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ABSTRACT

Machine learning plays an important role in the operation of current wind en-
ergy production systems. One central application is predictive maintenance to
increase efficiency and lower electricity costs by reducing downtimes. Integrating
physics-based knowledge in neural networks to enforce their physical plausibilty
is a promising method to improve current approaches, but incomplete system in-
formation often impedes their application in real world scenarios. We describe a
simple and efficient way for physics-constrained deep learning-based predictive
maintenance for wind turbine gearbox bearings with partial system knowledge.
The approach is based on temperature nowcasting constrained by physics, where
unknown system coefficients are treated as learnable neural network parameters.
Results show improved generalization performance to unseen environments com-
pared to a baseline neural network, which is especially important in low data
scenarios often encountered in real-world applications.

1 INTRODUCTION

Machine learning (ML) methods are a crucial part of the wind energy sector (Marugán et al., 2018) and
help improving operational efficiency of wind power plants to make electricity prices competitive with
currently dominant fossil-based energy sources (Shafiee & Sørensen, 2019). Predictive maintenance
is applied to prevent component failures and increase maintenance efficiency. Models of component
deterioration processes estimate when maintenance should be performed before damages occur,
resulting in shorter downtimes. For large wind farms and those with restricted access such as offshore
plants, maintenance is costly and time consuming (Carroll et al., 2017). Optimized maintenance
scheduling is thus highly desired, with estimated reductions in the Levelized Cost of Electricity of
up to 30% for onshore wind farms (Costa et al., 2021). Especially gearbox faults, mainly caused
by bearing failure, can lead to long downtimes (Hahn et al., 2007; Reder et al., 2016; Wang et al.,
2020). The core of predictive maintenance is a surrogate model - either data-driven or physics-based
- that describes the system in normal conditions. Deviations between this baseline and current
measurements triggers an alarm. The system dynamics are often only partially known, making
physics-based models difficult to adapt to each scenario when system-specific measurements are
not available, while data driven methods don’t guarantee physical plausibility. The integration of
physical laws in ML models known as physics-informed ML (PIML) (Karniadakis et al., 2021)
allows to combine both approaches. In this paper, we describe a neural network-based approach for
predictive maintenance of a wind turbine generator (WTG) gearbox bearing constrained by physics
without the need for precise measurements of component coefficients, which are treated as trainable
parameters12. By performing nowcasting, i.e. predicting the current state rather than a future state,
(1) the inference process does not depend on wind speed forecasting which introduces additional

1The code is available at: github.com/jxnb/pcrnn-wtg
2The dataset is available upon request to the authors.
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uncertainties, and (2) external constraints such as for curtailment periods do not affect the model.
This approach shows competitive prediction performance and improved generalization capabilities in
comparison to a physics-based model and a baseline neural network. The approach is not limited to
WTGs, but applicable to a wide range of systems where partially known physics-based knowledge
can be integrated in the modelling process.

2 MODEL DESCRIPTION

We apply a common procedure of ML-based predictive maintenance: a surrogate model trained
on observations represents the expected system behavior in normal conditions. Over the system’s
lifetime, the deviations between estimated and true behavior are expected to increase with growing
wear of the components, providing information about the condition of the system and potential
need for maintenance. Our approach aims to circumvent common problems in ML-based predictive
maintenance for WTGs. First, data on system faults is usually scarce - WTGs have availability rates
in the order of 98% (Yang et al., 2013); component faults are rare and occur mostly at the end of
a component lifetime period. This limits the applicability of fault detection methods. Second, ML
models leveraging physics often require knowledge of specific component coefficients (e.g. Yucesan
& Viana, 2022). This information is often not available or unreliable, as components like the gearbox
vary even between WTGs of the same model. Treating these unknown coefficients as trainable
parameters allows to incorporate physics into the model when they are not or only partially known,
simplifying the adaptation of this approach to other applications. Third, wind speed is the main driver
of bearing temperatures in WTGs, making component temperature prediction mainly a wind speed
forecasting problem. Local wind speeds are very difficult to predict also for short time horizons
of several minutes due to complex local turbulence patterns. As we focus on nowcasting, i.e. the
estimation of the current bearing temperature state, the current rotor speed as the main driver is
known. This allows us to avoid the large factor of uncertainty associated with wind speed forecasts
and increases prediction performance during periods where wind speed and power production are
uncorrelated, such as curtailment for wind farms due to, for example, grid loads constraints or bird
protection.

2.1 PHYSICS MODEL

The physics-based description of a change in bearing temperature T b between two time steps is given
by the following heat transfer ODE equation for transient-state, lumped systems based on Zhang
(2014); Cambron et al. (2017):

Cp
dT b

dt
≈ R−1(T a

t+1 − T b
t ) + µωt+1 + αPt+1 (1)

where Cp [W K−1] is the nacelle heat capacity, R−1(T a
t+1−T b

t ) is the system’s thermal conductivity
with the resistance coefficient R [K W−1], bearing temperature T b

t [K] and ambient temperature T a
t+1

[K]. µωt+1 is the heat produced by friction in the rotating gearbox shaft with friction coefficient µ
[Ws2rad−2] and rotational frequency ωt+1 [rad s−1]. αPt+1 is the amount of energy degradation as
heat per unit of power P [KW] produced. The coefficients CP , R, µ and α are unknown and depend
on the complexity of the system and materials design and have to be approximated by the model.
Based on Equation 1, the equation solved by the neural network with trainable network parameters
λ1, λ2, λ3 can be formulated as:

∆T b
t−1 ≈ λ1(T

a
t − T b

t−1) + λ2ωt + λ3Pt (2)

2.2 PHYSICS-CONSTRAINED RECURRENT NEURAL NETWORK

Given the physics-based model in Equation 1, the observed state of a WTG at time t is described
by the vector xt = (T a

t , ωt, Pt, T b
t−1). The objective of the neural network is the prediction of

the bearing temperature at current time t, T̂ b
t . We employ a simple LSTM-based (Hochreiter &

Schmidhuber, 1997) recurrent neural network (RNN) architecture applicable to a wide range of
time-series problems. Physical constraints are imposed by integrating information based on the idea
of physics-informed neural networks (PINNs) (Raissi et al., 2019), resulting in a physics-constrained
recurrent neural network (PC-RNN). The model consists of a single-layer LSTM followed by a
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Figure 1: Physics-constrained recurrent neural network (PC-RNN).

single dense layer, reducing the dimensionality of the LSTM output to a scalar value (the temperature
prediction T̂ b

t ). The detailed network architecture and hyperparameters are described in Appendix B.

For every time step t − i, where i ≥ 0 is the number of lags or previous time steps observed, the
network receives the state of the WTG xt−i as input. Similar to the approach from Zhang (2014),
the network also receives information about the current time step t in form of the current state xt.
The network simultaneously computes the temperature gradient ∆T b based on Equation 2. Based on
Gokhale et al. (2022), a simple Euler-approximation is used to get the predicted temperature gradient:

∆T̂ b = T̂ b
t − T b

t−1 (3)

The loss consists of two components, a standard prediction loss Lpred minimizing the error between
the temperature prediction T̂ b

t and the true temperature T b
t and a physics loss Lphys minimizing the

error between the neural network computed change in temperature ∆T b based on Equation 2 and the
Euler-approximated temperature change ∆T̂ b (Equation 3):

L = Lpred + αLphys with Lpred =
1

N

N∑
i=1

(T̂ b
t − T b

t )
2, Lphys =

1

N

N∑
i=1

(∆T̂ b −∆T b)2 (4)

The physics loss acts as a soft constraint for the PC-RNN to respect the principles of physics embedded
in the equation. α is a scaling factor controlling the influence of the physics component on the total
loss. The whole setup is shown in Figure 1.

3 EXPERIMENT SETUP

The data used for the experiments consists of three datasets with 10 minutes averaged measurements
originating from different wind farms (Plant A, Plant B, Plant C), covering a period from January
2022 to September 2023. See Appendix A for a detailed description of the datasets.

We provide results for a PC-RNN with scaling parameter α = 0.25 (fixed a-priori) and two baseline
models, a simple RNN using the exact same architecture as the PC-RNN described in Section 2.2 but
without the physics component and the following linear model:

T b
t = θ +

M+1∑
i=1

N∑
j=1

Θi,jXt,i,j (5)

where θ is the intercept, Θ are the model parameters and Xt ∈ R(M+1)×N is the input data matrix at
time step t where the rows i ∈ [1,M + 1]N are the variable vectors ((T a

t−k − T b
t−k−1), ωt−k, Pt−k)

Table 1: Test results for experiments with a single training WTG.

Model Plant A RMSE (± σx̄) Plant B RMSE (± σx̄) Plant C RMSE (± σx̄)

Linear 0.892 (± 0.041) 1.091 (± 0.031) 1.003 (± 0.034)
RNN 0.667 (± 0.06) 0.652 (± 0.027) 0.844 (± 0.041)
PCRNN 0.636 (± 0.033) 0.74 (± 0.04) 0.803 (± 0.037)
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Figure 2: Generalization performance for models trained on Plant B. Error ranges ±1 SE.

Table 2: Generalization results for experiments with 6 training WTGs.

Train plant Model Plant A RMSE (± σx̄) Plant B RMSE (± σx̄) Plant C RMSE (± σx̄)

Plant A
Linear 0.887 (± 0.01) 1.078 (± 0.002) 1.101 (± 0.003)
RNN 0.784 (± 0.017) 1.048 (± 0.048) 1.032 (± 0.015)
PCRNN 0.726 (± 0.013) 0.95 (± 0.027) 0.968 (± 0.007)

Plant B
Linear 0.908 (± 0.002) 1.076 (± 0.003) 1.107 (± 0.005)
RNN 0.963 (± 0.113) 0.945 (± 0.038) 1.057 (± 0.014)
PCRNN 0.878 (± 0.031) 0.895 (± 0.03) 0.986 (± 0.012)

Plant C
Linear 0.982 (± 0.011) 1.118 (± 0.009) 1.059 (± 0.005)
RNN 0.976 (± 0.049) 1.031 (± 0.024) 0.924 (± 0.016)
PCRNN 0.929 (± 0.029) 1.028 (± 0.02) 0.913 (± 0.014)

with k = i− 1. M is the number of lags or previous time steps given to the model, N is the number
of variables. We use M = 5 for all models (PC-RNN, RNN, Linear), corresponding to a data interval
of one hour. This physics-inspired model is based on Zhang (2014) and Cambron et al. (2017) (see
Equation 2), who describe a similar model but without lagged states.

For each experiment, all models are sequentially trained on a subset of every wind farm dataset.
We perform experiments with data taken from 1, 3, 6 and 9 randomly sampled turbines to assess
performance with different data availability. We perform a time based train test split, using data from
the whole year 2022 for training and the data from 2023 as test set for evaluation. Generalization is
evaluated with data from 2023 from unseen WTGs in the training plant dataset as well as from the
other unseen plant datasets.

4 RESULTS

Test performance. Evaluations on the holdout test sets show very similar performance for the
PC-RNN and standard RNN, both outperforming the linear model. When applied as a surrogate
model for a single WTG - a common real-world scenario - the PC-RNN offers better performance
than the conventional baseline RNN with lower error in two of the three test cases (Table 1).

Generalization. The PC-RNN outperforms both baseline models in a majority of experiments.
While the Linear model shows better generalization in experiments with only one training WTG, the
PC-RNN performs better in the other scenarios and shows more consistent results than the baseline
RNN (Figure 2). Generalization RMSE values for experiments with 6 sampled WTGs for training
are shown in Table 2. Complete test and generalization results are shown in Appendix C.

5 CONCLUSION

ML-based predictive maintenance for wind energy systems can help to improve their operational
efficiency and reduce costs of wind energy. Integrating physics can increase model performance, but
only partially known system dynamics often impede their application. We propose a RNN architecture
for predicitive maintenance of WTGs constrained by physics where unknown system coefficients are
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treated as trainable parameters, allowing to incorporate physics into the model when they are not or
only partially known. Using nowcasting of bearing temperatures, this approach is also independent of
wind speed forecasts, reducing a large factor of uncertainty. Experiments on different datasets show
that the model has state of the art prediction performance and improved generalization performance
compared to the baseline models, outperforming them in a majority of tests on unseen environments.
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A DATASETS

Table 3 shows number of individual WTGs and their maximum power output for each dataset used in
the experiments. Distributions of feature values are shown in Figure 3.

Table 3: Number and nominal power of WTGs in each dataset.

N WTGs Power [kW]

Plant A 11 850
Plant B 50 850
Plant C 26 850

Pl
an

t A

Active Power [kW] Ambient Temp [K] Rotor Speed [rad/s] Gearbox Bearing Temp [K]

Pl
an

t B

0 425 850

Pl
an

t C

270 290 310 320 0 1 2 3 4 5 270 300 330 360

Figure 3: Feature densities for the individual datasets from different wind plants.

B MODEL ARCHITECTURE

Both PC-RNN and baseline RNN consist of a single-layer LSTM cell with a hidden unit size of
16, followed by a dense layer with output size 1. Training was performed using a batch size of
16, a 0.2 validation split and the Adam optimizer with an adaptive learning rate of 0.001. For the
PC-RNN, the scaling factor α influencing the impact of the physics loss was set to 0.25. No exhaustive
hyperparameter tuning was performed, as this was not the scope of this work.

C RESULTS

Figure 4 shows prediction results and standardized computed temperature changes from one sample
PC-RNN. Solving Equation 2 with learned parameters, the model is able to approximate the true
pattern of temperature changes, although with smaller magnitude. Complete test results are shown in
Table 4.

Generalization performance is shown in Figure 5. In most cases, the PC-RNN shows best performance
and lower error variance than the standard RNN. Complete results for generalization experiments are
shown in Table 5.
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t prediction (left) and standardized model gradients from the
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Figure 5: Model generalization performance for training set size of 6 WTGs per dataset. The grey
areas mark results for unseen WTGs from training datasets (in-plant generalization).

Table 4: Results on test set for all experiments.

N train Model RMSE (± σx̄)

Plant A Plant B Plant C

1
Linear 0.892 (± 0.041) 1.091 (± 0.031) 1.003 (± 0.034)
RNN 0.667 (± 0.06) 0.652 (± 0.027) 0.844 (± 0.041)
PCRNN 0.636 (± 0.033) 0.74 (± 0.04) 0.803 (± 0.037)

3
Linear 0.914 (± 0.022) 1.013 (± 0.028) 1.021 (± 0.019)
RNN 0.694 (± 0.047) 0.705 (± 0.035) 0.796 (± 0.025)
PCRNN 0.679 (± 0.02) 0.722 (± 0.025) 0.808 (± 0.025)

6
Linear 0.914 (± 0.01) 1.063 (± 0.015) 1.012 (± 0.008)
RNN 0.847 (± 0.045) 0.722 (± 0.017) 0.826 (± 0.02)
PCRNN 0.768 (± 0.05) 0.777 (± 0.027) 0.867 (± 0.033)

9
Linear 0.904 (± 0.003) 1.056 (± 0.016) 1.026 (± 0.006)
RNN 0.788 (± 0.028) 0.797 (± 0.085) 0.803 (± 0.008)
PCRNN 0.772 (± 0.025) 0.741 (± 0.022) 0.839 (± 0.018)
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