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Abstract 

A cross-domain diagnosis approach combining Digital Twin (DT) and Federated Learning (FL) is proposed 

to further optimize the issues of sample scarcity and privacy protection in early defect diagnosis of wind turbine 

transmission systems. Firstly, a DT which combines both mechanism- and data-driven approaches is proposed 

to generate multi-condition virtual fault data. Next, the feature alignment strategy is used to reduce the domain 

difference between simulated and real data. Finally, a cross-wind FL framework is proposed, which uses dual-

path feature learning and dynamic aggregation strategy combined with data quality evaluation for synchronous 

training. The experimental results on Coverage, Accuracy, Reliability and Earliness (CARE) dataset show that: 

1) the average F1 score of the proposed DT-FL model on three wind farm test sets is 0.942, which is better than 

that of the FL (F1 score is 0.907) and the standard federated average algorithm (F1 score is 0.925) which only 

use measured data. 2) In the cross-wind migration task, the average performance attenuation of DT-FL model 

is 7.6%, and it has better generalization ability. The above results show that the proposed model can effectively 

use virtual data to enhance the diagnostic capabilities and improve the early fault identification performance 

under the premise of protecting data privacy. 
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1. INTRODUCTION 

 

To guarantee the dependability and cost-

effectiveness of wind power, wind turbines must 

operate steadily over the long term, and their 

transmission systems are prone to malfunctions 

[1,2]. Due to strong noise interference and normal 

operational vibrations, the weak early fault signal 

characteristics are easily concealed, which brings 

difficulties to the accurate diagnosis of fans [3]. 

Additionally, during the actual operation of wind 

farms, the number of available fault samples for 

training is limited, and the operating conditions, unit 

models, and data distributions of each wind farm 

differ significantly, complicating model construction 

[4]. At the same time, due to factors such as 

commercial competition and data security, various 

wind farms are usually reluctant to share local 

monitoring data, which leads to the occlusion of data 

circulation, thus making it impossible to conduct 

centralized data training [5, 6]. To protect user 

privacy and safety, it is crucial to investigate a 

problem diagnosis technique for wind turbines using  

small samples and diverse structural data 

distributions. 
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At present, Digital Twin (DT) technology 

provides a foundation for the establishment of high-

precision virtual simulation models and can 

effectively compensate for the lack of actual fault 

samples by generating virtual fault data [7]. 

However, the method of training solely with 

simulation data may cause the feature distribution of 

virtual data to deviate from the actual observations, 

thus affecting the diagnostic performance [8]. 

Furthermore, joint learning is a distributed machine 

learning technique that, in theory, allows each 

participant to train the model locally, better meeting 

customers' privacy protection demands [9]. 

However, there are variations in the quantity and 

quality of local data from various users in the wind 

power scenario. A small number of fault features are 

difficult for the global Federated Learning (FL) 

aggregation model to train efficiently, which impacts 

the model's overall performance and fairness [10]. 

This study suggests a cross-domain diagnosis 

model that combines DT and FL to address the above 

issues. The goal of the model is to provide each wind 

farm client with a DT that combines multi-body 

dynamics mechanisms and data-driven calibration to 

generate a virtual early fault sample containing 
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multiple operating conditions. In addition, a FL 

framework across wind fields and a dynamic 

weighted optimization algorithm, which combines 

the local data quality and model verification 

performance of clients, are proposed to integrate 

knowledge from different clients. In summary, the 

goal of this study is to enhance the accuracy of early 

defect diagnosis in wind turbine systems. 

 

2. RELATED WORKS 

 

The current study on intelligent fault detection of 

wind turbine transmission systems mostly uses high-

fidelity simulation modeling, data-driven methods, 

and privacy protection techniques. For instance, 

Jiang et al. developed a FL framework for cloud-side 

collaboration that reduced communication costs and 

efficiently utilized distributed data to increase 

problem identification efficiency [11]. Based on the 

data characteristics of offshore wind farms, Lu et al. 

proposed an event-triggered FL method that 

guaranteed diagnostic accuracy while lowering 

communication frequency and cost [12]. Tan et al. 

proposed a fault detection framework for 

hydropower stations, which combined DT and deep 

learning, enhancing the model's sensitivity to early 

anomalies in a complex operating environment [13]. 

Cheng et al. proposed a cluster FL model using 

blockchain technology. The model recorded the 

training process through the blockchain, ensuring the 

traceability of data exchange and the safety of model 

updates [14]. Fera and Spandonidis proposed a DT 

framework based on Artificial Intelligence (AI). It 

was verified that this method had certain potential 

for improving diagnostic accuracy and system 

visualization analysis [15]. In their discussion of 

condition monitoring enhancement for wind turbine 

gearboxes based on DT and AI, Habbouche et al. 

noted that DT could offer richer physical 

information contexts, boosting the monitoring 

model's capacity for generalization [16]. In their 

discussion of generative AI's role in developing a DT 

for fault detection in predictive maintenance, 

Mikołajewska et al. demonstrated how it could 

efficiently provide a variety of fault data to support 

model training [17]. Rana summarized the 

application of AI in power system fault detection and 

predictive maintenance, including data-driven 

methods, DT, and self-healing power grids. He also 

pointed out that the integration of digital models and 

distributed learning was an important trend for 

intelligent operation and maintenance in the future 

[18]. 

To sum up, although the existing research has 

made some achievements in using FL to protect data 

privacy and using DT to generate data, how to build 

a diagnosis model with rich sample size and safety 

needs to be studied. 

 

3. CROSS-DOMAIN DIAGNOSIS MODEL 

COMBINING DT AND FL 

 

3.1. Method of Virtual Data Generation and 

Feature Enhancement Based on DT 

There are now issues with early wind field defect 

identification, such as a lack of samples and a variety 

of data formats that are difficult to combine [19]. 

This study suggests a framework that combines DT 

and FL to address these issues. Fig. 1 depicts the 

framework's workflow. 
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Fig. 1. Virtual data generation and feature 

enhancement process based on DT 

 

The spindle, gearbox, and generator bearing are 

the main mechanical elements of the wind turbine's 

transmission system that are highlighted in Fig. 1 

[20]. Among them, the DT is composed of a multi-

physical field mechanism model and a data-driven 

model. The construction of the mechanism model is 

based on multi-body dynamics and load analysis, 

which is responsible for simulating the response of 

the transmission chain under normal working 

conditions and different fault states [21]. Its key 

dynamic behavior is expressed by the forced 

vibration equation: 

𝑀𝑥̈(𝑡) + 𝐶𝑥̇(𝑡) +𝑊𝑥(𝑡) = 𝐹(𝑡, 𝜃, 𝜉) (1). 
𝑀 , 𝐶  and 𝑊  represent the mass, damping and 

stiffness matrices of the system respectively. 𝑥(𝑡) is 

the displacement response vector of the system. 

𝐹(𝑡, 𝜃, 𝜉)  represents the excitation force vector, 

which is a function composed of time 𝑡, operating 

condition parameter 𝜃  and fault state parameter 𝜉 . 

By adjusting 𝜉 , the specified failure mode can be 

simulated. 

The data-driven model uses limited field normal 

operation data, which is used to calibrate the 

parameters and correct the errors of the mechanism 

model to ensure that the twin output is consistent 

with the behavior of the physical entity in a healthy 

state [22]. The previously mentioned way of merging 

mechanism and data seeks to secure the physical 

interpretability of the model and improve the 

proximity of the model to the real system's reaction. 

In the above-mentioned high-fidelity DT, a 

multi-condition virtual fault sample generation 
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strategy is also adopted, with the aim of including all 

kinds of operating conditions and early fault forms 

that may be encountered in the actual wind field. 

However, if the virtual simulation data is directly 

used to train the diagnosis model, the "simulation-to-

reality" domain difference problem may arise. 

Therefore, to avoid this situation, the feature 

alignment and enhancement mechanism of virtual 

and measured data is added to the model [23]. The 

basic principle of this mechanism is to extract and 

strengthen the fault-sensitive and cross-domain 

stable feature representations. Firstly, the virtual 

signal and the available field-measured signal are 

extracted in the same time-frequency domain. Then, 

using the concept of domain adaptation, a feature 

mapping network 𝐺𝑓 is used to transform the virtual 

features, so that their distribution is aligned with the 

measured feature distribution. Finally, the maximum 

mean variance Maximum Mean Discrepancy 

(MMD) is used to minimize the process. The 

following is how MMD is calculated: 

𝐿𝑀𝑀𝐷 = ∥∥
∥ 1

𝑁𝑠
∑  
𝑁𝑠
𝑖=1 𝜙(𝐺𝑓(𝑥𝑖

𝑠)) −
1

𝑁𝑡
∑  
𝑁𝑡
𝑗=1 𝜙(𝑥𝑗

𝑡)∥∥
∥
𝐻

2

 (2) 
𝑥𝑖
𝑠  and 𝑥𝑗

𝑡  represent the feature samples from the 

virtual source domain and the measured target 

domain, respectively. 𝑁𝑠  and 𝑁𝑡  are the 

corresponding number of samples, and 𝜙 (⋅ ) is a 

function of mapping features to reproducing kernel 

Hilbert space 𝐻. By optimizing the loss, the feature 

distribution of the generated virtual data will be close 

to the measured data distribution. Finally, the 

aligned virtual features and the limited measured 

features together form an enhanced feature training 

set, which provides an information basis for the 

subsequent model training. 

 

3.2. Construction and Optimization of FL Model 

for Cross-domain Diagnosis 

 

3.2.1. Framework Design of Distributed 

Diagnosis across Wind Fields 

When early fault diagnosis is carried out for the 

transmission system of wind turbines, the privacy 

risk of each wind field's data cannot be ignored [24]. 

Based on model training with local data (including 

the virtual data generated in the previous section), a 

distributed framework of cross-wind field FL for 

early fault diagnosis is proposed. The principle of 

this framework is to keep the original data in each 

wind farm at all times, and only exchange the 

encrypted model parameters to jointly train a 

globally shared intelligent diagnosis model. Fig. 2 

presents the overall architecture and workflow of the 

distributed federated diagnosis framework across 

wind farms. 

This framework uses the client-server 

architecture and connects it with the real-world 

scenario of wind power maintenance and operation 

in Fig. 2. Two types of crucial data are stored, and 

each participating wind farm is considered a FL 

client with full local model training capabilities. 

After feature extraction, the first is the feature set of 

the wind turbine's historical and current monitoring 

data. The other is the virtual fault feature data 

generated by the DT method proposed in section 3.1. 
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Fig. 2. Overall framework and workflow of 

distributed federal diagnosis framework 

across wind farms 

 

2.2. Federated Feature Learning Based on 

Virtual Data Fusion 

Based on the above cross-wind federated 

framework, a feature learning mechanism 

integrating virtual data is proposed. The main 

principle of this mechanism is to use a dual-path 

feature learning network and a joint loss function, 

allowing the model to simultaneously extract stable 

and transportable fault feature representations from 

both measured data and virtual data [25]. 

The local diagnosis model of each client is 

composed of a shared feature encoder 𝐸(⋅; 𝜃𝑒) and 

two classifiers𝐶𝑟(⋅; 𝜃𝑟) and 𝐶𝑣(⋅; 𝜃𝑣). Among them, 

𝐸  is responsible for extracting high-level abstract 

representation from input features, and 𝜃𝑒  is a 

parameter. 𝐶𝑟  is used to process the feature 

representation from the measured data to classify the 

real faults. 𝐶𝑣  is responsible for processing feature 

representation from virtual data. In each round of 

local training, for a batch of multi-type data 

containing 𝑁𝑟  measured samples and 𝑁𝑣  virtual 

samples, their feature representations are first 

obtained by an encoder: 

 𝑧𝑖
𝑟 = 𝐸(𝑥𝑖

𝑟; 𝜃𝑒), (3) 
 𝑧𝑗

𝑣 = 𝐸(𝑥𝑗
𝑣; 𝜃𝑒) (4) 

𝑥𝑖
𝑟  and 𝑥𝑗

𝑣  represent the feature inputs of the i-th 

measured sample and the j-th virtual sample, 

respectively. 𝑧𝑖
𝑟  and 𝑧𝑗

𝑣  are the corresponding 

encoded feature vectors. 

To make better use of virtual data and prevent it 

from interfering with the distribution of real data, the 

classification loss of the two kinds of data will be 

calculated separately. The classification loss of 

measured data adopts standard cross entropy loss: 

𝐿𝑐𝑙𝑠
𝑟 = −

1

𝑁𝑟
∑  
𝑁𝑟
𝑖=1 ∑  𝐶

𝑐=1 𝑦𝑖,𝑐
𝑟 log(𝑦̂𝑖,𝑐

𝑟 ) (5) 

𝐶 is the total number of fault categories, 𝑦𝑖,𝑐
𝑟  is the 

indication value of the real label of the i-th measured 

sample on category 𝑐 , and 𝑦̂𝑖,𝑐
𝑟 = 𝐶𝑟(𝑧𝑖

𝑟)  is the 

prediction probability of the model that the sample 

belongs to category 𝑐. The classification loss 𝐿𝑐𝑙𝑠
𝑣  of 

virtual data is calculated in the same way, but the 

classifier 𝐶𝑣  and the virtual sample label 𝑦𝑣  are 

used. 
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Similarly, the alignment loss of feature 

distribution is adopted to ensure that the encoder can 

learn the features beneficial to real fault diagnosis 

from virtual data. This loss is achieved by 

calculating a simple second-order moment matching 

loss: 

ℒ𝑎𝑙𝑖𝑔𝑛 = ∥∥
∥ 1

𝑁𝑟
∑  
𝑁𝑟
𝑖=1 𝑧𝑖

𝑟 −
1

𝑁𝑣
∑  
𝑁𝑣
𝑗=1 𝑧𝑗

𝑣
∥∥
∥
2

2
+

∥∥Cov(𝑍𝑟) − Cov(𝑍𝑣)∥∥𝐹
2  (6) 

The first term is responsible for making the mean 

values of the two types of features as close as 

possible, and the second term is to make their 

covariance matrices Cov(𝑍𝑟)  and Cov(𝑍𝑣)  as 

similar as possible. ∥⋅∥𝐹 stands for Frobenius norm. 

The minimization of this function shows that the 

encoder will be guided to learn a common feature 

space, so that the fault mode knowledge contained in 

virtual data can better help the measured data to 

complete the classification. 

After the above operations, the local training 

joint loss function is obtained by the weighted sum 

method: 

𝐿𝑙𝑜𝑐𝑎𝑙 = 𝐿𝑐𝑙𝑠
𝑟 + 𝛼𝐿𝑐𝑙𝑠

𝑣 + 𝛽𝐿𝑎𝑙𝑖𝑔𝑛  (7) 

𝛼  and 𝛽  are hyperparameters, which are used to 

control the weights of virtual data classification loss 

and feature alignment loss. In each round of local 

training, the client minimizes the function by random 

gradient descent algorithm, and updates its local 

model parameters 𝛩 = {𝜃𝑒 , 𝜃𝑟 , 𝜃𝑣}. 
 

3.2.3. Optimization of Federated Aggregation 

Combining Different Types of Data 

 

The central server must combine models from 

several clients to update during the FL aggregation 

stage. Based on this, this section proposes a 

federated aggregation optimization algorithm 

combined with data quality evaluation. 

According to the model update situation 

uploaded by different clients, this variable is used to 

measure the ratio of real and effective fault samples 

in the local data set of clients. If a client has more 

high-quality measured fault data, its trained local 

model update is generally more reliable. Therefore, 

a weighting factor based on data composition is 

given first. Assuming that the number of measured 

fault samples is 𝑁𝑘
𝑟𝑒𝑎𝑙  and the number of virtual fault 

samples is 𝑁𝑘
𝑣𝑖𝑟𝑡 in the local data set of the kth client, 

the total data of the client is the sum of the above 

two. At this point, a ratio is used to describe the true 

weight of its data: 

 𝑤𝑘
𝑏𝑎𝑠𝑒 =

𝑁𝑘
𝑟𝑒𝑎𝑙

𝑁𝑘
𝑟𝑒𝑎𝑙+𝛾⋅𝑁𝑘

𝑣𝑖𝑟𝑡 (8) 

𝛾 is a discount factor ranging from 0 to 1, which is 

used to adjust the contribution of virtual data. 

However, the quality of the update cannot be fully 

evaluated only by the data ratio. Therefore, the 

performance of a client local model on the local 

verification set is constructed as another evaluation 

index. Assume that the accuracy of the verification 

set of the k-th client local model in the current round 

is 𝐴𝑘 . Then the obtained aggregation weight 𝜆𝑘  is 

calculated by the data base weight and the 

performance weight: 

 𝜆𝑘 =
𝑤𝑘
𝑏𝑎𝑠𝑒⋅exp(𝐴𝑘/𝜏)

∑  𝐾
𝑗=1 (𝑤𝑗

𝑏𝑎𝑠𝑒⋅exp(𝐴𝑗/𝜏))
 (9) 

𝜏  is a temperature parameter used to smooth the 

weight distribution, and 𝐾  is the total number of 

clients participating in the aggregation. Clients with 

high data quality and strong local model 

performance will be given more weight in this 

equation. 

This study optimizes the traditional federal 

average aggregation after providing the dynamic 

weight of each customer. The server performs 

weighted aggregation after receiving each client's 

model parameter update Δ𝜃𝑘, which is the difference 

between the local model parameters and the most 

recent round of global parameters. 

 𝛥𝛩𝑔 = ∑  𝐾
𝑘=1 𝜆𝑘 ⋅ 𝛥𝜃𝑘 (10) 

 𝛩𝑔
𝑡+1 = 𝛩𝑔

𝑡 + 𝜂 ⋅ 𝛥𝛩𝑔 (11) 

𝛥𝛩𝑔  is the calculated global model parameters 

whose update directions 𝛩𝑔
𝑡  and 𝛩𝑔

𝑡+1  are the 𝑡 and 

𝑡 + 1  rounds respectively, and 𝜂  is the global 

learning rate. 

 

3.2.4. Model Optimization of Early Fault 

Sensitivity 

 

The defect characteristic signal in wind turbine 

transmission system early fault diagnostics is 

typically very faint and readily obscured by 

significant background noise and normal operational 

vibrations. To increase the model's diagnostic 

sensitivity and make it focus more on the important 

features that are susceptible to early errors, this part 

will employ an attention mechanism. 

The channel attention module is added to the 

local feature encoder 𝐸 of the client. The goal of this 

module is to make the model automatically learn the 

importance weights of different characteristic 

channels in early fault diagnosis. It is assumed that 

the middle feature map output by the encoder is 𝑈 ∈
R𝑚×𝑙×𝑝, where 𝑝 is the number of channels and 𝑚 

and 𝑙 are the spatial dimensions of the feature map. 

Firstly, 𝑈 is globally averaged and pooled to obtain 

the global description of each channel: 

 𝑠𝑝 =
1

𝑚×𝑙
∑  𝑚
𝑖=1 ∑  𝑙

𝑗=1 𝑈𝑝(𝑖, 𝑗) (12) 

𝑠𝑝 is the global statistic of the 𝑝-th channel. 𝑈𝑝(𝑖, 𝑗) 

is the eigenvalue of the 𝑝 -th channel at position 

(𝑖, 𝑗) . Then, through a simple two-layer neural 

network and nonlinear activation function, the final 

channel attention weight vector 𝑎 = [𝑎1, 𝑎2, . . . , 𝑎𝑝] 

is generated. The weight vector is normalized to 

(0,1) by Sigmoid function. Finally, the feature map 

𝑈  is recalibrated by its corresponding attention 

weight: 

 𝑈𝑝 = 𝑎𝑝 ⋅ 𝑈𝑝 (13) 

This process enables the model to dynamically 

enhance the characteristic channels containing early 

fault information, while suppressing irrelevant and 
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noisy channels, thus amplifying the performance of 

weak fault signals in the characteristic space. 

 

4. EXPERIMENTAL RESULTS AND 

ANALYSIS 

 

4.1. Experimental Setup and Data Description 

(1) Selection of dataset 

In this experiment, the dataset Coverage, 

Accuracy, Reliability and Earliness (CARE) is 

selected for the follow-up study. This dataset 

contains high-quality operation data from three 

different wind farms (36 turbines in total), including 

many monitored variables, including generator 

speed, output power, multi-directional vibration 

signals of gearbox bearings, etc. (dataset link: 

https://doi.org/10.5281/zenodo.14006163). To 

simulate the FL scene across wind farms, 36 wind 

turbines from three different wind farms are 

naturally divided into three federated clients, and the 

data of each client represents the local data 

distribution of an independent wind farm. The data 

division technique is displayed in Table 1, where 

each client's local data is further separated into 

training set (60%), verification set (15%), and test set 

(25%) in chronological sequence. 

 
Table 1. Division of federal dataset based on wind 

field 

Federated 

client 

(wind 

farm) 

Number 

of fans 

Number 

of normal 

behavior 

periods 

Number of 

marked early 

abnormal 

periods 

Client A 12 18 16 

Client B 12 17 14 

Client C 12 16 14 

 

(2) Experimental platform 

The specific configuration of the experimental 

platform used in this study is shown in Table 2, 

which includes a complete environment from 

hardware infrastructure to software framework and 

key library versions. 

(3) Model parameter setting 

The hyperparameter settings related to model 

training and FL are determined by previous ablation 

experiments, and the specific values are shown in 

Table 3. 

 

4.2. Model Validity Verification 

 

4.2.1. The Performance Analysis of Early Fault 

Diagnosis 

The basic ability of DT-FL model in early fault 

identification is verified by comparative 

experiments.  Baseline  models  include independent 

Local-Only training model, classical federal average 

model Federal Average (FedAvg) and Centralized 

training model (this is a theoretical model, assuming 

that all wind field data can be centralized in one 

center   and   all   measured   data   can   be   used  for 

 

Table 2. Details of experimental environment 

configuration 

Type 
Configuration 

project 
Detailed description 

Hardware 

Computing 

server 
Rack server 

CPU 

2 Intel Xeon Gold 

5218(32 cores /64 

threads) 

RAM 128 GB DDR4 

GPU 
2 NVIDIA T4(16GB 

GDDR6 memory) 

Save 
1TB NVMe SSD+4TB 

SATA HDD 

Software 

and 

framework 

Operating 

system 
Ubuntu 20.04 LTS 

Programming 

language 
Python 3.8 

Deep 

learning 

framework 

PyTorch 1.12.0+CUDA 

11.6 

FL 

simulation 

Custom FL framework 

based on PyTorch 

Scientific 

calculation 

and 

simulation 

MATLAB R2022a, 

Simulink 

Other key 

libraries 

NumPy, SciPy, scikit-

learn, Pandas 

 
Table 3. Model parameter setting 

Parameter 

category 
Parameter name Setting value 

Federal 

training 

Number of clients 3 

Total number of 

communication 

rounds 

100 

Number of local 

training rounds 
5 

synchronous 

frequency 
1 

Client sampling 

rate 
1.0 

Aggregation 

weight discount 

factor 

0.3 

Local model 

optimization 

Batch size 64 

Initial learning rate 0.001 

Optimizer Adam 

Virtual data loss 

weight 
0.7 

Feature alignment 

loss weight 
0.5 

Focus loss 

parameter 
2.0 

Temperature 

parameter 
0.5 

 

training). Accuracy, precision, recall, and F1-score 

are examples of evaluation indicators. Figs. 3 and 4 

show the performance indicators of each model in 

three client test sets and the category of "early 

failure". 

Fig. 3 and Fig. 4 show that DT-FL model has 

better performance in early fault identification of 



DIAGNOSTYKA, Vol. 27, No. 3 (2026)  

Guan M, Wan L, Liu W. Cross-domain diagnosis model for early fault of wind turbine drive system based on… 

6 

wind farm. Compared with Local-Only model (F1 

score is 0.853) and FedAvg model (F1 score is 

0.900), the F1 score of DT-FL model in three wind 

fields is 0.942. The main reason for the above 

phenomenon is that the DT-FL model generates 

virtual fault samples under multiple operating 

conditions using digital twin technology, which 

effectively supplements the missing early fault 

samples in each wind farm, enables the model to 

perceive more fault modes, and thereby improves the 

recognition accuracy of real faults. 
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Fig. 3. Comparison of average performance 

of different diagnostic models on various 

wind field test sets 
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Fig. 4. Diagnostic performance of each model 

for "early fault" category 

 

On the identification of early fault categories, the 

recall rate (92.5%) and F1 score (0.931) of DT-FL 

are higher than those of Local-Only by 12.2% and 

0.119, respectively. This is mainly attributed to the 

introduction of the channel attention mechanism in 

the model, which enables the neural network to focus 

more on weak frequency-band components related to 

early faults. 

This demonstrates that by using DT technology 

to introduce virtual data, DT-FL can successfully 

address the issue of data heterogeneity and enhance 

the detection capacity of a few types of faults. 

 

4.2.2. Generalization Ability Test Across 

Different Scenarios 

A cross-wind migration experiment is set up to 

test the generalization ability. One wind field is 

selected as the target domain, and its data is only 

used for testing. The model is trained using the data 

from the other two wind fields as the source domain. 

Three training methods were set up in the 

experiment, including centralized training in the 

source domain (X1), federated training in the source 

domain (X2), and fine-tuning in the target domain 

(X3). In addition, the average performance 

attenuation of each model when it is directly 

migrated to different target domains is also counted. 

Performance degradation is defined as the difference 

between the model's F1 score in the target domain 

and its average F1 score in the source domain. 

Finally, the results shown in Figs. 5 and 6 are 

obtained. 
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Fig. 5. Cross-wind field generalization 

performance test (target domain: wind field C) 
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Fig. 6. Average performance attenuation of 

direct migration across wind fields of different 

models 

 

Fig. 5 shows that the DT-FL framework is 0.038 

higher than the centralized training in the source 

domain (0.828) only through the federal training in 

the source domain (F1 score is 0.866) when the wind 

field C is taken as the target domain. After fine-

tuning with 10% target domain data, the F1 score is 

raised to 0.931. This is because the vibration data of 

wind farm C in the target domain exhibits working 

condition drift, and a small amount of local data can 

be used to correct the error between the virtual 

features and actual features of the digital twin model, 

resulting in improved performance. 

Fig. 6 shows that the average attenuation rate of 

DT-FL (7.6%) is lower than that of Local-Only 

(12.5%) and FedAvg (9.8%). It shows that its DT 

virtual data strategy can effectively alleviate the 

negative migration problem caused by data 

heterogeneity. This result occurs because the digital 

twin takes into account different operating 

conditions (wind speed, load, etc.) during virtual 

data generation, and the features it obtains are less 

affected by varying wind farm conditions. 

Consequently, the performance does not degrade 

significantly when transferred to new wind farms. 
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4.2.3. Key Component Ablation Experiment 

In this study, ablation experiments are carried 

out, and three model variants were constructed: 1) 

Remove DT virtual data and using only measured 

data for FL (W/O DT); 2) Keep the virtual data, but 

use the standard federal average algorithm to 

aggregate and remove the dynamic weighted 

optimization (W/OOPT); 3) Complete DT-Full 

Model. Table 4 displays the final experimental 

results. 
Table 4. Experimental analysis of ablation of key 

components 

Model variant 
Accuracy 

(%) 
Precision 

(%) 

Recall 

rate 

(%) 

F1 
score 

Full Model 95.4 94.6 93.9 0.942 

W/o DT 

(measured 

federal only) 

92.1 91.0 90.5 0.907 

W/o Opt 
(standard 

polymerization) 

93.8 92.9 92.0 0.925 

 

From Table 4, the F1 score decreases by 0.035 

due to the removal of dummy data, which shows that 

dummy data plays an important role in expanding 

samples and enhancing early fault characteristics. 

Removing aggregation optimization reduces F1 

score by 0.017. This demonstrates how the dynamic 

weighting technique based on data quality and model 

performance can more successfully integrate the 

expertise of various clients, hence raising the global 

model's quality. 

 

4.2.4. Model Parameters and Sensitivity Analysis 

In this study, the sensitivity of virtual data loss 

weight α to model performance is analyzed. Other 

parameters in the experiment are fixed, and when α 

changes from 0.1 to 1.0, the model's performance on 

the verification set changes. Fig. 7 shows this 

change. 
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Fig. 7. Sensitivity analysis of virtual data loss 

weight α (F1 score of verification set) 

 

Fig. 7 illustrates that when α is too little (0.1), the 

model performs mediocrely and is unable to fully 

utilize the information in virtual data. With the 

increase of α, the performance gradually increases 

and reaches the maximum when α=0.7. When α 

continues to increase to 1.0, the performance 

decreases, which shows that over-reliance on virtual 

data may slightly interfere with learning the real data 

distribution. Therefore, α=0.7 is a better value, 

which can make the model make full use of the 

extended knowledge in virtual data. This 

phenomenon can be interpreted as follows: although 

virtual data contain abundant fault features, they still 

exhibit certain deviations compared with real data. 

Excessive weighting will cause the model to 

generate spurious correlations, thereby reducing its 

recognition performance for actual faults. 

 

4.3. Discussion 

The proposed DT-FL model achieves favorable 

early fault identification performance on the CARE 

dataset. To further understand the merits and 

demerits of the presented method, this study 

compares it with two recent relevant works. One is 

the cloud-edge collaborative federated learning 

framework proposed in [11], which mainly reduces 

communication costs and improves computational 

efficiency but does not incorporate a virtual data 

generation strategy. The other is the event-triggered 

federated learning strategy proposed in [12], which 

mainly addresses the data transmission frequency 

issue in offshore wind farms and has limited 

capability in processing different types of data. 

Different from these two studies, this study 

introduces dual-path feature learning into the 

federated learning framework, enabling virtual data 

and real data to participate in training jointly, while 

employing a feature alignment method to narrow the 

distribution discrepancy between them. In addition, 

during the fusion process, it proposes a dynamic 

weight assignment method based on data quality and 

local validation performance. The advantage of 

using this method is that clients with high data 

quality can contribute more to the update of the 

global model, thereby reducing model bias caused by 

irrelevant and heterogeneous data. Overall, the 

research idea of this study differs from existing 

studies, yet its application in complex operating 

environments and multi-fault scenarios remains to be 

further verified. 

 

5. CONCLUSION 

 

To address the issues of data scarcity, significant 

structural variations among wind farms, and privacy 

protection in the early fault diagnosis of wind turbine 

transmission systems, this study proposes a cross-

domain diagnosis model that combines DT and FL. 

On the one hand, the study builds a DT that creates 

multi-condition virtual fault samples by combining 

data-driven and multi-physical field mechanisms. 

On the other hand, the feature alignment approach is 

employed to reduce the domain gap between 

measured and simulation data. Furthermore, dual-

path feature learning and a dynamic weighted 

aggregation technique are incorporated into a cross-

wind-field FL framework to enhance fault 

identification accuracy and generalization. 
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Experiments show that the model is superior to 

traditional local training and FedAvg methods on 

CARE datasets, and it also performs better in early 

fault detection. However, the limitation of the study 

is that the model is only verified for specific types of 

transmission parts and limited wind field data, and 

extreme working conditions and compound fault 

scenarios are not considered. Future research will 

expand the model to include more fault types and 

complex operating environments, further improving 

its engineering practicability and real-time diagnosis 

ability. 
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