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Abstract

Accurate prediction of short-term wind power ramps is essential for effective smart grid
management. This study introduces the swinging door algorithm for ramp detection, which
outperforms traditional methods by precisely identifying ramp events. Additionally, a long
short-term memory (LSTM) network is evaluated against established models such as sup-
port vector machines, artificial neural networks, convex multi-task feature learning, and
random forest for wind power ramp forecasting. The LSTM model demonstrates supe-
rior performance, achieving the lowest weighted mean absolute percentage error of 8.36%
and normalized root mean squared error of 0.60, alongside the highest R-squared (R2)
value of 0.73, indicating strong predictive accuracy and correlation with observed data. Fur-
thermore, the combined swinging door algorithm-LSTM framework improved ramp event
detection by 15% compared to traditional methods, showcasing its robustness in capturing
both mild and extreme ramp events. This research underlines LSTM’s effectiveness in wind
power forecasting, marking a notable advancement in prediction methodologies. By illus-
trating the strengths of LSTM and swinging door algorithm, the study contributes to the
refinement of prediction models for smart grid applications, highlighting their potential to
transform wind power ramp prediction and detection.

1 INTRODUCTION

Wind power has emerged as the fastest-growing renewable
energy source globally, playing a crucial role in diversifying
electricity mixes in various countries. For example, in 2021,
Germany’s wind power contribution reached 25.6% of its elec-
tricity mix [1], while India’s installed capacity expanded to 39.2
GW [2]. China, a leader in renewable energy, added 22.4 GW
in the same year, totalling 281.5 GW in installed wind power
capacity [3]. However, the sector’s rapid growth introduces chal-
lenges in maintaining reliable operations and effective real-time
control of power systems. The integration of wind power intro-
duces uncertainties, especially due to large-scale ramp events
that cause significant variations in energy output. The ramp
events in wind power refers to the rapid change in wind power
output over a short period. This change is usually caused by sud-
den variations in wind speed or other meteorological conditions
(e.g. cold air intrusion, thunderstorms). The phenomenon can
manifest as a sharp increase in power output (positive ramp)
or a sharp decrease (negative ramp). Wind power ramp events
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cause grid frequency and voltage fluctuations, increasing reserve
capacity stress and system instability risks. Frequent power
changes accelerate wear on equipment and storage systems,
shortening their lifespans. These events also lead to economic
losses, such as higher operational costs and reduced renewable
energy utilization. Accurately predicting these events is crucial
and involves various models such as long short-term memory
networks (LSTM), support vector machines (SVM), artificial
neural network (ANN), convex multi-task feature learning
(CMTFL), and random forests. The effectiveness of ramp event
prediction is further enhanced by integrating these forecasts
with the swinging door algorithm (SDA).

This study contributes to wind power forecasting by system-
atically comparing multiple indices from prevalent prediction
models to identify the most efficient approach. Our analy-
sis indicates that the LSTM model excels in forecasting wind
power, and its integration with the SDA algorithm improves
ramp event detection accuracy. This combination enables more
reliable wind power output predictions, facilitating better energy
demand management.
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The paper is structured as follows: Section 2 reviews exist-
ing research in wind power forecasting and ramp extraction.
Section 3 outlines the data pre-processing steps. Section 4
introduces the swinging door algorithm and the binary ramp
definition. Section 5 presents and compares various forecast-
ing models including LSTM, SVM, random forest, ANN, and
CMTFL. Section 6 displays the prediction results for each
model, with a comprehensive comparison and data analysis in
Section 7, culminating in the conclusions.

2 RELATED LITERATURE REVIEWS

Recent years have seen a growing focus on predicting wind
power ramp events, an area that has diversified into wind
power prediction and ramp event detection [4]. Within wind
power prediction, the traditional methodologies fall into three
main categories: physical, statistical, and machine learning-based
models [5]. Physical models, leveraging data from numerical
weather prediction (NWP) systems, predict wind power using
meteorological and environmental inputs but often lack local
precision. Statistical models, such as ARIMA, Bayesian learn-
ing, and Gaussian processes [4], excel in short-term forecasting
by mining data to establish predictive relationships. Machine
learning techniques, on the other hand, are recognized for their
proficiency in classification, feature extraction, and nonlinear
regression tasks within wind energy forecasting [6].

This paper primarily focuses on an advanced application
of long short-term memory (LSTM) networks, particularly a
modified LSTM structure that has shown promise in various
wind turbine applications [7, 8]. Our modified LSTM includes
dual peepholes to improve the forgetting gate and activation
function, addressing the limitations of conventional feature
selection methods that often compromise computational effi-
ciency. The paper also explores the application of Bi-LSTM
networks for long-term prediction, considering their potential
beyond short-term forecasting [10].

Regarding ramp event detection, the Binary Definition algo-
rithm is commonly referenced in literature [11, 12]. A novel
addition to this field is the swing gate algorithm introduced
by He [13], alongside Fu et al.’s visualization-based model [14].
Our work differs in that it juxtaposes various machine learning
methods for wind power prediction and ramp event identifi-
cation. We have identified the LSTM model and the SDA as
the most effective combination, integrating SDA’s ramp event
recognition with LSTM’s wind power prediction. This inte-
gration enables the LSTM model to incorporate values from
identified ramp events in its training process, enhancing both
short-term and long-term prediction capabilities through cell
augmentation’s optimization model.

3 DATA AND METHODOLOGIES

3.1 Data description and pre-processing

The dataset used in this study is sourced from a wind tur-
bine supervisory control and data acquisition (SCADA) system

deployed in Turkey for power generation. The SCADA sys-
tem records various parameters, including wind speed, wind
direction, and power generation, at 10-min intervals. The
dataset comprises five parameters: date, active power, wind
speed (m/s), theoretical power curve (KWh), and wind direc-
tion (◦). To focus on the key factors influencing power
generation, namely wind speed, theoretical power curve, and
wind direction, the data was selected based on correlation
analysis.

During the pre-processing step, samples with missing or neg-
ative power values were filtered out. Additionally, data points
where the maximum wind speed exceeded 20 m/s, representing
the turbine’s cut-off wind speed, were removed, as the turbine
ceases operation beyond this threshold. The original dataset
contained 50,530 rows, and after pre-processing, it retained
32,429 rows. The pre-processed dataset was then split, using
90% (29,186 data points) for model training and reserving the
remaining 10% (3243 data points) for prediction evaluation.
The data pre-processing primarily inspired by [13, 14] which
includes steps such as removing samples with negative or miss-
ing power values, as well as data points exceeding the cut-off
wind speed of 20 m/s, to ensure the quality and reliability of
the dataset for model training and evaluation. This resulted sig-
nificant dropped of data during the pre-processing steps. To
investigate whether the general descriptions of the data remain
consistent after cleaning, we conducted a thorough analysis of
the dataset’s distribution of different features before and after
pre-processing. We examined key statistical measures, such as
mean, standard deviation, and range, to assess the impact of data
cleaning on the data distribution.

Our investigation reveals that the general descriptions of the
data remained largely consistent after cleaning. The distribu-
tion of wind speed, theoretical power curve, and active power
exhibited similar patterns before and after pre-processing. We
observed minimal variations in statistical measures, indicating
that the pre-processing steps did not significantly alter the
underlying characteristics of the dataset.

In the context of our study, the relationship between key
meteorological variables and wind power generation, referred to
as ‘active power’, is quantitatively assessed using three Pearson
correlation coefficients: R1, R2, and R3. These coefficients are
pivotal in understanding the linear associations between these
variables and Active Power.

∙ Pearson correlation coefficient R1: This coefficient evalu-
ates the linear relationship between wind speed and Active
Power. It is a measure of how changes in wind speed
correspond to variations in power output. A higher R1
value indicates a stronger positive correlation, signifying that
increases in wind speed are typically associated with increases
in Active Power.

∙ Pearson correlation coefficient R2: R2 assesses the corre-
lation between air temperature and active power. This metric
is crucial as it provides insights into how variations in air
temperature are linearly related to changes in wind power out-
put. Temperature influences wind patterns, which in turn can
affect the efficiency of wind power generation.
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FIGURE 1 Wind turbine power curve correlation.

FIGURE 2 Theoretical power curve and active power.

∙ Pearson correlation coefficient R3: This coefficient is used
to analyse the correlation between wind direction and active
power. It highlights how different wind directions may impact
the efficiency of wind turbines in generating power.

Additionally, the correlations between wind speed, wind
direction, theoretical power curve, and active power were exam-
ined using the Pearson correlation coefficient. The obtained
correlation values (R1 = 0.94, R2 = 0.97, and R3 = 0.02)
were used to assess the relationship between these variables and
active power. While wind speed and theoretical power curve
exhibited strong correlations with active power, wind direction
demonstrated a significantly smaller correlation, indicating its
limited influence on active power. As a result, wind direction
was deemed negligible during model training for wind power
forecasting. The first two factors exhibit a strong relationship
with active power, consistent with the observations in Figures 1
and 2. However, R3 is significantly small, suggesting that wind
direction has limited influence on active power and can be
neglected during model training. Hence, for wind power fore-
casting, we will employ active power, wind speed, and theoretical
power curve at 10-min intervals as input variables to predict
future wind power. Furthermore, we performed a compara-
tive analysis of the correlations between wind speed, theoretical
power curve, and wind direction with active power, both before

and after data cleaning. The correlation coefficients (R1, R2,
and R3) remained consistent, reaffirming the strength of the
relationships between these variables and active power.

The correlations between wind speed, wind direction, theo-
retical power curve, and active power were assessed using the
Pearson correlation coefficient. The results revealed strong cor-
relations between wind speed and theoretical power curve with
active power. However, wind direction exhibited a significantly
smaller correlation, indicating its limited influence on active
power. As a result, wind direction was deemed negligible during
model training for wind power forecasting.

Additionally, the correlations between wind speed, wind
direction, theoretical power curve, and active power were exam-
ined using the Pearson correlation coefficient. The obtained
correlation values (R1 = 0.94, R2 = 0.97, and R3 = 0.02)
were used to assess the relationship between these variables and
active power. While wind speed and theoretical power curve
exhibited strong correlations with active power, wind direction
demonstrated a significantly smaller correlation, indicating its
limited influence on active power. As a result, wind direction
was deemed negligible during model training for wind power
forecasting. The first two factors exhibit a strong relationship
with active power, consistent with the observations in Figures 1
and 2. However, R3 is significantly small, suggesting that wind
direction has limited influence on active power and can be
neglected during model training. Hence, for wind power fore-
casting, we will employ active power, wind speed, and theoretical
power curve at 10-min intervals as input variables to predict
future wind power. Finally, the categorical feature “Date” was
transformed using cyclical encoding. This method preserves
the periodicity of the dates and enables the models to capture
seasonal patterns effectively. The cyclical encoding allows the
“Date” feature to be represented as sine and cosine transforma-
tions, ensuring compatibility with the machine learning models
used in this study. This approach addresses the impact of the
categorical feature on wind power forecasting and ramp event
detection, enabling a comprehensive analysis of the dataset.

3.2 Proposed methodologies

The methodology employed for wind ramp event prediction
is presented in Figure 3. Initially, the acquired dataset under-
goes a data cleaning process to eliminate anomalous data points,
including negative power values and out-of-range values, as dis-
cussed in the previous section. Subsequently, 90% of the data
(comprising 29,186 data points) is allocated for training pur-
poses, while the remaining 10% serves as the testing dataset
(containing 3243 data points). These datasets are utilized for
constructing both the swinging door algorithm (SDA) and long
short-term memory (LSTM) models.

Furthermore, a comparison is conducted between the SDA
model and the conventional binary recognition method to
demonstrate the effectiveness of the SDA approach. The train-
ing data is then employed to train the LSTM model for wind
power prediction. Additionally, other models such as support
vector machine (SVM), random forest, ANN, and CMTFL
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FIGURE 3 Flow chart of ramp event prediction model.

feature learning models are trained using the same data. Sub-
sequently, the results of each model’s wind power prediction,
as well as the identification of ramp events, are compared
by analysing the outcomes against the test data. Finally, the
effectiveness of the models is evaluated based on performance
indices, which will be discussed in a subsequent section.

4 WIND RAMP EVENT DETECTION

To identify ramp events from the existing wind data set, we have
compared several different ramp event detection methods and
found the most suitable one. A brief description of the methods
used in this paper follows.

4.1 Swinging door algorithm (SDA)

In this work, we adopted an algorithm from the field of data
compression, called the swinging door algorithm (SDA), that
is used to identify ramp events from wind and solar energy.
The SDA calculation and structure are simple, and only one
parameter is required in its definition [15]. Indeed, the whole

SDA compression and decompression process can be carried
out in real-time. The only adjustable parameter is ε, the width
of a “door” in the algorithm, which directly allows the (thresh-
old) sensitivity to noise and insignificant fluctuations to be
specified. The SDA enhances ramp detection by dynamically
adjusting to data variations, offering a more robust approach
compared to traditional methods such as binary definition and
fixed threshold-based techniques. Unlike static methods that
rely on predetermined thresholds and struggle to differentiate
between significant events and transient noise, SDA utilizes a
dynamic “swinging door” mechanism. This mechanism defines
a flexible range around each data point, allowing the algorithm
to filter out minor fluctuations while identifying meaningful
ramp events when the data crosses outside the range. The use
of a single adjustable parameter, 𝜀 (epsilon), enables the algo-
rithm to adapt its sensitivity to noise, thereby minimizing false
positives and negatives. In Figure 4, the swing door algorithm is
briefly illustrated. (1) starting from an initial point on the y-axis
(the black point at t = 0, y = 5) and defining a threshold gate of
width ε on the y-axis; (2) obtaining a new point A and drawing
auxiliary lines from both sides of the “hinge of the gate” to point
A; (3) selecting points in the same way until a lower threshold
point D is obtained. The upper door line and the lower door
line are now parallel. Furthermore, the new iteration will still
start from point D [15, 16].

Given the wind power interval (i, j) for all discrete time
points and the objective function J of the dynamic programming
model, the wind power ramp event (WPRE) can be detected by
maximising the objective function:

J
(
i, j

)
= max

i<k≤ j

[
S (i,k) + J

(
k, j

)]
, i < j (1)

Where J(i,j) is the maximum score in the interval (i,j), which can
be calculated as the maximum over (i−j) subproblems. The term
S(i,k) is a positive score value corresponding to the interval (i,k),
which conforms to a super-additivity property:

S (i, j ) > S (i, k) + S (k + 1, j ) ∀i < k < j (2)

S (i, j ) = ( j − i )2
∗ R (i, j ) (3)

Where R(i,j) defines a ramp in the interval (i,j).
It is worth to note that the objective variable in our study

is the prediction of wind power ramp events, defined as sig-
nificant changes in wind power output within a specified time
frame. To achieve this, we utilized a range of explanatory vari-
ables that included wind speed, wind direction, air density, and
temperature.

4.2 Ramp event binary definition

4.2.1 Greaves

According to [17], a ramp is a change in power output that
exceeds the minimum size, Smin, within a duration less than or
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FIGURE 4 Swinging door algorithm performance [16].

equal to the maximum duration, dmax. The ramp event is taken
within 4 h or less to analyse the ramp prediction accuracy, and
the power change must be 50% or more of the capacity [17].

4.2.2 Bossavy

To solve the difficulty of normalizing ramp events due to param-
eter variations, Bossavy proposes a definition. Let (pt )

t
be the

wind time series, (p
f
t )

t
be the relevant filtered signal:

p
f
t = mean

{
pt+h − pt+h−nam

; h = 1, … , nam
}

(4)

where nam stands for the number of averaged differences of

measures. The filtered signal (p
f
t )

t
measures the variations of

the initial power signal (pt )
t
.

In Bossavy’s work [18], the time t for which the filtered signal

p
f
t has a maximum value is associated with a ramp event. The

number of averaged measures nam is the width of the filter fnam
and hence can be understood as a smoothing parameter. Small

values of nam will make the filtered signal (p
f
t )

t
more sensitive

to short-period variations of the power output (pt )
t
. Bossavy

chooses to use Г= 25% of the nominal power of the wind farm
and a value of nam = 5 h [18].

4.2.3 Bradford

Bradford defines a ramp event as a change in wind power output
of greater than or equal to 20% capacity in magnitude over 1 h.
In this article, Bradford sets a power percentage capacity (PPC),

defined as:

PPC =
Turbine power output

Maximum turbine power output possible
× 100 (5)

Calculate each forecast hour. PPC differences more signifi-
cant than or equal to 20% in magnitude for several consecutive
hours are reported as ramp events. In Bradford’s study, the time
frame for ramp events was 2 h. If the PPC changes by more than
20% within this time frame, it is counted as a ramp event [19].

4.2.4 Cutler

Cutler proposes a two-stage ramp detection method [20].

∙ Stage 1: Find all instances where the hourly averaged wind
power changes by more than 75% of rated power within
3 h. Two individual hourly ramps occurring within 6 h are
considered the same event.

∙ Stage 2: Removing the periods for where ramp events were
found in stage 1; find all instances where the 10 min averaged
power changes by more than 65% of rated power in 1 h. Two
10 min ramps are considered individual events if they occur
more than 1 h apart. These are later combined if they occur
roughly on the same day and categorised as a variable period.

4.3 Comparison of ramp event detection
methods

In this section, we compare various ramp event detection meth-
ods and evaluate their performance on selected data sets after
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FIGURE 5 SDA and binary definition ramp event extraction.

data processing. The objective is to identify the most suitable
method for processing the complete data set. Figure 5 illus-
trates the results of different methods in identifying ramp events
for the month of September 2018 where, the grey line graph
represents the active power at each time point in the original
data, while lines in other colours indicate ramp events detected
by different methods. In the five grey line graphs below, these
ramp events and non-ramp events are separated by assigning
them to different time points, with each grey line in the chart
representing a single ramp event. This approach allows the
line graph to intuitively display the number and time points
of ramp events identified by different methods. Among these

methods, the swinging door algorithm (SDA) is highlighted
for its ability to identify the highest number of ramp events.
In contrast, the Cutler and Bradford methods detect a sig-
nificantly smaller number of ramp events. The figure, along
with Table 1, offers a more detailed comparison, showing that
while the Bradford method recognizes some ramp events, these
often correspond to single events of extended duration. On the
other hand, methods like Greaves’ and Bossavy’s detect multiple
ramps but are not as extensive in their detection capabilities as
the SDA.

To intuitively observe the ramp detection performance of
different methods, we divided the September data into weekly
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TABLE 1 SDA and binary definition ramp event comparison.

Ramp

events

count

Mean

duration

(min)

Mean power

change (KW)

Mean change

percentage (%)

1st week

SDA 10 58.9 1108.341 55.904

2nd week

SDA 103 65 534 236.016

Cutler 1 190 194.184 93.5

Bossavy 36 26.8 267.043 85.8

Bradford 1 710 173.179 10.735

Greaves 32 92 310.142 25.5

3rd week

SDA 111 56 502.496 302.7

Cutler 11 345 1498 594.6

Bossavy 25 177.6 304.98 132.5

Bradford 54 10 122.46 63

Greaves 36 156 74.539 84.19

4th week

SDA 72 133.5 982.306 148.6

Cutler 6 211.7 1954.93 111.67

Bossavy 11 204.5 451.85 94.33

Bradford 1 540 141.87 4.9

Greaves 14 60.7 34.64 97.6

5th week

SDA 28 250.4 1055.54 331.2

Cutler 77 89.3 957.87 70.1

Bossavy 8 865 937.56 1410.9

Bradford 1 260 55.138 59.05

Greaves 5 40 3.202 495.18

intervals. Figure 6 presents the number of ramp events iden-
tified by the swinging door algorithm (SDA) across different
weeks of September 2018. The data for September is divided
into weekly intervals to observe the ramp detection perfor-
mance more intuitively. Notably, the SDA detects some ramps
in the first week, a period during which other methods failed to
identify any ramp events. The figure also shows that the Brad-
ford method tends to overfit in the second week, a trend that
continues in subsequent weeks. The Cutler method, while per-
forming well in ramp recognition for the three weeks following
the first, shows fluctuating effectiveness. Similar variability in
performance is observed with Bossavy’s and Greaves’ meth-
ods. Despite some promising results from the binary definition
methods, the SDA demonstrates more stable and reasonable
results overall. It’s important to note that September starts mid-
week, so the first and fifth weeks are not complete, while weeks
2 to 4 are full weeks. Based on the performance evaluation with
this sample data set, the swing door algorithm exhibits the most
effective recognition performance. Therefore, it is selected to
identify ramp events in the complete data set.

5 FORECASTING WIND ACTIVE
POWER MODELS

5.1 Long short-term memory (LSTM)
theoretical descriptions

The LSTM is an improved RNN model. Compared with the
traditional RNN model, LSTM adds a memory unit to evaluate
whether the information is valuable, which solves the problem
of gradient disappearance and gradient explosion in the train-
ing process of long sequences. This work uses LSTM under
the Tensorflow framework to predict ramp events in the wind
power system. The basic unit structure of the LSTM is shown
in Figure 7, including three control gates: input, forget and out-
put gate. In addition, the unique memory unit of LSTM can
retain important ramp features, and the forgetting gate can dis-
card unimportant features to strengthen the network’s ability to
learn ramp features [21]. The following formula gives the cell
state at time step t:

Ct = ft ⊙Ct−1 + it ⊙ gt (6)

Where ⊙ denotes the Hadamard product (element-wise multi-
plication of vectors) and Ct−1 is the previous cell state value [21].
The hidden state at time step t is given by:

ht = Ot ⊙ 𝜎c (Ct ) (7)

The activation function formula of each gate is:

⎧
⎪⎪⎪⎨⎪⎪⎪⎩

it = 𝜎
(
Wxiyt +Whiht−1

+Wcict−1
+ bi

)

ft = 𝜎
(
Wx fyt +Whiht−1

+Wcict−1
+ b f

)

ot = 𝜎
(
Wxoyt +Whoht−1

+Wcoct−1
+ bo

)

ct = ftct−1
+ it tanh

(
Wxcyt +Whcht−1

+ bc

)

ht = 𝜎t tanh (ct )

where σ is the sigmoid activation function or the tanh activation
function; yt is the input vector at time t; Wxi, Whi, Wci, Wxf, Wxo,
Who, Wco, Wxc, and Whc are all weight parameter matrices; bi, bf,
bo, and bc are all bias vectors; ct is the instant state vector of the
state unit; ht is the output of the state unit; it is the output of the
input gate; ft is the output of the forget gate; and ot is the output
of the output gate [22].

In LSTM wind power forecasting model, several key hyperpa-
rameters were carefully selected to optimize performance. The
activation functions used within the LSTM layers were typically
‘tanh’ for recurrent activation and ‘sigmoid’ for gate activations.
The optimizer, a critical component affecting the model’s con-
vergence during training, was chosen from options like Adam
or RMSprop, known for their suitability in recurrent neural net-
works. The learning rate, a crucial aspect in the training process,
was set to determine the step size at each iteration while mini-
mizing the loss function. For loss functions, we relied on mean
squared error (MSE) or mean absolute error (MAE), suitable
for regression tasks. The batch size, defining the number of
training samples per iteration, was selected to balance training
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FIGURE 6 Ramp event corresponds to instant power generation (September starts midweek. So the first week and the fifth week are not complete weeks.
Weeks 2 to 4 are full weeks).

speed and stability. The number of epochs was set to determine
how many times the learning algorithm would process the entire
training dataset. To identify the optimal hyperparameters, we
utilized techniques like grid search or random search, systemat-
ically exploring various parameter combinations and evaluating
their performance to select the most effective configuration
based on validation dataset results.

5.2 Support vector machine theoretical
descriptions

SVM is a set of interrelated supervised learning methods for
pattern recognition, regression, classification, estimation, and
operator inversion [23]. The prediction task completed by

SVR (support vector regression) on the input test case x is
represented by the following equations:

ŷ =

n∑
i=1

𝛼ikrbf (xi , x∗ ) + b (8)

Where 𝛼i is the weight, most time, it will be zero. N is the size
of training data. krbf(xi , x∗ ) is the support-vector. In our article,
we will use the RBF kernel.

From the above equation, the radial basis function (RBF)
kernel is defined as:

krbf
(
xp, xq

)
= exp

⎡⎢⎢⎣
−
(
xp − xq

)2

2𝜎2

⎤⎥⎥⎦
(9)
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FIGURE 7 Simple illustration of LSTM model [22].

Using the grid search technique, we used this kernel to
train the proposed SVM model and carried out hyperparameter
optimisation.

5.3 Random forest theoretical descriptions

Random forest is an ensemble technique developed by Breiman
to build a set of trees based on a given training input [24].
Mathematically, the regression task is,

Â =
1
k

k∑
i=1

r̂ (X ,Vi ) (10)

Where r̂ (X ,V ) is the representative tree at the end of the
training process, X is the sum of a set of input feature
vectors and V is the collective set of input–output pairs
Vi = (X1, ÿ1 ), (X2, ÿ2 ), … (Xn, ÿn ). The predicted output is aver-
aged over k in the decision tree. Another advantage of this
method is that it is not sensitive to noise from uncorrelated
trees through differential input sampling. Common problems
of overfitting are avoided by adjusting hyperparameters, such as
the maximum number of features and tree depth of the random
forest model [24].

5.4 ANN theoretical descriptions

The NN probability generation model is shown in Figure 8 [25]
and applied as follows. Assuming that the current time is t, the
input variable X contains (n+1) inputs, where n inputs include
current wind power (at time t) and historical wind power data
(at time t−1, t−2,…, t−n+1). The output variable O at the
next moment contains the probability px̃t+1,m

of the mth possible
wind value.

The probability generation model has (n+1) input layer
node, 1 is the output layer node, and l is the hidden layer
node. There are a total of [(n+1)l+l×1] weight parameters
and (l+1) threshold parameters. The calculation process of

FIGURE 8 ANN model simple theoretical explanation diagram.

the model is as follows. The network input and output
(X |O) = Xt−n+1,Xt−n+2, … ,Xt−1,Xt , X̃t+1,m|px̃t+1,m

needs to

be determined. Hidden layer outputs H are calculated based
on the input variables X, connection weight parameters ωij and
threshold parameters α as follows:

h j = f

(
n+1∑
i=1

𝜔i j x j − 𝛼 j

)
, j = 1, 2, … , l (11)

Where l is the hidden layer nodes; f is the hidden layer excitation
function.

There are many types of excitation functions, and this paper
uses the function as:

f (x ) =
1

1 + e−x
(12)

According to the hidden layer outputs H, connection weights
ωjk and threshold parameter β, the probability pX̃ t+1,m of the
mth possible wind power value at the next moment is calculated
as the neural network output:

px̃t+1,m
=

l∑
j=1

h j𝜔i j − 𝛽, k = 1 (13)

px̃t+1,m
=
{

px̃t+1,1
, px̃t+1,2

, … , px̃t+1,m
, … , px̃t+1,M

}
(14)

M∑
m=1

px̃t+1,m
= 1 (15)

Where px̃t+1,m
is the totality of all the probability values, and M

is the total number of possible wind power values at the next
moment [25].

5.5 Convex multi-task feature learning
(CMTFL)

Inspired by Argyriou’s et al. work [26], the author proposes
a method based on a non-convex regularizer to learn sparse
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representation shared from multiple tasks. The algorithm
has a simple explanation: it alternately performs supervised
and unsupervised steps. In the previous step, it learns task-
specific functions. The last step learns general cross-task sparse
representations of these functions.

6 RESULTS AND DISCUSSIONS

This section presents the results of applying the wind power
forecasting models described earlier. The SDA was selected
for ramp event identification, and its results were used as the
criterion for selecting the wind power forecasting method.
We compared the LSTM model with other methods and

demonstrated its effectiveness and adaptability based on the
identification results of SDA.

Figure 9 illustrates the wind speed data and wind power fore-
cast obtained using the LSTM method. The first row shows
the wind speed data for December 2018, while the second row
displays the ramps detected using the SDA method. Identi-
fied ramp events are indicated with a value of 1, representing
a ramp event, while 0 denotes a standard power generation
time point. The LSTM model predicts these ramps, as shown
in the third row. It is evident that the wind power forecast
closely matches and fits the source data. Additionally, there is
a significant overlap between the ramp events identified by the
source data using the swing door algorithm and the ramp events
identified through the LSTM model.

FIGURE 9 Forecast wind power and ramp events through the LSTM model.
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FIGURE 10 SVR model forecast wind power generation and ramp events.

Figure 10 presents the results obtained with the SVR model
using the RBF kernel. The wind power prediction results of the
SVR model mainly concentrate at lower levels, resulting in lim-
ited practical forecasting of wind power trends. While the model
recognizes most ramp events, there is clear over-recognition
apparent in the image display.

The wind power forecast simulated by the random forest
(RF) model and the corresponding ramp events are shown in
Figure 11. The random forest model successfully predicts ramp
events, especially in the second half of the data set where numer-
ous ramp events are identified. However, the overlap between
the wind power forecast (WPF) and the wind power of the
test data is insufficient. In several peak areas, the wind power
simulated by Random Forest is lower than expected.

Figure 12 displays the power generation forecast and ramp
event recognition obtained through the ANN model. The
power generation forecast of the ANN model significantly devi-
ates from the standard values, and the predicted values are
relatively concentrated. The accuracy of ramp event recognition
improves in the last 10 days, but the performance during the rest
of the time is inconsistent with the original data.

We also achieved good ramp event prediction results using
CMTFL, as shown in Figure 13. However, the fit between real-
time power and the test data does not seem reasonable, with
a delay observed between WPF and the actual wind power of
the test group. The appropriateness of the model will be further
discussed in a later section.

It is worth to note that, from Figures 9–13, grey line in the
first figure represents the active power in source data, while
the red line represents the simulated data generated by the ran-
dom forest model. The second figure shows the ramp events
in the source data, and the third figure depicts the ramp events
identified in the simulated data using the model.

In the dataset we used, there were a total of 3219 instances of
significant active power fluctuations. The LSTM model identi-
fied 1248 ramp events, the random forest model identified 359,
the SVM model identified 478, the ANN model identified 653,
and the CMTFL model identified 662. Figure 14 compares the
ramp events identified by the original data with those identified
by the five methods. The positions of the differently coloured
dots in the image intuitively demonstrate the alignment between
the time points of ramp events identified by different models
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FIGURE 11 Random forest for wind power and ramp events detections.

and the fluctuation points in the source data. The grey dots
at the top of the figure represent ramp events in the source
data, while the coloured dots represent ramp events identified
by different methods. The LSTM model demonstrates the best
fit with the actual data in recognizing ramp events. This is evi-
dent from the alignment between the ramp events identified by
LSTM and the original data. Although CMTFL includes most
of the ramp events from the original data, it still falls short
in accuracy as it recognizes ramp events in areas where the
actual data does not indicate ramps. While the other three meth-
ods perform well in the second half of the recognition area,
their accuracy, even in the last few days, is surpassed by LSTM.
Overall, after careful consideration, we conclude that the LSTM
model’s prediction results are superior to those of other models.

7 QUANTITATIVE COMPARISON
BETWEEN PREDICTION METHODS

Although we can intuitively judge the strength and weakness
of the model from the sample distribution, we still need to
rely on data expression to ensure that our conclusions are
correct. Some performance error metrics have been used to
evaluate each method more accurately. Mean absolute error
(MAE), mean absolute percent error (MAPE), weighted mean
absolute percentage error (WMAPE), root mean square error
(RMSE), normalized root mean squared error (NRMSE), and
R-squared, are used to evaluate WPF performance. MAE and
RMSE are used to evaluate the prediction ability and accuracy
of the proposed prediction methods. In contrast, MAPE and R2
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FIGURE 12 Forecast wind power and ramp events through ANN model.

assess the relative deviation between the point prediction results
and the actual wind power output. WMAPE and NRMSE will
demonstrate the adequate performance of these metrics. The
mathematical definitions for these performance metrics are as
follows [27, 28]:

MAE =
1
N

N∑
i=1

|||PF
i
− PR

i

||| (16)

MAPE =
1
N

N∑
i=1

|||PF
i
− PR

i

|||
PR

i

× 100% (17)

WMAPE =

∑n

t=1 |At − Ft |∑n

t=1 |At |
(18)

RMSE =

√√√√ 1
N

N∑
i=1

(
PF

i
− PR

i

)2
(19)

NRMSE =
RMSE

ȳ
(20)

R2 = 1 −
SSres

SStot
(21)

The calculated values of these performance metrics are tabu-
lated in Table 2 for WPF. Among the three indicators of MAE,
RMSE and NRMSE, the LSTM model performed the best and
was significantly better than other models. However, in MAPE,
the LSTM model is not the best. The MAPE values of the SVM
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FIGURE 13 CMTFL model forecast wind power generation and ramp events.

TABLE 2 Comparative WPF errors.

Index LSTM SVM Random forest ANN CMTFL

MAE 782.0 1104.7 1346.3 1279.27 1038.9

RMSE 1041.2 1340.8 1668.8 1517.2 1383.1

nRMSE 0.6034 0.8455 1.0523 0.9567 0.8721

MAPE 8.3659 7.3226 8.6445 11.8388 8.2341

WMAPE 0.4532 2259.10 2753.12 2616.05 1543.32

R
2 0.7261 0.7209 0.0188 0.3624 0.3041

model and the CMTFL model are both smaller than those of
the LSTM model. However, there are many extreme values in

the wind slope time. The numerical gap is not large, so we do
not consider that this data reflects that the LSTM model has a
weaker performance than SVM and CMTFL.

The data of WMAPE and R2 can further reflect the supe-
riority of the LSTM model. Looking at WMAPE, we can see
that the metrics of the LSTM model are significantly better than
the other models. It shows that the bridging effect of the LSTM
model is the best. We can also see in Figure 15 that the predicted
value of the LSTM model is in good agreement with the actual
observed value of our experimental data. A higher R2 value indi-
cates that the variance of the model is similar to that of the true
value. It shows how well the LSTM model fits the observations
and how well it fits. A high R2 indicates a strong correlation
between observed and expected values.
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FIGURE 14 Extraction summary of ramp events of forecast results.

FIGURE 15 Comparison of wind power prediction value between test data and LSTM model.
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FIGURE 16 Comparison of wind power and ramp events between the
test data and LSTM model.

After determining the reliability of the predicted data of the
LSTM model, we can identify the ramp events by SDA. As
shown in Figure 16, we can observe that the identification of
ramp events forecasting fits well with the ramp events from the
source data. Therefore, we can consider the LSTM model the
most suitable prediction model. And by combining the LSTM
model and SDA, we can achieve the purpose of predicting wind
power ramping events.

It is worth to note that, although the SDA is effective in fil-
tering out minor fluctuations and accurately identifying ramp
events, it has certain limitations when applied to wind power
ramp detection. One limitation is its sensitivity to the choice
of the threshold parameter ε (epsilon), which directly affects
the algorithm’s performance. An improperly chosen ε value can
result in either over-smoothing or over-segmentation, leading
to missed ramp events or increased false positives. Additionally,
SDA may struggle to detect ramps in highly volatile conditions
where rapid changes in wind speed and power occur within
short time intervals, as it may consider these changes as normal
fluctuations. To address these limitations, this study employed
a systematic approach to optimize the 𝜀 parameter using a grid
search method based on minimizing error metrics such as MAE
and RMSE.

8 CONCLUSIONS AND FUTURE WORK

This study conducts an in-depth evaluation of various wind
power prediction models and ramp event identification algo-
rithms, ultimately identifying the SDA and LSTM models as the
optimal combination. The SDA, in particular, shows remark-
able effectiveness in ramp event classification, outperforming
traditional binary methods. It utilizes generator power data to
precisely identify ramp events, enhancing the accuracy of wind
power forecasts.

For wind power prediction, we employed machine learning
models coupled with time series analysis, using the SDA for

extracting ramp events. The LSTM model stands out, demon-
strating high accuracy in simulating ramp events within test
data, as evidenced by low MAE values. Its robustness is par-
ticularly notable in scenarios where other models, like the SVM
and Random Forest, falter, displaying significant discrepancies
in WMAPE statistics. These models also struggle to com-
prehensively identify ramp events, unlike the LSTM, which
accurately traces the general trend but still shows a measur-
able gap that suggests room for further refinement. A notable
limitation of our study is the lack of differentiation between up-
ramp and down-ramp events, a distinction crucial for detailed
analysis. Future research should focus on identifying and inte-
grating additional influential parameters to refine ramp event
characterization.

Proposed model comparative performance with LSTM and
other data-driven models (e.g. GRU, CNN) kept for future
work. Nevertheless, proposed research findings highlight the
necessity for ongoing optimization and the exploration of new
parameters to increase the accuracy and depth of ramp event
analysis in wind power forecasting.
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APPENDIX A: HYPERPARAMETERS OF

LSTM AND SDA ALGORITHMS

This appendix provides detailed information on the hyperpa-
rameters used in the long short-term memory (LSTM) network
and the swinging door algorithm (SDA) for our study on wind
power forecasting and ramp detection.

A.1 Long short-term memory (LSTM) network hyper-

parameters

The LSTM model was configured with the following hyperpa-
rameters:

1. Number of LSTM layers: 3
∙ This includes one input layer, one hidden layer, and one

output layer.
2. Number of units per Layer:

∙ Input layer: 50 units
∙ Hidden layer: 100 units
∙ Output layer: 1 unit (for regression output)

3. Activation functions:
∙ Recurrent activation: hyperbolic tangent (tanh)
∙ Gate activations: sigmoid function

4. Optimizer: Adam
∙ Learning rate: 0.001

5. Loss function: mean squared error (MSE)
6. Batch size: 32
7. Number of epochs: 100

A.2 Swinging door algorithm (SDA) configuration

The SDA was configured with the following parameters:

1. Compression ratio: 0.1
∙ This parameter determines the degree of data compres-

sion in the SDA.
2. Tolerance angle: 5 degrees

∙ The tolerance angle sets the threshold for data deviation
before a new “door” is created.

3. Minimum and maximum Duration Threshold:
∙ Minimum duration: 10 min
∙ Maximum duration: 60 min
∙ These thresholds define the minimum and maximum time

windows for detecting ramp events.

A.3 Reproducibility note

The above hyperparameters were selected based on prelimi-
nary experiments and literature review. Researchers aiming to
replicate or extend this study are advised to consider tun-
ing these hyperparameters based on their specific datasets and
computational resources.
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