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Abstract. This study proposes a digital shadow framework for wind turbine load estimation that integrates a linearized

industrial-grade aeroelastic model with a deep learning–based bias correction (BC) method. To address model mismatches

and limited inflow representation, a learning-based bias correction strategy is introduced, where static bias terms are first cal-

ibrated via wind-speed-dependent fitting, followed by perturbed correction profiles and parametric simulations to construct

a digital shadow dataset. A neural network (NN) is then trained to map operating conditions and bias parameters to load5

estimation errors, enabling adaptive correction under unseen conditions.

The proposed method is validated using field data spanning diverse inflow conditions, achieving a reduction in blade bending

moment DEL prediction errors at the 25% span location from 15–25% to below 5%. This demonstrates strong robustness and

improved capture of inflow–structure interactions. Overall, the framework provides a scalable pathway to data-driven digital

shadows and a foundation for future digital twin applications in real-time load estimation and operational optimization.10

1 Introduction

Digital twins for wind turbine applications have emerged as high-fidelity, data-driven representations of physical assets, playing

a key role in next-generation wind energy systems. They enable advanced control via real-time state estimation and feedback

optimization (Anand and Bottasso, 2023), support fatigue and remaining useful life prediction through load and degradation

modeling (Branlard et al., 2020b; Song et al., 2023), and enhance condition monitoring using anomaly detection and fault15

diagnosis techniques (Olatunji et al., 2021; Hoghooghi and Bottasso, 2026b). By integrating physics-based aeroelastic models

with machine learning algorithms, digital twins allow continuous model updating, parameter identification, and uncertainty

quantification under stochastic operating conditions, ultimately improving predictive accuracy and operational performance

(Hoghooghi and Bottasso, 2026b, a).

Among the various possible implementations, we follow and extend the digital-shadow framework based on aeroservoelastic20

models combined with Kalman filtering introduced in Grewal and Andrews (2014); Branlard (2019); Branlard et al. (2024);

Hoghooghi et al. (2024); Hoghooghi and Bottasso (2026b). Wind turbine manufacturers already possess trusted and validated

aeroservoelastic models, making them strong candidates for filter-internal models. Their use provides immediate predictive

capability without requiring extensive field measurements, which are often necessary for purely data-driven approaches. At the
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same time, these physics-based white-box models can be progressively enhanced through data-driven corrections, naturally25

evolving into adaptive grey-box representations (Hoghooghi and Bottasso, 2026a).

Even when a high-fidelity industrial model is unavailable, a sufficiently representative aeroelastic model—whether open-

source or research-oriented—can still be employed as the internal model, while BC terms account for discrepancies between

the model and the real turbine (Hoghooghi and Bottasso, 2026b). If no physics-based model is accessible, state-space represen-

tations can be identified directly from operational data using system identification techniques such as N4SID (Van Overschee30

and De Moor, 1996), ERA/OKID (Juang and Pappa, 1985), or ARX/ARMAX formulations (Ljung, 1999). In cases where even

this structure is unavailable, fully data-driven estimators such as LSTM or TCN models (Hochreiter and Schmidhuber, 1997;

Lea, 2017) can be used to infer loads from SCADA data, although such approaches generally sacrifice physical interpretability

and formal model consistency.

This work advances digital twin development by introducing digital shadows derived from high-fidelity multibody dynamics35

models, linearized for computational efficiency and augmented with flow estimators and data-driven learning components. The

proposed framework enables adaptive and accurate representation of wind turbine behavior across a wide range of operating

conditions. Building on our previous work (Hoghooghi and Bottasso, 2026b, a), an aeroservoelastic model is linearized around

multiple operating points to construct a state-space internal model within a filtering framework. A Kalman filter assimilates

SCADA data to update predictions, providing accurate estimates of system states and derived quantities.40

This paper presents three key novel contributions.

First, an industrial-grade, encrypted aeroelastic model (Bladed (DNV, 2023)) is employed for linearization, ensuring con-

sistency with industrial workflows. The digital shadow leverages wind-speed-based scheduling inherent to Bladed, enabling

realistic operation across the full operational envelope. This situation may represent a scenario in which an original equipment

manufacturer (OEM) develops a digital shadow for one of its turbine types, leveraging the aeroelastic model already available45

during design and/or certification. However, since we can also work with an encrypted model, the situation might also apply to

the case of a different party, e.g. a consulting company, that develops an accurate digital shadow, without the need for the OEM

that designed that turbine to disclose the large amount of proprietary information that is typically contained in an aeroelastic

model.

Second, a data-driven bias correction strategy based on deep learning is introduced to mitigate model-plant mismatch and50

limitations in scheduling under varying inflow conditions. The correction terms are applied to both the dynamic force balance

and output equations, and are learned from data as functions of the operating state. This approach enables nonlinear, state-

dependent compensation, improving model fidelity while preserving physical consistency and robustness in fatigue-relevant

load estimation.

Third, the framework is validated using field data in simple and complex inflow conditions, including high-shear and non-55

stationary atmospheric conditions. By learning latent relationships between measurements and unmodeled dynamics, the pro-

posed approach enhances the adaptability of the digital shadow and improves the accuracy of fatigue load predictions under

realistic operating conditions.
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Fatigue loads are a key driver of structural degradation in blades, towers, and drivetrains, directly affecting turbine lifetime

and operational costs (Hoghooghi et al., 2019, 2020). Improving digital shadow fidelity is therefore essential for proactive60

maintenance and lifecycle optimization (Hoghooghi et al., 2024). Numerous fatigue estimation approaches exist, including

SCADA-based hybrid methods (Noppe et al., 2016), lookup tables (Mendez Reyes et al., 2019), modal expansion (Iliopoulos

et al., 2016), ensemble techniques (Abdallah et al., 2017), machine learning and neural networks (Evans et al., 2018; Schröder

et al., 2018), polynomial chaos expansion (Dimitrov et al., 2018), deconvolution (Jacquelin et al., 2003), load extrapolation

(Ziegler et al., 2017), virtual sensing (Vettori et al., 2020), and NN-based surrogates (Guilloré et al., 2024). This work instead65

focuses on improving the digital shadow itself via data-driven bias correction to enhance fatigue prediction and condition

monitoring accuracy across operating conditions.

The paper is structured as follows. Section 2 presents the methodology, including the internal model, its scheduling, and

the proposed adaptive correction strategies. Section 3 evaluates the performance using field data in various inflow conditions,

including very challenging ones. Finally, Sect. 4 summarizes the key findings and outlines directions for future work.70

2 Methods

The proposed digital shadow framework is illustrated in Fig. 1. A Kalman filter fuses SCADA measurements with a reduced-

order model (ROM) obtained from a linearized high-fidelity multibody turbine model. Blade load measurements, together with

SCADA signals, are used to estimate inflow conditions in real time, enabling adaptive updates to filter parameters that account

for varying operating states and inflow dynamics.75

The present formulation builds on the work presented in Hoghooghi and Bottasso (2026b), and uses essentially the same

filter-internal model (Sect. 2.1) and observers (Sect. 2.2). To make this article self-contained and improve readability, we

have decided to repeat here the presentation of these two elements of the digital shadow, although similar information is also

available in our earlier work (Hoghooghi and Bottasso, 2026b).

2.1 Filter-internal model80

We employ a nonlinear multibody wind turbine model described by generalized displacements q, velocities v, and inputs u.

Noisy measurements ν correct the outputs y of the filter update, while additional “monitoring” outputs z are estimated but

excluded from the innovation step because not associated with corresponding measurements. A ROM is obtained by linearizing

the nonlinear system around multiple equilibrium conditions (q0,v0,u0), with corresponding outputs y0 and z0. To account

for model mismatch, BC terms are introduced in both the state and output equations. The resulting linearized model, expressed85
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Figure 1. Schematic representation of the proposed digital shadowing framework with learning-based BC.

in terms of increments δ(·), is:

˙δq = δv, (1a)

˙δv =−M−1(Cδv+Kδq+Uδu+f0 +ω), (1b)

ḃ= ωb, (1c)

δy =Dvδv+Dqδq+Eδu+ b+ν, (1d)90

δz = Fvδv+Fqδq+Gδu, (1e)

where M, C, K, and U denote the mass, damping, stiffness, and control matrices, respectively. All noise terms are assumed

zero-mean and uncorrelated (Grewal and Andrews, 2008). The correction term f0 compensates for steady-state model mis-

match by introducing additive forces in the dynamic equilibrium, generating corrected static deflections as a function of the

operating condition through the scheduling parameters s. A second correction is introduced through the output bias term b in95

Eq. (1d), accounting for measurement and sensor biases. Following standard Kalman filtering practice (Grewal and Andrews,

2008), b is modeled as an additional state following a random walk driven by process noise ωb.

The filter-internal model includes 9 DOFs, with generalized displacements defined as

q =
{
dFA
T ,dSS

T ,ψ,dFB1,d
F
B2,d

F
B3,d

E
B1,d

E
B2,d

E
B3

}T
, (2)
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where dFA
T and dSS

T denote the tower fore-aft (FA) and side-side (SS) deflections, ψ is the rotor azimuth, and dFBi and dEBi are100

the flapwise and edgewise deflections of blade i. The associated velocities are given by v = q̇.

The input vector contains both ambient inflow and control variables:

u= {V,α,kh,θcoll,Qgen}T , (3)

where V is the wind speed, α the vertical shear exponent, kh the horizontal shear, θcoll the collective pitch angle demand, and

Qgen the collective generator torque demand. Rotor-equivalent wind speed is estimated from the power coefficient (Hoghooghi105

and Bottasso, 2026b), while vertical and horizontal shears are obtained using the rotor-as-a-sensor approach (Bertelè et al.,

2024).

The measured output vector contains 9 components:

y =
{
d̈FA
T , d̈SS

T , ψ̇,mF
B1,m

F
B2,m

F
B3,m

E
B1,m

E
B2,m

E
B3

}T

, (4)

where d̈FA
T and d̈SS

T are the tower-top accelerations, ψ̇ is the rotor speed, and mF
Bi and mE

Bi denote the flapwise and edgewise110

blade-root bending moments.

The model is scheduled using the parameter vector s. This means that linearizations are performed about equilibrium con-

ditions q0(s), v0(s), and u0(s) that depend on s; as a consequence all system matrices also depend on the same scheduling

parameter, i.e. M(s), C(s), K(s), and U(s). Linearizations are performed at discrete operating points, and the corresponding

matrices and equilibrium values are stored in lookup tables (LUTs). During runtime, the current operating condition is esti-115

mated online, and interpolation is used to recover the appropriate system matrices and map filter-predicted increments back to

nonlinear physical quantities.

2.2 Observers

In this work, the scheduling parameter includes only the rotor-equivalent wind speed V , i.e., s= {V }. In reality, in general

equilibrium points and the corresponding linearized system matrices depend also on other conditions, such as the horizontal and120

vertical shears and the yaw misalignment angle, as in fact used in Hoghooghi and Bottasso (2026b). The decision to schedule

only by wind speed is driven by the fact that the aeroelastic model implemented in Bladed does not support linearizations that

depend on these additional parameters (DNV, 2023).

Although not included in the scheduling parameters, vertical and horizontal shears are estimated as described below, and

affect the digital shadow response through the input vector u (see Eq. 3).125

In the current implementation, the observer outputs are sequentially provided as inputs to the Kalman filter. Although these

variables could alternatively be included directly in an augmented filter formulation, the sequential approach is adopted here for

simplicity and to leverage previously validated observer implementations (Hoghooghi et al., 2024; Hoghooghi and Bottasso,

2026b, a).
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2.2.1 Wind speed observer130

The rotor-equivalent wind speed is estimated by inverting the power coefficient relation:

Cp(θcoll,λ) =
QaeroΩ

0.5ρAV 3
, (5)

where λ=ΩR/V is the tip-speed ratio, R is the rotor radius, A= πR2 the swept area, Qaero the aerodynamic torque, and ρ

the air density. This relation is stored as a lookup table (LUT), yielding:

V = LUTCp
(θcoll,Ω,Qaero,ρ/ρref). (6)135

At runtime, the measured collective pitch θcoll and rotor speed Ω are combined with the estimated aerodynamic torque,

approximated as Qaero ≈Qgen + JΩ̇, where J is the rotor inertia. Air density is obtained from temperature using the gas law.

This LUT-based inversion of precomputed Cp maps is widely used for wind speed estimation in turbine control (Soltani et al.,

2013; Bottasso et al., 2018; Schreiber et al., 2020). Noise amplification from differentiating Ω is reduced through filtering and

the smoothing effect of LUT interpolation.140

2.2.2 Shear and misalignment observers

Vertical shear, horizontal shear, and yaw misalignment are estimated using the rotor-as-a-sensor concept (Kim et al., 2023;

Bertelè et al., 2024), which infers inflow characteristics from their signatures in turbine load responses. The estimation is based

on harmonic load amplitudes and is expressed as

cE =NN(p,iM ), (7)145

where cE represents the estimated quantity (vertical shear α, horizontal shear kh, or yaw misalignment γ), and NN(·, ·) is a

single-output neural network with parameters p. Separate networks are trained for each variable.

The input vector is defined as

iM = {mT ,V,ρ}T , (8)

where m contains the harmonic load amplitudes:150

m= {mOP
1c ,m

OP
1s ,m

IP
1c ,m

IP
1s }T . (9)

Here, (·)1c and (·)1s denote the 1P cosine and sine components, while (·)OP and (·)IP indicate out-of-plane and in-plane

directions. These quantities are obtained from measured flapwise and edgewise blade loads, transformed into the rotor-disk

reference frame using the current blade pitch angle.

The wind speed and shear observers adopted here were previously developed and experimentally validated for the turbines155

considered in this study (Schreiber et al., 2020; Bertelè et al., 2021).
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2.3 Learning-based bias correction

Considering Eq. (1), the two BC contributions may become coupled, which complicates their individual identification. In

particular, corrections introduced via f0 modify the generalized displacements and propagate to the measured outputs through

δq in Eq. (1d), thereby influencing the estimation of b.160

To mitigate this coupling, b is first calibrated independently by neglecting f0. Once consistent estimates of b(s) are obtained

across operating conditions s, b is fixed and the dynamic correction term f0 is activated. As a simplified alternative, b may be

omitted and only f0 retained, albeit at the cost of increased output error. An iterative alternation between both calibrations can

further improve accuracy (Hoghooghi and Bottasso, 2026a).

The calibration procedure relies exclusively on measured outputs y, since internal states and bias terms are not directly165

observable in practice. After calibration of b, the identification of f0 proceeds in a structured multi-stage process to improve

robustness, particularly for blade load estimation.

First, initial BC factors are estimated as linear functions of wind speed using a short representative dataset. This yields a

baseline correction capturing dominant offsets and first-order wind-speed dependence.

Second, the obtained correction trends are systematically perturbed by vertical shifts while preserving slope, generating170

over- and under-corrected scenarios. This induces both positive and negative residuals across operating regimes, enriching the

error space and improving the learning robustness of the subsequent model. Flapwise correction fF0 is tuned prior to edgewise

correction fE0 , reflecting the dominant contribution of flapwise loads to blade bending and fatigue, particularly in Region II

operation.

Third, a digital shadow is generated over a parametric sweep of BC factors and shifted correction profiles, producing a175

dataset that maps operating conditions and BC settings to resulting estimation errors. This enables systematic characterization

of sensitivity to BC parameters.

Finally, a neural network is trained to learn the mapping between operating conditions, BC parameters, and load estimation

errors. The training inputs consist of blade-root bending moment errors obtained from the parametric simulations, while the

outputs correspond to the optimal correction terms fF0 or fE0 . During inference, the target error is enforced to a small value180

(e.g., 10−8), enabling the network to identify BC parameters that minimize discrepancies between estimated and reference

blade-root bending moments.

The input space includes wind speed V , rotor speed Ω, generator torque Qgen, and either shear or harmonic descriptors. For

the shear-based formulation, the input vector is defined as

iS = {V,α,kh,Ω,Qgen}T , (10)185

where α and kh denote vertical and horizontal shear parameters. Alternatively, the harmonic-based formulation is given by

iH = {V,mT ,Ω,Qgen}T , (11)

where m contains blade-load harmonic components (cf. Eq. 9).
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The pitch angle may be included as an additional feature if it shows a significant correlation with bias evolution, particularly

near the transition between Region II and Region III operation. Different input configurations and network architectures are190

therefore evaluated to identify the most suitable setup for each turbine application. The resulting model is integrated into the

digital shadow workflow to provide data-driven bias correction for unseen operating conditions (Fig. 1).

3 Results

The digital shadow is evaluated using measurements from a 3.5 MW eno wind turbine (eno energy GmbH) under operational

field conditions. The available signals include generator torque, rotor speed, pitch angle, tower-top fore-aft (FA) and side-side195

(SS) accelerations, blade-root flapwise and edgewise bending moments, as well as strain-gauge measurements of the tower-

base bending moment components and blade bending moment at 25% span (MB−25%). All signals are sampled at 10 Hz.

Following Sect. 2.1, the internal model of the filter is obtained by linearizing a proprietary encrypted Bladed model (DNV,

2023) over the full operating envelope from cut-in to cut-out.

3.1 Test site200

The dataset was collected at a wind farm in northeast Germany near Kirch Mulsow (Rostock district, Mecklenburg-Vorpommern)

during two measurement campaigns (17–30 October 2020). The raw measurements were used without calibration or post-

processing, except for the removal of data gaps, turbine stops, faults, and non-power-production intervals.

The site, illustrated in Fig. 2, consists of open agricultural terrain with gentle orography and forested areas, located a few

kilometers from the Baltic Sea. Four eno energy GmbH turbines (eno energy GmbH) are installed, and the digital shadow is205

applied to WT3. The corresponding turbine specifications are summarized in Table 2.

The measurement campaign is classified according to inflow conditions in Table 1. After preprocessing, approximately 49h

of clean free-stream operation was retained. Of these, 43h (88%) are used for training, while 6h are reserved for validation

under representative steady conditions.

In addition, 23h of complex inflow conditions were identified, including high shear and non-stationary atmospheric states.210

From this subset, 20h (87%) are used for training and 3h for validation.

Two further unseen validation datasets of 4.5h and 3h are included to assess generalization under mixed and transitional

inflow regimes. These correspond to post-sunset and near-sunrise conditions characterized by intermittent atmospheric mixing

and rapidly varying wind and shear. Excluding these periods from training provides a stringent test of model robustness.

Wind speed and shear estimators for this site were previously developed and validated in Schreiber et al. (2020); Bertelè215

et al. (2021).

3.2 Learning-based BC evaluation

The evaluation of the learning-based BC begins with the correction factors generated during training. Following Sect. 2.3, base-

line BC factors are first identified as linear functions of wind speed using a short representative dataset, capturing the dominant
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Figure 2. Layout of the test site showing turbine positions. The digital shadow is evaluated on WT3. The red sector indicates the wind

direction range during the measurement period, covering both simple and complex inflow conditions.

Table 1. Inflow conditions during the testing period.

Inflow conditions Specific conditions Time period Total hours Data split [hrs]

Simple inflow Normal 17–31 Oct. 2020 49 43 (training) / 6 (testing)

Complex inflow Extreme vertical shear 17–31 Oct. 2020 23 20 (training) / 3 (testing)

Mixed inflow
Post-sunset with intermittent mixing 18 Oct. 2020 4.5 4.5 (testing)

Near-sunrise with strong fluctuating shear 31 Oct. 2020 3 3 (testing)

Table 2. Technical specifications of the WT3 turbine at the test site.

Wind turbine
Turbine specifications

Turbine model Rotor diameter [m] Hub height [m] Rated power [MW] Cut-in, rated, cut-out speeds [m s−1]

WT3 eno126 126 117 3.5 3.0, 12.5, 25.0
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bias trend across operating regions. These baseline curves are subsequently perturbed by vertical shifts while preserving slope,220

generating systematically over- and under-corrected cases. This construction expands the residual-error space and improves

the identifiability of bias dynamics for the neural network. The resulting normalized flapwise and edgewise BC variations are

shown in Fig. 3(a) and 3(b), respectively.

Figure 3. Normalized BC factor variations with wind speed for (a) flapwise and (b) edgewise directions, including baseline and shifted

correction lines used for training. BC factors are shown in normalized form to preserve confidentiality while maintaining relative trends and

slope consistency.

To illustrate the impact of BC settings on blade-root load estimation, a representative interval from 17 October 2020 (21:30–

23:00) is selected. This period exhibits sufficiently varied operating conditions while remaining quasi-stationary, enabling225

clear interpretation of BC effects. Figure 4 compares measured blade-root bending moments with estimates obtained using

the baseline, upper-shift, and lower-shift BC configurations. The baseline corresponds to the initial linear BC estimate, while

shifted cases represent systematic perturbations of identical slope. The results show that BC perturbations induce consistent

over- and under-estimation across operating conditions, thereby generating both positive and negative residuals. This controlled

error diversification is essential for training, as it enables the neural network to learn the sensitivity of load-estimation errors to230

BC parameters, rather than relying on a single deterministic correction.

A feedforward deep neural network (DNN) is employed to learn the nonlinear mapping between operating conditions, BC

parameters, and estimation errors. This formulation enables regression of optimal BC factors from observed error behavior.
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Figure 4. Comparison of blade-root bending moment estimates for 17 October 2020 (21:30–23:00) under different BC settings. The mea-

sured signal (blue dash-dot) is compared with baseline (black solid), lower-shift (green dashed), and upper-shift (purple dotted) corrections,

illustrating the induced residual error structure used for training.

The model is trained in a supervised manner, with inputs consisting of operating conditions and simulation-derived estima-

tion errors, and targets corresponding to optimal BC factors that minimize blade-root load discrepancies. Inputs include wind235

speed, rotor speed, generator torque, and either shear components or harmonic load features, depending on the configuration.

Pitch angle is optionally incorporated when it exhibits a significant correlation with the estimation bias, particularly near the

transition between Regions II and III and throughout Region III.

Rectified linear unit (ReLU) activation functions are used in all hidden layers due to their computational efficiency and

stable gradient propagation (Nair and Hinton, 2010). The adaptive moment estimation (Adam) optimizer is used for parameter240

estimation, providing adaptive learning rates and robust convergence for nonlinear regression tasks (Kingma and Ba, 2015).

Training is performed using mini-batch optimization with data shuffling at each epoch to reduce temporal correlation. To

improve convergence stability, learning rate decay is applied in later epochs, and an exponential moving average (EMA) of

network weights is maintained to reduce sensitivity to short-term fluctuations.

For simple inflow conditions, the optimal architecture is identified as 32–16–8–1, providing a balance between model com-245

plexity and generalization. Training is performed with a learning rate of 10−4 over 110 epochs. For complex inflow conditions,

a larger architecture of 64–32–16–1 is required to capture increased variability due to shear and transient effects. The same
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training hyperparameters are used to ensure comparability. The training was performed on a standard desktop computer, taking

approximately 1 hour, and constitutes a moderate computational effort limited to offline processing.

As explained previously in Sect. 2.3, two input formulations are evaluated: (i) shear-based inputs derived from observers250

(Sect. 2.2.2), and (ii) harmonic-based representations (Eq. 9). This avoids error propagation from secondary estimators and en-

sures a consistent comparison of BC performance. Wind speed, rotor speed, generator torque, and blade-root bending moment

error are kept identical across configurations to ensure fair training conditions.

3.3 Simple inflow condition

Table 3 summarizes the root mean squared error (RMSE) and damage equivalent load (DEL) estimation errors for both normal255

and complex inflow conditions, as defined in Table 1. Figure 5(a) and 5(b) present the corresponding time histories ofMB−25%

and MTB for a representative day (26 Oct 2020) under normal inflow conditions, comparing measurements (blue dashed), the

digital shadow without BC (red), and the learning-based BC digital shadow (yellow). All values are normalized to preserve

turbine confidentiality.

For this representative case, the baseline without BC correction yields RMSE and DEL errors of 4% and 14%, respectively,260

for MB−25%. Incorporating a learning-based BC with shear-based input leads to a slight increase in RMSE to 6%, while

reducing the DEL error to 8%. In contrast, the learning-based BC with harmonic-based input further improves performance,

reducing the DEL error to 3% while maintaining an RMSE of 5%. As expected, the direct use of harmonic inputs reduces

estimation errors by avoiding the additional uncertainty introduced by the neural network–based shear estimation. Overall, the

learning-based BC approach provides accurate and robust DEL estimates for the quantities of interest.265

Notably, for MTB , the RMSE and DEL errors are reduced to 3% and 2%, respectively, when using corrected blade states

obtained from the learning-based BC, demonstrating remarkably high accuracy for fatigue load analysis.

Table 3. Overview of RMSE and estimated output DEL errors for MB−25% under different inflow conditions.

Inflow conditions Time duration [hrs]

Estimation error MB−25% [%]

No BC Shear-based inputs Harmonic-based inputs

RMSE DELs RMSE DELs RMSE DELs

Simple inflow 6 4 14 6 8 5 3

Complex inflow 3 3 24 2 9 3 4

3.4 Complex inflow condition

Figure 6(a), 6(b), and 6(c) present the corresponding time histories ofMB−25%,MTB , and α, respectively, for a representative

day (29 Oct 2020) under complex inflow conditions, comparing measurements (blue dashed), the digital shadow without BC270

(red), and the learning-based BC digital shadow (yellow).
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Figure 5. Time histories of the normalised MB−25% (a) and MTB (b) (26 Oct 2020, normal inflow). Measurements: dashed blue line;

estimates of the digital shadow: solid red line; corrected estimates of the digital shadow using learning-based BC: solid yellow line.
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For this representative case, the baseline without BC correction yields RMSE and DEL errors of 3% and 24%, respectively,

for MB−25%. Incorporating a learning-based BC with shear-based input reduces the RMSE and DEL error to 2% and 9%,

respectively. In contrast, the learning-based BC with harmonic-based input further improves performance, reducing the DEL

error to 4% while maintaining a similar RMSE. These results indicate the effectiveness of the learning-based BC approach for275

estimating the quantities of interest under high-shear, complex inflow conditions. Table 3 summarizes the corresponding error

metrics. For MTB , using learning-based BC-corrected blade states yields RMSE and DEL errors of 2% and 6%, respectively.

3.5 Mixed inflow condition

Two additional unseen validation datasets (4.5h and 3h, Table 1) are used to assess generalization under mixed and transitional

inflow regimes, corresponding to post-sunset and near-sunrise conditions with intermittent mixing and rapidly varying wind280

and shear.

3.5.1 Post-sunset with intermittent mixing

Figure 7(a–d) presents the time series of MB−25%, MTB , V , and α for a representative post-sunset day (18 Oct 2020) char-

acterized by complex inflow conditions with intermittent mixing. During the initial period (green dashed box), wind speed

increases rapidly and is accompanied by strong, highly variable vertical shear. The shear spans both the normal-to-high (< 0.3)285

and extreme (> 0.3) regimes (IEC, 2005; Hoghooghi and Bottasso, 2026b), exhibiting significant temporal fluctuations.

Accordingly, the performance of the digital shadow was evaluated using different trained DNNs. The baseline without BC

correction yields RMSE and DEL errors of 4% and 15%, respectively, forMB−25%. Using a learning-based BC with harmonic

input trained on simple inflow data reduces these to 3% and 5%. Training on complex inflow data yields comparable RMSE

with a DEL error of 5%. A combined approach that switches between the two models based on vertical shear further improves290

performance to 3% RMSE and 4% DEL error. For MTB , applying the bias-corrected blade states from the learning-based BC

yields RMSE and DEL errors of 2% and 2%, respectively. Table 4 summarizes the corresponding error metrics.

These results highlight the effectiveness of a hybrid strategy under highly variable inflow conditions and suggest that sep-

arate models trained for low-, medium-, and high-wind-speed regimes could further improve performance across different

turbine operating regions. Such a regime-wise decomposition enhances the local approximation accuracy of nonlinear bias295

characteristics.

3.5.2 Near-sunrise with strong fluctuating shear

Figure 8(a–e) presents the time histories ofMB−25%,MTB , V ,α, and kh for a representative near-sunrise period on 31 Oct 2020

under complex inflow conditions characterized by strongly fluctuating wind speed and shear. During the initial hours (green

dashed box), the wind speed, together with both vertical and horizontal shear, increases rapidly, indicating highly unsteady300

inflow conditions.
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Figure 6. Time histories of the normalized MB−25% (a), MTB (b), and α (power-law vertical shear) (b) (29 Oct 2020, complex inflow).

Measurements: dashed blue line; estimates of the digital shadow: solid red line; corrected estimates of the digital shadow using learning-

based BC: solid yellow line. 15
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Figure 7. Time histories of normalized MB−25% (a), MTB (b), wind speed V (c), and shear α (d) for 18 Oct 2020 under post-sunset mixed

inflow conditions. Measurements are shown as dashed blue lines, baseline digital shadow estimates as solid red lines, and learning-based

BC-corrected estimates as solid yellow lines.
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Table 4. Overview of RMSE and estimated output DEL errors for MB-25% under mixed inflow conditions on 18 October 2020 during post-

sunset periods with intermittent mixing.

Inflow conditions Time duration [hrs]

Estimation error MB−25% [%] using Harmonic-based inputs

No BC DNN (simple inflow) DNN (complex inflow) Hybrid training

RMSE DELs RMSE DELs RMSE DELs RMSE DELs

Mixed inflow

(Post-sunset) 4.5 4 15 3 5 4 3 3 4

The baseline without BC correction yields RMSE and DEL errors of 7% and 6%, respectively, for MB−25%. Using a

learning-based BC with harmonic input trained on simple inflow data reduces these to 5% and 5%. For MTB , the use of

corrected blade states results in RMSE and DEL errors of 3% and 8%, respectively.

Table 5. Overview of the RMSE and estimated output DEL errors for MB-25% under mixed inflow conditions on 31 October 2020 during a

near-sunrise period characterized by strongly fluctuating wind speed and shear.

Inflow conditions Time duration [hrs]

Estimation error MB−25% [%] using Harmonic-based inputs

No BC DNN (simple inflow)

RMSE DELs RMSE DELs

Mixed inflow (Near-sunrise) 3 7 6 5 5

4 Conclusions305

A digital shadow framework for wind turbine load estimation has been developed by combining linearized aeroelastic modeling

with a deep learning-based BC approach. This enables the use of encrypted industrial models (e.g., Bladed) while enhancing

their predictive capability through data-driven corrections.

The proposed methodology employs a learning-based bias correction strategy that begins with initial linear fitting with

respect to wind speed, followed by the generation of perturbed correction profiles to enrich the error space, and the construction310

of a digital shadow dataset through parametric simulations. Finally, a neural network is trained to map operating conditions

and bias parameters to load estimation errors, enabling data-driven correction under unseen operating conditions.

The learning-based BC effectively compensates for model mismatch and limited inflow representation, significantly improv-

ing both absolute and fatigue load predictions. Across field data covering simple, complex, and mixed inflow conditions, blade

bending moment DEL errors at the 25% span are reduced from 15%–25% to below 5%. These results demonstrate robust315

performance under highly variable atmospheric conditions and the ability to capture complex inflow–structure interactions.
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Figure 8. Time histories of normalized MB-25% (a), MTB (b), wind speed V (c), vertical shear α (d), and horizontal shear kh (e) on

31 Oct 2020 during near-sunrise mixed inflow conditions. Measurements are shown as dashed blue lines, baseline digital shadow estimates

as solid red lines, and learning-based BC-corrected estimates as solid yellow lines.
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The overall error levels are remarkably lower than those reported in previous studies, typically in the range of 10%–15%

(Branlard et al., 2020a, b, 2024), while also accounting for additional degrees of freedom and blade dynamics, thereby under-

scoring the effectiveness of the proposed method.

Future work will extend the framework to more challenging scenarios, including waked, yawed, and offshore inflow condi-320

tions, as well as different turbine types, to further assess its robustness and generalization capability. Moreover, the methodol-

ogy will be validated under extreme and transient operating conditions—such as gust events, curtailment, and shutdown/start-up

sequences—to improve load observability and enhance prediction accuracy.

Looking ahead, the proposed approach provides a direct pathway toward a digital twin by integrating real-time SCADA

and sensor data for continuous model adaptation. This would enable not only accurate load estimation but also predictive325

maintenance, operational optimization, and scenario analysis. In particular, the ability to anticipate fatigue-critical conditions

and adjust control strategies highlights the potential of this framework as a scalable foundation for next-generation wind turbine

digital twins.
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Appendix A: Nomenclature

b Vector of sensor biases330

f0 Static correction force

i Input vector of the inflow estimator

p Vector of free network parameters

q Vector of generalized displacements

s Vector of scheduling parameters335

u Input vector

v Vector of generalized velocities

y Vector of outputs for Kalman innovation

z Vector of other outputs of interest

340

ν Measurement noise vector

ω Process noise vector

A Rotor swept area

c Generic output of the wind inflow characteristic observer345

Cp Power coefficient

d Displacement

J Rotor inertia

κh Horizontal shear

M Bending moment resultant350

m Bending moment component

Q Torque

R Rotor radius

V Wind speed

355

α Vertical power-law shear exponent

γ Misalignment angle

ϵ Output correction term

θ Blade pitch angle

λ Tip speed ratio360

ρ Air density

ψ Rotor azimuthal position
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Ω Rotor rotational speed

(·)E Edgewise component365

(·)F Flapwise component

(·)FA Fore-aft component

(·)SS Side-side component

(·)IP In-plane component

(·)OP Out-of-plane component370

(·)NN Quantity corrected by a neural network

(·)1c 1P cosine component

(·)1s 1P sine component

(·)Bi Quantity referred to the ith blade

(·)B−s% Quantity referred to the s% spanwise location375

(·)TB Quantity referred to the base of the tower

(·)E Estimated quantity

(·)M Measured quantity

(·)0 Reference equilibrium condition

δ(·) Perturbation about a reference equilibrium condition380

Adam Adaptive moment estimation

BC Bias correction

DEL Damage-equivalent load

DNN Deep neural network385

DOF Degree of freedom

EMA Exponential moving average

FA Fore-aft

FEM Finite element method

LUT Look-up table390

NN Neural network

OEM Original equipment manufacturer

ReLU Rectified linear unit

RMSE Root mean squared error

ROM Reduced order model395

SCADA Supervisory control and data acquisition
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SS Side-side

WT Wind turbine
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