidly through the material thickness, and the excitation fre-
quency further limits penetration depth, making it challenging to
identify deeper defects in composite materials.

X-ray inspection is a widely used industrial NDT method, using 
its strong penetration capability to visualize internal structures
and fine surface defects [27]. Using this approach, X-rays pass 
through the object being examined, and the attenuated signals 
are converted into electronic data. These data are then processed
into real-time grayscale images, offering a 2D view of the object’s
internal architecture [28,29]. 

Recently, digital radiography (DR) has become increasingly 
popular in the NDT field, thanks to its real-time imaging, strong 
penetration power, relatively simple operation, and convenient
storage of inspection data. Gao et al. [30] focused on the NDT of 
aluminum conductor composite core (ACCC) cables. They intro-
duced the LineSpyX robot, which incorporates a portable X-ray 
emitter and a DR detection unit to provide a unified NDT solution
for imaging the carbon fiber core within ACCC cables. These images
are analyzed using deep learning and manual diagnosis to identify
defects.

For CFCPs, DR can penetrate multiple carbon fiber layers, reveal-
ing critical information about internal or near-surface defects,
offering insights into defect distribution and morphology.
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Nonetheless, imaging still faces challenges. Limitations such as 
the resolution of the imaging system, photon shot noise, and the 
complex interlayer structure of composite materials can degrade
image quality, leading to noise, low contrast, and difficulty in
detecting minute defect signals [30]. Detecting and enhancing 
these weak defect features in DR images remains a key challenge
for enhancing detection accuracy and reliability.

Recently, machine learning and deep learning have become 
vital tools for challenging industrial inspection tasks, thanks to 
their powerful feature extraction and pattern recognition capabil-
ities in image processing. Researchers have investigated super-
resolution reconstruction approaches without modifying existing
imaging hardware [31] to overcome the limitations of inadequate 
image resolution and contrast in defect detection. By applying deep 
convolutional networks to perform pixel-level reconstructions on 
low-resolution images, high-definition outputs can be generated, 
often matching or surpassing the original hardware’s resolution 
limits. Deep learning-based reconstruction models are more flexi-
ble and adaptable than conventional super-resolution methods,
which rely on prior knowledge and precise image registration,
and this makes the former a highly promising alternative for
high-magnification image reconstruction [32]. 

In industrial inspection, Ijjeh et al. [33] introduced a deep 
learning-based super-resolution method to quickly obtain full-
wavefield Lambwave data from low-resolutionmeasurements, sur-
passing traditional compressed sensing (CS) methods. Wu et al. [34] 
developed a CS-based post-processing algorithm for super-
resolution thermal imaging to address the issue of limited high-
speed imaging in uncooled infrared sensors for NDT. By integrating 
high-resolution infrared images with pulse phase thermography 
(PPT), theyvalidated the app roachonadhesively bondedCFRP joints,
demonstrating highly effective visualization of subsurface defects.

Furthermore, as deep learning has been successfully applied to 
image semantic segmentation and object detection, researchers
have turned to convolutional networks, generative adversarial net-
works (GANs) [35,36], and other models for defect recognition and
segmentation, making significant progress [37,38]. Huang et al.
[39] proposed a fully convolutional network (FCN)-based algo-
rithm for metro shield tunnels, enabling rapid and accurate defect 
identification. The goal is to address the low efficiency of tradi-
tional hand-crafted visual inspections for detecting tunnel cracks
and leakage. In their work, Feng et al. [40] developed the cross-
position aggregation network (CPANet), a framework tailored to 
few-shot segmentation of defects on strip steel surfaces. By inte-
grating cross-position information exchange, auxiliary support 
guidance, and a spatial attention compression strategy, the net-
work effectively captures multiscale context and sets a new perfor-
mance benchmark on the FSSD-12 dataset. Building on ResNet-50
and FCN, Li et al. [41] developed FCS-Net for precise crack segmen-
tation in full-scale steel bridge images with complex backgrounds. 
To address diverse textures and defect types in fabrics, Liu et al.
[42] introduced a multi-stage approach combining GANs with a 
deep semantic segmentation network, continuously updating an 
existing fabric defect dataset to improve detection accuracy. 
Despite the progress of FCN- and GAN-based methods across
diverse industrial inspection tasks, further improving segmenta-
tion speed and accuracy remains critical, especially for minor, mor-
phologically complex defects in noisy or cluttered environments
[37]. 

U-Net, a typical encoder–decoder architecture, has shown 
remarkable extensibility and portability in NDT [43,44]. Its design 
preserves global and local image features while restoring spatial 
resolution and positional information through skip connections, 
thereby improving defect localization. The U-Net is particularly 
suitable for detecting surface defects in CFCPs [45]. For example, 
Liu et al. [46] deployed a U-Net-based segmentation method for
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conveyor belt imaging to mitigate the adverse effects of adhesion 
and blurred edges. Similarly, Wang et al. [47] integrated attention 
mechanisms and residual modules into a U-Net (smoke-U-Net) for
detecting forest fire smoke. Wang et al. [48] used a three-
dimensional (3D) U-Net segmentation model in in-situ X-ray com-
puted tomography (CT) for carbon fiber composite inspection. This 
approach accurately captures microstructural features and damage
within carbon fiber composites, effectively addressing the low con-
trast and multidirectional complexities that challenge traditional
segmentation techniques.

Recently, a variety of deep-learning segmentation architectures 
have been extensively explored for defect identification in compos-
ite materials [39,42,46]. However, most existing approaches 
directly adopt general-purpose segmentation architectures with-
out sufficiently adapting to the specific characteristics of CFCPs, 
such as complex surface textures, weak signals from micro-scale 
defects, and limited datasets. Consequently, these traditional tech-
niques are susceptible to interference from subtle defect signals
and complex backgrounds, severely compromising their perfor-
mance in accurately identifying minor defects, especially micro-
cracks and micro-pores. Additionally, deep learning-based super-
resolution enhances image resolution without hardware upgrades,
making it attractive for industrial inspection [32–34]. Neverthe-
less, existing research has predominantly focused on visible or 
infrared imaging, with little empirical validation for defect detec-
tion in CFCPs using DR [42]. These DR images pose two additional 
obstacles: First, the oriented fibers create directional artefacts that 
can mislead super-resolution models; second, these DR images suf-
fer from Poisson noise and low contrast, which complicate end -
to end training [30]. 

This study proposes a novel dual-stage joint enhancement 
framework specifically designed to boost subtle defect signals 
and preserve critical defect features in CFCPs. The first stage used 
task-specific super-resolution reconstruction to enhance the subtle 
defect signals significantly. Subsequently, we developed an 
improved semantic segmentation network based on a deep 
residual-multiscale feature fusion U-Net architecture to extract 
these enhanced defect features precisely. Unlike existing tech-
niques that treat super-resolution reconstruction and segmenta-
tion as isolated procedures, this approach uniquely integrates
domain-specific expert knowledge into the conventional machine
learning pipeline, facilitating the cooperative interaction between
the two stages. This technique ensures high-fidelity preservation
and transmission of defect information, effectively overcoming
the commonly encountered problem of subtle signal loss in DR-
based CFCPs inspections.

Moreover, this paper refines the canonical U-Net architecture 
by innovatively embedding deep residual modules and a mul-
ti scale feature fusion mechanism. Residual connections mitigate 
the gradient vanishing issues in training U-Net architectures with 
small-scale datasets. Simultaneously, the multiscale fusion strat-
egy significantly enhances the model’s detection of subtle defects 
across different scales. This approach overcomes the shortcomings
of single-scale segmentation networks, which lack sufficient sensi-
tivity to defects at varying scales. Compared to mainstream meth-
ods, this approach demonstrates significantly improved accuracy
and robustness in micro-scale defect detection, especially under
limited data and high-noise conditions, highlighting its practicality
and advantages.

The rest of this paper is structured as follows: Section 2 pre-
sents the proposed approaches, detailing the deep residual-
based super-resolution reconstruction and improved U-Net net-
work structure, along with the evaluation criteria. Section 3 
describes the overall process of CFCPs defect detection. Section 4 
showcases results from various stages of network and data pro-
cessing. Section 5 provides a comparative analysis of the experi-
125
mental results. Section 6 presents the conclusions of the entire
manuscript.
2. Methods 

A novel deep learning-based framework for super-resolution 
reconstruction and semantic segmentation was introduced, effec-
tively addressing the complex challenge of surface defect detection 
in CFCPs, especially in complex backgrounds with limited sample
sizes. The overall structure of the framework is depicted in Fig. 1.

2.1. Human expertise in the framework

Human involvement serves as an intermediary between image 
super-resolution reconstruction and defect semantic segmenta-
tion. This framework includes annotating defect regions in sample 
images and configuring experimental sensitivit y parameters for
the super-resolution reconstruction network and the modified
U-Net network. These discrete steps highlight the importance of
human expertise within the overall framework.

First, it is undeniable that the dataset significantly influences 
the performance and outcome of supervised learning algo-
rithms [49–51]. In defect detection tasks, the network learns 
to identify defect characteristics through repeated training on 
labeled samples, thus building a prediction model. Due to the 
complex image backgrounds of CFCPs datasets, non-defective 
regions are of ten mistakenly classified as defects, making accu-
rate labeling of defect areas crucial. To address this problem,
the ‘‘LabelMe” tool meticulously delineated the defect bound-
aries [52,53]. After annotations, the images were converted into 
labels for model training and validation. The specific annotation
procedure is illustrated in Fig. 2.

Second, network structure parameters profoundly impact the 
algorithm’s stability in deep learning and are the key to developing
a high-quality learning model [54]. Since defect detection steps are 
relatively independent, various parameters cannot be optimized 
automatically. Therefore, human analysis and decision-making 
are necessary to coordinate parameter tuning across the frame-
work, enhancing the system’s stability and performance.

2.2. Deep residual model

CFCPs often exhibit numerous small-scale and sparsely dis-
tributed surface defects, making it challenging for conventional 
down-sampling operations and traditional feature extraction 
mechanisms in semantic segmentation algorithms to capture suffi-
cient discriminative features. To overcome this limitation, this
paper integrates residual learning into the super-resolution recon-
struction stage and the semantic segmentation process. The overall
architecture is illustrated in Fig. 3(a).

Deep neural networks often face training challenges such as gradi-
ent vanishing and gradient explosion, especially in deep architectures.
Residual networks address these issues by incorporating residual
blocks [55], including skip connections that allow gradients to propa-
gate directly across layers. This design facilitates better gradient flow, 
stabilizes training, and improves convergence in deep architectures. 
Notably, residual connections stabilize training and enhance feature 
representation. By incorporating input features into the output of con-
volutional layers, residual blocks enhance low-level detail information,
such as defect edges and delicate textures, while retaining and propa-
gating to higher layers. This capability is crucial to defect localization
tasks and guarantees that critical visual cues are preserved during
deep feature abstraction [56]. 

To detect micro-defects in low-resolution DR images, we embed 
residual modules in the super-resolution reconstruction and the
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Fig. 1. Framework of defect detection. LR: low resolution; SR: super-resolution.

Fig. 2. The process of annotation: (a) original image of the CFCPs; (b) annotation by different shapes; (c) label image after conversion.
segmentation branches. Unlike the baseline U-Net with simple skip 
connections, our architecture employs deep residual learning to 
enhance gradient flow and preserve fine-grained spatial informa-
tion. Recent multiscale architectures such as CPANet [40] empha-
size global context modeling. In contrast, our approach integrates 
global context preservation with heightened sensitivity to local,
micro-scale defects, aligning with the complex textures and low
annotation in typical CFCP datasets.

Within the multiscale fusion framework, residual skip connec-
tions facilitate the incorporation of fine-grained features into 
higher-level semantic abstractions. This integration enables the
network to recover detailed high-resolution representations from
126
low-resolution inputs to delineate defect contours, enhancing pre-
diction accuracy and segmentation robustness. Additionally, resid-
ual modules substantially enhance training stability by alleviating
gradient degradation [55,56]. To boost feature extraction capacity, 
we stack multiple residual units, a deeper residual network, offer-
ing richer feature hierarchies, faster convergence, and improved
segmentation performance, particularly in low-contrast, fine-
defect detection scenarios [57]. 

The deep residual module, shown in Fig. 3(b), consists of 16 
two-layer residual modules, each comprising two 3 × 3 convolu-
tions with an identical number of output channels. For an input 
X, each layer’s learning process is represented by the mapping



Y. Feng, P. Pan, Q. Kong et al. Engineering 63 (2026) 123–136

Fig. 3. Structure of the (a) basic residual block and (b) deep residual model. BN: batch normalization.
X + F(X). In this scenario, the natural X + F(X) tends to approximate 
0, revealing that as the number of layers increases, the error F(X) 
remains minimal. This approach has fewer parameters than tradi-
tional convolutional neural networks with the same number of lay-
ers, thereby mitigating degradation issues during the down-
sampling process [58]. 

Additionally, the piecewise linear function rectified linear unit 
(ReLU) is applied between successive convolutional layers, helping
the network learning complex relationships within the data [59]. 

2.3. Super-resolution reconstructio n

Efficient and accurate image resolution enhancement remains 
central to super resolution research. Building upon the super reso-
lution generative adversarial network (SRGAN) paradigm [60], our 
approach fuses sub pixel convolution (pixel shuffle) with adversar-
ial learning to address the exacting demands of CFCPs DR imagery.

First, the generator employs sub-pixel convolution modules to 
up-sample images. These modules produce multi-channel feature 
maps during the convolution stage and spatially rearrange these 
features according to predefined rules, doubling the image’s spatial 
dimensions. Unlike transposed convolution or bilinear interpola-
tion, sub-pixel convolution better preserves high-frequency details
and minimizes the blurring that arises during the rearrangement
operation. Multiple sub-pixel convolution stacked modules enable
larger-scale resolution enhancement. As a result, the generator
output closely resembles accurate high-resolution images and
restores critical textures.

A discriminator is introduced for adversarial training based on 
this structure. Moreover, it differentiates between authentic 
high-resolution images and super-resolution outputs, compelling
the generator to iteratively refine the quality of its samples
throughout training. Unlike generic super resolution methods such
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as SRCNN or the standard SRGAN, designed for natural image con-
tent, our approach is optimized for DR images of CFCPs. Our tech-
nique develops a domain adaptive super resolution reconstruction
strategy that accentuates fine scale details without introducing
perceptible noise or spurious defects. The structure of the proposed
method is shown in Fig. 4.

Experiments were performed using three widely recognized 
benchmark datasets: SET 5, SET 14, and BSD 100, for training and
verification [58]. Peak signal to noise ratio (PSNR) and structural 
similarity (SSIM) were used as metrics to evaluate the similarity
between the reference and the processed images [58,61]. The PSNR 
is defined as follows:

PSNR 10log 
MaxValue2 

MSE 
10 10log 

2bits 1 
2

MSE
10 1

In this context, bits represents the number of bits each pixel uti-
lizes for storage, and the mean squared error (MSE) serves as a 
measure of reconstruction fidelity. MaxValue is the maximum pos-
sible pixel value of the image. Its expression is given by:

MSE 1 
n 

n 

i 1 

g X i h gi
2 2

where n is the total number of pixels in the image, g(Xi; h) signifies 
the predicted data value of the ith pixel, gi is the original data value
of the ith pixel.

Since subjective evaluation is challenging, the SSIM is designed 
to encompass three performance parameters: luminance, con-
trast, and structure, aligning with the characteristics of the
human visual system (HVS) [60]. The mean value quantifies lumi-
nance, contrast by the variance after mean normalization, and 
structure by the correlation coefficient. If the input images are x
and y, these components are defined as and 
as follows:

l  x  y , c  x  y , s x y 
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Fig. 4. Structure of the super-resolution method.
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where and denote the mean values of and and rep-
resent the variances of and indicate the covariance of and 

The constants are introduced to prevent system 
errors caused by a zero denominator and stabilize the calculations
when the denominators approach 0, simplifying the SSIM index as
follows:

SSIM x y 
2lxly c1 2rxy c2 

l2 
x l2 

y c 1 r2
x r2

y c2
6

lx ly x y, rx ry 

x x y, rxy 

y. 
c1 c2 and c3
2.4. U-Net 

The U-Net network, an enhancement over the FCN network 
structure, was originally designed for image compression. U-Net’s 
flexibility has made it a powerful tool in medical image segmenta-
tion, and recent studies also report its promising performance in
defect detection under intelligent manufacturing scenarios [62,63]. 

As a typical encoder–decoder network, U-Net can extract funda-
mental information from an image and restore it to its original size
using deconvolution and pooling [43]. U-Net used a breakthrough 
skip-connection mechanism that preserved information extracted 
by a down-sampling convolutional layer within a given receptive 
field. This information is fed back to the corresponding up-
sampling deconvolution layer, resulting in more complete infor-
mation recovery [44]. Additionally, the network’s number of con-
volutional and pooling layers can be adjusted according to
specific scenarios, offering the U-Net considerable adaptability
[64]. 

Given the relatively subtle CFCPs’ defects, it is crucial to gather 
more information about the defect areas during image feature
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extraction for subsequent network learning. In the basic U-Net net-
work, the pooling operations associated with convolutional kernels 
during down-sampling progressively enlarge the receptive field of 
deeper layers. However, merely stacking additional layers without 
modifying kernel design fails to provide the network with access to
richer image information. To mitigate information loss during con-
volutional pooling, the U-Net architecture was adopted as the
baseline model, with a residual module integrated into the
down-sampling path to enhance its feature learning capability
[55]. 

The feature map from the corresponding down-sampling posi-
tion can be fused within the channel during up-sampling at each 
network level. The integration of shallow and deep features allows
the model to maintain fine-grained spatial details, ultimately lead-
ing to more precise image segmentation. Fig. 5 illustrates the struc-
ture of the improved network, featuring major components similar 
to U-Net: down-sampling (left side), skip-connection, and up-
sampling (right side).

The U-Net network’s down-sampling process uses a standard 
convolutional architecture. The encoding path consists of repeated 
3 × 3 convolutions (without padding) with ReLU activation, fol-
lowed by a 2 × 2 max pooling at a stride 2. Each down-sampling 
operation doubles the number of feature maps. The expansive path 
mirrors this process: feature maps are first up-sampled, then 
passed through a 2 × 2 convolution (‘‘up-convolution”) that 
reduces the channel count by half. These are concatenated with
the corresponding cropped feature maps from the encoder, after
which two additional 3 × 3 convolutions with ReLU activation
are applied. Cropping is required to compensate for boundary pixel
loss introduced by convolution. Finally, a 1 × 1 convolution pro-
jects the resulting 64-dimensional feature representation into the
target number of classes. Overall, the network comprises 23 convo-
lutional layers [44]. 

To optimize multivariate outputs, the enhanced U-Net lever-
ages gradient descent combined with randomized initialization 
strategies to strengthen its generalization capacity. Stochastic ele-
ments are commonly introduced during deep neural network
training, for instance, through dropout, gradient noise injection,
or asynchronous stochastic optimization.

Computers cannot represent samples with infinite-dimensional 
precision, providing the neural network with more data than
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Fig. 5. Structure of the improved U-Net network.

Fig. 6. Equipment of image capture and a samples of CFCPs.
expected [65]. Constraining the flow of information within the net-
work and introducing stochasticity encourages a more compact 
encoding, forcing the model to learn succinct representations. 
The network updates parameters by reducing the average loss
error over the entire training dataset. Using stochastic gradients
in mini-batches is an efficient method to avoid local minima during
training.

Considering the limited dataset size, this study aims to develop 
a training model with minimal loss and high accuracy by increas-
ing the network iterations. However, this approach significantly 
increases the risk of model overfitting, where the model fitting 
function coefficients become excessively large, and the function
values change drastically over small intervals. To mitigate this
approach, weight decay (i.e., L2 regularization) is introduced to
constrain the norm of the parameters, thereby balancing model
loss and hyperparameters. regularization (C) is expressed as
follows:

C C0 
k 
2n 

x 2
2 7

where represents the original cost function, denotes the 
weight, and is the weight decay coefficient. Taking the partial
derivative with respect to we obtain the following expression:

C 
x 

C0 

x 
k 
n
x 8

Thus, the change trend of is as follows:

x 1 gk 
n 

x g C0

x
9

where is a constant characterizing the learning rate, or the speed
of change.

The loss function measures the deviation between predicted 
outputs and ground truth labels, where lower values reflect 
improved robustness and generalization of the model. Cross-
entropy loss, frequently used in semantic segmentation, serves as
an effective objective for binary and multi-class problems. Its
mathematical form is given as follows:

L2 

C0 x 
k 

x, 

x 

g 
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loss 1 
N 

N 

i 1 

yi log yl 1 yi log 1 yl 10

where N is the number of pixels is true label, and is the predic-
tion probability.

3. Data preprocessi ng

Our objective is to accurately detect weak defects in the small 
samples of CFCPs. Deep learning-based defect detection requires 
the network to continuously learns the features of defect areas 
from samples and labels to develop a predictive model. Accurate
and precise labeling is critical, as it directly influences the model’s
quality, particularly when the sample size is limited.

3.1. Dataset 

Representative samples are shown in Fig. 6. A total of 85 images 
are included in the dataset, each with a resolution of 256 × 256,

, yi yl 
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obtained from the Shanghai Satellite Equipment Research Institute 
(China) using a high-sensitivity digital ray detection system, is
depicted in Fig. 6. The system operates with a maximum tube volt-
age of 150 kV, a maximum tube current of 50 mA, a focal size of
100 lm, and a maximum matrix size of 1000 × 1000.

Metallographic experiments of the CFCPs identified two main 
defect types: voids and raised foreign matter. Following meticu-
lous manual labeling, 60 images were allocated for training, while
an additional 25 were set aside for validation and testing. The size
of each image is 100 mm × 100 mm.

3.2. Super-resolution construction of CFCPs images

3.2.1. Steps of super-resolutio n reconstruction
Our approach initially utilized a large-scale public image data-

set (SET 5, SET 14, and BSD 100) for preliminary training of our 
super-resolution reconstruction and segmentation models more 
efficiently. While these generic images differ significantly from 
CFCPs in appearance and structural patterns, they provide a rich 
source of low-level features (edges, contours, and basic textures). 
These learned features are applicable in early layers of deep net-
works, serving as a foundation for high-resolution image recon-
struction. This paper conducts domain-specific fine-tuning on our
in-house CFCPs dataset to tailor the model to the unique surface
texture and defect features of CFCPs. Experimental comparisons
reveal that models pre-trained on large-scale public data can
achieve superior performance in detecting micro-scale defects.
This result suggests that while the final semantic layers must be
refined on domain-specific samples, the core representation capa-
bilities acquired from extensive generic data remain beneficial. The
dataset reconstruction proceeds in three main steps:

(1) Step 1: downsampling a large number of real-world image 
samples from three public datasets. The low-resolution image L 
obtained in this step and the high-resolution image H before
down-sampling form an image pair for subsequent model training.

(2) Step 2: train the model. Using the proposed network struc-
ture, the low-resolution image L, obtained in the initial step, is first 
reconstructed into SH, which is subsequently compared against the 
original image H. Afterward, the error derived from this compar-
ison adjusts the parameters, and through repeated iterations, the
training process converges to a pre-trained model with minimized
error.

(3) Step 3: We reconstruct the low-resolution images of the 
dataset using the trained model to obtain high-resolution images. 
The training process was accelerated using an RTX 2060 graphics
card (NVIDIA, USA). During the public dataset training, the varia-
tion of the MSE loss function is shown in Fig. 7. As the training pro-
gresses, the loss function gradually converges as shown in Fig. 7, 
converging to 0.0165–0.017 at the end.

3.2.2. Optimal magnification for super-resolution reconstruction
The initial CFCPs’ surface image resolution is 256 × 256 pixels.

Therefore, super-resolution reconstruction is employed to enlarge
Fig. 7. Variation of loss during the training process.
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the images, with magnification factors set to 2, 4, and 8, adjusted 
by the number of pixel shuffle modules. However, excessively large 
magnifications impose a greater computational burden on the
super-resolution reconstruction network. Moreover, the subse-
quent U-Net semantic segmentation network increases the risk
of gradient explosion [35]. 

Fig. 8 presents the comparative outcomes obtained from the 
standard U-Net and its enhanced variant. Then, we verified the 
original image (256 × 256), twice-enlarged image (512 × 512),
four-times-enlarged image (1024 × 1024), and eight-times-
enlarged image (2048 × 2048).

Section 4.1 presents the evaluation criteria for the prediction 
results, including pixel accuracy (PA), class pixel accuracy (CPA),
mean pixel accuracy (MPA), and mean intersection over union
(MIoU) [41]. As observed in Fig. 8, the prediction results using 
the improved U-Net training model outperform those obtained 
with the standard U-Net network training model for images with
the same magnification.

A comparison between Figs. 8(a) and (b), and Figs. 8(c) and (d) 
reveal that the improved U-Net network outperformed PA and CPA 
for the same magnified images under different iterations. The 
improved U-Net leads to a smaller range of values, a higher mini-
mum value, and a larger median value. The prediction results for 
images without magnification, double magnification, quadruple
magnification, and eight-times magnification are significantly
higher than those for eight-times magnified images. The former
exceeds 0.95 and the latter ranges between 0.85 and 0.9, indicating
higher pixel classification accuracy and better performance for
images magnified two or four times using the improved U-Net
network.

In Figs. 8(e) and (f), for images with no magnification or eight-
times magnification, the MPA of the model trained with the 
enhanced U-Net exhibits greater variability but a higher median 
value. The upper part of the probability map has a larger width, 
suggesting a higher probability of values above 0.9. For images
magnified two or four times, the predicted CPA values using the
improved U-Net network show smaller fluctuations, a larger med-
ian, and a minimum value above 0.92. Overall, applying the
improved U-Net network and magnifying images by factors of
two or four produces better results.

Comparing Figs. 8(g) and (h), the MIoU value remains 
unchanged by different training models for images not magnified 
or magnified two or four times. However, for images magnified 
by a factor of eight, the values start to fluctuate. Specifically, the
MIoU value for the original image is about 0.85, approximately
0.74 for twice and four-times magnified images, and about 0.83
for eight-times magnified images.

While validation results are similar, we opt for the approach 
that is faster and consumes fewer resources. Therefore, a magnifi-
cation factor of 2 for the CFCPs dataset is chosen, resulting in a
fourfold increase in resolution for the images acquired by the
high-sensitivity digital ray detection system.

Fig. 9 shows the super-resolution reconstruction effect of the 
public data during the training process, with 100 iterations. Fig. 
9(a) displays the original images, and Fig. 9(b) shows a low-
resolution image acquired from a down-sample of the original 
images. With more iterations increases, the quality of super-
resolution reconstruction progressively improves. As illustrated
in Fig. 9(c), the block noise is substantially reduced in the final 
restored image, yielding a much smoother visual result. The evalu-
ation criteria of each public dataset in the training and reconstruc-
tion process are shown in Table 1.

The PSNR values for all three public datasets are above 25, and 
the SSIM values exceed 0.65, demonstrating the effectiveness of 
the super-resolution reconstruction model obtained through
training.
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Fig. 8. Defect prediction results of evaluation criteria on different datasets. (a, c, e, g) The left is the results with the original datasets, and (b, d, f, h) the right is the results with
the reconstructed datasets. (a, b) the results of PA; (c, d) the results of MPA; (e, f) the results of CPA; (g, h) the results of MIoU.
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Fig. 9. Reconstruction results on public datasets: (a) original images; (b) low-
resolution images; (c) images after super-resolution restoration.

Table 1 
Values of PSNR and SSIM on three public datasets.

Dataset SET 5 SET 14 BSD 100 

PSNR 29.021 26.652 25.652 
SSIM 0.839 0.693 0.654
Fig. 10 compares a CFCP image before and after super-
resolution reconstruction, based on the fine-tuned model. The 
comparison highlights the original low-resolution input (left) and
the improved high-resolution result achieved through super-
resolution (right).

4. CFCPs defect detection result

4.1. Evaluation criterion

In image segmentation, algorithm performance is generally 
assessed using metrics such as PA and different forms of MIoU.
Four main evaluation criteria are introduced to verify the model
accuracy as follows:

PA 
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Fig. 10. Reconstruction results of CFCPs DR images (the size of each image is
100 mm × 100 mm): (a) original image; (b) reconstructed image.
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For a better explanation, the following assumptions are made:
there are classes (from to including an empty class or 
background), and represents the number of pixels that belong
to the class but are predicted to be class Thus, indicates the 
true positives, while and are interpreted as false positives 
and false negatives, respectively.

4.2. Experiment setup

Four sets of control experiments are established to thoroughly 
compare the effectiveness of the proposed method. Table 2 details 
the datasets and semantic segmentation networks used in each 
experimental group. The method’s efficacy is confirmed by control-
ling a single variable and comparing validation results across these 
four groups. We collected 85 image samples, with 60 used for
training and 25 reserved for validation and evaluation. Every
experiment was carried out independently on a 64-bit system with
a 7th-generation Intel processor (Intel, USA), 16 GB of memory, and
Python 3.10.

4.3. Result and comparison

Table 2 presents the experimental conditions for Experiments 
1–4. This study compares experiments with identical conditions 
to those with varying conditions, aiming to verify the separate
and combined effects of super-resolution techniques and the
improved U-Net network.

By analyzing Experiments 1 (based on original images + basic 
U-Net) and 2 (reconstructed images + basic U-Net), as well as 
Experiments 3 (original images + improved U-Net) and 4 (recon-
structed images + improved U-Net), this study evaluates the signif-
icance of super-resolution reconstruction on defect detection 
performance, irrespective of the U-Net variant used. The compar-
isons between Experiments 1 and 3, and between Experiments 2
and 4, further illustrate the contribution of the improved U-Net
to defect detection, regardless of the dataset reconstruction.
Finally, comparing Experiments 1 and 4 highlights the substantial
performance gains achieved through the combination of super-
resolution reconstruction and the improved U-Net network for
detecting defects in CFCPs.

First, this paper conducted a systematic evaluation of two CNN 
architectures: the basic U-Net and an improved U-Net incorporat-
ing a residual module for detecting CFCPs’ defects. Experiments 
were conducted on both the original dataset and its super-
resolution reconstructed counterpart, with training iterations set
at 100, 200, and 300 epochs. The training loss, as depicted in
Figs. S1 and S2 in Appendix A, detailed in Table 3, provides key 
insights into the convergence behavior and final model
performance.

For the unreconstructed dataset, both U-Net variants exhibited 
a rapid decline in training loss during the initial stage, achieving
near-convergence by approximately epoch 50. In the standard
U-Net (Table 3), the loss values at epoch 50 were nearly invariant 
across different iteration counts (0.0139, 0.0142, and 0.0144 for
100, 200, and 300 epochs, respectively), suggesting that the initial

k 1 L0 Lk, 
Pij 

i j. Pii 

Pij Pji 
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Table 2 
Experimental setup for four control experiments.

Experiment Original images 
(256 × 256 pixels)

Reconstructed images (1024 × 1024 pixels) Basic U-Net Improved U-Net 

Experiment 1 — — 
Experiment 2 — — 
Experiment 3 
Experiment 4 — —

Table 3 
The loss of specific epoch and the final based on different network.

Total epoch Loss of epoch = 50 based on
the U-Net

Epoch = 50 based on the
improved U-Net

Epoch = 80 based on the
U-Net

Epoch = 60 based on the
improved U-Net

Epoch = 50 Final loss Epoch = 50 Final loss Epoch = 80 Final loss Epoch = 60 Final loss 

100 0.0139 0.0092 0.0136 0.0069 0.0127 0.0083 0.0121 0.0061 
200 0.0142 0.0042 0.0138 0.0033 0.0124 0.0039 0.0112 0.0030 
300 0.0144 0.0031 0.0139 0.0024 0.0130 0.0026 0.0119 0.0016
convergence rate is relatively independent of the total number of 
iterations. However, the final stabilized loss decreased markedly 
with additional iterations, from 0.0092 at 100 epochs to 0.0031
at 300 epochs, indicating that extended training is critical for refin-
ing the model.

Similarly, the improved U-Net (Table 3) demonstrated a consis-
tent loss at epoch 50 (0.0136, 0.0138, and 0.0139 for 100, 200, and 
300 epochs, respectively), while the final loss decreased from 
0.0069 to 0.0024 as the number of epochs increased. Under equiv-
alent training conditions, the improved U-Net had a faster conver-
gence speed and achieved approximately 70%–80% of the final loss
observed with the basic U-Net, indicating its superior performance,
particularly at 300 epochs.

The experimental results were extended to a super-resolution 
reconstructed dataset, where the images were magnified fourfold.
As shown in Fig. S2, training on these reconstructed images led to a 
rapid decline in loss during the initial phase, with convergence
observed at slightly later epochs, approximately epoch 80 for the
standard U-Net (Table 3) and epoch 60 for the improved U-Net
(Table 3). The final loss values obtained using the reconstructed 
dataset were lower than those from the original dataset, with an 
approximate improvement of 20%. This enhancement suggests that
super-resolution reconstruction preserves the convergence
dynamics and contributes to a more precise defect detection model
without imposing a significant computational burden.

Incorporating a residual module in the improved U-Net archi-
tecture facilitates faster convergence and lower final loss values. 
Although the number of training iterations has little influence on 
the early convergence speed, longer training ultimately leads to 
better model performance. The observed reduction in final loss,
especially when combined with super-resolution image recon-
struction, offers a promising strategy for enhancing defect detec-
tion accuracy in carbon fiber materials. Such improvements are
crucial for industrial applications where precision and reliability
are paramount.

Our findings indicate that although increasing the number of 
training iterations does not accelerate early-stage convergence, it 
is essential for achieving an optimal and stable loss. Moreover, 
the improved U-Net architecture, when coupled with super-
resolution preprocessing, demonstrates superior performance over
the standard U-Net, making it a compelling approach for high-
precision defect detection in carbon fiber materials.

5. Comparative study

To assess the effectiveness of the proposed algorithm, multiple 
network architectures were evaluated on self-constructed CFCPs
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defect datasets with image resolutions of 256 × 256 and 
1024 × 1024. This paper analyzes the impact of resolution changes 
on defect detection accuracy and highlights the advantages of the 
proposed algorithm under these conditions. By comparing it with
traditional U-Net, FCN, SegNet, and PSP-Net, we examine the accu-
racy and stability of the improved U-Net, particularly with insuffi-
cient samples, highlighting its potential for carbon fiber defect
detection tasks.

As shown in Table 4, at a resolution of 256 × 256, all network 
models converge well, achieving high PA and class MIoU. However, 
the improved U-Net outperforms all other models across all indica-
tors, particularly in key performance metrics such as PA (0.9685), 
MPA (0.4759), and MIoU (0.4814), significantly surpassing other 
networks. The CPA of 0.9795 for the improved U-Net indicates its
ability to maintain high consistency in PA across categories. In con-
trast, while traditional U-Net and other common networks (e.g.,
SegNet and PSP-Net) exhibit relatively stable results, their accuracy
and stability are slightly inferior.

As shown in Table 4, when the resolution increases to 
1024 × 1024, image details are significantly enhanced, improving 
the model’s performance. The improved U-Net demonstrates nota-
ble advantages in detail capture, accuracy, and stability. Its PA 
(0.9813) and MIoU (0.4923) are the highest among all methods, 
confirming its excellent performanc e with high-resolution images.
In terms of detail capture and defect segmentation accuracy, the
improved U-Net exhibits greater robustness and precision than
other networks. The higher resolution allows the improved U-Net
to accurately extract subtle features, crucial for precise carbon fiber
defect detection.

Similar to the results at 256 × 256 resolution, the improved 
U-Net shows comprehensive advantages in accuracy (PA) and sta-
bility (MIoU) at 1024 × 1024 resolution. Specifically, among the
evaluated models, the improved U-Net shows the best results in
terms of MIoU and CPA.

Through a comprehensive analysis of the experimental results 
at both 256 × 256 and 1024 × 1024 resolutions, the improved 
U-Net excels in all performance metrics, particularly PA, MIoU, 
and CPA. When working with low- or high-resolution images, the 
improved U-Net consistently provides stable and high-precision
defect segmentation results. By incorporating residual modules
and super-resolution technology, the improved U-Net maintains
high accuracy and stability, even in small sample scenarios, offer-
ing an effective solution for carbon fiber defect detection.

Fig. 1 1 presents the defect detection results for a representative 
image from the dataset under various experimental c onfigurations.
In Fig. 1 1(a), potential defect locations (labeled 1–4) are high-
lighted with yellow dotted lines, indicating that training with the
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Table 4 
Comparison of segmentation performance of different network architectures at 256 × 256 and 1024 × 1024 resolution.

Method 256 × 256 resolution 1024 × 1024 resolution

PA MPA MIoU CPA PA MPA MIoU CPA 

U-Net 0.9412 0.4214 0.4564 0.9565 0.9624 0.4837 0.4837 0.9643 
FCN 0.9501 0.4398 0.4611 0.9601 0.9655 0.4901 0.4851 0.9746 
Seg-Net 0.9594 0.4507 0.4231 0.9670 0.9745 0.4542 0.4883 0.9686 
PSP-Net 0.9587 0.4421 0.4741 0.9774 0.9694 0.4868 0.4893 0.9775 
Improved U-Net 0.9685 0.4759 0.4814 0.9795 0.9813 0.4816 0.4923 0.9913

Fig. 11. Detection results of two controlled trials on the same image. (a) Original image (256 × 256 pixels); (b) baseline U-Net applied to the original dataset; (c) baseline
U-Net evaluated on the reconstructed dataset (1024 × 1024); (d) SEG-Net detection on the reconstructed dataset; (e) improved U-Net detection on the reconstructed dataset.
reconstructed dataset in conjunction with the improved U-Net 
architecture yields the most accurate detection performance. This 
approach successfully identifies all four potential defect sites, cap-
turing details that other methods often overlook. Compared to
Figs. 11(b) and (c), the detection outcome in Fig. 11(e) demon-
strates that our approach improved detection accuracy by approx-
imately 50% over the basic U-Net. It has a more robust capability to
isolate and recognize subtle or weak defects. Compared to Fig. 
11(d), our method demonstrates superior sensitivity in detecting 
weak defect signals and enhanced capability in suppressing com-
plex texture noise. Such precise detection is critical for CFCPs that
typically exhibit complex surface backgrounds and require high
sensitivity to minor flaw indications.

6. Conclusion and outlook

This study proposed an innovative dual-stage framework for 
detecting surface defects on CFCPs, effectively combining super-
resolution reconstruction with an enhanced deep semantic seg-
mentation architecture. Unlike conventional methods, which 
rely exclusively on down-sampling, and traditional feature 
extraction, which is inadequate for identifying subtle, micro-
scale defects, the proposed method integrates a customized
super-resolution module to amplify weak defect signals and
preserve critical structural details, facilitating subsequent seg-
mentation tasks.

Our approach innovatively introduces deep residual blocks and 
multiscale feature fusion within the classical U-Net segmentation 
model. Residual connections ensure stable gradient propagation 
and preserve low-level defect features, such as boundaries and tex-
tures, enabling precise localization of subtle anomalies. Moreover,
the multiscale fusion strategy effectively captures defects across
varying scales, seamlessly bridging global context with local
details.
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Extensive experimental evaluation on our in-house CFCPs 
digital-radiography dataset demonstrates the preeminent perfor-
mance of our framework, achieving state-of-the-art results in pre-
cision, recall, F1-score, and mean MIoU. Our approach exhibits 
robust performance in severely limited annotated samples, under-
scoring its practical value in industrial inspection scenarios where
acquiring extensive labeled datasets is challenging. While devel-
oped specifically for CFCPs’ surface defect detection, the underlying
methodology presents promising adaptability for broader defect-
inspection applications across other composite materials and
advanced manufacturing contexts.

Despite these advances, several limitations remain. A discrep-
ancy exists between the domain of widely available general-
purpose datasets and that of specialized DR images used in indus-
trial defect inspection. Addressing this challenge through sophisti-
cated domain adaptation and targeted data augmentation 
strategies constitutes an important direction for future research. 
Due to imaging constraints, our current dataset lacks explicit spa-
tial reference information, preventing precise quantification of
defect dimensions. Subsequent work will focus on refining experi-
mental procedures by embedding appropriate spatial scales,
enabling more accurate defect size evaluations, and enhancing
practical applicability.
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