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Abstract. Physical sensors are unable to meet the demand for dense measurement channels in wind turbine condition 
monitoring because of their high cost, challenging installation, harsh nacelle environment, and long-term drift. A Koopman 
Autoencoder approach is suggested for building virtual sensors in a digital twin of a wind turbine. The technique creates a 
latent space for linear Koopman evolution of nonlinear turbine behavior by mapping multi-source supervisory control, 
vibration, temperature, power, and pitch-yaw data. The digital twin provides residual feedback and operating-context 
constraints, while the decoder reconstructs the unmeasured or missing variables. Examine the framework in the following 
scenarios: normal operation, wind speed variations, sensor drift, missing sensors, and cross-turbine transmission. As a result, 
the virtual sensor's accuracy has improved and its reconstruction error for missing channels has decreased, making it 
appropriate for edge-assisted turbine monitoring. 
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Introduction 
In addition to having variable pitch control, drivetrain load fluctuations, and environmental disturbances, 
modern wind turbines operate in non-stationary wind fields. Many of the important states cannot be directly 
observed at high spatial or temporal resolution, despite the fact that supervisory control and data acquisition 
systems offer some measurements. A turbine model may incorporate its physical structure and operational data 
over time to facilitate online monitoring, according to research on digital twins [1]. By treating each channel as 
a separate numerical sequence, a twin can be used to transform sparse measurements into structured state 
estimates, making virtual sensing relatively simple to implement [2]. 

The dynamics of wind turbines often include nonlinear and regime-dependent difficulties. At start-up, rated-
power, partial-load, curtailment, and shutdown, the relationships between rotor speed, generator torque, 
nacelle temperature, pitch angle, blade load proxy, vibration amplitude, and power output vary. Traditional 
regression methods can recover missing channels in the typical operational range, but they are not particularly 
stable under various input circumstances. The online model must be compact enough for near-equipment 
operation and store long-term state information, according to research on edge intelligence and industrial 
monitoring [3]. 

This research suggests a Koopman Autoencoder-based virtual sensing architecture for wind turbine digital twins 
in light of the issues. The decoder reconstructs physical variables as virtual measurements, the encoder learns a 
latent representation of aligned monitoring sequences, and the Koopman transition matrix models the evolution 
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of latent states. It features drift correction, early abnormal condition detection, and a missing sensor 
compensation function. To enhance virtual sensing's precision, deployability, and interpretability in the context 
of turbine operation, it incorporates a latent linear dynamics model and twin-state restrictions [4]. 

Related Work 

Wind Turbine Monitoring and Sensor Redundancy 

Data-driven diagnosis and prediction have replaced threshold-based alerts in wind turbine monitoring. The 
actual turbine has been linked to a simulation model, past maintenance logs, and online monitoring data using 
digital twin systems [5]. In this instance, the unknown quantities—such as blade-root load, local temperature 
increase, drivetrain condition, and hidden damage indicators—are approximated using virtual sensors. Sensor 
redundancy must be used when extreme operating conditions result in missing data or communication delays, 
according to the predictive maintenance work mentioned above [6]. 

Multivariate time-series reconstruction is also connected to virtual sensing. If a channel is absent, use the 
model's correlated variables to infer it rather than just interpolating earlier values. The following traits are also 
present in wind turbines: Nacelle vibration is influenced by drivetrain conditions, generator temperature varies 
with load and ambient temperature, and power is correlated with wind speed and rotor speed. Operating-
regime knowledge is linked to reconstruction quality, according to recent research on wind turbine monitoring 
[7] and SCADA-based diagnostic investigations [8]. 

Latent Dynamic Models for Virtual Sensing 

In industrial reconstruction, autoencoders are frequently used to reduce the dimensionality of high-dimensional 
measurements to a small number before reconstructing the original variables. In anomaly identification and 
fault diagnosis, reconstruction error may be utilized to show that the typical operating pattern has not been 
accurately replicated [9]. A standard autoencoder is constrained since it does not explicitly describe state 
transitions. Although it can precisely reconstruct every window, it lacks the dynamic continuity needed for online 
virtual sensing and forecasting. 

An excellent alternative that maps nonlinear dynamics to a latent space with almost linear development is 
Koopman learning. This feature separates temporal propagation from representation learning, making it 
appropriate for wind turbine virtual sensing. Latent evolution may preserve the characteristics of nonlinear 
systems and be more suited for prediction, as shown by deep Koopman models [10], linearly recurrent 
autoencoders [11], and universal linear embedding investigations [12]. Compact long-context models are 
necessary for monitoring windows with delayed thermal or mechanical responses, according to effective 
sequence studies [13]. 

Koopman Autoencoder-Based Virtual Sensor Construction 

Monitoring Sequence Encoding and Twin-State Mapping 

First, match the present state of the digital twin in the suggested framework with the multi-source sequences 
of wind turbine monitoring. Wind speed, rotor speed, generator torque, active power, pitch angle, yaw deviation, 
nacelle temperature, gearbox temperature, generator temperature, vibration amplitude, and available 
maintenance context are all included in each sample window. Component identification, operating 
circumstances, rated-power limitations, and expected-state windows are all provided by the digital twin. The 
field measurements, twin-state background, and historical data are arranged prior to being included into the 
virtual sensor model, as seen in Figure 1. 
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Figure 1. Multi-source turbine monitoring and twin alignment process. 

 
At time t, the raw monitoring vector is expressed as follows: 

𝑥𝑥𝑡𝑡 = [𝑤𝑤𝑡𝑡 , 𝑟𝑟𝑡𝑡 , 𝑝𝑝𝑡𝑡 , 𝑞𝑞𝑡𝑡 ,𝜃𝜃𝑡𝑡 ,𝜓𝜓𝑡𝑡 ,𝑇𝑇𝑡𝑡 , 𝑣𝑣𝑡𝑡] Eq.(1) 
In this vector, 𝑤𝑤𝑡𝑡  denotes wind-related input, 𝑟𝑟𝑡𝑡  denotes rotor-state information, 𝑝𝑝𝑡𝑡  and 𝑞𝑞𝑡𝑡  describe power and 
torque response, while 𝜃𝜃𝑡𝑡 ,𝜓𝜓𝑡𝑡 ,𝑇𝑇𝑡𝑡 , and 𝑣𝑣𝑡𝑡  represent pitch-yaw, thermal, and vibration-related measurements. 
This vector is not treated as a simple feature list. It is regarded as a turbine-state observation whose meaning 
depends on the current operating regime. 

To connect measurement data with the digital twin, the aligned state is defined as: 

𝑠𝑠𝑡𝑡 = [𝑥𝑥𝑡𝑡 , 𝑐𝑐𝑡𝑡 ,𝑚𝑚𝑡𝑡] Eq.(2) 
Here, 𝑐𝑐𝑡𝑡  represents twin-context information such as operating mode, component identity, rated-power status, 
and environmental condition. The term  𝑚𝑚𝑡𝑡  represents maintenance or data-quality information, including 
recent inspection labels, sensor availability, and channel reliability. By combining these elements, the model can 
distinguish a normal thermal increase during rated operation from an abnormal thermal rise under low-load 
operation. 

Because turbine variables have different physical scales, the aligned state is normalized by operating regime: 

𝑠𝑠‾𝑡𝑡 =
𝑠𝑠𝑡𝑡 − 𝜇𝜇𝑔𝑔(𝑡𝑡)
𝜎𝜎𝑔𝑔(𝑡𝑡) + 𝜖𝜖

 Eq.(3) 

The mean 𝜇𝜇𝑔𝑔(𝑡𝑡) and standard deviation 𝜎𝜎𝑔𝑔(𝑡𝑡) are estimated within the current operating group. This prevents 
signals from different regimes from being forced into one global distribution. For example, generator 
temperature during high-power production and generator temperature during shutdown cooling should not be 
interpreted under the same statistical baseline. 

The observation mask is introduced as: 

𝑀𝑀𝑡𝑡 ∈ {0,1}𝑑𝑑 Eq.(4) 
Each channel's availability, absence, delay, or purposeful concealment during training are all recorded by the 
mask. Convenient virtual sensing is essential, but the missing data should also point to a connectivity issue or 
sensor failure. Save the partial samples and train a model to deduce the missing characteristics from the relevant 
channels instead of discarding them. 
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Then, the input monitoring window looks like this: 

𝑋𝑋𝑡𝑡−𝐿𝐿+1:𝑡𝑡 = [𝑠𝑠‾𝑡𝑡−𝐿𝐿+1, 𝑠𝑠‾𝑡𝑡−𝐿𝐿+2, … , 𝑠𝑠‾𝑡𝑡] Eq.(5) 
The length 𝐿𝐿 determines how much historical context is retained. A longer window allows the model to observe 
delayed thermal accumulation, pitch-control response, and vibration propagation. This window-level 
representation is more suitable than single-frame input because many wind turbine states evolve gradually 
rather than instantaneously. 

Koopman Latent Transition Learning 

After aligning the sequences, a latent space is mapped to the normalized turbine states. Identify a small-scale 
dynamic coordinate system that makes it simpler to explain the wind turbine's nonlinear motion. Information 
about energy conversion, thermal response, drivetrain vibration, and control action must be stored in the latent 
state. 

This is the encoder map: 

𝑧𝑧𝑡𝑡 = 𝐸𝐸𝜙𝜙(𝑠𝑠‾𝑡𝑡) Eq.(6) 
The latent variable 𝑧𝑧𝑡𝑡  is a compressed representation of the turbine state. Although its dimension is smaller than 
the original input, it should preserve the dominant dynamic evidence required for reconstruction. If the latent 
state loses load or thermal information, the virtual sensor will become accurate only under easy operating 
conditions and unstable under regime transition. 

The Koopman transition is then introduced in the latent space: 

𝑧̂𝑧𝑡𝑡+1 = 𝐾𝐾𝑧𝑧𝑡𝑡 Eq.(7) 
The matrix 𝐾𝐾 describes one-step latent evolution. The important point is that the original turbine dynamics may 
be nonlinear, but the learned latent dynamics are encouraged to evolve approximately linearly. This makes the 
model easier to propagate, easier to stabilize, and more suitable for edge-side deployment than a heavy 
recurrent model. 

For multi-step latent prediction, the transition is extended as: 

𝑧̂𝑧𝑡𝑡+ℎ = 𝐾𝐾ℎ𝑧𝑧𝑡𝑡 Eq.(8) 
Through this expression, the model repeatedly applies the same transition operator to predict future latent 
states. It is appropriate for maintaining a virtual sensor's stability for a brief period of time. The reconstructed 
channel should not be regarded as a trustworthy turbinestate estimate if it is accurate at the moment but 
inconsistent in the subsequent steps. 

This is how the dynamic consistency loss is expressed: 

𝐿𝐿𝑑𝑑𝑑𝑑𝑑𝑑 = � 
𝐻𝐻

ℎ=1

‖𝑧𝑧𝑡𝑡+ℎ − 𝐾𝐾ℎ𝑧𝑧𝑡𝑡‖22 Eq.(9) 

As a result, the learnt latent representation will follow a regular time series due to the loss function. It does not 
stop the encoder from generating a latent vector that is capable of accurately reconstructing the present but is 
unable to characterize behavior in the future. It is necessary for the monitoring system to react to temperature, 
vibration, and power-response coupling changes for wind turbines somewhat quickly. 

The reconstruction loss can be found using: 

𝐿𝐿𝑟𝑟𝑟𝑟𝑟𝑟 = �𝑠𝑠‾𝑡𝑡 − 𝐷𝐷𝜓𝜓(𝑧𝑧𝑡𝑡)�1 Eq.(10) 

The decoder 𝐷𝐷𝜓𝜓 reconstructs the normalized turbine state from the latent representation. This loss keeps the 
latent space connected to observable physical variables. Without this reconstruction constraint, the Koopman 
transition may become mathematically smooth but physically meaningless. 

To avoid unstable latent growth, a relaxed spectral constraint is used: 
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𝜌𝜌(𝐾𝐾) ≤ 1 + 𝛿𝛿 Eq.(11) 
The term 𝜌𝜌(𝐾𝐾) denotes the spectral radius of the Koopman transition matrix. The small tolerance 𝛿𝛿 allows 
transient response but discourages uncontrolled expansion. This constraint improves stability when the model 
is applied to long monitoring windows or unfamiliar operating regimes. 

Virtual Sensor Decoding and Residual Calibration 

The target variables that are absent, erratic, or not immediately visible are reconstructed by the decoder. These 
goals might include gearbox vibration proxy, bearing temperature, blade-load proxy, or other digital twin 
measurement channels. The online virtual sensing architecture is composed of latent transition, decoding, 
confidence gating, and twin residual feedback, as seen in Figure 2. 

 
Figure 2. Online virtual sensor construction architecture. 

 
The virtual sensor output is decoded as: 

𝑦̂𝑦𝑡𝑡 = 𝐷𝐷𝜓𝜓(𝑧𝑧𝑡𝑡 , 𝑐𝑐𝑡𝑡) Eq.(12) 
The predicted value 𝑦̂𝑦𝑡𝑡  depends on both the latent state and the twin context. This means that the same latent 
pattern can lead to different interpretations under different operating regimes. For example, a vibration increase 
may be acceptable during transient wind fluctuation but suspicious during stable low-load operation. 

When the true target channel is available during training or validation, the residual is computed as: 

𝑟𝑟𝑡𝑡 = 𝑦𝑦𝑡𝑡 − 𝑦̂𝑦𝑡𝑡 Eq.(13) 
The residual is the difference between the virtual sensor's actual value and its predicted value. It is used to 
guarantee stability while also optimizing. Sensor drift, unmodeled deterioration, or a mismatch between the 
present turbine and the learnt twin state might be the cause of persistent residual increase. 

This is how the Confidence Gate is configured: 

𝛼𝛼𝑡𝑡 = 𝜎𝜎(𝑊𝑊𝑟𝑟|𝑟𝑟𝑡𝑡| + 𝑊𝑊𝑐𝑐𝑐𝑐𝑡𝑡 + 𝑏𝑏) Eq.(14) 
The gate decides how much weight to apply to the virtual sensor's output. The latent reconstruction, residual 
behavior, and twin context are all in accord when the confidence level is high. A low confidence score suggests 
that the model should exercise caution since the present condition could be uncommon, unstable, or physically 
irrational. 

The following are the outputs of the calibrated virtual sensor: 
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𝑦̃𝑦𝑡𝑡 = 𝛼𝛼𝑡𝑡𝑦̂𝑦𝑡𝑡 + (1 − 𝛼𝛼𝑡𝑡)𝑦𝑦𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏,𝑡𝑡 Eq.(15) 
The baseline estimates  𝑦𝑦base ,𝑡𝑡 may come from a simple physical rule, historical average, or conservative 
interpolation. This weighted output prevents the model from producing overconfident predictions under 
unfamiliar conditions. It also makes the virtual sensor safer for practical monitoring because uncertain outputs 
are softened rather than blindly accepted. 

To improve missing-channel robustness, the masking loss is written as: 

𝐿𝐿mask = ‖𝑀𝑀𝑡𝑡 ⊙ (𝑠𝑠𝑡𝑡 − 𝑠̂𝑠𝑡𝑡)‖1 Eq.(16) 
Based on the data that are available, use the trained model to recreate the channels that are absent or 
unavailable. To help the model understand cross-channel dependencies, certain channels are purposefully 
hidden during training. As a result, issues like sensor disconnection, packet loss, and delayed upload may be 
replicated in a real-world wind farm setting. 

The following is the twin-guided feasibility constraint: 

𝐿𝐿𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 = � 
𝑗𝑗

max�0, 𝑦̂𝑦𝑡𝑡,𝑗𝑗 − 𝑢𝑢𝑗𝑗,𝑐𝑐� + max�0, 𝑙𝑙𝑗𝑗,𝑐𝑐 − 𝑦̂𝑦𝑡𝑡,𝑗𝑗� Eq.(17) 

The bounds 𝑢𝑢𝑗𝑗,𝑐𝑐 and 𝑙𝑙𝑗𝑗,𝑐𝑐  are determined by operating context. They do not force all reconstructed values to be 
normal; instead, they penalize physically unreasonable outputs. This allows the model to represent abnormal 
behavior while still avoiding impossible virtual measurements. 

The final training objective is: 

𝐿𝐿 = 𝐿𝐿𝑟𝑟𝑟𝑟𝑟𝑟 + 𝜆𝜆1𝐿𝐿𝑑𝑑𝑑𝑑𝑑𝑑 + 𝜆𝜆2𝐿𝐿𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 + 𝜆𝜆3𝐿𝐿𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡  Eq.(18) 
Reconstruction error, latent dynamic consistency, missing-channel robustness, and digital twin feasibility are all 
included in the overall loss function. The four practical criteria for virtual sensing are as follows: the output must 
match the actual measurement, change steadily over time, be useful even in the absence of data, and continue 
to have significance in the context of turbine operation. 

Experimental Results and Analysis 

Virtual Sensor Reconstruction Performance 

The virtual sensor reconstruction findings during turbine operation are shown in Figure 3. Create monitoring 
windows using simulation in the experimental dataset for wind turbines operating under normal, partial-load, 
rated-power, curtailment, and transient wind circumstances. Wind power curve modeling [15] further facilitates 
condition-specific performance evaluation, and previous deep manufacturing research [14] have suggested that 
equipment-state estimation should connect observed signals with model context. The RMSE for thermal virtual 
sensors is shown in Figure 3(a), while the MAE of vibration proxy reconstruction is shown in Figure 3(b). Since a 
digital twin of a wind turbine is the focus of this paper, each monitored signal is examined based on its 
component location, operating conditions, and maintenance needs rather than by isolated numerical 
correlations. If not, the virtual sensor will learn a handy but brittle mapping that only functions in the most 
common partial-load windows and fails when the relationship between channels shifts as a result of thermal lag, 
curtailment, rated-power transition, or yaw correction. Thus, Koopman Autoencoder is a kind of dynamic 
representation model that predicts the development of latent variables, reconstructs hidden or missing 
measurements, and confirms if the reconstructed values are compatible with the twin state. A virtual sensor is 
necessary for a design that can be used to wind farms in order to carry out daily monitoring, identify anomalies, 
fix problems with data quality, and facilitate maintenance analysis in the future. 

The baselines of LSTM, GRU, and conventional autoencoder are 2.47, 2.39, and 2.91 °C, respectively, whereas 
the generator-temperature virtual sensing RMSE of the suggested model is 1.84 °C. Dynamic continuity gives it 
an edge over the Koopman latent state for rated-power transitions. Blade-load proxy accuracy is assessed in 
Figure 3(c), and normalized reconstruction error across operating regimes is shown in Figure 3(d). The two 
findings demonstrate that thermal, mechanical, and load-related virtual quantities all improve. Since a wind 
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turbine digital twin is the focus of this study, all monitored signals will be examined based on component 
locations, operating circumstances, and maintenance needs rather than specific numerical correlations. If not, 
the virtual sensor will pick up a handy but brittle mapping that only works in the most common partial-load 
windows and fails when rated-power transition, curtailment, yaw correction, or thermal lag change the 
connection between channels. Therefore, Koopman Autoencoders are considered dynamic representation 
models that predict the evolution of latent variables, reconstruct missing or unobserved data, and assess 
whether the reconstructed values are consistent with the twin state. For a wind farm to be helpful in daily 
operations, anomaly detection, data-quality remediation, and future maintenance analysis, such a virtual sensor 
must be designed. 

 
Figure 3. Virtual sensor reconstruction performance. (a) Thermal sensor RMSE. (b) Vibration proxy MAE. (c) Blade-load proxy accuracy. (d) 

Regime-wise reconstruction error. 
 

The state-specific virtual sensing behavior under typical turbine circumstances is shown in Figure 4. The time-
series reconstruction curve under steady partial-load operation is shown in Figure 4(a). While all models are 
similar, the residuals of the suggested approach are smoother. Rated-power transition performance is shown in 
Figure 4(b), where delayed thermal accumulation is underestimated by the standard autoencoder. The idea that 
the delayed emergence of deterioration should be modeled as a dynamic process rather of a static feature 
snapshot is supported by research on drivetrain reliability analysis [17] and predictive maintenance [16]. The 
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topic of discussion is always a digital twin of a wind turbine, and rather than being understood as separate 
numerical correlations, all monitored signals are interpreted based on operational circumstances, component 
locations, and maintenance relevance. If not, the virtual sensor will pick up a handy but brittle mapping that only 
functions in the most common partial-load window and breaks when the channel relationship is changed by 
rated-power transition, curtailment, yaw correction, or thermal lag. In order to rebuild missing data, forecast 
the development of latent variables, and confirm if the reconstructed values match those of the twin state, 
Koopman Autoencoders are used as dynamic representation models. For virtual sensors to be helpful in routine 
monitoring, abnormal condition screening, data quality correction, and subsequent maintenance analysis, wind 
farms must have a solid design. 

 
Figure 4. State-specific virtual sensing behavior. (a) Partial-load reconstruction curve. (b) Rated-power transition reconstruction curve. 

 
Figure 5. Robustness under missing sensor conditions. (a) Random missing channels. (b) Structured channel loss. 

Cross-Condition Robustness and Fault Sensitivity 

The assessment in the case of a missing sensor is shown in Figure 5. Missing data and drift in sensor data are 
common issues with wind farm operations. Robustness tests were performed for temperature, vibration, and 
power channels at different missing ratios based on reconstruction-oriented anomaly detection research [18]. 
The reconstruction error with random missing channels is shown in Figure 5(a), whereas structured channel loss 
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is shown in Figure 5(b). Structured channel loss is more challenging than random masking, according to condition 
monitoring studies on gearbox and bearing signals [19]. Since a wind turbine digital twin is the subject of the 
discussion, monitoring signals are arranged based on operating conditions, component locations, and 
maintenance needs rather than being analyzed separately. This will stop the virtual sensor from learning a handy 
but brittle mapping that only functions for frequently occurring partial-load windows and breaks when the 
channel relationship is altered by the rated-power transition, curtailment, yaw correction, or thermal lag. Thus, 
Koopman Autoencoders are regarded as dynamic representation models that reconstruct missing observations, 
forecast latent variable evolution, and confirm that the reconstructed values match the twin state. For wind 
farms to benefit from the virtual sensor in the following ways—regular monitoring, abnormal-state detection, 
data-quality rectification, and later maintenance analysis—such a design is necessary. 

 
Figure 6. Cross-condition robustness and transfer behavior. (a) Temperature drift. (b) Vibration noise. (c) Cross-turbine transfer. (d) 

Confidence under wind-regime shift. 
 

Cross-condition resilience and transfer behavior are seen in Figure 6. A slow temperature decline is shown in 
Figure 6(a), whereas vibration noise injection is seen in Figure 6(b). The confidence gate in this study lowers the 
output trust when latent residuals and twin constraints disagree, reducing the risk of reconstruction models 
becoming overconfident under distribution shift, as demonstrated by research on multimodal data fusion [20] 
and transfer-based machine fault diagnosis [21]. A wind turbine digital twin serves as the organizational unit for 
the ongoing discussion. Rather than being viewed as a stand-alone number, each monitored signal is interpreted 
based on the operating condition, component location, and maintenance requirements, among other factors. If 
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not, the virtual sensor will learn a handy but brittle mapping that only works in the most common partial-load 
windows and fails when the connection between channels is altered by the rated-power transition, curtailment, 
yaw correction, or thermal lag. Therefore, Koopman Autoencoders are regarded as dynamic representation 
models that predict the evolution of latent variables, reconstruct missing or hidden observations, and confirm 
that the reconstructed values are consistent with the twin state. For everyday operation, anomalous condition 
detection, data quality correction, and later maintenance analysis, the design of such a virtual sensor in a wind 
farm must be feasible. 

When compared to a non-gated Koopman Autoencoder, the suggested technique minimizes false virtual-sensor 
alerts by 23.5% while maintaining 92.8% reconstruction confidence under moderate drift. The normalized error 
in a cross-turbine configuration was lowered from 0.142 to 0.087 by fine-tuning using a 15% marked window. 
Figure 6(d) presents virtual sensor confidence under unknown wind conditions, while Figure 6(c) depicts the 
transfer to an unseen turbine. Virtual sensing should exercise caution when the turbine reaches a rare dynamic 
condition, which is why this behavior is sought [22]. Since the wind turbine digital twin is the topic of discussion, 
each monitoring signal is not interpreted as a single number but rather in terms of operating conditions, 
component location, maintenance requirements, etc. If not, the virtual sensor will pick up a handy but erratic 
mapping that only works in the most common partial-load windows and fails when the connection between 
channels is altered by rated-power transition, curtailment, yaw correction, or thermal lag. In order to reconstruct 
missing or hidden observations, forecast the latent state's evolution, and confirm whether the reconstructed 
values match those derived from the twin state, the Koopman Autoencoder is utilized as a dynamic 
representation model. A common wind farm design is a virtual sensor that may be used for maintenance analysis, 
data quality correction, abnormal condition detection, and daily operations. 

 
Figure 7. Ablation and deployment performance. (a) Module ablation. (b) Twin-constraint contribution. (c) Inference latency. 
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Ablation and Real-Time Deployment 

Ablation and deployment outcomes are shown in Figure 7. Module removal settings are shown in Figure 7(a), 
and the multi-step reconstruction error is increased by 16.9% when the Koopman transition is removed. The 
contribution of twin constraints is seen in Figure 7(b); 6.2% of the reconstructed virtual measurements surpass 
the established operating limits in the absence of the constraint term. Inference delay is seen in Figure 7(c). The 
suggested model processes a single 128-step window in 12.6 ms on an edge workstation, and effective 
sequence-model research [23] and wind-speed forecasting studies [24] have highlighted the necessity for 
monitoring models to remain stable despite changes in input horizons. The wind turbine digital twin is the 
constant topic of discussion, and rather than being examined separately by numbers, each monitored signal is 
interpreted in terms of operating conditions, component locations, and maintenance requirements. This stops 
the virtual sensor from learning a practical but brittle mapping that only works in the most common partial-load 
windows and breaks when the connection between channels changes as a result of thermal lag, curtailment, 
rated-power transition, or yaw correction. Therefore, Koopman Autoencoders are thought of as dynamic 
representation models that forecast the development of latent variables, rebuild missing or unseen 
measurements, and confirm that the reconstructed values are compatible with the twin state. Consequently, a 
wind farm design that can facilitate the development of a virtual sensor for daily monitoring, abnormal-state 
detection, data-quality correction, and subsequent maintenance analysis is required. 

Inference and mixed-precision export need a total of 1.18GB and 420MB of GPU RAM, respectively. For both 
thermal and vibration targets, a Transformer reconstruction model has a greater latency and a comparatively 
big reconstruction error. As a result, the Koopman Autoencoder can serve as a useful virtual sensor module in a 
digital-twin wind-turbine monitoring system and is appropriate for offline reconstruction. Control-state 
discontinuity [25], wind-ramp uncertainty [26], nonstationary bearing degradation [27], twin-driven fault 
diagnosis [28], variable-selection uncertainty [29], and past wind turbine fault patterns [30] all work together to 
make the latent transition less stable in the remaining failure cases, which mostly happen during turbine 
shutdown and restart. Each monitoring signal is understood in terms of operating mode, component location 
and maintenance needs, etc., rather than isolated numerical correlations, and the wind turbine digital twin is 
consistently the major topic of conversation. If not, the virtual sensor will learn a handy but brittle mapping that 
only works in the most common partial-load windows and fails when the connection between channels is altered 
by the rated-power transition, curtailment, yaw correction, or thermal lag. As a result, Koopman Autoencoders 
are categorized as dynamic representation models; they rebuild latent or missing measurements, forecast the 
latent state's development, and confirm that the reconstructed values match the actual state. For a wind farm 
to function as a virtual sensor for routine monitoring, anomaly detection, data quality correction, and 
subsequent maintenance analysis, the design is necessary. 

This approach may be used for an edge-assisted wind farm design based on the deployment analysis. For quick 
reconstruction, the encoder, transition operator, and decoder may be operated by a turbine controller or nacelle 
gateway. The cloud platform then regularly retrains the model with a larger history window. As additional 
turbine data is provided, this split may help the virtual sensor respond quickly during operation. The 
maintenance dashboard, alert filtering, data-quality correction, and digital twin visualization may all be linked 
to the confidence output. Every monitored signal is evaluated in terms of operational circumstances, component 
locations, and maintenance requirements rather than as discrete numbers, and the topic of conversation is 
always the digital twin of a wind turbine. If not, the virtual sensor will learn a very practical but brittle mapping 
that only functions well in the most common partial-load windows and breaks down when rated-power 
transition, curtailment, yaw correction, or thermal lag change the connection between channels. Therefore, 
Koopman Autoencoders are regarded as dynamic representation models that predict the evolution of latent 
variables, reconstruct missing or hidden observations, and confirm that the reconstructed values are consistent 
with the twin state. An efficient virtual sensor that can be used for daily monitoring, abnormal-state screening, 
data-quality repair, and later maintenance analysis must be included in a design appropriate for wind farms. 

Conclusion 
In this study, a Koopman Autoencoder model for virtual sensor creation in digital twins of wind turbines is 
proposed. To rebuild unmeasured or missing signals while preserving temporal consistency, encode the multi-
source turbine monitoring variables as a latent state and use Koopman linear evolution. The digital twin's context 
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is used to assess confidence, restrict rebuilt variables, and direct state alignment. As a result, the framework 
may be used for early abnormal-state detection, missing-channel compensation, and virtual measurement 
reconstruction. Since a wind turbine digital twin is the topic of discussion, all monitored signals are examined in 
terms of component locations, operational conditions, and maintenance needs rather than as discrete numbers. 
This prevents the virtual sensor from learning a handy but brittle mapping that only works for the most common 
partial-load windows and breaks when rated-power transition, curtailment, yaw correction, or thermal lag 
change the connection between channels. In order to reconstruct missing or unobserved measurements, 
forecast the evolution of latent variables, and confirm whether the reconstructed values satisfy the condition of 
twin states, a Koopman Autoencoder is chosen as the dynamic representation model. The design should be 
useful for the wind farm and serve many functions, including maintenance analysis, data quality correction, 
anomaly detection, and routine monitoring. 

According to experimental findings, the suggested approach improves virtual sensor accuracy in rated-power 
transition, missing channels, sensor drift, and cross-turbine transfer. The model has an appropriate inference 
latency for edge-assisted turbine monitoring and a lower reconstruction error than the LSTM, GRU, conventional 
autoencoder, and Transformer baselines. Data management is one use for this, and by offering a standardized 
state description for turbines with various hardware, calibrated virtual sensors may be used to fill in missing 
monitoring periods and lower false alarms. Since a digital twin of a wind turbine is the subject of discussion, all 
monitoring signals are shown in relation to the operating regime, component location, and need for repair rather 
than as discrete numbers. This prevents the virtual sensor from learning a handy but brittle mapping that only 
functions in the most common partial-load window and breaks when the relationship between channels is 
altered by the rated-power transition, curtailment, yaw correction, or thermal lag. Thus, Koopman Autoencoders 
are regarded as dynamic representation models that predict the evolution of the latent space, reconstruct 
missing or latent measurements, and confirm that the reconstructed values are consistent with the twin state. 
The design should be workable for data quality correction and delayed maintenance analysis for virtual sensors, 
as well as daily monitoring and abnormal condition detection of wind farms. 

Future research could incorporate maintenance scheduling systems, add physics-informed blade-load 
constraints, implement adaptive updating under seasonal wind variations, and expand the framework to 
turbine-farm level transfer learning. The additions will increase the viability of virtual sensing for predictive 
maintenance and large-scale wind farm management. In addition to being numerically accurate, the 
reconstructed variables will be helpful for maintenance decisions if the model is connected to operator feedback. 
In order to make the rebuilt channels more useful for wind farm operations on a daily basis, the next step is to 
link the confidence of virtual sensors with inspection priority, spare-part planning, and turbine-level risk rating. 
In the case of an alert during high-wind operation, it will also help data engineers, maintenance personnel, and 
control-room operators communicate more effectively. Since a digital twin of a wind turbine is the subject of 
discussion, each monitored signal is examined in relation to the component location, operational status, and 
maintenance needs rather than as a stand-alone figure. If not, the virtual sensor will pick up a handy but brittle 
mapping that only functions in the most common partial-load windows and breaks when the connection 
between channels is changed by rated-power transition, curtailment, yaw correction, or thermal lag. In order to 
predict latent evolution, reconstruct hidden or missing measurements, and confirm that the reconstructed 
values are compatible with the twin state, a Koopman Autoencoder is suggested as a dynamic representation 
model. Using virtual sensors, the design should offer the wind farm the following services: daily monitoring, 
abnormal condition detection and analysis, data-quality correction, etc. 
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