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Abstract

The fault detection of steam turbine blades faces severe engineering challenges, such as 
insufficient fault data, imbalanced class distribution, and difficulty in extracting weak dam-
age signal features, which seriously restrict the accuracy and generalization performance 
of intelligent diagnostic models. To solve the bottleneck problem of small samples men-
tioned above, a new time convolutional vector conditional generative adversarial network 
(TCV_CGAN) is proposed for data augmentation and damage detection of turbine blade. 
Firstly, multi-dimensional vector conditional encoding and stacked extended causal time 
convolution modules are integrated into an adversarial generation framework, and a com-
posite loss function is constructed by combining adversarial loss and conditional matching 
loss. Based on the proposed TCV_CGAN, the controllable high fidelity vibration sample 
generation is obtained corresponding to different types of damage, degrees of damage, 
and rotational speed working conditions. In addition, the turbine blade damage detection 
framework is established based on the balanced augmented dataset generated from the 
TCV_CGAN, and it can improve the accuracy and reliability of damage detection for tur-
bine blade. Moreover, the performance of the proposed method is analyzed and tested 
on an experimental turbine blade platform on sample augmentation and damage detec-
tion. The results indicate that the samples generated by TCV_CGAN maintained a high 
degree of distribution similarity and structural consistency with real vibration data with 
below 0.65 maximum mean difference and over 0.82 structure similarity index measure. In 
addition, the enhanced dataset significantly improved the effectiveness of blade damage 
detection at different speeds with the precision over 90% under all working conditions. 
The effectiveness and superiority of the proposed method are further verified through 
comparative analysis, which provides an effective data augmentation solution for fault 
diagnosis of small sample turbine blades.

Keywords: sample augmentation; turbine blade; vibration signals; damage detection; 
structural health monitoring

1. Introduction
By introducing a gas medium into the turbine to extract work, turbines are widely used 

in power equipment, such as aircraft engines, steam turbines, gas turbines and so on [1]. 
As a key power component of rotating machinery, turbine blades often work in extreme 
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environments of high temperature, high pressure, and high-speed rotation [2]. During long-
term operation, fatigue cracks, wear, deformation and other damage defects are inevitable, 
which may lead to blade fracture and unit shutdown, causing huge economic losses and 
safety accidents [3]. Therefore, an accurate and efficient blade damage detection method 
is of great significance for turbine condition monitoring, fault warning, and remaining 
life prediction.

At present, damage detection of turbine blades is mainly carried out through various 
sensors, including vibration [4], strain [5], ultrasound [6], etc. Due to the advantage of 
real-time monitoring and simple deployment, vibration monitoring technology has become 
the main means of turbine blade damage detection [7]. The core of vibration-based blade 
damage detection is to explore subtle feature differences between healthy and damaged 
blades through signal analysis and deep learning models. However, the collection of damage 
vibration data for turbine blades faces prominent bottlenecks due to the limitations of actual 
industrial working conditions [8]. Specifically, the probability of blade damage is low, and 
the number of measured damage vibration samples is far less than that of healthy samples, 
resulting in a serious imbalance in the dataset [9]. In addition, most damage signals of 
turbine blades are weak and easily overwhelmed by noise and environmental interference, 
which affects the quality and quantity of monitoring vibration samples. Moreover, there 
are various types and degrees of blade damage, and it is difficult to cover all conditions, 
which makes the detection model prone to overfitting and poor generalization ability during 
training and testing [10].

Fortunately, data augmentation methods have been proposed as an effective approach 
to solving the problem of small and imbalanced mechanical fault samples [11]. Traditional 
vibration signal augmentation methods include time-domain translation, amplitude scaling, 
noise superposition, wavelet transform, and other physical transformation methods [12]. 
These methods are simple to operate, but only perform surface data conversion, which makes 
it difficult to explore the deep time series correlation and fault feature distribution. The 
fidelity of the generated samples is low, with limited improvement for model performance. 
In recent years, generative adversarial networks (GAN) have been widely used in sample 
generation due to their powerful unsupervised feature learning and data distribution fitting 
capabilities [13]. Nayak et al. [14] provided a comprehensive overview of the structure, 
variants, applications, and current work of GANs. Lin et al. [15] proposed an improved 
GAN model for machinery fault diagnostics under data imbalance, which can improve the 
generated sample quality under limited data.

To realize controlled generation, the conditional GAN (CGAN) is presented by adding 
label constraint conditions on the basis of traditional GAN, which can make up for the blind-
ness of original GAN generation [16]. Wang et al. [17] presented the temporal denoising 
diffusion CGAN model for accurate synthesis of different fault samples by integrating the 
class-conditional generation mechanism. Wu et al. [18] developed a data augmentation 
method by combining the genetic algorithm and Wasserstein CGAN to solve the challenges 
of insufficient data collection and limited availability of labeled samples for bearing faults. 
Nevertheless, existing generation methods for time-series fault signals still have two promi-
nent technical bottlenecks. On the one hand, traditional CGAN and its variants mostly 
adopt ordinary convolution structures and single discrete label constraints [19], which can-
not capture the long-range temporal dependence of vibration signals, and the rough label 
supervision easily leads to conditional confusion and invalid cross-condition generation. 
On the other hand, TCN-GAN methods only use temporal convolution to optimize the fea-
ture extraction ability, which lacks a multi-dimensional conditional control mechanism for 
damage attributes and working conditions. It is difficult to realize fine-grained directional 
generation for turbine blades with multiple damage types, damage degrees and operating 
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speeds. Therefore, none of the existing methods can simultaneously solve the two core 
problems of temporal feature extraction of vibration signals and controllable generation 
under multi-parameter conditions, which greatly limits the effect of sample augmentation 
in turbine blade damage detection.

These practical bottlenecks are widely recognized in rotating-machinery fault-diagnosis 
research, as pointed out in [20]. It stressed that synthetic sample augmentation should be 
comprehensively assessed by both signal-level indicators and downstream classification 
performance under multiple working-condition scenarios. To address the aforementioned 
shortcomings, the time convolutional networks (TCN) and vector conditional constraints 
are integrated into CGAN to construct a TCV_CGAN model, which is implemented for 
turbine blade damage detection. Specifically, the TCN module is employed to capture 
the long-distance time-series dependence of blade vibration signals, and the CGAN is 
used to generate a large number of high-quality samples to address the data imbalance 
problem. Based on the vector conditional mechanism, accurate classification and directional 
generation are realized for turbine blades with different damage. Through the experimental 
platform of turbine blades, the performance of the proposed method is tested under different 
conditions. The main contributions are summarized as follows:
(1) By combining temporal convolution feature extraction with conditional adversarial 

generation, the TCV_CGAN model is proposed to realize high-fidelity generation of 
vibration signals and damage detection for turbine blades.

(2) The vector multi-condition constraint mechanism is designed to associate damage type, 
damage degree and working condition parameters, which improves the pertinence 
and diversity of augmented vibration samples.

(3) The turbine blade experimental platform is established to validate the proposed method 
on sample augmentation and damage detection, which is employed to verify its detec-
tion accuracy and generalization ability based on comparative methods.
The remainder of this research is organized as follows. Section 2 describes the related 

works, and Section 3 details the proposed TCV_CGAN for turbine blade damage detection. 
In addition, the experimental platform construction and testing are presented in Section 4, 
including the results and discussion with comparative analyses. Finally, Section 5 concludes 
the research.

2. Related Works
2.1. Temporal Convolutional Network

TCN is a specialized convolutional architecture for long-sequence time-series signals, 
which effectively compensates for the defects of traditional convolutional neural networks 
(CNNs) in temporal feature extraction and recurrent neural networks (RNNs) in recursive 
gradient vanishing and low efficiency [21]. TCN adopts a composite structure of causal 
convolution, dilated convolution and residual connection, which can extract long-distance 
temporal dependence of vibration signals, while strictly ensuring time-domain causality 
and feature integrity [22].

Specifically, the causal convolution is the basic guarantee for the time-series validity 
of TCN. For one-dimensional vibration time-series data, the output of any time step t only 
depends on the input of current and historical time steps (0–t). It completely avoids future 
information leakage, which is highly consistent with the physical sampling characteristics 
of vibration signals.
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Dilated convolution is the core module to expand the receptive field without increas-
ing network parameters. By setting a dilation factor d, the convolution kernel interval is 
expanded to capture long-range correlation features of vibration. It is expressed as

𝑦(𝑡) =
𝐾−1
∑
𝑘=0

𝑓 (𝑘)𝑥(𝑡 − 𝑑 ⋅ 𝑘), (1)

where y(t) is the output feature at time step t, x(.) is the original signal, f (k) is the weight 
of the k-th convolution kernel, K is the kernel size, and d is the dilation factor.

The effective receptive field of a multi-layer stacked TCN determines the maximum 
time-series range that the model can perceive, and it is calculated as

𝑅 = (𝐾 − 1)
𝑛−1
∑
𝑖=0

𝑑𝑖 + 1, (2)

where n is the number of TCN layers, and di  is the dilation factor of the i-th layer.
Exponentially increasing dilation factors enable TCN to obtain an ultra-large receptive 

field, capturing both local fault pulse features and global time-domain variation in vibration 
signals. In addition, the residual connection is introduced into the TCN to solve the perfor-
mance degradation problem of deep networks [23]. The residual block realizes cross-layer 
feature fusion through identity mapping, and it is expressed as

𝐻𝑜𝑢𝑡 = 𝐹(𝐻𝑖𝑛) + 𝐻𝑖𝑛, (3)

where Hin  is the input residual block, F(.) represents the composite transformation of dilated 
convolution, batch normalization and activation function, and Hout  is the final output.

2.2. Conditional Generative Adversarial Network
CGAN is an improved variant of the original GAN, which solves the problem of 

unconstrained and blind generation of traditional GAN by introducing explicit conditional 
constraint variables. The core innovation lies in integrating label information and attribute 
parameters into the adversarial training process of the generator and discriminator, realizing 
directional and controllable generation of target samples [24].

Different from the GAN, both the generator G and discriminator D of CGAN take 
the conditional variable c as auxiliary input. The G fuses random Gaussian noise z and 
conditional feature c to produce simulated samples G(z|c), and the D simultaneously 
evaluates the authenticity of input samples, forming a constrained adversarial game. Based 
on the minimax game theory, the standard CGAN objective function is defined as:

min
𝐺

max
𝐷

𝑉(𝐷, 𝐺) = 𝐸𝑥−𝑃𝑑𝑎𝑡𝑎(𝑥)[log 𝐷(𝑥|𝑐 )] + 𝐸𝑧−𝑃𝑧(𝑧)[log(1 − 𝐷(𝐺(𝑧|𝑐 )|𝑐 ))], (4)

where Pdata(x) denotes the distribution of real samples, Pz(z) represents the distribution of 
random latent noise, E(.) is the mathematical expectation operator, D(x|c) is the probability 
output of the discriminator for real samples under conditional constraint c, and G(z|c) refers 
to the fake samples generated by the condition-guided generator.

During iterative training, the D maximizes the objective function to distinguish real 
measured data and synthetic samples, while the G minimizes the objective function to 
narrow the distribution gap between generated and real samples. Finally, the model achieves 
Nash equilibrium, and the G can stably output conditional samples. Nevertheless, traditional 
CGAN generally adopts single discrete label constraints and ordinary convolution structures, 
which cannot capture long-range time-series dependencies of signals.
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3. The Proposed Method
3.1. Overall Framework of the Proposed TCV_CGAN

To solve the problems of insufficient temporal feature extraction for time-series vi-
bration signals, the TCV_CGAN is proposed for vibration sample augmentation and tur-
bine blade damage detection. Different from existing generation models, the proposed 
TCV_CGAN integrates multi-dimensional vector conditional encoding and multi-scale 
temporal convolution feature extraction into the adversarial generation framework, which 
can realize controllable, high-fidelity and fine-grained generation of multi-degree blade 
damage vibration samples.

The overall architecture of TCV_CGAN consists of three core functional modules, 
including a multi-dimensional vector conditional encoding module, a temporal convolution-
based generator (TC-Generator), and a conditional discriminator. As shown in Figure 1, 
the complete workflow is as follows:

Figure 1. The workflow of the proposed TCV_CGAN.

Firstly, the multi-dimensional damage attributes and working conditions are normal-
ized and encoded to obtain standardized conditional feature embedding. By fusing the 
conditional embedding with Gaussian latent noise, the long-range time-series vibration 
features are extracted through stacked dilated causal convolution blocks, which can generate 
simulated vibration signals. In addition, the real vibration samples and generated samples 
with conditional labels are input into the D to complete adversarial optimization combining 
authenticity discrimination. After iterative training converges the model, the G outputs 
reliable augmented vibration samples for turbine blade damage detection.

Different from existing TCN-GAN that only replaces partial convolution layers with 
TCN, the generator of TCV_CGAN completely takes stacked dilated causal TCN residual 
blocks as the full backbone, ensuring the full-length receptive field of vibration sequences 
and strict time-domain causality. More importantly, differing from traditional CGAN that 
only relies on single-label implicit supervision, TCV_CGAN deeply couples the multi-
dimensional vector conditional encoding module with the TCN generator at the feature 
level, and constructs a dual-constraint loss mechanism. This design enables the model 
to simultaneously achieve high-fidelity generation of time-series waveforms and accurate 
matching of damage-working condition attributes, which is the core difference between the 
proposed method and existing generation models.
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3.2. Multi-Dimensional Vector Conditional Encoding Module
Generally, the traditional CGAN only adopts a single discrete label condition, which 

cannot characterize the complex attribute characteristics of turbine blade damage. To 
achieve fine-grained controlled generation, a joint condition vector containing three attribute 
dimensions is constructed to characterize the complex damage attributes and working 
conditions of turbine blades, including damage type, damage degree and rotational speed. 
It is expressed as

𝐶 = [𝐶𝑡, 𝐶𝑑, 𝐶𝑠] ∈ R3, (5)

where Ct  denotes the damage type label, Cd  denotes the damage degree label, Cs  denotes 
the blade operating rotation speed parameter.

Among them, Cs  is a continuous physical parameter, which is normalized to [0, 1] 
with an encoded dimension of 1. In addition, Ct  and Cd  are discrete categorical variables 
encoded by one-hot encoding. In the current experimental scenario, only crack damage is 
set for verification, so Ct  contains 1 category with an encoded dimension of 1, where Cd 
contains 4 categories (health, slight crack, moderate crack, severe crack) with an encoded 
dimension of 4. After feature splicing, the initial numerical dimension of the condition 
vector is 6. The feature mapping is expressed as:

𝐻𝑜𝑡(𝑥𝑖) = [𝑇(𝑥𝑖 = 1), 𝑇(𝑥𝑖 = 2), … , 𝑇(𝑥𝑖 = 𝑁)], (6)

where N is the total number of categories, T(.) is the indicator function. If the condition is 
true, the value T(.) is 1; otherwise, it is 0.

For the Cs , the continuous speed is normalized, and it is calculated as

⌢
𝐶𝑠 =

𝐶𝑠 − 𝐶𝑠,min

𝐶𝑠,max − 𝐶𝑠,min
, (7)

where Cs,min  and Cs,max  represent the minimum and maximum rotational speed in the 
working condition, respectively.

After discrete encoding and continuous normalization, the conditional vector is 
mapped to the high-dimensional feature space consistent with the vibration signal through 
two fully connected (FC) layers. The feature mapping is expressed as:

𝐶𝑓 𝑒𝑎𝑡 = 𝜎[𝑊2 ⋅ 𝜎(𝑊1 ⋅ 𝐶 + 𝑏1) + 𝑏2], (8)

where W1 , W2  are weight matrices, b1, b2 are bias terms, 𝜎  denotes the ReLU activation 
function, and Cfeat  is the final conditional embedding feature for subsequent fusion with 
noise features.

3.3. Temporal Convolution-Based Generator
Aiming at the problem that ordinary convolution cannot capture long-range time-

series dependence of vibration signals, the G of the proposed TCV_CGAN is completely 
constructed based on stacked TCN residual blocks. It employs dilated causal convolution to 
ensure time-domain causality and expand the receptive field. The G takes the fused feature 
of latent noise and conditional embedding as input, and outputs one-dimensional vibration 
samples with the same length as real measured signals, as shown in Figure 2.
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Figure 2. The structure of the temporal convolution-based generator.

The latent noise vector is defined as z~N(0, 1), which obeys a standard Gaussian 
distribution. The fusion process of noise feature and conditional feature is element-wise 
addition, and it is expressed as

𝐹𝑖𝑛 = 𝑧 + 𝐶𝑓 𝑒𝑎𝑡, (9)

where Fin  is the input feature of the generator network.
The G contains 4 cascaded TCN residual blocks, and each block contains dilated 

causal convolution, batch normalization and ReLU activation. The dilation factors are set 
as d = [1, 2, 4, 8] in turn, and it can realize exponential expansion of the receptive field. 
Combined with the TCN basic, the output of a single-layer dilated causal convolution is 
expressed as

𝐹𝑜𝑢𝑡(𝑡) =
𝐾−1
∑
𝑘=0

𝑓 (𝑘)𝐹𝑖𝑛(𝑡 − 𝑑 ⋅ 𝑘), (10)

where the convolution kernel size K is 3.
According to Equation (2), the final effective receptive field of the generator is 31 

time points. With a sampling frequency of 2560 Hz, this receptive field corresponds to 
a time width of approximately 12 ms, which can completely cover the rising edge, peak 
value and attenuation segment of the blade crack impact pulse. This configuration ensures 
that each output point of the generated signal perceives sufficient local fault temporal 
features, and the whole generated sequence maintains complete structural characteristics of 
real vibration signals through the continuous causal convolution process. In addition, the 
residual connection in the TCN block avoids network degradation during deep training, 
and the residual mapping is expressed as

𝐹𝑟𝑒𝑠 = 𝐹𝑇𝐶𝑁(𝐹𝑖𝑛) + 𝐹𝑖𝑛, (11)

where FTCN (.) represents the composite transformation of convolution, normalization 
and activation.

After multi-layer TCN feature extraction, the final vibration sample is output through 
the activation function layer, and it is expressed as

⌢𝑥 = tanh(𝐹𝑟𝑒𝑠,𝑓 𝑖𝑛𝑎𝑙), (12)

where ⌢𝑥  is the generated turbine blade vibration sample.
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3.4. Conditional Discriminator and Composite Loss Function
The D of the proposed TCV_CGAN adopts a conditional joint discrimination mecha-

nism, which takes sample features and conditional embedding features as joint input. It 
can judge sample authenticity and condition matching degree simultaneously. Different 
from the D of the traditional model, it not only distinguishes real and fake samples, but 
also restricts the generated samples to match the present damage conditions, eliminating 
invalid heterogeneous samples.

The D first fuses the input sample x/⌢𝑥  and conditional feature Cfeat  through channel 
splicing. It is expressed as

𝐹𝐷 = 𝐶𝑜𝑛𝑐𝑎𝑡(𝑥, 𝐶𝑓 𝑒𝑎𝑡), (13)

Then, the fused features are extracted through four layers of one-dimensional con-
volution, and the final probability score is output through the sigmoid function to judge 
the authenticity of the sample. To ensure stable training and high-quality generation, a 
multi-component composite loss function is constructed, including basic adversarial loss 
and conditional matching loss. The total loss is defined as

𝐿𝑡𝑜𝑡𝑎𝑙 = 𝐿𝑎𝑑𝑣 + 𝜆𝐿𝑐𝑜𝑛, (14)

where Ladv  is the adversarial loss, Lcon  is the conditional matching loss, and 𝜆 is the balance 
coefficient of the conditional loss.

(1) Adversarial loss Ladv 

Different from image generation tasks, turbine blade vibration signals are typical contin-
uous time-series data with strong temporal correlation and fault-sensitive pulse characteristics. 
Based on the classic CGAN minimax game theory, the adversarial loss is further optimized 
and adapted for one-dimensional vibration sequence generation. This loss aims to narrow the 
overall distribution gap between real measured and synthetic samples, which drives the G to 
learn the inherent time-frequency statistical characteristics of real blade damage signals. The 
optimized adversarial loss function for TCV_CGAN is defined as

𝐿𝑎𝑑𝑣 = 𝐸𝑥−𝑃𝑑𝑎𝑡𝑎(𝑥)[log 𝐷(𝑥|𝐶 )] + 𝐸𝑧−𝑃𝑧(𝑧)[log(1 − 𝐷(𝐺(𝑧|𝐶 )|𝐶 ))], (15)

where x~Pdata(x) denotes the represents the real vibration samples, z~Pz(z) is the standard 
Gaussian noise input, and C denotes the multi-dimensional vector condition containing 
damage type, damage degree and operating speed.

The D maximizes the log-likelihood of distinguishing real samples and generated 
samples under specific conditional constraints, while the G minimizes the objective function 
to fool the discriminator. Through an iterative two-player adversarial game, the G can 
gradually fit the real vibration data distribution and produce visually and statistically 
reasonable time-series waveforms.

(2) Conditional matching loss Lcon 

Traditional CGAN only relies on implicit label supervision in adversarial loss, which 
cannot guarantee the strict matching between generated sample features and preset damage 
conditions. It easily causes conditional confusion, label disorder and cross-condition invalid 
generation, especially for multi-type and multi-degree blade damage generation tasks. To 
solve this problem, an explicit feature-level conditional matching loss is introduced based 
on L2 norm distance. This loss imposes hard constraints on the generated samples from the 
feature dimension, forcing the synthetic vibration features to be highly consistent with the 
input conditional embedding Cfeat . The conditional matching loss is calculated as

𝐿𝑐𝑜𝑛 = ‖𝐹𝑒𝑎𝑡𝑢𝑟𝑒(𝐺(𝑧|𝐶 )) − 𝐶𝑓 𝑒𝑎𝑡‖
2

2
, (16)
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where Feature(.) denotes the high-dimensional feature vector extracted from the last hidden 
layer of the G. It represents the essential time-series fault characteristics of the generated 
vibration sample.

By minimizing the Euclidean distance between generated features and conditional 
features, the model realizes fine-grained supervised generation. This explicit constraint fun-
damentally eliminates the phenomenon of mismatched damage attributes and disordered 
working conditions in traditional models. It significantly improves the attribute accuracy 
and usability of augmented blade vibration samples.

In summary, the dual-supervision mechanism of adversarial loss and conditional 
matching loss enables TCV_CGAN to simultaneously satisfy distribution authenticity and 
conditional attribute accuracy, which provides a solid mathematical guarantee for high-
quality and controllable augmentation of turbine blade multi-damage vibration samples.

3.5. Turbine Blade Damage Detection Based on TCV_CGAN Augmentation
Based on the TCV_CGAN vibration sample augmentation, the turbine blade damage 

detection method is proposed to effectively solve the small-sample and class-imbalanced 
problems in actual conditions. The entire detection process is divided into four stages, 
including signal pre-processing, data augmentation, model training, and damage detection, 
as shown in Figure 3.

Figure 3. The process of the proposed method.

(1) Signal pre-processing: The original turbine blade vibration signals contain environ-
mental noise and redundant interference information, which need standardized pre-
processing before model training, including signal denoising, amplitude normalization 
and time-series segmentation. Firstly, wavelet threshold denoising is adopted to elimi-
nate Gaussian noise and impulse noise in the original signal, and it is defined as

⌢
𝑊𝑗,𝑘 = 𝑠𝑖𝑔𝑛(𝑊𝑗,𝑘)(|𝑊𝑗,𝑘| − 𝑇)

+
, (17)

where Wj,k  denotes the original wavelet decomposition coefficient, 
⌢
𝑊𝑗,𝑘 is the denoised 

coefficient, T is the set threshold, and (.)+ represents the positive value retention operation.
Subsequently, the denoised signal is normalized to unify the amplitude distribution range 
and eliminate the influence of voltage fluctuation of the acquisition equipment. It is ex-
pressed as

https://doi.org/10.3390/pr14213526

https://doi.org/10.3390/pr14213526


Processes 2026, 14, 3526 10 of 21

𝑥𝑛𝑜𝑟𝑚 =
𝑥 − 𝑥min

𝑥max − 𝑥min
, (18)

where x is the original vibration sequence, xmax  and xmin  are the maximum and minimum 
values of the original signal amplitude, respectively.
Finally, the long-time vibration sequence is segmented into equal-length sample units to 
adapt to the input dimension of TCV_CGAN and the detection model.

(2) Data augmentation: Based on the pre-processed small-scale real dataset, the TCV_CGAN 
model is used for directional sample augmentation. To ensure the quality of augmented 
data, a single-index sample screening mechanism based on waveform correlation is 
adopted to eliminate low-fidelity invalid samples. Specifically, the Pearson correlation 
coefficient is used to quantitatively evaluate the waveform similarity between each gener-
ated sample and real samples under the same damage condition and rotational speed. 
This index reflects the consistency of overall vibration trend, fault pulse position and 
morphological characteristics. Since all vibration signals are normalized to a uniform 
amplitude range in the preprocessing step, the Pearson correlation coefficient can also 
indirectly reflect the matching degree of amplitude characteristics to a certain extent [25]. 
It is expressed as

𝑝(⌢𝑥, 𝑥) =
𝐶𝑂𝑉(⌢𝑥, 𝑥)

√𝐷(⌢𝑥)√𝐷(𝑥)
, (19)

where Cov(.) is the covariance, D(.) is the variance.
For each generated sample, we calculate pairwise Pearson correlation coefficients 
against all real samples from the same working condition, and take the average value 
as its quality score. Only generated samples with an average Pearson correlation 
coefficient ≥ 0.85 (The value can be changed for different conditions) are retained for 
constructing the balanced augmented dataset. Samples with an average value below 
this threshold are removed as low-fidelity invalid samples.

(3) Model training: The generated samples are fused with real measured samples to 
construct a balanced turbine blade damage dataset, which solves the problem of an 
unbalanced quantity of healthy samples and various damage samples. Taking the 
classical CNN models as the basic detection network, the balanced augmented dataset 
is input for iterative training.

(4) Damage detection: After the detection model converges, the real turbine blade vibration 
test samples are input into the trained network to realize automatic blade damage 
detection for turbines. Combined with multiple evaluation indices including accuracy, 
precision, recall and F1-score, the detection performance is comprehensively verified. 
Meanwhile, by comparing the detection results of the original small-sample dataset 
and the traditional augmentation dataset, the superiority of the proposed method is 
further demonstrated.

4. Results and Discussion
4.1. Experimental Dataset

To verify the proposed method, considering the difficulty of constructing a steam 
turbine long blade test rig, the experimental platform is constructed for simulated turbine 
blade damage detection, as shown in Figure 4.

The vibration response of turbine blades is captured by two high-sensitivity vibra-
tion sensors installed at different spatial positions on the surface of the turbine, which 
can effectively obtain multi-point vibration information and ensure the comprehensive-
ness and authenticity of the collected signal data. The entire experimental testing system 
mainly consists of a turbine, standard test blades, a precision speed controller, and dual 
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vibration sensing units. The turbine system runs stably at five speeds, including 1200 rpm, 
1500 rpm, 1800 rpm, 2100 rpm, and 2400 rpm. It can verify the generalization and detection 
performance of the proposed method in different working scenarios.

Figure 4. The overall layout and structural composition of the experimental platform.

Considering the convenience of processing and accurate quantification, wire cutting is 
used to simulate blade crack damage. To analyze the varying degrees of crack damage on 
the blades, four different lengths of cracks are set on one of the sub blades, including 0 mm 
(health), 5 mm (slight), 10 mm (moderate), and 20 mm (severe) cracks. The crack width is 
1 mm and the thickness is 2.5 mm, completely penetrating the inner and outer surfaces of 
the blade. The conditions of cracked blades are shown in Figure 5.

Figure 5. The crack condition of turbine blade: (a) Health. (b) Slight. (c) Moderate. (d) Severe.
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Two unidirectional piezoelectric acceleration sensors (608A11, PCB Piezotronics, NY, 
USA) are employed to collect vibration signals, which are installed at different positions 
near the casing. One is near the output end, and the other is opposite to sensor 1. To ensure 
consistency and comparability in the signal processing process, the sampling frequency of 
the two vibration sensors is 2560 Hz, and each signal is recorded for one second.

In actual operation, the sample size of normal blades is larger than that of damaged 
blades. As the blade damage worsens, the sample size decreases. Therefore, under each 
operating condition, 100 sets, 30 sets, 20 sets, and 10 sets of four types of blades are collected 
to form an unbalanced sample of turbine blade damage. Finally, the dataset contains four 
blade crack lengths, namely 0 mm, 5 mm, 10 mm, and 20 mm, which are assigned labels 
0, 1, 2, and 3 for easy supervised classification. Meanwhile, the blades are tested under 
five working conditions: 1200 rpm, 1500 rpm, 1800 rpm, and 2100 rpm, representing the 
rotational speed of the machine. This unbalanced dataset includes a total of 2 sensors, 4 crack 
lengths, 5 working conditions, and different blade damage vibration samples. To construct 
a balanced training dataset, TCV_CGAN generates additional samples for minority fault 
classes. Generated samples are only incorporated into the training set and never participate 
in testing. The full statistics are summarized in Table 1.

Table 1. The composition of the unbalanced experimental dataset.

Label Crack 
Length Sensors Raw

Samples
Training
Samples

Testing
Samples

Generated 
Augmented

Samples

Working
Conditions

0 0 mm Sensor 1 100 70 30 0

1200 rpm
1500 rpm
1800 rpm
2100 rpm
2400 rpm

0 0 mm Sensor 2 100 70 30 0
1 5 mm Sensor 1 30 21 9 49
1 5 mm Sensor 2 30 21 9 49
2 10 mm Sensor 1 20 14 6 56
2 10 mm Sensor 2 20 14 6 56
3 20 mm Sensor 1 10 7 3 63
3 20 mm Sensor 2 10 7 3 63

According to the standard 70 and 30 training test segmentation, covering all four crack 
severity categories. Every second of vibration recording is considered an independent 
sample. Under each working condition, each crack length blade has its own number of 
samples. Since all samples are collected independently, there is no time overlap or data 
leakage between the training and testing sets, as shown in Table 2.

All quantitative experimental results in this study are averaged from 10 independent 
repeated runs. For each run, the network parameters are randomly initialized and the 
training samples are re-shuffled to eliminate the influence of random factors and ensure 
the stability and reproducibility of the results. To decouple the effects of rotational speed 
and crack size, the control variable method is adopted in the experimental design. When 
analyzing crack characteristics, the rotational speed is kept constant and only the crack 
length is changed. In addition, when testing speed robustness, the crack conditions are 
fixed and only the rotational speed is adjusted. In this way, the vibration characteristics 
caused by crack size and rotational speed were effectively separated. The model has been 
trained to recognize features related to cracks, rather than amplitude changes related to 
velocity, ensuring that the detection results mainly reflect the severity of cracks.
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Table 2. The composition of the training and testing dataset for different cracked blades.

Label Crack 
Length

Training 
Samples

Testing 
Samples Working Conditions

0 0 mm 2 × 70 2 × 30 1200 rpm, 1500 rpm
1800 rpm, 2100 rpm

2400 rpm

1 5 mm 2 × 21 2 × 9
2 10 mm 2 × 14 2 × 6
3 20 mm 2 × 7 2 × 3

Each individual vibration sample is defined as a continuous 1 s time series with 
2560 data points (corresponding to the sampling frequency of 2560 Hz), and all samples 
are segmented with no time overlap. Two vibration sensors collect data synchronously, and 
each sensor produces an independent sample set. All samples are derived from multiple 
independent experimental runs. For each damage degree at each rotational speed, multiple 
independent start-stop experiments were carried out. The training set and test set come 
from completely separate experimental batches without any shared data, to avoid data 
leakage and ensure objective performance evaluation.

4.2. The Result of Sample Augmentation
To visually demonstrate the quality of the signal generated by the proposed method, 

original and generated samples of four different lengths of crack-damaged blades are 
selected at a 1500 rpm condition, as shown in Figure 6.

Figure 6. Original and generated samples of four different crack lengths: (a) Health. (b) Slight. 
(c) Moderate. (d) Severe.

Obviously, the generated samples are highly consistent with the original samples in all 
four crack scenarios. The curves of the generated data and the original data have similar 
overall trends, indicating that the proposed model can well preserve the characteristics 
of turbine blade vibration. Meanwhile, the generated samples do not simply replicate the 
original samples, but exhibit moderate interference and differences, reflecting a certain 
degree of data diversity. The results indicate that the proposed method can introduce 
controllable offset while maintaining the same type of structural prior, generating samples 
that are highly consistent with real samples and have a certain degree of variability. This 
provides a more representative data foundation for turbine blade damage detection.

To quantitatively evaluate the sample generation performance of the proposed method, 
two evaluation metrics are used, including maximum mean difference (MMD) and struc-
ture similarity index measure (SSIM). MMD is a statistical indicator used to measure the 
similarity between two probability distributions and evaluate the quality of generated 
samples [26]. A lower MMD value indicates a smaller distribution difference and higher 
generation quality. It is calculated by mapping samples to the reproducing kernel Hilbert 
space and computing the norm distance between the mean embeddings of two distributions. 
By mapping different samples to the kernel space, the norm distance is estimated. The closer 
the value is to 0, the higher the similarity between the two distributions. It is expressed as

𝑀𝑀𝐷
𝐺𝐾𝐶

(𝑅𝑆, 𝐺𝑆) =
‖

1
𝑚(𝑚 − 1)

𝑚
∑
𝑖≠𝑗

𝑘(𝑟𝑠𝑖, 𝑟𝑠𝑗) +
1

𝑛(𝑛 − 1)

𝑛
∑
𝑖≠𝑗

𝑘(𝑔𝑠𝑖, 𝑔𝑠𝑗) −
1

𝑚𝑛

𝑚,𝑛
∑
𝑖,𝑗=1

𝑘(𝑟𝑠𝑖, 𝑔𝑠𝑗)
‖

2

𝐻

, (20)
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where RS and GS represent the real data and generated sample, GKC is the generalized 
Gaussian kernel function, rsi  and gsi  are the i-th points from RS and GS, k is the Gaussian 
kernel function, H is the reproducing kernel Hilbert space.

By calculating the MMD for different samples under different working conditions, the 
quality of the generated sample is obtained, and it is shown in Table 3.

Table 3. The MMD for different cracked blades under different conditions.

Conditions Health Slight Moderate Severe

1200 rpm 0.68 0.71 0.73 0.75
1500 rpm 0.65 0.68 0.70 0.72
1800 rpm 0.66 0.69 0.71 0.73
2100 rpm 0.70 0.72 0.74 0.76
2400 rpm 0.72 0.74 0.76 0.78

Clearly, the MMD values at 1500 rpm and 1800 rpm are relatively low, and the reason is 
that the vibration signal characteristics are more stable at medium speeds, making it easier 
for the model to learn distribution patterns. The MMD value slightly increases at low speeds 
(1200 rpm) and high speeds (2400 rpm), where the signal fluctuates more strongly under 
extreme working conditions, which increases the difficulty of power generation. On the 
other hand, the MMD value gradually increases with the deepening of blade damage. This 
is because the fault pulse characteristics of severe damage are more complex and the signal 
is more non-stationary. However, the overall MMD value still remains around 0.7, and it 
indicates that the probability distribution of the samples generated by TCV_CGAN is highly 
consistent with the actual vibration signal distribution, which verifies the effectiveness of 
the proposed generation model.

In addition, the SSIM is employed to evaluate the generated sample quantitatively. 
Although the original SSIM algorithm is designed for two-dimensional images, a 1-D sliding-
window implementation is adopted based on a local one-dimensional analysis window 
that slides along the time axis of vibration sequences. For each local window, luminance 
similarity, contrast similarity, and structural similarity are calculated. The final SSIM value 
is obtained by averaging all window-wise SSIM scores across the full-length time series [27].

Different from MMD, which mainly characterizes global probability-distribution dis-
crepancy, 1-D SSIM focuses on local waveform-structure consistency. For turbine-blade 
vibration signals, fault-induced impact pulses and local oscillatory transients carry core 
diagnostic information. The 1-D SSIM can quantify the degree to which these key local 
waveform patterns are preserved in generated samples, providing complementary informa-
tion to the distribution-oriented MMD metric. The value of SSIM ranges from 0 to 1. A value 
closer to 1 indicates higher structural consistency between generated and real vibration 
waveforms. It is expressed as

𝑆𝑆𝐼𝑀(𝑅𝑆, 𝐺𝑆) =
(2𝜇𝑅𝑆𝜇𝐺𝑆 + 𝐶1)(2𝜎𝑅𝑆,𝐺𝑆 + 𝐶2)

(𝜇2
𝑅𝑆 + 𝜇2

𝐺𝑆 + 𝐶1)(𝜎2
𝑅𝑆 + 𝜎2

𝐺𝑆 + 𝐶2)
, (21)

where 𝜇RS  and 𝜇GS  represent the mean values of real and generated signal sequences, 𝜎RS 
and 𝜎GS  are the standard deviations of the two signals, 𝜎RS,GS  is the covariance between 
real and generated samples for structural feature measurement, and C1  and C2  are constant 
terms to avoid a denominator of zero and ensure calculation stability.

By calculating the SSIM for different samples under different working conditions, 
the result is shown in Table 4. From the perspective of speed and damage degree, the 
performance of SSIM and MMD is basically the same. The SSIM values of the generated 
samples under all working conditions remain above 0.82, indicating that the structural 

https://doi.org/10.3390/pr14213526

https://doi.org/10.3390/pr14213526


Processes 2026, 14, 3526 15 of 21

characteristics of the generated vibration waveform are highly consistent with the real 
signal, which further verifies the generation quality of the proposed TCV_CGAN.

Table 4. The SSIM for different cracked blades under different conditions.

Conditions Health Slight Moderate Severe

1200 rpm 0.92 0.89 0.87 0.85
1500 rpm 0.95 0.92 0.90 0.88
1800 rpm 0.94 0.91 0.89 0.87
2100 rpm 0.90 0.88 0.86 0.84
2400 rpm 0.88 0.86 0.84 0.82

Based on the evaluation results of MMD and SSIM, the proposed TCV_CGAN model 
not only achieves high consistency in global probability distribution, but also maintains good 
structural feature matching in local time-domain waveforms. The dual index evaluation 
fully verifies that the generated vibration samples have high fidelity, structural rationality, 
and adaptability to working conditions, effectively solving the problem of small sample size 
for turbine blade damage detection.

4.3. The Result of Turbine Blade Damage Detection
To further quantitatively verify the practical application effect of the proposed 

TCV_CGAN sample enhancement method in turbine blade damage detection, three eval-
uation indicators are employed to comprehensively evaluate the damage detection per-
formance, including precision, recall, and F1 score. Precision represents the proportion 
of correctly predicted positive samples among all predicted positive samples, reflecting 
the classification accuracy of the model for each type. Recall refers to the proportion of 
correctly predicted positive samples among all actual positive samples, which characterizes 
the model’s ability to detect all actual damaged samples. In addition, the F1 score is the 
harmonic mean of precision and recall, which comprehensively evaluates the overall detec-
tion performance of the model and avoids the one-sidedness of single indicator evaluation. 
Three indicators are calculated as

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁

𝐹1 =
2 × 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + Re𝑐𝑎𝑙𝑙,

(22)

where TP is the true positive samples, FP is the false positive samples, and FN is the false 
negative samples.

To highlight the superiority of TCV_CGAN, the original unbalanced dataset and 
the balanced augmented dataset based on TCV_CGAN are separately analyzed under 
different working conditions. All experimental training and testing environments, network 
hyperparameters, and dataset segmentation ratios are kept completely consistent to ensure 
fairness and credibility of the comparison result, as shown in Figure 7.

Compared with the original imbalanced dataset, the balanced augmented dataset 
based on TCV_CGAN showed significant improvements in accuracy, recall, and F1 score 
under all speed conditions, with an average performance improvement of over 12%. This 
fully validates that the proposed sample augmentation method can effectively compensate 
for the shortage of actual fault samples and eliminate the adverse effects of imbalanced 
datasets on model detection performance.
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Figure 7. The result of blade damage detection under different conditions: (a) Precision. (b) Recall. 
(c) F1 score.

To further visualize the detection effect of the proposed method on different blade 
damage conditions and quantitatively analyze the misclassification situation, the confusion 
matrix is obtained based on the original unbalanced dataset and the balanced augmented 
dataset under the working condition of 1500 rpm. Both confusion matrices are calculated 
based on all 96 real test samples under this condition, and no generated samples are included 
in the test set. The number of samples in each category is inconsistent due to the natural 
class imbalance of the original dataset. The result is shown in Figure 8.

Figure 8. The confusion matrix of different datasets: (a) Original unbalanced dataset. (b) Balanced 
augmented dataset.

From the confusion matrix data, the original dataset has serious misclassification and 
missed classification problems, especially for samples with minor damage. Due to insuffi-
cient sample size and imbalanced class distribution, this model is prone to misidentifying 
minor damage signals as healthy signals, resulting in low detection accuracy for early weak 
faults. After using TCV_CGAN sample enhancement, the number of misclassified samples 
for all damage categories is significantly reduced. The classification accuracy of health 
status and mild damage has been greatly improved, and the misjudgment of moderate to 
severe injuries has been basically eliminated. The confusion matrix results further validate 
that the proposed TCV_CGAN method can effectively optimize the distribution of the 
dataset and provide reliable technical support for accurately detecting small sample faults 
in turbine blades.

4.4. Ablation and Comparative Analysis
The TCV_CGAN model is mainly composed of two core innovative modules, including 

the TCN and VCC modules. To verify the indispensable role of each module in improving 
sample generation quality and detection performance, a series of ablation experiments are 
designed to comprehensively verify the rationality of the model structure and its advanced 
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performance. The effectiveness of each key module of TCV_CGAN is demonstrated from 
different aspects. Three contrast model variants are set, including baseline CGAN (without 
TCN and VCC), CGAN with only the TCN module, and CGAN with only the VCC module. 
All experiments keep a consistent dataset, hyperparameters and training environment. 
After 10 rounds of averaging processing, the results are summarized in Table 5.

Table 5. The results of ablation analysis.

Model Structure MMD SSIM Preci-
sion Recall F1-Score

Baseline CGAN 0.78 0.81 0.81 0.79 0.80
CGAN with TCN 0.71 0.88 0.87 0.86 0.86
CGAN with VCC 0.73 0.85 0.89 0.88 0.88

The proposed TCV_CGAN 0.68 0.92 0.96 0.95 0.95

Clearly, the single baseline CGAN model has the worst performance, with the highest 
MMD value, the lowest SSIM and detection indexes. It indicates that the traditional CGAN 
is prone to mode collapse and feature mismatch, resulting in low-fidelity generated samples 
and limited fault detection optimization effect. Compared with the baseline model, the 
model with a single TCN module achieves significant improvements in MMD and SSIM, 
which can capture long-range vibration fault features and improve the structural similarity 
between generated samples and real signals. It verifies that the TCN module can effectively 
expand the time-series receptive field. In addition, the model with a single VCC module 
obtains better detection accuracy, which proves that the VCC module can solve the problem 
of uncontrolled generation of traditional models and avoid label disorder and invalid 
sample generation.

To further verify that the generated samples accurately match the preset conditional 
attributes, quantitative validation is implemented from the perspectives of rotational speed 
and damage degree matching. The 1D CNN classifier is trained only with real samples 
under different rotational speed and damage degree conditions. The classification accuracy 
directly reflects the feature consistency between the generated samples and the target 
conditional attributes: higher accuracy indicates better controllable conditional generation 
performance of the model. After 10-fold cross-validation, the results are shown in Table 6.

Table 6. Quantitative validation for rotational speed and damage degree matching.

Rotational speed matching
Health Slight Moderate Severe

84.32% 83.69% 85.11% 86.47%

Damage degree matching
1200 rpm 1500 rpm 1800 rpm 2100 rpm 2400 rpm

88.67% 89.02% 87.33% 88.14% 88.73%

The accuracy of rotational speed across all damage degrees and damage degree across 
all rotational speeds over 83.69% and 87.33%. Both maintain a relatively high level of condi-
tional consistency, which confirms that the proposed multi-dimensional vector conditional 
encoding mechanism can effectively constrain the attribute characteristics of generated 
samples. The generated vibration signals are highly consistent with the preset damage 
states and rotational speed conditions, which verifies the effectiveness of the conditional 
encoding design.

Notably, the proposed TCV_CGAN model with dual modules achieves the optimal 
performance in all evaluation indicators. The complementary advantages of the two core 
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modules are fully reflected: the TCN module guarantees the time-domain structural authen-
ticity of generated vibration samples, while the VCC module ensures the attribute accuracy 
and fine-grained generation capability. The collaborative optimization of the two modules 
fundamentally improves the quality of augmented samples and detection performance for 
cracked blades, which verifies the rationality and necessity of the proposed model structure.

To further demonstrate the superiority of the proposed TCV_CGAN method, five signal 
augmentation methods are employed for horizontal comparison, including traditional signal 
processing augmentation methods [12] and improved GAN-based generation methods of 
Vanilla GAN [28], traditional CGAN [29], TCN-GAN [30], and conditional WGAN [31]. 
Under the unified turbine blade small-sample dataset and detection framework, the sample 
generation quality and fault detection performance are compared for different methods. 
The results of the comparative analysis are shown in Table 7.

Table 7. The results of comparative analysis.

Model Structure MMD SSIM Preci-
sion Recall F1-Score

Signal transformation 
augmentation 0.82 0.79 0.76 0.74 0.75

Vanilla GAN 0.79 0.82 0.80 0.78 0.79
Traditional CGAN 0.78 0.81 0.81 0.79 0.80

TCN-GAN 0.72 0.89 0.88 0.87 0.87
Conditional WGAN 0.74 0.86 0.85 0.84 0.84

The proposed TCV_CGAN 0.68 0.92 0.96 0.95 0.95

The comparison results show that traditional signal transformation augmentation 
methods have the worst overall performance. Simple amplitude scaling, noise addition and 
other linear transformation operations cannot mine the deep time-series fault features of 
blade vibration signals, resulting in low structural similarity and distribution consistency 
of augmented samples, which has limited improvement on small-sample fault detection. 
In addition, the original GAN and CGAN methods improve the data distribution to a 
certain extent, but lack targeted design for time-series vibration characteristics, resulting in 
frequent training oscillation and mode collapse. Specifically, TCN-GAN only focuses on 
time-series feature extraction and lacks multi-dimensional conditional constraints, which 
cannot realize fine-grained controlled generation, resulting in easy attribute confusion of 
generated samples. Conditional WGAN optimizes the loss function to improve training 
stability, but ignores the long-range temporal dependence of vibration signals, leading to 
insufficient feature extraction capability for weak early faults.

Compared with the improved TCN-GAN and conditional WGAN methods, the pro-
posed TCV_CGAN method achieves the optimal performance in all indicators. It organically 
integrates temporal convolution feature extraction and multi-dimensional vector condi-
tional supervision based on the composite loss function of adversarial loss and conditional 
matching loss. This design not only ensures the global distribution consistency and local 
structural authenticity of generated samples, but also realizes accurate matching of sample 
attributes and working conditions.

Compared with the existing optimal comparison method, the average F1-score of 
TCV_CGAN is improved by 8%, and the recognition accuracy of slight early damage is 
improved by more than 20%. It effectively solves the core problems of missed detection and 
misclassification of small-sample weak faults in turbine blade detection. Meanwhile, com-
bined with the variable working condition experimental results, the proposed TCV_CGAN 
maintains stable and excellent generation and detection performance under different ro-

https://doi.org/10.3390/pr14213526

https://doi.org/10.3390/pr14213526


Processes 2026, 14, 3526 19 of 21

tational speeds and damage degrees, verifying its superior robustness and generalization 
ability in complex engineering scenarios.

5. Conclusions
The TCV_CGAN method is proposed to address the small sample and data imbalance 

problems in turbine blade fault diagnosis. Benefiting from the designed multi-dimensional 
VCC module and stacked dilated causal TCN module, the proposed method achieves 
fine-grained, high-fidelity directional generation of blade vibration signals under different 
damage degrees and variable rotational speed conditions. In addition, the constructed 
composite loss function integrates adversarial loss and conditional matching loss to stabilize 
model training, effectively avoiding conditional mismatch and mode collapse. To test 
the proposed method on sample augmentation and damage detection, the experimental 
turbine blade platform is established under different working conditions. Through the 
quantitative evaluation factors of MMD and SSIM, the performance of vibration sample 
augmentation is verified that the generated samples maintain high consistency of over 
0.7 in both global probability distribution and local structural features, which can reach 
high accuracy of over 90% on crack detection for turbine blades. Combined with ablation 
and comparative analysis, the TCV_CGAN augmentation method significantly improves 
the precision, recall and F1-score of multi-degree blade damage identification, effectively 
reducing misclassification and missed detection of early weak faults and improving the 
detection performance for laboratory-simulated blade crack damage and enhancing the 
model’s robustness across variable rotational-speed conditions within the experimental 
dataset. It should be noted that all damage cases in this work are artificially simulated 
cracks on a test rig. The generalization performance for naturally occurring in-service 
turbine-blade damage of different origins (such as fatigue cracks, wear, and corrosion) still 
requires further demonstration using real-world field data.

In future research, the TCV_CGAN framework will be further optimized by introduc-
ing adaptive kernel selection and multi-scale feature fusion modules to improve genera-
tion performance under strong noise and extreme working conditions. In addition, the 
frequency-domain feature consistency analysis is significant to quantitatively evaluate the 
generated samples under unseen rotational speed conditions. Moreover, the proposed data 
augmentation and detection framework can be extended to various rotating machinery 
equipment, which has broad application prospects for industrial intelligent fault diagnosis. 
Furthermore, future work will collect real-world turbine-blade vibration data with diverse 
natural damage origins to further verify the transferability and practical applicability of the 
proposed framework for industrial field scenarios.
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