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Abstract: To address the limitations of traditional predictive maintenance for large wind
turbines, a fault prediction method that combines a gated recurrent unit (GRU) network
with an improved ant lion optimization (IALO) algorithm is proposed. Traditional fault
monitoring primarily relies on the supervisory control and data acquisition (SCADA)
system to monitor parameters such as oil temperature using threshold-based alarm meth-
ods. However, this approach suffers from low accuracy in judgment and delayed fault
detection. To enhance the accuracy and timeliness of fault warnings, this paper selects
SCADA feature variables using the Pearson correlation coefficient (PCC) and optimizes the
hyperparameters of the GRU model using the IALO algorithm, which is enhanced by Latin
hypercube sampling and random sampling ranking. The method is based on historical data
during normal operation, and the residuals and normal distribution are used to set warning
thresholds for fault prediction. The results indicate that this method overcomes the issue of
traditional hyperparameter tuning falling into local optima and surpasses conventional
methods in terms of prediction accuracy and timeliness. It can effectively improve the
gearbox fault-warning performance.

Keywords: wind turbine gearbox; gated recurrent unit (GRU) network; ant lion optimization
(ALO) algorithm; fault warning; predictive maintenance

1. Introduction
As modern society and technology continue to evolve, the scarcity of energy has

become increasingly evident. The widespread development and application of clean energy
sources, including solar, geothermal, and wind power, have become a major trend in today’s
energy sector. In particular, the wind power industry is experiencing significant growth,
with increasing wind power capacity. However, as wind turbines operate in complex and
harsh environments, they face substantial challenges to the stability of their mechanical
structures. The economic losses incurred by past mechanical failures indicate that com-
ponents such as bearings, gears, and rotors within wind turbines are most susceptible to
damage [1–4]. Consequently, the ability to effectively predict and provide early warnings
for wind turbine faults has become a critical issue for enhancing the reliability of wind
power equipment and reducing operational and maintenance costs.

Currently, fault warnings utilizing SCADA data from wind turbines have become
widespread in the wind power industry. They serve as a key method to enhance equip-
ment reliability and reduce operational and maintenance expenses. Deep learning, as an
advanced technology, can automatically extract deep-level feature information from vast
amounts of complex SCADA data, effectively modeling the operational status of wind
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turbines [5–8]. With this technology, the failure trend of equipment can be anticipated
before or shortly after a wind turbine failure occurs, allowing for the formulation of targeted
maintenance strategies in advance. This approach enhances the availability and operational
efficiency of the equipment [9–12].

Ling Xiang et al. [13] proposed a convolutional neural network that incorporates an
attention mechanism (AM) and a long short-term memory network (LSTM). This method
conducts feature extraction and fault identification based on the operational state of wind
turbines, significantly improving the accuracy and robustness of fault diagnosis. Furthermore,
Imre [14] and others introduced a wind turbine prediction method that leverages LSTM
and SCADA data fusion, effectively capturing the complex dynamic changes caused by the
temporal span during wind turbine operation, thereby enhancing prediction accuracy.

Meng Lingchao et al. [15] proposed a PCABSMMR method. By combining principal
component analysis, boundary line synthesis of a few oversampling techniques, and an
improved multi-dimensional time series classification model, the efficient classification of
abnormal and normal operation states of wind turbine blades was realized and achieved
better performance than many existing methods, according to Puruncajas et al. [16]. By im-
proving the sampling frequency of existing SCADA sensors, combined with a convolutional
neural network (CNN) for multiple fault detection and classification of wind turbines, effi-
cient online fault monitoring and status assessment were achieved. Jiang Guoqian et al. [17]
proposed a temperature-based graph neural network model, TempGNN, using SCADA
data for wind turbine system-level monitoring and a decoupling model and adaptive
map structure learning, effectively reducing false positives and improving the monitoring
performance through actual data validation, proving that the model, in abnormal detection,
has a strong effect and robustness. He Yuchao et al. [18] proposed a false data injection
attack detection model based on an improved neural network (CNN-GRU). By combining
the GRU structure for spatial and temporal feature extraction and using the Mississippi
open-source data set verification, the model showed good accuracy in attack detection.

Xie Yuan et al. [19] proposed a CNN-LSTM model based on an attention mechanism.
By extracting features through CNN, LSTM captures the temporal relationship and opti-
mizes the output when combined with the attention mechanism, which further improves
the efficiency, accuracy, and generalization ability of the model. Due to the high model com-
plexity of LSTM, the hyperparameters need to be optimized to ensure their effectiveness in
different datasets and scenarios. In this regard, Sun Yiyang et al. [20] proposed an LSTM
hyperparameter optimization method based on particle swarm optimization (PSO). By
automatically adjusting the key parameters of LSTM, it not only improves the prediction
accuracy of the model but also reduces the need for manual intervention. Zhang Jingjing
et al. [21] proposed a PSO-based BP neural network regression prediction method and
developed a PSO-BP joint prediction model using wind farm SCADA data to evaluate the
prediction error by monitoring whether the residuals exceeded the threshold.

In addition, Henry et al. [22] improved the wavelet core limit-learning machine
(WKELM) based on the enhanced ant lion optimization algorithm (CALO) and enhanced
the global optimization capability by introducing the Cauchy mutation operator. Rashid
et al. [23] used machine-learning technology to build a state-monitoring system based on
SCADA data and successfully predicted the failure of the turbine gearbox by using the
bagged regression method, giving a warning 68 days in advance.

In the recurrent neural network (RNN) model processing temporal data, a GRU as an
improved RNN has less of a gating mechanism and a higher computational efficiency than
LSTM. GRU is able to effectively handle the dependence of long time series, but in practice,
the choice of its hyperparameters has an important impact on the prediction accuracy of
the model. In order to ensure that the model achieves the best prediction effect, it is crucial
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to optimize the reasonable hyperparameters. Therefore, current research is focused on the
improvement of fault prediction accuracy by optimizing the GRU hyperparameters

Based on this, this paper utilizes historical normal and fault data collected from the
wind turbine SCADA system, combined with the GRU network model, to implement fault
early warning for wind turbines. To avoid the issue of poor fitting results caused by manual
parameter selection, the ant lion optimizer (ALO) algorithm is used to optimize the GRU
model parameters. Compared to similar optimization algorithms, such as particle swarm
optimization (PSO), the ALO demonstrates higher computational efficiency in solving com-
plex problems involving global optimization, multimodality, and high dimensionality. To
overcome the limitations of the optimization algorithm itself, the paper not only improves
the ALO algorithm but also employs the PCC method for selecting input features, further
enhancing the model’s computational efficiency and accuracy.

2. Wind Turbine Parameter Description and Feature Selection
2.1. Description of the Wind Turbine Parameters

This study selected a 2 MW wind turbine located on a wind farm in Dabancheng,
Xinjiang province from 1 January to 31 December 2020. The rated power of the wind turbine
is 2 MW. Its cut-in wind speed is set at 4 m/s, and the cut-out wind speed is 25 m/s, while
the rated wind speed is 15 m/s. The SCADA system records the operating parameters of
the wind turbine every 10 min, including but not limited to key indicators such as wind
speed, generating power, rotation speed, and temperature. At the same time, the system
will also record the start of wind turbines, shutdown and safety chain disconnection, and
other key state information. These exhaustive data are crucial to assess and analyze the
performance of wind turbines. In view of the environmental and structural uncertainties,
the parameter values of wind turbines are usually set to a wide range of changes. To
improve the accuracy of the model, the necessary preprocessing of the data recorded by
the SCADA system is an indispensable step. The following are the main methods for data
preprocessing.

2.1.1. Data Validity Check

Usually, by setting a reasonable range of various monitoring parameters (such as wind
speed, power, etc.), any data outside of this range can be considered as an exception. For
example, check the wind speed, the generator power, and the range of the set power values.
Wind speeds above a certain set range (e.g., >50 m/s) may be untrue. When analyzing the
power curve, it is usually found that, when the wind speed meets the requirements of grid
connection, the power value is near zero in some cases. As shown in Figures 1 and 2, the
main cause of this phenomenon may be the interference data caused by the wind abandon
or other factors of the wind turbine.

2.1.2. Identification and Handling of Data Outliers

In data processing, it is crucial to identify and handle outliers. Linear or spline
interpolations are usually used to fill in the missing values in the data. However, when the
missing values are too many, deleting these values may become an option, although doing
so may result in data loss. If there is a change in a data point versus an adjacent time point,
this may indicate the pre-processed completed data. In this case, removing samples of
those variables outside of the normal change range is necessary, and identifying the cause
of the abnormality is equally important.
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Figure 1. Raw wind speed–power diagram.
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Figure 2. Data after removing the power abnormalities.

The SCADA data of wind turbines contains a large amount of valuable information.
Deleting all the data would result in the loss of useful content, negatively impacting the
model’s training and prediction. Therefore, removing only the abnormal or unexpected
data helps preserve the normal operational data. Excessive data removal could lead to
a sparse training set, affecting the model’s learning ability. Since there is a nonlinear
relationship between wind speed and power, not all of the wind speed-power values are
considered anomalies. By applying specific filtering criteria, unreasonable data can be
removed while retaining most of the valid data and eliminating obvious outliers, as shown
in Figure 3.
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2.2. Selection of Feature Parameters

The oil temperature monitoring of the wind turbine gearbox is an important means
of wind turbine fault early warning, The reason is that the oil temperature change of the
gearbox can reflect the internal mechanical state and lubrication of the gearbox. As a key
component of the wind turbine, the normal good operation of the gearbox depends on
the normal circulation of the lubricating oil. Too high or too low oil temperature may
indicate insufficient mobility of the lubricating oil, which will affect the lubrication effect
of the gearbox, lead to excessive wear or lag, and increase the risk of failure. Generally,
the gearbox-lubricating oil temperature is selected as the monitoring point of the fault-
warning model.

2.2.1. Multi-Input Model

In the practical application of a wind turbine gearbox, there are two input models:
single-input model and multi-input model. Given that wind turbines usually require long
operation, their maintenance and failure prediction rely on accurate temperature predic-
tions. The oil temperature of the wind turbine is affected by many factors, such as load,
rotation speed, ambient temperature, etc. It is difficult for a single input model to fully
capture these changes. In contrast, multi-input models are able to capture the complex inter-
actions between these factors, thereby improving prediction accuracy. Therefore, using the
multi-input model is an effective strategy to improve the accuracy of oil temperature predic-
tion and ensure the efficient and stable operation of wind turbines. The MISO model [24–26]
uses historical data of other m-related parameters as the input and temperature data as the
output. The structure of the MISO model is shown in Equations (1) and (2).

Xt =
[
x1

t , x2
t , x3

t , ......, xm
t

]
(1)

yt+1 = f(Xt) (2)

where xm
t is the observed value of the input parameter at the m-th correlation parameter at

time t, and Xt is the input parameter.
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2.2.2. Pearson Correlation Coefficient

However, during the MISO model-training process, the more input parameters, the
longer the training time, which may lead to the overfitting phenomenon of the model.
Therefore, in order to simplify the dimension, it becomes very important to extract the
parameters that affect the oil temperature change in the gearbox. Therefore, in Refs. [27–29],
the Pearson correlation coefficient method is used to reduce the input dimension and select
the operating parameters with strong correlation. The correlation coefficient is expressed
as follows:

r =
∑n

i=1(xi − xi)(yi − yi)√
∑n

i=1(xi − xi)
2
√

∑n
i=1(yi − yi)

2
(3)

where r is the Pearson correlation coefficient, xi and yi are the mean of the sample, and n is
the number of sample values.

Characteristic selection of preprocessed wind turbine SCADA operating data used
Pearson’s correlation coefficient method (results are shown in Table 1). Parameters with an
absolute value of the correlation coefficient greater than 0.7 are selected as the input of the
model. The selected variables include 17 parameters, such as ambient wind speed, ambient
temperature, gearbox bearing temperature, active power, generator speed, reactive power,
impeller speed, and generator bearing temperature.

Table 1. Correlation coefficient for the partial parameters.

Parameter Type Correlation Parameter Type Correlation

Environmental wind speed 0.794 Wind direction −0.302
Environmental temperature 0.842 Controller wheel hub temperature 0.204

Impeller speed 0.753 Leaf Angle −0.508
Generator speed 0.726 Generator slip ring temperature 0.761

Engine room temperature 0.748 Generator bearing A temperature 0.842
Gearbox bearing temperature 0.945 Generator bearing B temperature 0.841
Hydraulic tank temperature 0.461 Converter voltage 0.588

Active power 0.776 Reactive power −0.803

3. Method, Principle, and Improvement
3.1. The GRU Network Model

A GRU (gated cycle unit) is a recursive neural network (RNN) variant proposed by
Cho et al. [30] in 2014 to process sequence data. The GRU [31,32] is designed to solve
the gradient disappearance problem often encountered by traditional RNNs with long
sequence data and to improve the model memory of time steps by introducing a gating
mechanism. Compared to an LSTM (long and short-term memory network), a GRU
simplifies the structure while maintaining similar performance and, therefore, is more
computationally efficient and comparable to LSTM in many tasks. The core idea of GRU
is to use gating mechanisms to regulate the flow of information between time steps to
dynamically determine which information needs to be retained and which needs to be
discarded. This mechanism enables the GRU to efficiently address long-term dependency
issues. Compared to the traditional RNN, the GRU has two main gatings: the update door
and the reset gate. The update gate combines the forgetting gate and the input gate of the
LSTM to regulate the retention of information, while the reset gate controls the discarding
of information. With this structure, a GRU can effectively capture dependencies in temporal
data while reducing training time and maintaining high prediction accuracy. The GRU
memory unit structure is shown in Figure 4.
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For the input time series, the GRU units separately conduct the following calculations:

rt = σ(Wrxt + Urht−1) (4)

zt = σ(Wzxt + Uzht−1) (5)
∼
ht = tanh(Whxt + Uh(rt ⊙ ht−1)) (6)

ht = (1 − zt)⊙ ht−1 + zt ⊙
∼
ht (7)

where σ is the Sigmoid activation function; Wr, Wz, Wh, Ur, Uh, and Uz are the weight

matrix; xt is the input of time t; ht−1 is the memory information of time t − 1;
∼
ht is the new

memory information; and ht is the output vector.

3.2. Optimization of the GRU Model Based on the Modified Ant Lion Optimization
3.2.1. Ant Lion Optimization Algorithm (ALO)

As a variant of the RNN neural network, a GRU (gated cycle unit) can solve the
problem of gradient explosion and long-term dependence and can significantly improve
the prediction accuracy for the long sequence data. Reasonable setting of the GRU hy-
perparameters has a great influence on the predictive ability of the model, and choosing
appropriate hyperparameters can effectively accelerate the convergence process. The initial
learning rate, the number of hidden-layer neurons, the hidden-layer dimension, and the
batch size determine the learning ability, training complexity, and training effect of the
model. Therefore, in this paper, the improved ant lion optimization algorithm (IALO) is
used to optimize the four hyperparameters of the GRU iteratively, so as to achieve the
prediction effect of the model.

The ant lion optimization algorithm is an optimization algorithm based on simulating
the behavior of ant lion hunting ants in nature. Ant lions live in the desert and catch ants by
digging sand pits, an algorithm proposed in 2015 by Seyedali Mirjalili [33]. The algorithm
mimics the ant lion predation process and uses the interaction between ants and lions
for global optimization. In the algorithm, ants represent the solution in the search space,
which adjusts the position to avoid the capture of the ant lion, while the ant lion acts as the
global searcher, simulating the way the ant lion catches ants. Ant movement updates are
both influenced by local attraction and guided by ant lion capture mechanisms, ultimately
enabling optimized search.

The ant’s update formula is usually expressed as follows:

x→new
i = x→current

i + β·
(
x→i est − x→current

i
)
+ α·

(
L − x→current

i
)

(8)

where x→new
i represents the new position of ants, x→current

i represents the current position,
x→i est represents the global optimal solution, L represents the best position of the ant lion
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(i.e., bunker), and α and β represent the weight parameters controlling the local and global
search, respectively.

Update the formula for the ant lion:

L→new
i = L→current

i + γ·
(

x→best
i − L→current

i

)
(9)

where L→new
i and L→current

i represent the old and new locations of ant lions, x→best
i repre-

sents the best position for all ants, and γ represents the weight of their position updates.
Although the ant lion optimization algorithm performs well in many application

scenarios, there are also some shortcomings and limitations. The ant lion optimization
algorithm easily falls into the local optimal solution, and there are a series of problems
with slow convergence speed and low search accuracy in the later stage, especially in
the complex high-dimensional optimization problems. Although the algorithm has some
exploratory power by simulating the interaction between ants and ant lions, it may still
converge prematurely to some local optimal solution and fail to find a global optimal
solution. At the same time, because the iteration process depends on the alternating
behavior between the ant and the ant lion, the update process is relatively slow. Therefore,
in the traditional ALO algorithm [34], the Latin hypercube sampling (LHS) algorithm is
introduced and the Levy flight algorithm optimizes the ant lion and avoids the local search
trap, forming an improved ant lion optimization algorithm.

3.2.2. Latin Ultra-Cube Sampling

The original ant and ant positions are initialized by randomization, which may lead to
the initial position distribution not being uniform enough, which will reduce the diversity
of positions and make the algorithm face high uncertainty. Latin hypercube sampling [35] is
a sampling technique commonly used for global optimization, which is particularly suitable
for uniform sampling in high-dimensional space. As shown in Figure 5, the problem of
uneven sample distribution, which is possible during random initialization, can be solved.
The uniform stratification of Latin hypercubic sampling can improve the randomness of its
distribution, effectively improving the searchability of the algorithm and avoiding falling
into the local trap.
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Then, this paper adopts the elite strategy, which combines Latin hypercube sampling
initialization and random initialization, to initially calculate the adaptability of each initial
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ant and ant lion, rank them, and select the ants and ant lions with better adaptability. In the
above way, the initial position can be more uniform, making the initial position more likely,
thus improving the global optimization performance.

3.2.3. Levy Flight Algorithm

The Levy flight algorithm is a non-Gaussian random walk strategy. The advantage is
that it can occasionally make long-distance jumps while walking short distances, which
can effectively balance local search and global exploration capabilities. The location update
formula is as follows:

xt+1
i = xt

i + α⊗ levy(s) (10)

where xt
i is the current position of the ant, α is a random step, and ⊗ is a dot product. Step

s can be expressed as follows:
s =

µ

|v|
1
β

(11)

where the v and µ parameters in the above equation have a Gaussian distribution and are
obtained as follows:

v ∼ N
(

0,σ2
v

)
,µ ∼ N

(
0,σ2

µ

)
(12)

σµ = (
Γ(1 + β)× sinπβ

2

Γ
(

1+β
2

)
× β× 2(β−1)/2

)

1
β

,σv = 1,β ∈ (0, 2] (13)

To improve the search capability, a random dynamic search step is introduced:

α = rand·cos(π− |1 − ωi

ωmax
|) (14)

where ωi and ωmax are the current iteration and the maximum number of iterations.

3.3. Improved IALO-GRU Prediction Model

Based on the SCADA data of the wind turbine, to realize the state of wind motor
gearbox prediction using the data with a nonlinear, dimensional, complex, and temporal
time span, research shows that GRU can effectively handle such data, but for the super
parameter setting of the experiment, the paper puts forward the prediction model of
IIALO-GRU. The specific process is shown in Figure 6.

1. For the optimization objective and algorithm initialization, the optimization objective
function is set to initialize the improved IALO population M, in which the number of
ants and ant lions is M/2, the optimization target parameter dimension is four, and
the number of iterations is set at 50;

2. For initial sample generation and location initialization, Latin hypercubic sampling
(LHS) uses the uniform-sampling and random-sampling methods to generate the
initial sampling points to ensure the uniform coverage of the search space. Use these
sample points to initialize the population locations. During the iteration, the mean
square error (MSE) based on the GRU network model was evaluated as a function
of fitness;

3. For GRU hyperparameter setting and optimization, set the hyperparameters, such
as the hidden-layer cells, GRU unit layers, training batch size, and learning rate of
the GRU network. The IALO model combined with the flight algorithm updates the
position and speed to further optimize the local solution;

4. For adaptive value adjustment and convergence judgment, as the iteration process
progresses, the adaptive value gradually decreases, and the current optimal solution
is recorded. When the IALO algorithm reaches the maximum number of iterations
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or satisfies the termination condition, the solution is treated as a convergence, finally
obtaining the optimal hyperparameter solution of the GRU network.
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4. Experimental Validation
4.1. Experimental Design Based on the IALO-GRU Model

The transmission oil temperature warning model based on the IALO-GRU method
consists of two parts. For gearbox normal data processing, first, eliminate the invalid data
and incorrect data from the historical normal SCADA data set, and select reasonable input
parameters with the Pearson correlation coefficient. Second, the test residual of gearbox oil
temperature in a healthy state is obtained by the IALO-GRU prediction method. Since the
residuals generally conform to the normal distribution principle under the predicted and
real data, about 99.7% of the data will fall within µ ± 3σ. Thus, residuals beyond this range
are generally considered outliers. For gearbox abnormal data processing, first, the real-time
SCADA data are preprocessed, and then, the input parameters are obtained through the
correlation coefficient analysis. Second, the predicted value was obtained from the model
prediction of abnormal data trained on the IALO-GRU normal data. Finally, to determine
whether the moving window residue is the threshold calculated during the hypermodel
procedure, if the set threshold is exceeded, the monitoring system will issue a warning
signal. If neither exceeds the threshold, the transmission is running well and then continues
to monitor the running status of the transmission.

4.2. Analysis of Prediction Results of Normal Data of Gearbox Operation

The wind turbine had only one gearbox failure in a year. The fault occurred at about
8:00 on 19 September 2022, and the maintenance personnel found that the gearbox was
seriously damaged. The data from 0:00 on 10 January to 0:00 on 10 September 2022,
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were used as the normal training set, and the data from 0:00 on 10 September to 23:00 on
11 September 2022, were used as the model validation set.

4.2.1. Optimize the Model Parameter Setting

Standardized data are fed into the IALO-GRU model, which is trained by adjusting
the GRU hyperparameters (such as hidden-layer cells, GRU cell layers, training batch size,
and learning rate), whose parameter ranges are detailed in Table 2.

Table 2. Optimize parameter settings.

Parameter Scope Take the Value Type

Number of hidden-layer units 32 − 512 int
Number of GRU cell layers 32 − 512 int

Training batch 32 − 512 int
Learning rate 2 × 10−3 − 10 × 10−3 float

4.2.2. Comparative Analysis of Hyperparameter Optimization of Different Models

In order to evaluate the accuracy of the model in predicting the lubricating oil tem-
perature of the gearbox, four models, PSO-GRU, IALO-LSTM, ALO-GRU, and GRU, were
constructed for comparative analysis. All models used the same data samples and op-
timized parameter settings to predict the oil temperature of the gearbox during normal
operation. The experimental results are shown in Figure 7. To evaluate the accuracy and
parameter fit of the five models, root mean square error (RMSE), mean absolute percentage
error (MAPE), and goodness of fit statistics (r2) were used as the evaluation indexes. The
specific expressions are as follows:

RMSE =

√
∑N

i=1(yi − ŷi)
2

N
(15)

MAPE =
1
N∑N

i=1
|yi − ŷi|

yi
(16)

r2 =
∑N

i=1(ŷi − y)2

∑N
i=1(yi − ŷi)

2 (17)
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In the above evaluation indexes, lower RMSE and MAPE values and higher r2 values
all indicate better fit and higher prediction accuracy. As can be seen from Figure 8, the
IALO-GRU model based on normal operation data performs the best on the root mean
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square error (RMSE) and average absolute percentage error (MAPE) and has the best fit,
indicating that it can quickly and accurately detect abnormalities when failure occurs.
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4.2.3. Comparison Analysis of Different Residuals of Different Models

The fault alarm threshold of the model will be set based on normal data and the 3 σ

principle following normal distribution. By using the model trained with normal samples,
the residual between the actual value and the predicted value should remain within the
set alarm range. Once an abnormal situation occurs, the predicted residual will fluctuate
significantly and exceed the alarm threshold range, thus realizing the fault warning. The
methods for calculating the threshold range are detailed in Equations (18) and (19).

UCL = µ+ 3σ (18)

LCL = µ− 3σ (19)

where µ represents the mean of the residual between the actual and predicted value and σ

represents the standard deviation.
The results are shown in Figures 9 and 10. Due to the minimal threshold range

determined by the IALO-GRU model, the early-warning model achieves higher precision
and sensitivity in the identification of anomalous data. Further explained, the model will
be better able to capture those unusual and more difficult-to-detect abnormal data. This
helps to identify the abnormalities in advance, ensuring that the abnormalities are not
missed. So that the model can ensure effective detection, it improves the maintenance
efficiency of operation and maintenance personnel and can provide strong data support for
decision-making.

4.2.4. Comparative Analysis of the Iteration Effect of Different Models

To evaluate the performance and fitting effect of the IALO-GRU algorithm during
parameter optimization, the fitness function’s MSE values, shown in Figure 11 show that
the modified IALO-GRU model stabilized after 21 iterations. Relatively, the PSO-GRU
model also stabilized after 15 iterations, but its loss value was slightly higher than the IALO
optimization algorithm compared to the LSTM prediction method. The GRU network
shows a faster convergence rate and smaller loss values under the same optimization
algorithm. Thus, the improved IALO-GRU model exhibits faster convergence under the
present experimental conditions, thus verifying the advantages of the proposed IALO-GRU
algorithm in the solution process.
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4.3. Analysis of the Prediction Results of Abnormal Gearbox Operation Data

The fault sample test set data are the SCADA data from 0:00 to 8 a.m. on 19 September
2022. As shown in the above experiments, the IALO-GRU model training based on normal
running data showed better fitting ability and a smaller threshold range. The theoretical
performance should have a better fault identification ability. To confirm this point of
view, the abnormal sample test experiment’s results are shown in Figure 12, as well as the
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IALO-GRU model on the 17th. And the alarm’s frequent residual beyond the threshold
range in the following time confirmed that the model can effectively predict a fault and
alarm in time. The frequent alarms in the other models were relatively late. The PSO-GRU
model detected the residual oil temperature beyond the threshold at 1 a.m. on the 18th.
The GRU model alerted at 6 a.m. on the 18th. The IALO-LSTM alerted at 8 am on the
18th, and ALO-GRU triggered the alarm at 10 am on the 18th. However, the IALO-LSTM
and PSO-GRU had failed alarms during normal operation, probably because of improper
threshold range setting in these models, resulting in poor fitting with abnormal samples
and triggering false positives.
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Based on the results of the five models with normal and abnormal gearbox samples,
the IALO algorithm has a higher fitting degree and a smaller threshold range, giving it a
better sensitivity and alarm effect. Compared with the LSTM network model, the GRU
model has a better fit effect for processing the high-dimensional temporal data.

5. Conclusions
This paper presents an in-depth investigation into early-warning methods for wind

turbine gearboxes, proposing a novel M-IALO-GRU prediction model. By integrating wind
turbine SCADA data, the model predicts the gearbox oil temperature and determines the
alarm threshold range using the 3 − σ principle. An alarm signal is triggered when the
residual between the actual oil temperature and the predicted value exceeds the threshold,
enabling effective fault early warning for the gearbox. To enhance model performance, the
Pearson correlation coefficient is employed to filter SCADA time-series data, aligning it
with the characteristics of the GRU network. Furthermore, the improved ant lion optimizer
(IALO) algorithm is utilized to optimize the GRU hyperparameters, addressing issues of
poor model fitting caused by suboptimal parameter selection. Validation is conducted
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using one year of operational data and fault logs from a wind turbine at the Dabancheng
Wind Farm, Xinjiang. Comparative experiments with five distinct early-warning models
demonstrate that the M-IALO-GRU method outperforms existing approaches under the
tested conditions. Specifically, it achieves a narrower alarm threshold range, higher sen-
sitivity, and improved early-warning accuracy, significantly reducing the risk of severe
accidents caused by delayed alarms. This advancement contributes to the safe and stable
operation of wind turbines by enabling timely fault detection and intervention.
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