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 Rolling bearing fault diagnosis faces severe challenges from data 

imbalance and variable operating conditions, restricting model 

generalization. We propose an Improved Generative Adversarial 

Network (IGAN) for high-fidelity fault sample synthesis. Core 

innovations are: 1) A 5-dimensional Composite Label Vector (CLV) that 

encodes physical information (load, fault diameter, location); 2) A robust 

conditional injection mechanism mapping labels to a high-dimensional 

space for precise guidance; 3) An Asymmetric Learning Rate (ALR) 

strategy for training stability. Comparative experiments on the CWRU 

dataset demonstrate that the proposed IGAN outperforms state-of-the-

art baselines, boosting classifier accuracy to 99.1%. More importantly, 

the model synthesizes high-fidelity data for entirely unseen operating 

conditions via label vector interpolation and demonstrates strong 

generalization on the IMS natural run-to-failure dataset. This provides  

a generalizable, data-driven solution for few-shot, variable-condition 

fault diagnosis in realistic industrial scenarios. 
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imbalance, variable operating conditions, composite label vector 

1. Introduction 

Rolling bearings are critical components in rotating machinery, 

widely deployed in aerospace, manufacturing, energy, and 

transportation sectors. Statistical studies indicate that bearing-

related failures account for approximately 40%–50% of all 

rotating machinery breakdowns, frequently leading to costly 

unplanned downtime, significant economic losses, and even 

catastrophic safety incidents [1]. For instance, a single 

unplanned shutdown of a wind turbine gearbox can cost tens of 

thousands of dollars, while bearing failures in high-speed rail or 

aviation systems can pose direct threats to human safety. 

Consequently, data-driven intelligent fault diagnosis has 

become a cornerstone of modern predictive maintenance 

strategies. However, the development of robust and 

generalizable diagnostic models faces two persistent and severe 

challenges in real-world industrial scenarios: (i) data imbalance, 

where fault samples are inherently scarce compared to abundant 

normal operational data, as equipment typically operates in  

a healthy state for the vast majority of its service life; and (ii) 

variable operating conditions, where loads, speeds, and 

environmental factors fluctuate continuously during actual 
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operation, causing significant shifts in the vibration signal 

characteristics. The co-existence of these two challenges 

severely restricts the generalization ability of conventional 

diagnostic models. Traditional signal processing methods and 

standard deep learning classifiers often struggle to maintain 

performance when deployed across different operating regimes, 

particularly when labeled fault data under specific conditions is 

extremely limited or entirely unavailable [2]. 

To address the data scarcity issue, virtual fault signal 

generation based on deep generative models has emerged as a 

promising frontier. Among these, Generative Adversarial 

Network (GAN) has become the state-of-the-art technique for 

synthesizing realistic fault samples to augment training datasets. 

Early studies primarily focused on stabilizing training to handle 

basic imbalance. For instance, multi-scale and residual 

architectures were introduced to enhance feature extraction 

capabilities [3,4]. More recently, researchers have focused on 

generating high-fidelity data under small-sample constraints. 

Notably, in 2025, Zhang et al. [5] proposed a bidirectional 

interaction-guided GAN to balance datasets in complex 

environments, and Li et al. [6] developed a mapping-based 

GAN framework to estimate fault characteristics. Similarly, 

stability-focused approaches, such as the gradient penalty 

optimizations by Qin et al. [7] and Liu et al. [8], have 

significantly improved the convergence of virtual signal 

generation. Furthermore, recent works have explored multi-

domain feature transformation [9], time-efficient GAN 

architectures [10], and advanced heterogeneous graph learning 

frameworks for multi-modal and multi-condition diagnosis [11] 

to handle the growing complexity of industrial fault scenarios, 

underscoring the active development and remaining challenges 

in this field. 

Despite these advancements, a systematic review of the state 

of the art reveals two fundamental and interrelated gaps that 

have not been adequately addressed, forming the core 

motivation of this work. The first gap lies in the lack of physical 

controllability in label design. Most existing GAN-based 

methods [12–14] and even recent Transformer-based variants 

[15,16] rely on discrete, one-hot encoded labels to represent 

fault types and operating conditions (e.g., classifying "1 HP" 

and "2 HP" loads as independent Class A and Class B). This 

discrete representation fails to encode the continuous physical 

nature of operating parameters. Consequently, existing models 

cannot learn the underlying physical mapping between 

operating conditions (e.g., load) and signal features, restricting 

them to generating data only for seen conditions. They lack the 

capability to "interpolate" or synthesize virtual signals for 

unseen or intermediate operating conditions, which is crucial for 

variable-condition diagnosis [17,18]. Second, current methods 

often suffer from inadequate condition injection and training 

instability. When dealing with multi-domain generation [19,20], 

standard conditional GANs often employ simple concatenation 

to inject label information. This shallow interaction is 

insufficient to guide the generator in distinguishing subtle 

spectral differences caused by varying loads or fault sizes. 

Furthermore, the imbalance in learning speeds between the 

generator and discriminator often leads to mode collapse,  

a problem highlighted in recent reviews of industrial data 

generation [21,22]. Recent studies have further attempted to 

address these challenges from different perspectives: Yang et al. 

[23] proposed a Variational Stacked Contractive-Auxiliary 

Classifier GAN (VSC-ACGAN) model to improve generation 

quality for imbalanced bearing fault samples, while Zhao et al. 

[24] developed a MultiConditional Variational AutoEncoder 

GAN (MCVAE-GAN) to tackle signal scarcity and sample 

diversity in harmonic reducer fault diagnosis. However, these 

methods still rely on discrete class labels and lack explicit 

encoding of continuous physical operating parameters, leaving 

the challenge of physically meaningful and controllable 

generation across heterogeneous operating regimes largely 

unresolved. 

To address these limitations, this paper proposes an IGAN 

framework driven by a 5-dimensional CLV. Unlike traditional 

approaches that treat operating conditions as discrete categories, 

our method explicitly encodes physical information (Load, 

Fault Diameter) alongside fault location, enabling the model to 

learn a continuous physical manifold. This allows for precise 

control over the generated signals and the ability to synthesize 

high-fidelity data even for unseen operating conditions. The 

core innovations and contributions of this study are summarized 

as follows: 

1. Unlike conventional one-hot labeling [12,15] which 

isolates operating conditions, we design a novel 5D CLV 

that encodes continuous physical parameters (load and 
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fault size) to ensure physical consistency. This 

innovation enables the generator to capture the 

continuous evolution of fault features, facilitating label 

vector interpolation to synthesize high-fidelity fault 

signals for entirely unseen operating conditions (e.g., 

generating 1 HP data when trained only on 0, 2, and 3 

HP). 

2. To overcome the limitations of simple concatenation 

[14], we implement a robust condition injection 

mechanism using a high-dimensional mapping strategy. 

The label vectors are projected into a higher-dimensional 

feature space before fusion. This ensures that the 

physical condition information exerts a strong, precise 

guidance on the generation process, enhancing the 

spectral fidelity of the virtual signals. 

3. Addressing the training instability observed in recent 

GAN variants [7,8], we employ an ALR strategy. This 

prevents the discriminator from overpowering the 

generator early in training, ensuring stable convergence 

and high-quality data generation. 

4. The remainder of this paper is organized as follows: 

Section 2 reviews related work; Section 3 details the 

proposed method; Section 4 presents the experimental 

design and results analysis; and Section 5 concludes the 

paper. 

2. Related work 

2.1. Generative adversarial networks 

The GAN is an advanced type of deep generative model. 

Structurally (as shown in Figure 1), the framework consists of 

two competing neural networks: the Generator (G) and the 

Discriminator (D) [25]. 

 

Figure 1. Original GAN Architecture. 

The core mechanism of GAN is a dynamic adversarial 

process, aiming to optimize the model through a "zero-sum 

game" between the Generator (G) and the Discriminator (D). 

Specifically, the Generator (G)'s objective is to learn the latent 

distribution of the real data, thereby generating synthetic data 

that is sufficiently "realistic," while the Discriminator (D)'s 

objective is to act as a binary classifier, accurately 

distinguishing whether an input sample comes from the real data 

distribution or the synthetic data distribution generated by G. 

During the training process, G is continually optimized to 

minimize D's discrimination accuracy (i.e., to "fool" D), while 

D is optimized to maximize its discrimination accuracy. This 

adversarial mechanism forces the two networks to co-evolve 

[26]. Ideally, training ultimately reaches a Nash Equilibrium: at 

this point, the distribution of the pseudo-data generated by G 

has converged to the real data distribution, and D cannot 

effectively differentiate between the real and synthetic samples 

(i.e., the discrimination probability approaches 0.5), indicating 

that the Generator has acquired the ability to generate high-

fidelity data. 

2.2. Design of the label vector 

To enable a GAN to generate data for specified physical states 

under variable operating conditions, it must be provided with 

precise conditional label information. Although traditional fault 

diagnosis methods (such as envelope analysis based on bearing 

characteristic frequencies) are well-established, this paper aims 

to construct a label vector that simultaneously reflects the 
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operating condition, fault severity, and fault category [27]. In 

view of this, this paper proposes a Composite Label Descriptor 

(CLD) method for IGAN training. This method utilizes a 5-

dimensional vector (as shown in Figure 2), which explicitly 

encodes the following three critical physical attributes: 

Operating Condition Information (1st dimension), which uses 

the numerical value of horsepower (HP) representing the 

equipment load; Fault Size (2nd dimension), which uses the 

numerical value of the fault diameter (unit: mm) to characterize 

the fault severity; and Fault Location (3rd–5th dimensions), 

which uses one-hot encoding representation corresponding to 

the three health states: "No Fault" (f_i), "Inner Race Fault" 

(f_bpfi), and "Outer Race Fault" (f_bpfo). This label design 

scheme (illustrated in Figure 3 example) parameterizes the 

equipment's running state and health status, allowing the 

Generator (G) to learn and reproduce the data characteristics 

under different physical conditions. 

 

Figure 2. Proposed label description method. 

 
(a) no load, no fault 

 

(b) 1 HP Load, 0.007 inch fault diameter, inner race fault 

 

(c) 2 HP Load, 0.014 inch fault diameter, inner race fault 

 

(d) 3 HP Load, 0.021 inch fault diameter, outer race fault 

Figure 3. Examples of labels under different operating 

conditions and faults. 

3. Proposed method 

3.1. Overall framework of the proposed IGAN 

This paper proposes an IGAN framework, whose structure is 

shown in Figure 4. In this framework, the operation of the 

Generator (G) and the Discriminator (D) is constrained by the 

label information 𝑦 as a condition. Specifically, the task of the 

Generator 𝐺  is to learn the data distribution of 𝑃(𝑥 ∣ 𝑦) . It 

receives a random noise 𝑧  sampled from a prior distribution 

(such as Gaussian distribution) and a conditional label 𝑦  as 

input, i.e., 𝐺(𝑧, 𝑦), aiming to synthesize a pseudo-data sample 

𝑥𝑓𝑎𝑘𝑒  that is consistent with the physical state described by the 

label 𝑦. The task of the Discriminator 𝐷 is to act as a conditional 

discriminator. It receives a (sample, label) data pair (𝑥, 𝑦)  as 

input, where the data sample 𝑥 can either come from the real 

dataset 𝑥𝑟𝑒𝑎𝑙  or from the Generator 𝑥𝑓𝑎𝑘𝑒 . The objective of 𝐷 

is to accurately evaluate the authenticity of the sample 𝑥 under 

the given condition 𝑦. Through the adversarial game between 𝐺 

and 𝐷, the model is ultimately driven to generate high-fidelity 

conditional data. 

3.2. Generator (G) 

The network architecture of the Generator 𝐺 is shown in Figure 

5. It is designed as a conditional network based on a Multi-

Layer Perceptron [28]. Its core task is to map a prior noise 

vector 𝑧  and a conditional label 𝑦  to a high-dimensional 

pseudo-data sample 𝑥𝑓𝑎𝑘𝑒 . The network adopts a structure of 

dual independent inputs followed by upsampling: 

1. Input Layers: The network receives two separate inputs: 

Noise Branch: A 100-dimensional prior noise vector 𝑧 is 

mapped to a 160-dimensional feature through the fully 

connected layer 𝐹𝑐1−1 . Condition Branch: A 5 -

dimensional conditional label 𝑦  is mapped to a 96-

dimensional feature through the fully connected layer 

𝐹𝑐1−2. 

2. Feature Fusion and Upsampling: The features from the 

above two branches are concatenated into a 256-

dimensional fused vector. This vector then undergoes  

a series of fully connected layers (𝐹𝑐2  and 𝐹𝑐3 ) for 

stepwise upsampling, with the dimension transformation 

being 256 → 512 → 1024. 

3. Output Layer: Finally, the 1024-dimensional feature 

vector is mapped to a 512-dimensional pseudo-data 

sample through the output layer 𝐹𝑐4. 

4. Activation Functions: All hidden layers 

( 𝐹𝑐1−1, 𝐹𝑐1−2, 𝐹𝑐2, 𝐹𝑐3 ) use LeakyReLU as the 

activation function. The output layer 𝐹𝑐4  uses the 

Sigmoid function to ensure the generated samples are 

normalized. 
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Figure 4. Overall architecture of the proposed IGAN. 

 

Figure 5. Detailed network architecture of the generator in the proposed IGAN. 

Table 1. Generator hyperparameters. 

Parameter Value 

Batch Size 128 

Learning Rate 0.00125 

Training Batches Experiment I: 850; Experiment II: 1100 

StepLR Scheduler Batches: 300, Decay Rate: 0.081 

Adam Optimizer Betas1: 0.5, Betas2: 0.999 

Generator Parameter Initialization Normal Distribution Mean=0, Std=0.002 

3.3. Discriminator (D) 

The network architecture of the Discriminator 𝐷  is shown in 

Figure 6. It is designed as a conditional discriminator based on 

a Multi-Layer Perceptron [29]. The core task of 𝐷 is to assess 

the consistency between the input data 𝑥  (either real sample 

𝑥𝑟𝑒𝑎𝑙  or pseudo-sample 𝑥𝑓𝑎𝑘𝑒 ) and the conditional label 𝑦, and 

output a scalar value to judge its authenticity. 

The network adopts a structure of dual independent inputs 

followed by downsampling: 

1. Input Layers: 𝐷 uses a dual-branch input structure. Data 

Branch: The 512-dimensional sample 𝑥  passes through 

the fully connected layer 𝐹𝑐1−1 and is mapped to a 640-

dimensional feature. Condition Branch: The 5 -

dimensional label vector 𝑦  passes through the fully 

connected layer 𝐹𝑐1−2  and is mapped to a 384-

dimensional feature. 

2. Feature Fusion: The feature vectors from the two 

branches are concatenated into a 1024dimensional fused 
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vector. 

3. Feature Extraction and Downsampling: This 1024-

dimensional vector then undergoes a series of fully 

connected layers ( 𝐹𝑐2  to 𝐹𝑐4 ) for stepwise 

downsampling, with the dimension transformation being 

1024 → 512 → 256 → 128. 

4. Output Layer: Finally, the 128 -dimensional feature 

vector is mapped to a single neuron output via 𝐹𝑐5. 

5. Activation Functions: All hidden layers (𝐹𝑐1−1 to 𝐹𝑐4) 

use the LeakyReLU activation function. The output layer 

𝐹𝑐5  uses the Sigmoid function, and its output value 

(range [0,1] ) represents the probability that the input 

sample 𝑥 is judged as "real" under the given condition 𝑦. 

 

Figure 6. Detailed network architecture of the discriminator in the proposed IGAN. 

Table 2. Discriminator hyperparameters. 

Parameter Value 

Batch Size 128 

Learning Rate 0.0001 

Training Batches Experiment I: 850; Experiment II: 1100 

StepLR Scheduler Batches: 300, Decay Rate: 0.092 

LeakyReLU 0.0015 

Adam Optimizer Betas1: 0.5, Betas2: 0.999 

Generator Parameter Initialization Normal Distribution Mean=0, Std=0.002 

3.4. Network design principles and training strategies 

To achieve efficient data generation, this paper performs 

targeted optimization on the network design and training 

strategies, the core principles of which are summarized as 

follows: 

1. Information Injection Strategy: To ensure that the 

Generator 𝐺  and Discriminator 𝐷  fully utilize the 

information from the conditional label 𝑦  (5-

dimensional), this paper does not adopt simple 

concatenation. As shown in Figure 5 and Figure 6, the 

label vector is mapped to a high-dimensional feature 

representation by passing through independent fully 

connected layers ( 𝐹𝑐1−2 ) in 𝐺  and 𝐷  respectively 

(𝐺: 5 → 96  dimensions; 𝐷: 5 → 384  dimensions). This 

approach provides the network with a higher-

dimensional label representation, which can more 

effectively guide the data generation and discrimination 

processes after concatenation. 

2. Asymmetric Learning Rates: To address the problem of 

the Discriminator 𝐷  becoming overly powerful too 

quickly, leading to gradient vanishing in GAN training, 

this paper employs an ALR strategy (refer to Table 1 and 

Table 2). 𝐺 uses a relatively higher initial learning rate 

(0.00125) to promote its rapid exploration of the data 

distribution, while 𝐷 uses a lower learning rate (0.0001) 

to prevent it from prematurely overwhelming 𝐺 . 

Additionally, 𝐺  's learning rate decay (0.081) is faster 

than 𝐷  's (0.092), which helps the model converge 

smoothly to equilibrium in the later stages of training. 
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3. Training Iterations and Hardware Configuration: As 

shown in Table 1 and Table 2, Experiment I and 

Experiment II use different total training batches (850 

and 1100, respectively). This is to accommodate the 

difference in the scale of the training datasets between 

the two experiments, ensuring that the model can achieve 

convergence across different data volumes. All 

experiments are conducted on an NVIDIA RTX 3070 Ti 

GPU (8GB), with a uniform Batch Size of 128 to strike 

a balance between training efficiency and memory usage. 

4. Experimental design and results analysis 

4.1. Experimental bench and dataset description 

This study employs the internationally recognized Case Western 

Reserve University (CWRU) Bearing Dataset as the 

experimental data source [30]. To facilitate a clear 

understanding of the data acquisition process, the structure of 

the experimental test rig is illustrated in Figure 7. 

 

Figure 7. CWRU experimental test rig. 

As shown in Figure 7, the test rig consists of a 2 hp (1.5 kW) 

three-phase induction motor, a torque transducer/encoder, and  

a dynamometer utilized to apply different loads. The motor shaft 

is supported by 6205-2RS JEM SKF deep groove ball bearings. 

Vibration signals were collected using accelerometers attached 

to the motor housing with magnetic bases at the drive end (DE) 

of the motor, with a sampling frequency of 12 kHz. 

To simulate realistic bearing damage, single-point defects 

were introduced to the test bearings using Electrical Discharge 

Machining (EDM). While the CWRU database contains various 

fault types and locations, to validate the effectiveness of the 

proposed method under variable operating conditions and data 

imbalance scenarios, this experiment selects a specific data 

subset. This subset covers four operating conditions (loads 0, 1, 

2, 3 HP) and three health states (Normal, Inner Race Fault, 

Outer Race Fault). All fault samples in this subset use a single 

fault diameter of 0.007 inches (0.1778 mm). Table 3 details the 

length of the selected raw data and the corresponding label 

encoding. It is clear from the data lengths that the dataset used 

in this study exhibits a significant class-imbalance characteristic, 

where the number of samples for the Normal state far exceeds 

that of any single fault category. This characteristic simulates 

the typical scenario of fault sample scarcity in industrial practice 

and constitutes the core motivation for adopting the GAN for 

data augmentation in this paper. 

Table 3. Raw dataset description and label encoding. 

Operating Condition Fault Diameter Fault Location Data Length Label 

No Load 0.007 

Normal 243938 [0, 0, 1, 0, 0] 

Inner Race 121265 [0, 0.1778, 0, 1, 0] 

Outer Race 121991 [0, 0.1778, 0, 0, 1] 

1 HP Load 0.007 

Normal 243903 [1, 0, 1, 0, 0] 

Inner Race 121991 [1, 0.1778, 0, 1, 0] 

Outer Race 122426 [1, 0.1778, 0, 0, 1] 

2 HP Load 0.007 

Normal 243903 [2, 0, 1, 0, 0] 

Inner Race 122136 [2, 0.1778, 0, 1, 0] 

Outer Race 121410 [2, 0.1778, 0, 0, 1] 

3 HP Load 0.007 

Normal 245643 [3, 0, 1, 0, 0] 

Inner Race 122917 [3, 0.1778, 0, 1, 0] 

Outer Race 122571 [3, 0.1778, 0, 0, 1] 

4.2. Data Preprocessing 

To make the raw time-series signals suitable for the GAN model, 

the preprocessing procedure involves two steps: time-domain 

sampling and frequency-domain transformation: 

1. Time-Domain Sampling: First, the one-dimensional raw 

vibration signals in Table 3 are sampled. This paper uses 

a non-overlapping sliding window with a length of 1024 

data points to slice the signal [31]. This window length 

is sufficient to capture information for one complete fault 

cycle, and the non-overlapping design ensures the 

statistical independence between samples. Remaining 
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data shorter than one window length is discarded. After 

sampling, the sample counts for each category are 

statistically summarized in Table 4. 

2. Frequency-Domain Transformation: The motivation for 

using frequency- domain features is that different fault 

types (e.g., inner race/outer race) exhibit distinct energy 

distributions in the frequency domain. Therefore, we 

apply Fast Fourier Transform (FFT) to each 1024-point 

time-domain sample to extract its frequency-domain 

characteristics [32]. Since the input signal is a real 

number, we truncate its single-sided spectrum 

(corresponding to the 0-6000 Hz frequency band), 

resulting in a 512-dimensional feature vector. This 512-

dimensional vector will serve as the final input data for 

the subsequent GAN model and classifier. 

Table 4. Sample counts in the preprocessed dataset. 

Operating Condition Fault Diameter Fault Location Raw Data Sample Count 

No Load 0.007 

Normal 238 

Inner Race 118 

Outer Race 119 

1 HP Load 0.007 

Normal 238 

Inner Race 119 

Outer Race 119 

2 HP Load 0.007 

Normal 238 

Inner Race 119 

Outer Race 118 

3 HP Load 0.007 

Normal 239 

Inner Race 120 

Outer Race 119 

4.3. Experiment I 

4.3.1. Experimental setup and objective 

The core objective of Experiment I is to validate the 

effectiveness of the proposed IGAN model and label strategy in 

generating high-fidelity data under variable operating 

conditions, and to assess the application value of this generated 

data in solving the class-imbalance problem. This experiment 

simulates a typical industrial scenario where "health data is 

sufficient, but fault data is scarce." We extract samples only 

from the eight minority classes (i.e., inner race/outer race faults 

under four loads) of the preprocessed dataset (Table 4) to form 

the training set for the proposed IGAN. The detailed 

composition of this training set is shown in Table 5. The 

evaluation for this experiment includes: (a) Model Convergence 

Analysis, (b) Frequency Domain Assessment of Generated Data 

Quality, (c) Quantitative Analysis of Generated Data Fidelity 

(via correlation), and (d) Downstream Task Evaluation 

(covering both Classification Accuracy and Noise Robustness). 

Table 5. Experiment I: training set composition and label encoding. 

Operating Condition Fault Diameter (mm) Fault Location Label Index 

No Load 0.007 
Inner Race [0, 0.1778, 0, 1, 0] 1 

Outer Race [0, 0.1778, 0, 0, 1] 5 

1 HP Load 0.007 
Inner Race [1, 0.1778, 0, 1, 0] 2 

Outer Race [1, 0.1778, 0, 0, 1] 6 

2 HP Load 0.007 
Inner Race [2, 0.1778, 0, 1, 0] 3 

Outer Race [2, 0.1778, 0, 0, 1] 7 

3 HP Load 0.007 
Inner Race [3, 0.1778, 0, 1, 0] 4 

Outer Race [3, 0.1778, 0, 0, 1] 8 

4.3.2. Model convergence analysis 

Figure 8 shows the curves of the Generator Loss (ℒ𝐺 ) and 

Discriminator Loss ( ℒ𝐷 ) over 850 training batches in 

Experiment I. The curve clearly reflects the dynamic adversarial 

game between the two networks. Initial Phase (approx. 0-200 

batches): ℒ𝐷 drops rapidly, indicating that the Discriminator 𝐷 

can easily distinguish the low-quality pseudo-samples 

generated by 𝐺 , with 𝐷  dominating the game at this stage. 

Adversarial Phase (approx. 200-400 batches): As 𝐺  begins to 
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capture the real data features, ℒ𝐺  gradually decreases; the 

difficulty of discrimination for 𝐷  increases, leading to  

a significant rebound in ℒ𝐷. Equilibrium Phase (approx. 400-

850 batches): Both ℒ𝐺 and ℒ𝐷 converge to a low, stable level 

and oscillate slightly around an Equilibrium point. This 

indicates that 𝐺 and 𝐷 have reached a Nash Equilibrium state, 

and the model has converged. 

 

Figure 8. Experiment I: loss function curves during model 

training. 

4.3.3. Frequency domain assessment of generated data 

quality 

To qualitatively assess the quality of the generated data, Figure 

9 compares the frequency domain spectra of real data and the 

pseudo-data generated by the proposed IGAN under all 8 

conditions. As shown, the generated samples exhibit high 

fidelity across all conditions, accurately reproducing the 

spectral structure of the real data, including the positions and 

amplitude relationships of the main harmonic peaks. 

Concurrently, the minor differences observed in local regions 

(such as peak amplitudes and baseline noise) suggest that the 

model did not simply overfit the training samples but 

successfully learned the underlying data distribution, generating 

new samples with diversity. 

 

 

    
(a) no load inner race fault (b) no load outer race fault (c) 1 HP load inner race fault (d) 1 HP load outer race fault 

    
(e) 2 HP load inner race fault (f) 2 HP load outer race fault (g) 3 HP load inner race fault (h) 3 HP load outer race fault 

Figure 9. Experiment I: frequency domain comparison of generated samples and real samples.

4.3.4. Quantitative analysis of generated data fidelity 

For further quantitative evaluation, we computed the Pearson 

correlation coefficient matrix for 16 types of data (8 classes of 

real data, indexed 1-8; and 8 classes of corresponding generated 

data, indexed 9-16), as shown in Figure 10. The matrix reveals 

the physical properties of the real data: The correlation between 

Inner Race Faults (1-4) is relatively low, indicating that their 

features are highly sensitive to changes in operating conditions 

(load). Conversely, the correlation between Outer Race Faults 

(5-8) is relatively high, suggesting their features are more stable 

across different operating conditions. Generated Data Fidelity 

(Diagonal Blocks): The key diagonal blocks of the matrix (i.e., 

Real Inner Race 1-4 vs. Generated Inner Race 9-12; Real Outer 

Race 5-8 vs. Generated Outer Race 13-16) all show extremely 

strong positive correlation. This quantitatively confirms the 

high fidelity of the proposed IGAN, indicating that the 

Generator successfully learned and reproduced the precise 

features for each specific operating condition and fault location. 

Generated Data Specificity (Off-Diagonal Blocks): The low 

correlation in the off-diagonal blocks confirms that the 

Generator has not undergone mode collapse and is capable of 
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generating data with high specificity based on the conditional 

label 𝑦. 

 

Figure 10. Experiment I: correlation matrix of real samples 

and generated samples. 

4.3.5. Downstream task evaluation: classification 

accuracy 

To validate the practical application value of the generated data, 

we use the generated pseudo-samples to perform data 

augmentation on the original imbalanced dataset (Table 4). In 

the experiment, we incrementally add 30 pseudo-samples at a 

time for four iterations (totaling 120 pseudo-samples) to the 8 

minority classes in the original training set. Evaluation is 

performed using four baseline classifiers (KNN, SVM, MLP, 

and 1D-CNN) with an 8:2 train-test split, averaging the results 

over 10 repeated experiments.  

 

Figure 11. Experiment I: impact of data augmentation on 

classifier accuracy. 

As shown in Figure 11, the diagnostic accuracy of all four 

classifiers shows a significant and monotonic increase as the 

generated pseudo-samples are used to augment the training set. 

This proves the effectiveness of the pseudo-data generated in 

this paper, as they provide the classifiers with more diverse 

information, helping them learn more robust decision 

boundaries on class-imbalanced data. 

4.3.6. Downstream task evaluation: noise robustness 

To simulate a realistic industrial environment, we further 

evaluate the impact of data augmentation on the model's noise 

robustness. Gaussian white noise with varying intensities, 

corresponding to a Signal-to-Noise Ratio (SNR) ranging from 

30 dB (low noise) to 0 dB (strong noise), is injected into both 

the training and test sets after the 8:2 split. 

As shown in Figure 12, deep models (MLP, CNN) exhibit 

stronger intrinsic robustness at low SNRs compared to 

traditional models (SVM, KNN). At almost all SNR levels, the 

classifiers trained with data augmentation consistently 

outperform the baseline models trained using only the original 

data. This performance improvement is particularly pronounced 

on MLP and CNN. This suggests that by training on a more 

diverse and balanced dataset, the classifiers extract more 

generalizable features, thereby significantly enhancing their 

robustness in strong noise environments. 

4.3.7. Comparative analysis with alternative generative 

models 

To further demonstrate the superiority of the proposed IGAN, 

we compared it with four widely used generative models in fault 

diagnosis: the standard Conditional GAN (cGAN) [33], the 

VSC-ACGAN [23], the MultiConditional Variational 

AutoEncoder GAN (MCVAE-GAN) [24], and the WGAN-GP 

[34]. All models were trained on the same imbalanced training 

set (Experiment I configuration) and used to generate pseudo-

samples to augment the minority classes. For fair comparison, 

each generative model was used to generate 120 pseudo-

samples per minority class to augment the training set. 

We employed two metrics for evaluation: 

1. Maximum Mean Discrepancy (MMD) [35]: A lower 

MMD value indicates that the distribution of generated 

data is closer to the real data distribution. 

2. Classification Accuracy (with CNN): The accuracy of 

the CNN classifier trained on the augmented dataset 

(Real + Generated), which reflects the practical utility of 

the generated data. 
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(a) SVM noise robustness assessment (b) KNN noise robustness assessment 

  
(c) MLP noise robustness assessment (d) CNN noise robustness assessment 

Figure 12. Experiment I: impact of data augmentation on model noise robustness. 

 

Figure 13. Comparison with baseline generative models. 

Figure 13 presents the comparative results. The standard 

cGAN yielded the highest MMD (0.245) and the lowest 

accuracy improvement, primarily due to the occurrence of mode 

collapse during training. VSC-ACGAN improved the 

classification accuracy to 97.1% (MMD: 0.198) by leveraging 

its auxiliary classifier to encourage class-specific generation; 

however, its one-hot label representation still limits its ability to 

capture the continuous physical relationship between operating 

conditions. MCVAE-GAN, which combines variational 

inference with adversarial training, achieved a better MMD of 

0.156 and an accuracy of 97.6%, demonstrating more stable 

latent space learning. WGAN-GP further improved stability and 

signal quality (MMD: 0.112, Accuracy: 98.1%) through its 

gradient penalty mechanism. However, our proposed IGAN 

achieved the best performance across both metrics (MMD: 

0.054, Accuracy: 99.1%). This superiority is attributed to the 

synergistic effect of three key factors: the 5D CLV provides 

precise physical constraints, the high-dimensional injection 

mechanism ensures effective condition guidance, and the ALR 

strategy balances the training dynamics. 

4.3.8. Ablation study: impact of CLV 

To systematically isolate the specific contribution of each 

proposed innovation, we conducted a comprehensive ablation 
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study with four model variants, as detailed in Table 6. 

1. IGAN-Base: Uses standard one-hot discrete labels with 

simple concatenation (no high-dimensional FC mapping 

for labels) and symmetric learning rates (same LR for G 

and D). This serves as the most basic conditional GAN 

configuration using our network architecture. 

2. IGAN-Inject: Adds the high-dimensional injection 

mechanism (FC mapping for labels) to IGAN-Base, 

while retaining one-hot labels and symmetric learning 

rates. This isolates the contribution of the injection 

strategy. 

3. IGAN-Discrete: Adds the ALR strategy to IGAN-Inject, 

while retaining one-hot labels. This is equivalent to the 

proposed architecture without the 5D CLV. 

4. Proposed IGAN: Uses the full configuration with the 5D 

CLV, high-dimensional injection, and ALR strategy. 

Table 6. Comprehensive ablation study. 

Model Label Type Injection ALR MMD CNN Accuracy 

IGAN-Base One-hot Concatenation No 0.152 96.5% 

IGAN-Inject One-hot FC Mapping No 0.112 97.3% 

IGAN-Discrete One-hot FC Mapping Yes 0.082 97.9% 

Proposed IGAN 5D Composite FC Mapping Yes 0.054 99.1% 

The results in Table 6 reveal the incremental contribution of 

each component: 

(1) Effect of the Injection Mechanism: Comparing IGAN-

Base (Concatenation) with IGAN-Inject (FC Mapping), 

the MMD decreased from 0.152 to 0.112, and accuracy 

improved from 96.5% to 97.3%. This confirms that 

projecting the label vector into a higher-dimensional 

feature space before fusion provides a richer conditional 

representation, enabling the generator and discriminator 

to more effectively utilize the condition information. 

(2) Effect of the ALR Strategy: Comparing IGAN-Inject 

(Symmetric LR) with IGAN-Discrete (ALR), the MMD 

further decreased from 0.112 to 0.082, and accuracy 

improved from 97.3% to 97.9%. This demonstrates that 

the ALR strategy effectively prevents discriminator 

dominance, leading to more stable training and higher-

quality generation. 

(3) Effect of the 5D CLV: Comparing IGAN-Discrete (One-

hot) with the Proposed IGAN (5D CLV), the MMD 

decreased from 0.082 to 0.054, and accuracy improved 

from 97.9% to 99.1%. This most significant 

improvement proves that the composite labels do not 

merely act as class identifiers; they impose continuous 

physical constraints (specifically Load and Defect 

Diameter) on the generator. This guides the network to 

learn a smoother and more physically consistent 

manifold, resulting in generated samples that are more 

representative of the real fault characteristics. 

4.4. Experiment II 

4.4.1. Experimental setup and objective 

The core objective of Experiment II is to evaluate the 

generalization ability of the proposed IGAN model proposed in 

this paper, i.e., its capability to generate high-fidelity data under 

operating conditions not present in the training data. To this end, 

we designed a "leave-one-out" mode experiment: all data 

corresponding to the "1 HP Load" operating condition were 

deliberately excluded from the original four conditions. As 

shown in Table 7, the training set for the proposed IGAN only 

includes fault data under three operating conditions: No Load, 

2 HP Load, and 3 HP Load. 

Table 7. Experiment II: training set composition (excluding unknown condition). 

Operating Condition Fault Diameter Fault Location Label 

No Load 0.007 
Inner Race [0, 0.1778, 0, 1, 0] 

Outer Race [0, 0.1778, 0, 0, 1] 

2 HP Load 0.007 
Inner Race [2, 0.1778, 0, 1, 0] 

Outer Race [2, 0.1778, 0, 0, 1] 

3 HP Load 0.007 
Inner Race [3, 0.1778, 0, 1, 0] 

Outer Race [3, 0.1778, 0, 0, 1] 
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4.4.2. Model convergence analysis 

Figure 14 displays the loss function curves over 1100 training 

batches in Experiment II. Despite the absence of one operating 

condition in the training data, the model still demonstrates good 

convergence. Similar to Experiment I, the model undergoes  

a fierce adversarial game during the initial phase (approx. 0-200 

batches), characterized by a significant peak in ℒ𝐺  and  

a corresponding drop in ℒ𝐷. After approximately 400 batches, 

both loss functions tend to stabilize, indicating that the model 

successfully reached Nash Equilibrium even under the 

condition of "missing" data, and fully converged after 1100 

batches. 

 

Figure. 14. Experiment II: loss function curves during model 

training. 

4.4.3. Generation quality for known conditions 

As a baseline verification of the model, we first generated data 

for the operating conditions included in the training set (0, 2 3 

HP). As shown in Figure 15, the generated pseudo-samples are 

highly consistent with the corresponding real samples in terms 

of spectral structure. This confirms that the model's ability to 

generate known data remains unaffected after excluding the "1 

HP Load" data, maintaining both high fidelity and diversity. 

4.4.4. Generation quality for unknown conditions 

The key to this experiment is to evaluate the model's generation 

capability for the unknown operating condition (1 HP Load). We 

provided the trained Generator G with a 100-dimensional 

random noise z and the conditional labels y corresponding to the 

"1 HP Load" (i.e., [1, 0.1778, 0, 1, 0] and [1, 0.1778, 0, 0, 1]). 

As shown in Figure 16, the model successfully generated 

pseudo-data for this unknown condition. By comparing the 

frequency domain spectra with the real "1 HP Load" data (which 

did not participate in training), it is clear that the generated 

samples highly match the real samples in terms of main spectral 

peaks and overall distribution. This result strongly proves the 

effectiveness of the CLV design (Section 2.2) proposed in this 

paper. The proposed IGAN is not merely memorizing the 

training data but has successfully learned the latent mapping 

relationship between the "Load" (1st dimension of the label) and 

the spectral features. Therefore, the model is able to generalize 

through interpolation to generate high-fidelity data under 

entirely new operating conditions that were not included in the 

training set. 

   
(a) no load inner race fault (b) no load outer race fault (c) 2 HP load inner race fault 

   
(d) 2 HP load outer race fault (e) 3 HP load inner race fault (f) 3 HP load outer race fault 

Figure 15. Experiment II: frequency domain comparison for known conditions (within training set). 
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(a) 1 HP load inner race fault (b) 1 HP load outer race fault 

Figure 16. Experiment II: frequency domain comparison for unknown conditions (outside training set).

4.5. Hyperparameter sensitivity analysis 

To verify the reproducibility and robustness of the proposed 

IGAN, we conducted a systematic sensitivity analysis on two 

critical hyperparameters: the ALR ratio and the dimension of 

the latent space. 

4.5.1. Impact of ALR ratio 

The ALR strategy is designed to balance the training speed 

between the generator and discriminator. We defined the 

learning rate ratio as 𝑘 = 𝑙𝑟𝑑/𝑙𝑟𝑔  and evaluated the model's 

performance under different 𝑘  values while keeping 𝑙𝑟𝑔  fixed. 

The results are summarized in Table 8. 

Table 8. Impact of learning rate ratio (𝑘) on performance. 

Ratio (𝑘 = 𝑙𝑟𝑑/𝑙𝑟𝑔) Training Stability MMD (Lower is better) CNN Accuracy 

1:1 (Standard) Unstable (Oscillation) 0.145 96.5% 

1:4 Moderate 0.089 97.8% 

1:12 (Proposed) Stable (Optimal) 0.054 99.1% 

1:20 Slow Convergence 0.076 98.4% 

As observed, the standard setting (1:1) led to training 

instability and higher MMD. The proposed ratio of 1:12 

achieved the best equilibrium, allowing the discriminator to 

provide meaningful gradients without overpowering the 

generator, resulting in the lowest MMD (0.054) and highest 

accuracy (99.1%). 

4.5.2. Sensitivity to latent space dimension 

While the dimension of the 5D CLV is fixed by the physical 

attributes of the fault signals (Fault Type, Load, and Diameter), 

the dimension of the random noise vector (𝑧dim) is a structural 

hyperparameter that affects the generative capacity. We 

evaluated the model's sensitivity to 𝑧dim as shown in Table 9. 

Table 9. Sensitivity analysis of latent dimension (𝑧dim). 

Latent Dimension (𝑧dim) MMD CNN Accuracy Remark 

64 0.092 97.5% Limited capacity 

100 (Proposed) 0.054 99.1% Optimal balance 

128 0.058 98.9% Stable 

256 0.065 98.2% Signs of overfitting 

 

The results indicate that the model performs robustly when 

𝑧𝑑𝑖𝑚 is between 100 and 128 . A dimension that is too small (64) 

limits the diversity of generated samples, while an excessively 

large dimension (256) introduces unnecessary complexity. The 

chosen dimension of 100 ensures both high signal quality and 

classification utility. 

4.6. Generalization validation on IMS dataset 

To verify the generalization capability of the proposed method 
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under real-world operating conditions, we extended our 

validation to the IMS Bearing Dataset generated by the NSF 

I/UCR Center for Intelligent Maintenance Systems (IMS) [36]. 

4.6.1. Dataset description and experimental setup 

Unlike the CWRU dataset where faults are artificially induced 

via EDM, the IMS dataset represents a natural run-to-failure 

process, capturing the gradual degradation of bearings due to 

fatigue. This aligns closely with realistic industrial maintenance 

scenarios. The structure of the IMS bearing test rig is illustrated 

in Figure 17. 

 

Figure 17. Schematic diagram of the IMS bearing test rig. 

4.6.2. Experimental results 

We constructed a dataset from the IMS life-cycle data consistent 

with the label logic defined in Section 2.2. Specifically, the data 

covers three health states: Normal (f_i), Inner Race Fault 

(f_bpfi), and Outer Race Fault (f_bpfo). To adapt the proposed 

5-dimensional CLV to the natural degradation characteristics of 

the IMS dataset, we implemented the following mapping 

strategy: 

1. Load (1st Dimension): Since the IMS rig operates under 

a constant heavy load, the 1st dimension was fixed to the 

numerical value representing the 6000 lbs radial load, 

maintaining the physical consistency of the "Operating 

Condition" input. 

2. Fault Diameter (2nd Dimension): Unlike the fixed 

diameter values in CWRU, IMS faults are naturally 

evolved cracks. Therefore, the "Fault Diameter" 

dimension was mapped to a normalized degradation 

index (derived from the life-cycle timeline) to represent 

the continuous evolution of fault severity. 

3. Fault Location (3rd–5th Dimensions): The one-hot 

encoded vector was assigned based on the verified 

failure mode of each bearing. Specifically, the health 

states were mapped as follows: Normal state (f_i) 

corresponds to [1, 0, 0], Inner Race Fault (f_bpfi) to [0, 

1, 0], and Outer Race Fault (f_bpfo) to [0, 0, 1]. 

4. We trained the proposed IGAN and the baseline models 

on this dataset using the same training configuration as 

Experiment I. 

 

Figure 18. Performance comparison on IMS dataset. 

The comparative results are presented in Figure 18. As 

observed, the classification accuracy on the IMS dataset is 

generally lower than that on CWRU due to the inherent 

complexity and strong noise of natural degradation signals; 

however, the proposed IGAN still demonstrates superior 

performance, achieving a high accuracy of 96.8%. Notably, 

Figure 18 highlights the significant improvement over baselines, 

where the proposed IGAN achieved a substantial boost of +7.4% 

compared to the raw Baseline (89.4%), proving its ability to 

generate high-fidelity features that are easily distinguishable by 

the classifier. Furthermore, the IGAN outperforms other 

generative models, surpassing the Standard cGAN (91.2%) by 

5.6% and WGAN-GP (93.5%) by 3.3%. This indicates that even 

with natural faults lacking precise "mm-scale" diameter labels, 

the 5D CLV strategy effectively enables the generator to capture 

subtle spectral changes and physical constraints associated with 

degradation, powerfully validating the method's strong 

generalization ability and potential for deployment in practical 

industrial scenarios. 

4.6.3. Noise robustness validation on IMS dataset 

To further verify the practical robustness of the proposed 

method under conditions that more closely resemble 

engineering practice, we conducted an additional noise 

robustness experiment on the IMS dataset. Gaussian white noise 
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with varying intensities (SNR from 30 dB to 0 dB) was injected 

into the IMS test data. We compared the CNN classification 

accuracy of the Baseline (no augmentation) against models 

augmented by Standard cGAN, WGAN-GP, and the proposed 

IGAN, respectively. The results are presented in Figure 19. 

 

Figure 19. IMS dataset: noise robustness comparison (cnn 

classifier). 

As shown in Figure 19, the overall noise robustness on the 

IMS dataset is lower than that on the CWRU dataset (Figure 12), 

which is expected due to the inherent complexity and strong 

background noise of natural degradation signals. Nevertheless, 

the proposed IGAN consistently outperforms all baseline 

methods across all SNR levels. Notably, at moderate noise 

levels (SNR 15 dB), the IGAN-augmented model achieves an 

accuracy of 0.50, representing a substantial improvement of +16 

percentage points over the non-augmented Baseline (0.34). 

Even under severe noise conditions (SNR 0 dB), the IGAN 

maintains a clear advantage. These results confirm that the high-

fidelity pseudo-samples generated by the proposed IGAN 

provide meaningful distributional diversity that enhances the 

classifier's ability to extract noise-invariant features, validating 

the method's robustness for practical engineering environments. 

5. Conclusion 

This paper successfully proposes an IGAN framework driven 

by a 5-dimensional CLV and ALR to address the challenges of 

data imbalance and variable operating conditions in rolling 

element bearing fault diagnosis. Through innovations in label 

design and conditional injection strategies, the study achieved 

the synthesis of high-fidelity data under precise physical control 

of operating condition, fault severity, and location. 

Experimental validation confirms that the proposed IGAN 

outperforms state-of-the-art baselines such as cGAN and 

WGAN-GP in both signal fidelity (lowest MMD) and 

downstream classification accuracy, while ablation studies 

verify the critical role of the CLV in learning a continuous 

physical manifold. Furthermore, the generated data 

significantly boosts diagnostic accuracy in strong noise 

environments and successfully synthesizes high-fidelity fault 

signals for unseen operating conditions via interpolative 

reasoning. Cross-domain validation on the IMS dataset further 

proved the model's effectiveness in diagnosing natural 

degradation faults, confirming its generalization capability 

beyond artificially induced fault scenarios. Future work will 

focus on two key directions: (1) collecting and validating the 

proposed method on actual engineering field data from 

industrial rotating machinery (e.g., wind turbine gearboxes) to 

bridge the gap between laboratory benchmarks and real-world 

deployment; and (2) integrating multi-modal feature inputs, 

such as combining vibration signals with acoustic emission and 

temperature data, to enhance the physical richness of the 

Composite Label Vector. 
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