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ABSTRACT KEYWORDS
Currently, wind power is the fast growing area in the domain of renewable energy generation. Accurate Deep Learning, Long
prediction of wind power output in wind farms is crucial for addressing the challenges associated the power Short Term Memory,
grid. This precise forecasting enables grid operators to enhance safety and optimize grid operations by Multivariate, Renewable
effectively managing fluctuations in power generation, ensuring a reliable and stable energy supply. In recent Energy , Time Series
years, there has been a significant rise in research and investigations conducted in this field. This study aims Data, Wind Power

to develop a multivariate short-term wind power forecasting (WPF) model with the objective of enhancing Forecasting.

forecasting precision. Among the various prediction models, deep learning models such as Long Short-Term
Memory (LSTM) have demonstrated outstanding performance in the field of WPF. By adding multiple layers
of LSTM networks, the model can capture more complex patterns. To improve the performance, data pre-
processing is carried out using two techniques such as removal of missing values and imputing missing values
using Random Forest Regressor (RFR). The comparison between the proposed Stacked LSTM model and other
methods including vector autoregressive (VAR), Multiple Linear Regression, Gated Recurrent Unit (GRU) and
Bidirectional LSTM (BiLSTM) has been experimented on two datasets. The experimental results show that
after imputing missing values using RFR, the Stacked LSTM is optimized model for better performance than
above mentioned reference models.

DOI: 10.9781/ijimai.2024.07.002

I. INTRODUCTION on the electrical grid. The relevant methods mainly classified into
physical, statistical, and hybrid methods [2].

The physical method [3] requires lots of data, because the
establishment of a predictive model will be done with the help of many
variables, and the amount of data has a direct relationship with forecast
accuracy. As a result, the predictive model’s calculation process
and mathematical structure are complex, resulting in a relatively
longer computation time. The most extensively utilized method is
numerical weather prediction (NWP) [4]. The NWP involves extensive
calculations and is better suited for Long-Term forecasting rather
than Medium-Term and Short-Term forecasting. Statistical methods
involve linear models and non-linear models. Autoregressive (AR),
Autoregressive Moving Average (ARMA), Autoregressive Integrated
Moving Average (ARIMA) [5], vector autoregressive (VAR), Smooth-
Transition Auto-Regressive (STAR) are some examples of linear

RENEWABLE energy sources are developed and adopted since there
is a decline in the cost of renewable technology, globally. This is
for the reason that using conventional energy causes the environment
irreparable harm [1]. Among them, wind power is an attractive option
because of its low operating costs, low environmental impact, and
high availability and sustainability. As a result, to assure the stability
and safety of the power system, efficient and reliable wind power
forecasting (WPF) methodologies are required. The three categories
of WPF tasks are: (i) Short-Term Prediction: time range from several
minutes to several hours; (i) Medium-Term Prediction: time range
from hours to a week; and (iii) Long-Term Prediction: time range from
week to year or more.Short-term WPF allows the power industry to
prepare for fluctuations in wind farm output. This preparation reduces
operating expenses, the need for backup power, and reduce the strain
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model. ARIMA is unable to reliably predict wind power due to the
accumulation of error hence many strategies have been developed
to solve this limitation. The Non-linear model, includes strategies
such as Autoregressive Conditional Heteroskedasticity (ARCH) [6],
Generalized Autoregressive Conditional Heteroskedasticity Process
(GARCH) and Deep learning algorithms [7], [8]. Artificial intelligence
is a recent area of statistical methods, which is successfully applied for
forecasting wind power, and the results of the forecasts gaining people
approval [9]-[14]. Techniques used here involve artificial neural
network (ANN) [15], support vector machine (SVM) [16], and Long
Short-Term Memory (LSTM) [17]. Artificial intelligence is best suited
for general purposes, but its disadvantage is that it cannot accurately
explain the relationship between model elements. A study conducted
by Kia Qu et al. investigated the use of the transformer architecture for
short-term WPF [18]. This research covered the examination of wind
power output data from various wind farms and included a comparative
assessment with the LSTM model serving as a benchmark model.
Where as a novel deep learning model that combines transformers
and wavelet transforms uses weather data to predict wind speed and
power generation six hours in advance, outperforming LSTM models
[19]. Transformers offer several advantages for WPF, they come
with computational requirements and may require large datasets for
training. Additionally, model architecture, hyperparameter tuning, and
data preprocessing are critical factors in achieving accurate forecasts.

Ahybrid model [20] is a combination of different forecasting models.
These combined models are expected to avoid the shortcomings of
one model in forecasting wind power. Statistical methods are best
in achieving high accuracy for short-term forecasts but tend to
accumulate errors when used for long-term forecasts. On the other
hand, physical methods, owing to their extensive scope and scale,
are better suited for long-term forecasting rather than short-term
predictions. Therefore, there are many errors in the existing methods,
and studies are currently underway to improve the forecasting
methods. Hybrid methods are generally classified into four types:
hybrid approach based on data pre-processing technique, weight-
based hybrid approach, hybrid approach based on data post-processing
technique and parameter selection and optimization technique [21].
Table I provides a brief assessment of each class of hybrid techniques.
This research takes first type of hybrid approach. Recent studies have
suggested large amount of hybrid techniques in order to decrease the
prediction errors by incorporating the merits of different methods.
The author E. Lopez et al. utilized Principal Component Analysis
(PCA) to reduce the input variables of the LSTM model for NWP
data prediction [22]. The proposed model has demonstrated superior
accuracy in comparison to SVM and Backpropagation Neural
Network (BPNN). LSTM has higher prediction accuracy; therefore,

it is used in wider range of applications. The author F. Shahid et al.
merged wavenets with LSTM for diminishing wave and gradient
transformation for nonlinear mapping [23]. WN-LSTM is applied on
seven wind farms in Europe for Short-Term WPF. The performance
is assessed based on metrics such as Mean Absolute Error (MAE)
and Root Mean Square Error (RMSE). The results indicate a notable
improvement, with performance showing a significant increase of
30%. In the Advanced LSTM [24] technique, the author fine-tuned the
neural network’s parameters based on new insights gained over time,
instead of retraining the model using the entire dataset. The results of
a case study in Belgium show that recalibration of advanced models
will improve the consistency of predictions while reducing the cost
of evaluating the system. Z. Sun et al. introduced a hybrid model that
combines variational mode decomposition (VMD), Convolutional
Long Short-Term Memory network (ConvLSTM), and error analysis
[25]. The VMD approach divides the input wind energy into a set of
different frequency components and then obtains a new structure that
incorporates the convolutional layer into the LSTM network. This
structure can extract the spatio-temporal features of each sub-series as
an initial prediction engine.

Taking into account these issues, this study presents stacked LSTM
for Short-Term Wind Power Forecasting using Multivariate Time Series
Data. The major contributions of our paper are summarized as follows:
(a) The presentation of a wind power forecasting model, employing the
deep recurrent neural network LSTM, to assess potential improvements
in predictions through the incorporation of additional training layers
within the framework of time series analysis. (b) The proposed model
uses data pre-processing technique and hyperparameter optimization
to improve the LSTM network structure and proposed model is
evaluated by comparing predicted values with actual values based
on MAE & RMSE statistical error measures. (c) The performance of
twelve deep LSTM models are assessed using various architectures for
WPF. (d) The effectiveness of the presented research work is compared
with three methods used in the literature. The subsequent sections
of the paper are structured as follows: Section II describes overviews
of LSTM. Section III provides an overview of the data pre-processing
method. Section IV explains proposed model and performance metrics.
Section V outlines experimental analysis on two open-access datasets.
Finally, Section VI presents concluding remarks and future work.

II. THEORETICAL FRAMEWORK

In this section LSTM is illustrated in detail. LSTM [26], a refined
version of RNN, is designed for working with time series data. It’s like
a unique neural network that excels at making decisions based on data

TABLE 1. A Brier EVALUATION OF THE HYBRID APPROACHES

Hybrid WPF Approach Advantages

Disadvantages

Hybrid approach based data pre-processing

technique [27], [28] approaches

« Higher performance compared to other

« Mathematical knowledge of decomposition is
required
« slow response to new data

Weight-based hybrid approach [29] « Adaptive to new data

« Easy to implement

« Adaptable to a variety of situations

« To determining the weights, an additional model is
required

« The best forecast within the forecast range is not
guaranteed

Hybrid approach based on data post-processing

technique [11] « High accuracy

« Effective in reducing systematic error

« Depends on designer’s understanding of the
optimization problems

+ Harder to code

« Computationally complex

Hybrid approach based on parameter selection
and optimization technique [30], [31]

« Relatively basic structure

» Computational time inefficient
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over extended periods. Instead of RNN’s conventional hidden layers,
LSTM employs memory cells, as shown in the Fig. 1, to effectively
manage and retain information.

tanh

Fig. 1. Internal structure of LSTM cell.

LSTMs are experts at grasping temporal relationships by employing
several gate units like the input gate (i), the forget gate (f), and the
output gate (o)), all accompanied by activation functions like tanh and
sigmoid. By utilizing the sigmoid function each gate produces a binary
output, either 1 or 0, which satisfies the input data flow. The input gate
is a critical element responsible for identifying and selecting relevant
information from the current input. It takes both the present input
and the previous hidden state into account, using them to compute a
candidate cell state. The decision related to the kind of information to
be maintained and discarded is the responsibility of the forget gate. It
achieves this by considering the current input and the previous hidden
state, ultimately calculating a forget factor. The process of updating the
cell state involves combining the previous cell state with the candidate
cell state, with the assistance of the forget gate and input gate. This
step ensures that the cell state is updated to integrate new information
while preserving essential past information. The output gate plays a
pivotal role in deciding which information from the updated cell state
should be forwarded as the output. Additionally, it is instrumental in
guiding subsequent cells in a sequence.

The mathematical computation is explained as follows:
Equation (1) compute the output vector h,

output: h; = o, * tanh (C,) (1)

where o, is output gate vector, C, is cell state, expressed using
Equation (2) and Equation (3).

OutputGate : 0, = a(W,. [hy—1, x:] + b,) ®)

®)

To adjust the memory cell, at each step the hyperbolic tangent
(tanh) function is utilized so as to improve the training performance
which is shown in Equation (4).

ProcessInput: ¢, = tanh (W, - [h,_q, x.] + bc)

CellUpdate : C, = f, * C,_q + iy * C;))

©)
The values f, and i, correspond to the forget gate and input gate,
respectively. These values are computed using Equation (5) and
Equation (6).
ForgetGate : f, = 0 Wy - [hy—q, %] + bp) (5)

InputGate : iy = a(W; - [he_q, x:] + b;) (6)

Where W represents the weight matrix. Here subscript o, ¢, i and f
denotes weight of each gate. LSTM networks have established themselves
as exceptionally effective technique across an array of applications which
includes sequential data and time series analysis. Their versatility is
well-demonstrated in various domains. LSTM plays a crucial role in the
domain of Natural Language Processing (NLP) which includes machine
translation using sequence-to-sequence analysis and Google Neural
Machine Translation (GNMT) models [32]. Moreover, LSTMs are also
used for text generation tasks, for instance OpenAI's GPT-2 model to
craft human-like text [33]. LSTM (Long Short-Term Memory) networks
are versatile in time series forecasting, proving effective in applications
such as predicting stock prices [34], [35], oil production [36], weather
forecasting [37], and Automatic Speech Recognition systems [38] ,Sea
Surface Temperature Prediction [39], photovoltaic Generation [40] by
analyzing historical data. They proficiently translate spoken language
into text, enabling voice-controlled personal assistants like Siri, Google
Assistant, and Amazon Alexa, accurately. In Healthcare, LSTMs are
crucial for analyzing and decision making in medical time series data
such as electrocardiogram (ECG) and electroencephalogram (EEG)
[41]. In autonomous driving, LSTM networks are effectively employed
for tasks like vehicle trajectory prediction and object detection [42].
Human Activity Recognition (HAR) utilizes LSTM networks in order
to recognize and classify human activities emerging from sensor data
located in wearable devices [43]. These examples collectively highlight
the adaptability of LSTM networks in handling sequential data across a
diverse range of domains.

III. DATA PRE-PROCESSING

Time series information is generally obtained from real world
environment or data generated from sensors. These data are usually
affected by instances like noise. A proper method for collecting data
and the removal of any deficient information should be followed
before performing any kind of analysis. This is crucial as it will assist in
making the analysis less challenging and to avoid incorrect analytical
conclusions. Typically, data obtained from wind farms contains a lot
of missing values due to sensors malfunctioning. Detecting outliers,
eliminating noise, and filling in missing values are the three most
common data pre-processing techniques.

+ Detecting outliers: Statistical-based outlier detection methods
leverage statistical distributions and the relationship of data
points to these distributions. Parametric methods [44], [45] rely
on predefined models, while non-parametric methods take a more
flexible and data-driven approach to identify outliers. Whereas
density-based [46] outlier detection methods are founded on a
fundamental principle: outliers tend to reside in regions of low data
density. Conversely, non-outliers, often referred to as inliners or
genuine data points, are expected to cluster in dense neighborhoods.
These methods assess the densities of data points within their
local contexts, comparing them to the densities of their nearby
neighbors. Distance-based methods identify outliers by calculating
distances between data points. Outliers are often defined as data
points that are significantly distant from their nearest neighbors.

+ Eliminating noise: One of the dominant challenges encountered
in wind farm datasets is the presence of noisy data. This issue can
be effectively addressed by employing a filter method to extract the
accurate signal estimation. Among the frequently employed data
filtering techniques, the most common strategies include frequency
domain, time-domain and time-frequency domain filtering.

+ Missing values: Missing data are common in statistical analyses.
The imputation function is widely used to identify the missing
values in a wind farm based on the variables and their relationship.
Do not use metaphorical expressions.
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The data was normalized before using it in the forecasting system.
A dataset can be normalized using a variety of methods. The method
used in this study is known as min-max normalization.

A. Sliding Window

Algorithm 1: Random Forest Imputation Algorithm
Data: Data set D containing |R| records and |A| attributes.

Result: An imputed dataset D
attributes.
for each record R, € D do
if any attribute A, is missing then
D =D U R;

miss miss

i CONtaining |R| records and |A|

In a multivariate time series, each variable represents an aspect
of a complex system, and the temporal evolution of these variables
signifies changes in the underlying system state. To capture the

1
2
3
interrelationships and temporal dependencies among these variables 4 end
and derive the system’s state over specific periods, we employed a 5 else
sliding window approach with a size of K to segment the multivariate 6 Dy = Deomp U B33
time series data. This partitioning technique allows us to analyze the 7 end
data within discrete intervals, facilitating the extraction of meaningful 8 end
insights about the system’s behavior. As illustrated in Fig. 2, for a 9 1f, 04 = TrainRandomForest(D, )
given point in time t, we can establish the sliding window data W, € 10 whileD _ # @ do
R¥X where W, = {x, , .., x,_, X, }, M is the dimension of the variable and 11 R « Select an incomplete record from D__;
K represent the sliding window size. 12 forj=1,..,Mdo
13 if r, = NaN then
pToTTomomoooooooes ! 14 ry = PredictRFR(rf, .. R);
10 | : 15 Deompute = Deompute U 4; 3
1 ! 16 end
0 17 end
0 25 350 75 100 1125150 175 200 18 end
250 3 3 19 DFinal = Dcomp v Dcompute;
200 ! ! 20 return D,
150 . '
0 25 150 75 100 ¢ 125 150 175 200
2 ! | SCADA
10 3 3 Dataset
0 25 150 75 100 1125 150 175 200 I ]
1030 3 3 Incomplete Dataset Complete Dataset
1020 m# imp
e 25 150 75 100 125 150 175 200 ¥ SelectR from Dy, Apply Random Forest
‘%/——/:
Sliding Window SR K Impute Mitsing Value

\ 4

using Random Forest
v
Dfinat = Deomp U D

comp compute

v

Remove R, from D

Fig. 2. Sliding Window.

B. RFR Based Imputation Method

Random forest [47] imputation is a machine learning technique
that offers the advantage of handling nonlinearities and interactions
within data without necessitating the specification of a specific v
regression model. These methods do not assume normality or require
specification of parametric models. In this paper random forest method
has been used for filling missing value. It extends from classification
and regression trees (CART) [48], which are predictive models that
iteratively partition the data based on predictor variable values.
Notably, random forests don’t depend on distributional assumptions Dataset without missing

miss

IS Dyiss = 0

miss.

and can effectively manage nonlinear relationships and interactions in Value Driny
the data. The schematic of the Random Forest Imputation framework Fig. 3. RER Imputation framework.
is shown in Fig. 3 The steps involved in the proposed imputation
approach is explained in Algorithm 1: The effectiveness of the imputation method is evaluated by using
RMSE and MAE parameters.
TABLE II. DETAILS OF DATASET USED IN THE EXPERIMENT
Data Source Attribute Specifications Resolution Capacity No. of records
Sotavento wind farm Wind speed, wind direction and wind | 10-minute, 1-hour, 1-day, 17560kW 52568 records with 3
power Data from 2014 to till date attributes
Yalova Wind Farm Active power, Theoretical power, 10 min period 1 January 54000kW 50530 records with 4
Wind speed, Wind direction 2018 to 31 December 2018 attribute
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Stacked LSTM
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Fig. 4. Proposed stacked LSTM architecture.

C. Dataset

The characteristics of the two datasets include data instances,
attributes, capacity, resolution, and record count which are detailed
in Table IL

1. Sotavento Wind Farm

This dataset is from the Sotavento wind farm in Galicia, Spain with a
total capacity of 17560 kW which consists of 24 onshore turbines. This
wind farm gives real-time information on wind direction, wind speed
and turbine’s power generation. This paper uses five years data from
2014-2019 to test the proposed forecast model. The resolution of the data
is hourly. Some attribute of this dataset has missing value. Wind power
and wind speed is having 756 and 500 missing values respectively.
Pre-processing strategies with deep learning methods are combined to
evaluating the effectiveness of pre-processing. Two approaches have
been used while performing experimentation, first is simply removing
missing value and second approach is to use RFR imputer.

2. Yalova Wind Farm

The Yalova Wind Farm (YWF) situated in western Turkey records
wind related information such as wind speed, wind direction, turbine
power (theoretical) and generated. YWF possess a total capacity
of 54,000 kW, obtained from 36 wind turbines. The wind generated
information is collected and reserved utilizing a Supervisory Control
and Data Acquisition (SCADA) system. Here the data is recorded at an
interval of 10 minutes. The format of the data available is CSV.

IV. PROPOSED MODEL

Fig. 4 shows the proposed architecture. For the experimentation
purpose two datasets are used, first is from Sotavento wind farm
in Galicia and second from Yalova Wind in west Turkey. Data pre-

processing is done on both the dataset as described in Section III. The
dataset is partitioned into training and testing samples by employing
70:30 ratio. The model is trained on train set using stacked LSTM. In
order to improve the accuracy of WPF, various network structures,
along with different numbers of layers and neurons in each layer,
are tested. Min-Max scaling function is employed to scale the input
features before applying to the deep learning models. Min-Max scalar
is expressed by Equation (7) as,

(X; — min(X))
(max(X) — min(X))

KXscaled =

()
A. Stacked LSTM

A stacked LSTM is a neural network architecture that comprises
multiple LSTM layers, creating a multi-layer structure, as illustrated in
the Fig. 5. Incorporating multiple LSTM layers increases the model’s
complexity and depth. In this composite LSTM structure, each output
layer of the LSTM model serves as input to subsequent layers within
the same block. This design allows the model to capture the temporal
patterns in the data and combine the learned representations from
previous layers, resulting in a higher-level abstraction in the final
output. Each intermediate LSTM layer produces a sequence vector as
its output, which serves as the input for the next LSTM layer. Unlike
a single-output LSTM, the stacked LSTM provides an output for
each timestamp. Equations (8) to Equations (13) illustrate N layer of
unrolled stacked LSTM.

ForgetGate : f;¥ = a(W/ - [hf_,, h{ "]+ b}Y) ®)
InputGate : il = c(W} - [AM_,, Y1 + bY) 9)
ProcessInput: : ¢} = tanh (W - [, kY1 + bY) (10)
CellUpdate: C¥ = f¥N xCN, + iV x CF (11)
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LSTM Cell LSTM Cell LSTM Cell
Dropout Layer

LSTM Cell LSTM Cell LSTM Cell
Dropout Layer

LSTM Cell LSTM Cell LSTM Cell

Dropout Layer

Dense Layer with 1 unit

Fig. 5. Detail three-layer LSTM architecture.

OutputGate : o) = c(W,N - [AY 4, hY~1] + b)) (12)

Output : hY = of * tanh (C}") (13)

A stacked LSTM neural network outperform a regular LSTM due
to its increased capacity and ability to capture more complex patterns
in the data. Here are some reasons why a three-layer LSTM could
outperform a regular LSTM:

Hierarchical Feature Extraction: A stacked LSTM network has
an additional layer to extract hierarchical features from the data.
This allows it to learn abstract representations of the input data
at different levels of granularity. The first layer can capture low-
level features, the second layer can capture mid-level features, and
the third layer can capture high-level features. This hierarchical
feature extraction can make the network more effective at
capturing complex patterns.

Increased Capacity: The additional layer in a stacked LSTM
increases the network’s capacity to learn and represent data. It
can model more intricate relationships and dependencies within
the data, which is particularly useful for tasks involving long
sequences or complex temporal dependencies.

Improved Generalization: A deeper network, such as a three-
layer LSTM, can sometimes generalize better to unseen data.
While a deeper network has the potential to overfit the training
data, appropriate regularization techniques (e.g., dropout) can help
mitigate this risk. With proper regularization, a three-layer LSTM
can learn to generalize well to new, unseen examples.

Better Representation Learning: The stacked architecture
allows for more sophisticated representation learning. Each layer
can transform the input data into a more meaningful representation.
This can be especially advantageous for tasks where the input data
is complex or contains multiple levels of abstraction.

B. Cross-Validation

In this experiment we used rolling cross-validation method. It
begin with a small initial subset of the data for training. Then, make
forecasts for the subsequent data points and assess the accuracy of
these forecasts. Importantly, the data points that were forecasted
are subsequently incorporated into the training dataset for the next
iteration. This process is repeated, allowing for the inclusion of
previously forecasted data points in each subsequent training dataset,
while forecasting the remaining data points. Rolling cross-validation
provides a robust means of evaluating the performance of time-series

models by continuously expanding the training dataset while testing
against new, unseen data points. The experiment is performed on
5-fold-cross-validation as shown in Fig. 6.

Data

Train Data

Train Data

Train Data

Train
Fig. 6. Rolling cross-validation.

C. Evaluation Criteria

MAE and RMSE are selected for comprehensive and quantitative
evaluation of prediction performance. RMSE and MAE represent
absolute time series error and the scale is same as the data. A decrease
in MAE and RMSE values signifies a reduction in model error residuals,
indicating a higher level of accuracy in the prediction model. MAE and
RMSE are expressed by Equation (14) and Equation (15) as,

n

12 7
7_1 |t_yt|

t=1

MAE

(14)

RMSE =

(15)

where n is the total number of the predicted values ¥; and y,is the
actual value.

V. EXPERIMENTAL ANALYSIS

In this section, results of proposed stacked LSTM on Sotavento
and Yalova wind farm dataset are discussed. The proposed model is
implemented using Python 3.10 employing Keras library. The loss
function for LSTM was defined as the mean squared error, and the
optimization method used was ’ADAM’. The dataset is partitioned into
training and testing phases. Here the presented model follows training
and testing ratio of 70:30. The performance of the forecasting models
is assessed using RMSE and MAE.

A. Sotavento Wind Farm

In order to construct a stacked LSTM, trial and error method is
used to select the size of the input layer and output layers. For that,
experiments have been conducted on LSTM networks with 1 to 4
hidden layers, and the best LSTM network with the smallest MAE and
RMSE has been selected.

The model with the structure "16-16-16-1" works best. The
proposed stacked LSTM shows a comparatively lesser MAE and
RMSE values as depicted in Table III. When fourth layer is added,
MAE and RMSE value start increasing because of number of
parameters. It is also observed that when the missing values are
imputed with the help of RFR, the performance is improved in every
case as shown in Fig. 7b and Fig. 8b. Only for single layer it has
slightly increases.
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1.22 s 1.6 146
12 1.19 1.19 ’ 14 1.32
Lig 7 117 12 16 M g s a5 a3 g 14
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1.14 1
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= IREN T =
11 ‘ 06
1.08 04
1.06 0.2
1.04 0
1 2 3 4 1 2 3 4
No. of Layers No. of Layers
8 Neurons 16 Neurons 32 Neurons 8 Neurons 16 Neurons 32 Neurons
(a) MAE value after removing NA (b) MAE value after imputing missing value using RFR
Fig. 7. MAE value of Sotavento wind farm dataset.
19 189 215 2m
188 1.88 1.88 21
1.88 X
2.05
1.86 2
1.84
a 1.84 1.83 1.83 w 1.95 188
5 182 182 1.82 s 19 185 V87 1ga 186 185
1.82 181 181 1385 | 182 181 181 1s1 Y
1.8 1.8
1.75
1.78 1.7
1.76 1.65
1 2 3 4 1 2 3 4
No. of Layers No. of Layers
8 Neurons 16 Neurons 32 Neurons 8 Neurons 16 Neurons 32 Neurons
(a) RMSE value after removing NA (b) RMSE value after imputing missing value using RFR
Fig. 8. RMSE value of Sotavento wind farm dataset.
TABLE III. MAE AND RMSE VALUE OF SOTAVENTO WIND FARM model are plotted in Fig. 9. The graph shows that architecture with 3
R 3 Missi | layers and 16 neurons provides the smallest error value compared to
€IMovVvin; 1ssing value . P . . .
No. of No. of & . sing va other architectures. The minimum MAE of this architecture is 164.35,
0. 0! 0. 0! NA records imputation using RFR K N o
Layers | Neurons and the RMSE is 341.92. Therefore, the structure of "16-16-16-1" is
MAE RMSE MAE RMSE selected as the optimal model.
! L17 1.89 146 211 TABLE IV. MAE AND RMSE VALUE OF SOTAVENTO WIND FARM
2 1.14 1.83 1.13 1.84
8 Removing
3 1.1 1.83 1.09 1.82 No. of No. of NA records
Layers | Neurons
4 1.13 1.82 1.12 1.81 4 MAE RMSE
1 1.16 1.88 11 1.85 1 18663 | 353.44
2 y 117 1.88 115 1.86 9 16897 | 34087
8
3 11 1.81 11 1.81 3 173.54 345
1 119 1.88 119 1.87 1 180.96 34915
2 . 1.19 1.84 115 1.88 9 17038 | 34099
16
3 1.2 181 113 1.81 3 164.35 341.92
4 L11 1.82 1.32 1.85 4 168.15 341.57
. 1 182.88 349
B. Yalova Wind Farm
. . . 2 182.98 354.92
Yalova Wind Farm dataset does not contain any missing value or 32
outliers. The dataset is a clean dataset so it is directly divided into 3 164.89 341.97
train and test set. From the experimental results shown in Table IV 4 171.34 343.21

it is observed that the prediction performance decreases along with

increase of amount of layers. The MAE and RMSE values for each
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Fig. 9. MAE and RMSE value of YalovaWind Farm dataset.
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Fig. 10. Comparison of experimental results on Sotavento wind farm dataset.

C. Comparative Analysis

To verify the proposed models accuracy, four models including
Multiple linear regression, VAR, GRU, BiLSTM are employed to conduct
WPF of two wind farms. Table V shows the comparison results between
proposed models and benchmark models. For regression model, the
input is a multivariate time series of length ten (corresponding to 10
hours) and output is a real number corresponding to the next hour into
the future. An input and hidden layers contain 16 neurons. Where as
an output layer contains one neuron. The total number of epochs is
100, batch size is 64, and training rate is 0.001.

On the Yalova wind farm test dataset, the VAR model produces
significantly higher MAE (995.09 and 1006.24) compared to the 3-layer
stacked LSTM. This difference can be attributed to the VAR model’s
limitation in handling stationary time series data effectively. When we
utilize the GRU model, the MAE increases by 0.07 and 25.04, and the
RMSE increases by 0.05 and 7.28 for the Sotavento wind farm and Yalova
Wind Farm, respectively, in comparison to the three-layer Stacked
LSTM. The stacked LSTM model has much better performance than
the baseline model, since it can capture longer temporal dependencies.
Fig. 10a and Fig. 11a present graphical representations illustrating the
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Fig. 11. Comparison of experimental results on Sotavento wind farm dataset.

predictions achieved by the five regressors for Sotavento Wind Farm
and Yalova Wind Farm, respectively. The test result shows that, the
proposed method is more robust and effective than the other five WPF
methods. The fundamental reason for this is because the proposed
method is based on the LSTM, which, due to the presence of self-
feedback connections, is suited and successful in modelling time-series
data. Subsequently, Fig. 10b and Fig. 11b provide a detailed view of the
experiment. The detailed view shows the clarity of the improvements
in measurements.

TABLE V. COMPARATIVE ANALYSIS OF RFR-BASED STaAcKED LSTM

Imputing.Missing Yalova Wind Farm
No.of Layers values using RFR

MAE RMSE MAE RMSE

Multiple Linear Regression 1.36 1.98 404.56 521.71
VAR 2.9 3.61 1159.44 1348.16

GRU 1.17 1.86 189.39 349.2

BiLSTM 175 2.28 180.44 342.94

Stacked LSTM 1.1 1.81 164.35 341.92

VI. CoNcLUSION

Wind power is an essential area in renewable energy generation.
This paper talks about the WPF utilizing a time series data acquired
from wind mill. Here, the wind power is predicted effectively by
employing the proposed stacked LSTM model. At first, utilizing
two approaches such as removing missing values and RFR the input
information is pre-processed. It is observed that the accuracy of the
proposed model significantly increases when RFR is used for data
imputation. It is followed by a 3-layer LSTM model referred as stacked
LSTM to perform the task of WPF. From experimentation, it is observed
that the proposed model achieved an average accuracy of 94.01% which
is greater than the state-of-the-art approaches. The performance of the
proposed model is evaluated using two error metrics such as MAE
and RMSE. In addition, it is also observed that addition of a fourth
layer slightly decreases the accuracy due to increased complexity. It
is discovered from the analysis that the proposed model consistently
outperformed other methods in terms of error. The proposed stacked
LSTM model which is built on conventional LSTM, effectively
captures the complex hidden patterns and changes in wind power
output with respect to time due to its memory units and recurrent
design. However, time required for training the data is comparatively
high. Also, the performance of the proposed stacked LSTM requires
large amount of data. In addition, finding an optimal hyperparameters
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is challenging and will require extensive experimentation.

This model can further be improved using a deep BiLSTM network.
BiLSTMs are computationally more intensive than unidirectional
LSTMs because they process the data in both directions. Furthermore,
pre-processing methods which depict time-frequency analysis can be
explored. Further research into the model’s scalability, transferability to
other contexts, and incorporation of additional relevant improvements
could help in maximizing its practical and real time applications.
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