Spectrum of Engineering Sciences

ISSN (e) 3007-3138 (p) 3007-312X

Volume 4, Issue 5, 2026

A NOVEL APPROACH FOR BUILDING WIND POWER OUTPUT
PREDICTION BASED ON DEEP LEARNING RNN AND CNN MODEL

Keywords

Forecast, Wind power, RNN,

CNN, LSTM, GRU:s

Article History

Received: 22 March 2026
Accepted: 01 May 2026
Published: 21 May 2026

Copyright @Author
Corresponding Author: *
Sehar shakir

INTRODUCTION

Aisha Rasheed', Abbas Raza?, Sehar shakir”

Abstract

Wind power has come out as a quickly growing source of renewable energy now
a days. Wind is intermittent in nature due to wind speed alterations. Accurate
prediction of wind power is essential for efficient operation of wind power system,
in return providing power network management and control. Modern wind
turbines have Supervisory Control and Data Acquisition (SCADA) systems are
installed for wind power forecast. In this research, LSTM, GRU and CNN-
LSTM based deep learning models are constructed. To evaluate the prediction
performance of neural network-based models, a novel comparative analysis is
performed utilizing the lookback parameter. In the predictive model, wind speed,
nacelle orientation, yaw error, blade pitch angle, and ambient temperatures were
considered as input features, while wind power was assessed as an output feature.
Input features were directed in models based on wind turbine physical process.
The deep learning models have been given training, testing and validation against
SCADA measurements. The study of the results reveals GRU gives minimum
MAPE walue of 0.074 having slight difference with MAPE wvalues of Hybrid
(CNN-LSTM)’s MAPE of 0.0751 and Bi-LSTM giving MAPE of 0.078. The
simulation result showed that proposed GRU model gives suitable MAE values
of validation and MAPE wvalues of predictions in comparison to Hybrid (CNN-
LSTM) and Bi-LSTM retaining more accuracy with less computational cost.

National Renewable Energy Laboratory (NREL)

The role of renewable energy is becoming
significant for environmental protection and
development of
exploding pollution of
resources is causing greenhouse effect [1]. The
continuous depletion of fossil fuels including oil,
natural gas and coal, and overconsumption of
energy in this developed global economy, has
turned the world’s perspective towards clean and
viable energy sources for electricity production [2].
Wind energy has become one of the most
promising options abundant
availability and year-round harvesting feature. The
energy from wind turbine has become one of the
rapidly growing technologies for developed as well
as developing nations [3]. According to the

sustainable economy. The

exhaustible human

because of its

report, Pakistan has the potential of 346 GW for
wind power generation. Wind energy is inherently
intermittent, and its characteristic of instability
rest bounds its integration in national power grid
[4]. However, accurate prediction of wind power
and wind speed is an effective solution to
difficulty and reduce the
uncertainty of wind energy [5],[6]. The integration
of wind power plants in power grid demands at
least two to three days of advanced estimated
power. The issue faced by wind energy for
prediction of power output is due to incorrect or
less accurate weather forecast. Three approaches
have been used for wind energy and power forecast

including physical models, statistical models, and
hybrid models. These models

overcome this

reveal the
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relationship between output power and input
parameters including wind speed and other
variables. Physical methods are mainly centered on
numerical weather prediction (NWP) approach
which provides improved performance in the case
of the long-time horizon. These models obtain
microscale information of metrological data (wind
direction, humidity, temperature, air density, and
atmospheric  pressure, etc.) and perform
correlation analysis to combine the technical
parameters which are used for the prediction of
power output [7]. For medium- and longterm
forecast, physical models are suitable, but excessive
empirical and complex parameters cannot give
high accuracy predictions in real-time. These
models require plenty of time in computation and

of model is the statistical model. These models
usually consider time series of wind speed and
wind power as the basis. These models develop the
relationship by mapping input characteristics and
output  characteristics through historically
spanned data [8]. These models are easy to
construct using parameters approach checking
and procedures of pattern recognition. Statistical
models are suitable for short and medium-term
forecasts, but they are unable to tackle the non-
linearities with higher accuracy. Third and well-
known approach for handling the non-linearities
because of their fault tolerance and strong
robustness is hybrid models [9]. These models
have good adaptability and pertinence to wind
power output prediction.

cost additional resources as well. The second type Nomenclature
X; Predicted value X True value
o Sigmoid function Xmin Min. value of input
Xp Initial value of input i; Input gate
fi Forget gate [ Output gate
Z; Update gate T Reset gate
i Input state h; Hidden state
W W W, Weights of input, forget b;, by, b, Biases of input, forget
and output states and output states
W, Wy Weights of update and b, b, Biases of update and
reset states reset states
U, Uy Hidden  weights of
update and reset states
ANN Artificial Neural | BPNN Back Propagation Neural
Network Network
ANFIS adaptive ~ Neuro-Fuzzy | ICA Imperialistic Competitive
Inference System Algorithm
ARIMA Autoregressive RMSE Root Mean Square Error
integrated moving-
average
LSTM Long Short-Term | MAE Mean Absolute Error
Memory
PCC Pearson Correlation | MLP Multi-layer Perceptron
Coefficient
RNN Recurrent Neural | GRU Gated Recurrent Unit
Network
NWP Numerical Weather | FFBP Fed-forward back
Prediction propagation
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RBFNN Radial Basis Function | DGF Double Gaussian function
Neural
Network

CNN Convolutional Neural | MSE Mean Square Error
Network

MAPE Mean Absolute | AIC Akaike's Information
Percentage Error Criterion

SVM Support Vector | RF Random Forest
Machine

NARX Non-linear Isolation Forest
autoregressive
exogenous

WNN Wavelet neural network | RKF Recurrent Kalman Filter

FS Fourier Transform PSO Particle Swarm

Optimization

By applying Deep Learning hybrid model to the
desired wind farm, we aim to make a wind energy
forecast model with a leading time of few hours to
days. The problem focuses on implementation of
hybrid model that minimizes the excessive
shortfalls in energy production and optimizes the
profit level for wind farms. Wind power is
predicted in an accurate manner by ANN based

multiple meteorological measurements. The
proposed ANN models differently use past trends
in frequently recorded data of wind speed,
pressure, and temperature change to predict the
future values of wind power. Figure 1 illustrates
the classification of wind power forecast
techniques based on time series.

Wind Energy Forecast Techniques J

‘ \

v

Physical Methods-
based on interpolation
technique

Statistical Methods-
based on time series
prediction

Hybrid Methods-
combination of two
models

|

Figure 1: Classification of wind power forecast techniques [41]

Maximilian Du proposed an improved approach
based on longshort term memory (LSTM) for
better shortterm wind predictions [13]. The
LSTM is one of the updated version of Recurrent
Neural Network (RNN) which carries temporal

information by using a continuous cell state. The
model is modified using an adaptive compression
algorithm, ReLu units, and cell regulation for
getting an effective increase in accuracy and
decrease in naive characters. Research from
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Warsaw University of Technology, Koszykowa
proposed an ensemble method for a two-day ahead
forecast of a small wind turbine [14]. After
performing statistical analysis on time-series
energy generated data, input data is used to verify
the data impact on forecast quality. Different
combinations of predictors have been used for the
development of ensemble methods based on ANN
type multi-layer perceptron (MLP).
Hyperparameters tuning in several complex
models provides an optimal choice for future
predictions of wind power. The results drawn
from the research demonstrate the merits of using
the ensembled model which is based on a hybrid
method. The research concludes that LSTM based
deep learning model is the most accurate one then
comes MLP and then a simple machine learning
model.

The hybrid models represent a nonlinear complex
relationship in terms of classification or
forecasting and help in extraction of dependence
factor between different input variables in the
training process. Jordan Nielson provided an
approach based on ANNs in which atmospheric
inputs were used for improvement of wind turbine
power output prediction [10]. ANN used in this
paper is fed forward back propagation (FFBP). The
role of metrics is evaluated in the study that relate
to  atmospheric  boundarylayer  including
turbulence intensity, wind density, wind speed,
wind shear, Richardson as input parameters for
ANN. Hyperparameter adjustments provided the
difference in accuracy and performance. Stefan
Balluff, Jorg Bendfeld worked on wind speed and
energy prediction of an offshore wind farm [11].
They used a recurrent neural network in their
estimation model. Neural networks use input plus,
bias values, and weights to determine output using
a simplified system of number processing. The

number of inputs, hidden layers, and outputs
varies from a few to many numbers depending
upon the estimation model requirement, but the
important thing to consider in RNN is the link
between forward time-based information and
hidden layers to calculate the output from one
layer to another. Wei Sun, Yuwei Wang provided
a hybrid model to forecast wind speed [12]. They
used empirical model decomposition which deals
with non-linear and non-stationary signals to
reduce  the random  fluctuations. A
backpropagation neural network is used with two
hidden layers to enhance the accuracy and
strengthen the sensitivity of wind speed
prediction.

A research methodology designs deep learning
model based on hybrid approach using both
LSTM and CNN networks [14]. Time slide
Window (TSW) is proposed to use in for mining
the data features of provided active power data.
The configured model uses regression criteria on
real-time dataset of wind farm. Ying-Yi Hong
proposed a forecast for 24h ahead wind power
output utilizing the hybrid approach of CNN with
Radial Basis Function Neural Network (RBFNN)
[15]. Double Gaussian Function (DGF) is used as
an . activation function in this model.
Convolution, pooling, and kernel operations are
used in the CNN architecture for extracting
characteristics of wind power while dealing with
uncertain characteristics. For performing backend
operations, Keras and TensorFlow are configured.
The results observed by R-square metric revealing
the outperformance of proposed approach for the
prediction of 24h wind output power.

Table 1 and Table 2 illustrate the brief summaries
of accuracies, results, and observations on
previously researched wind power predictions.
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Table 1: Summary of accuracies on previously researched wind power predictions

Author Year/Journal Algorithm Activation Error/Accuracy (%)
applied/ functions
Technique used
Lorenzo 2021 Integration of | tanh and | NMSE-8.76
Donadio [15] NWP and ANNss linear function | RMSE- 13.03
Elcin Tan [16] 2021 (ANN) approach | logarithmic, nRMSE- 13
for prediction of | sigmoid
both wind speed
from WRF model
and wind power
Cem Ozen [17] | 2021 LSTM- for short | Tanh MSE- 3.3094
term MAE- 1.4451
multidimensional
predictions
Navid  Shirzadi | 2021 ML techniques | Tanh MAPE- 4
[18] including SVM
and RF and DL
techniques
including  RNN,
LSTM and NARX
Rui Yin [19] 2020 LSTM- based on | tanh, sigmoid | MAE-10.91
climate model
Zi ‘Lin [20] 2020 Isolate Forest (IF) | ReLu MSE- 0.003
and
neural  networks
based ' integrated
approach
Khaled  Khelil | 2020 Integration of | tansig, logsig RMSE- 13
[21] ANN with discrete MAPE- 19
wavelet transform
Hamed H.H. Aly | 2020 RKF, FS, WNN | sin(x), cos(x) nRMSE- 3.6153 MAPE-
(22] and ANN 0.04446
MOHAMMED 2020 ANN merged with | linear and | MAPE- 3
BOU-RABEE PSO logsig
(23]
Jaseena KU [24] | 2019 RNN-LSTM Sigmoid RMSE- 1.653
tanh MAE- 1.332
MAPE- 16.419
Maximilian Du | 2019 LSTM sigmoid, tanh, | NMAE- 0.438
[25] RelLu
YingYi  Hong | 2019 CNN- RBENN gaussian NMSE- 2.6144
(26] function MAPE- 9.2625
Yongsheng Wang | 2019 Deep learning of tanh, sigmoid | MAE- 1.36
(27] grouped time series
(LW-CLSTM)
https://thesesjournal.com | Rasheed et al., 2026 | Page 1807
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Wei Sun [28] 2019 PSO- least squares | radial-basis MAE- 591
SVM function RMSE- 7.29

Jordan  Nielson | 2019 ANN sigmoid, tanh, | MAE- 4

[29] RelLu

Summary of features and observations on previously researched wind power prediction models
Table 2: Summary of features and observations on previously research wind power prediction models

Year/ Journal

Author

Deep learning Model
Summary

Observation & finding

2021 [15]

Lorenzo Donadio

NWP- ANN

Provides the choice of
parameters, features,

target variables

2021 (18]

Navid Shirzadi

LSTM- NARX

Predicts the tendency for
both off-peak and peak
values, with min. error
and max. accuracy.

2020 [20]

Zi Lin

NN  with
product-moment
correlation

Pearson

Blade pitch angles are
signified among all the
features on the
predictive model

2020 [27]

Yongsheng Wang

CNN-LSTM

LSTM  effective in
extracting time-series
characteristics and
training time is reduced

in CNN

2019 [26]

Ying-Yi Hong

CNN cascaded with
RBENN

Volatile wind power
features in time-series
are extracted in CNN

2019 [29]

Nielson, Jordan

FFBP- ANN

Lowest MAE with input
features of turbulence
intensity,  Richardson
Number, density and
wind shear

2019 [40]

A. Di Piazza

ANN-NARX

Short term time horizon
predictions are  well

evaluated by NARX

2018 [36]

Aamer Bilal Asghar

ANFIS)

Less computational cost
for estimation of fast
estimation of optimized
rotor speed and wind
speed.

2015 [37]

T.R. Ayodele

Feed Forward ANN-BP

Wind speed prediction
can be made effective
using temperature, wind
direction and time of the
day as inputs.
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2014 [38] M. Jabbari Ghadi ICA-ANN NWP models enhance
the accuracy of wind
power prediction

2013 [39] Nawal Cheggaga MLP- Significant

Levenberg-Marquardt improvement of robust
learning algorithm forecast and accuracy.

Now a days, multivariate forecasting of wind
power is an active area of research and
investigation of dependent variables for output
power is still challenging as wind speed is mainly
focused leading to potential uncertainties for
predictions. The research work utilizes specifically
pitch angles of three blades in prediction of wind
power using. Accurate predictions from the short-
term wind forecast have expandable applications
to meet the demands of the wind farm. The novel
contribution of this paper is utilization of
influential factors specifically including both pitch
angle of each blade and nacelle orientation for
wind power output prediction. Compared with
baseline evaluation, multivariate deep learning
configurations including Bi-LSTM, GRU and
Hybrid CNN-LSTM are designed using most
reliable input features to get the proposed
improved accuracy in power predictions with
minimum computational cost. The proposed
models in this paper have fast computational
speed and non-linear mapping ability for perfect
prediction in the short term.

Table 3: Major properties of wind turbine SWPCL

The remainder of this research paper is briefly
described below; Section 2 covers the features of
the wind farm SCADA dataset utilized in the
study, obtained from three-year high frequency
monitoring wind turbine. Section 3 focuses on
basic methodology for constructing deep learning
models. Starting with the data pre-processing and
features extraction, deep learning configuration is
discussed, following the cell structures of LSTM,
GRU and CNN. A detailed comparative analysis
of three models is performed in Section 4. Section
5 discusses the observations and conclusions
drawn from the above trained models of SCADA

measurements.

2. Turbine characteristics of SCADA dataset
The investigated data is metrological data recorded
from Sapphire Wind Power Company Limited
(SWPCL). The data provides with the major
properties of three bladed Onshore upwind
turbine with 1600kW rated power.

The specification and dimensions of GE-Energy
wind turbine can be found in the table as followed

(35]

Wind class

[EC Iib (TCIII+)

Model

1.6xle (33 wind turbines)

Rotor diameter

82.5m

Hub height (maximum) 100
Hub height (minimum) 80
Swept area 5,346 m*

Rotor speed (maximum)

18 radian/min

Rotor speed (minimum)

9 radian/min

Wind speed 3.25 m/s

Rated wind speed 11 m/s

Capacity of wind farm 49.5-52.8 MW

Power control Electric drive pitch control
Generator Double fed Asyn
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To evaluate the accuracy of proposed method
predictions, practical metrological readings of
wind turbine have been used for conducting the
case study. The wind farm has installed capacity of
50MW. The historical data is collected from July.
Ist, 2018 to July. 1st, 2021. Multiple time
sequence data is included in this dataset, i.e. blade
positions of three blades, nacelle orientation,
temperature, wind speed and power output etc.

3 Methodology

3.1 Exploratory Data Analysis

To analyze and investigate input data for
summarizing the main characteristics, exploratory

data analysis (EDA) is used. It normally employs
data visualization methods. EDA reveals the better
relationship between dataset variables to ensure
the wvalidation of results. Necessary python
libraries are imported including pandas, numpy
and matlplotlib. After interpreting the total
number of rows, columns and datatypes, statistical
summary is used to understand the numerical
fields. Histograms of all the numeric fields were
plotted to find the shape, center, and spread of
data observations. The histogram of power output
with respect to frequency distribution in
demonstrated in Figure 2.

250000

200000

150000

Freguency

100000 4

50000 1

D_

0 250 500

1000 1250 1500 1750

Figure 1: Histogram of Qutput Power by SCADA measurements

Research activity for the proposed approach is presented in the flow chart. Seven essential steps followed are

demonstrated in Figure 3 below.
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[ Data Collection ]

[ Data Pre-processing ]
v v

Training Test set
T
(
¥ v v
Bi-LSTM GRU Hybrid
CNN-LSTM
v
Deep Learning Model Evaluation |e———

v

Evaluation

Figure 2: Research Activity Flow-chart

3.2 Data Preprocessing

Data pre-processing is used for identification and
correction of inaccurate records from a dataset
along with recognizing irrelevant or unreliable
dataset variables. Missing data is handled using
linear interpolation and null values are filled with
the median values. Before final processing the
dataset into model for training, categorical
variables are converted into numeric values. To
figure out if the give time series is stationarity,
ADF Test is used [34]. Outliers were detected from
normal findings and removed from the dataset,
representing error detections, and measuring

variability.

The histogram for each feature is plotted in the
figure illustrated below. The rated speed of wind is
11 m/s while the median and mean of the dataset
recorded is 6.46 m/s and 6.59 m/s. It can be
illustrated that, at most of the operating time
values of generated powers are nearly to the rated
values of power (1600 kW). The histogram in
Figure 4 for nacelle position inclined with the
bimodal distribution illustrating the roughly
classification of wind directions in the two main
clusters. Also the temperature ambient followed
the normal distribution.
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Figure 3: Histograms of selected input and features for obvious outlier detections

3.3 Correlations and Heatmap

The parameters having greater influences on
power generation from wind are essential to
discover from SCADA dataset. Correlation is a
critical underlying factor for multivariate
forecasting. It shows how variables of a dataset are
related to each other and how they move
concerning each other. The value of correlation
moves from -1 to +1. A positive value of

correlation indicates that the variables are moving
in the same direction while negative correlation
indicates the opposite relationship. The heatmap
in the figure below illustrates the matrix values
graphically with different shades of color for
different correlation values. The correlation
coefficients are calculated using Pearson product-
moment as displayed in Figure 5 of heatmap.
Linear relationship follows the most common
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measurement of the strengths using heatmap
between any two variables. By dividing the
covariance of the targeted variable by the product

Power

Blade 1 actual value 0.051

Wind speed 0.051 0.029

0.029

Macelle position

Blade 2 actual value 0,051

40.051

7 g
[E] =
% [}
- B
=] n
= T

i

=

Blade 3 actual value

Temp. Ambient

Power

Blade 1 actual value

0,051

Blade 2 actual value

of standard deviations, this correlation can be find
out.

—1.00
— 075
— 0.50

-0.051 0.0085

-1.00

Blade 3 actual value
Temp. Ambient

Figure 4: Input features against output power in heatmap correlation

The numerical values of variables are much
different in scale when the time sequence
composed of different variables is used to forecast.
Hence, the value of output and input variables are
normalized to reduce the effects of different scale

Xp — Xmin

values. Using Min-Max, input features were scaled
down into a range of O and 1 scaler before flowing
them deep learning layer. The correlation used for
scaling can be expressed in Equation (1):

(1)

Xscatea =

max(x) — min (x)

where x,,is the first value of input and x,,;, is the minimum value.

3.4 Baseline Evaluation

To measure the performance of model, training a
baseline model is a good idea as it is used as a
reference. Evaluation of baseline model is
repeatable and established as a persistent model.
The working principle of baseline model is simple,
as it forecasts the next timestamp value as the
previous one. The model works on a simple

principle, next time step is forecasted as the
previous one, in other saying t+1 value is the same
as t. In multi-step forecasting, forecast values of
t+1, t+2, t+3 can be adapted same as t, absolute
forecast horizon will remain the same. The Figure
6 below illustrates the difference between labels
and prediction to judging hyper-parameter
optimization in algorithm.
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Figure 6: Multistep baselme evaluation model

3.5 Deep-learning configuration

In this paper, a platform named as TensorFlow
supported and developed by Google, is used for
creating deep learning setup. Major programing
language used for employment of  this
configuration is Python3. Large-scaled datasets
with specific attributes can be handled smoothly
by TensorFlow including multidimensional arrays.
Tensors are also called as multi-dimensional
arrays. The accuracy in predictions of wind power
is increased by graphical flow of tensors from one
layer to the other in structure of neural network.
Several deep learning structures were tested, and
evaluations were carried out with different
number of layers, activations, and neuron
numbers in every layer. The designed neural
network comprised of the five input features
including nacelle orientation according to wind
direction, wind speed, angles of three blades and
temperature ambient whereas the output variable
is wind turbine active power. The cost function of
MSE and RMSE were two metrics used for
measurement of outputting tensors accuracy and
calculating the mean value of tensor elements
along several capacities of the tensor after

execution of training phase.

3.6 Cell structures of LSTM, GRU and Hybrid
model

For handling problems of sequential time-series,
RNN  is purposely implemented with the
advantage of looking backs on historical
information while CNN is utilized for feature
engineering and creating informative
representations in time-series. Although, the
problems of gradient explosion and gradient
disappearance limits its application in case of long-
term dependencies as parameter solving algorithm
is backpropagated in time and single in structure

(31].

3.6.1 LSTM architecture

Based on RNN, concept of three gates named
forget gate, input gate and output gate with
memory cell, are introduced into LSTM, for
controlling information flow across LSTM cells
and determining the input, retention, and output
of information, in particular [32].

The Figure 7 below represents the simple structure

of LSTM block.
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Output

Cell state,
long term

memory

l_,

Hidden state,

L

New cell
state

»| New Hidden

»-(sigmoid )

state h(f)

long term
memory
Input state,
Xt

Figure 7: Internal structure of LSTM cell [42]

Input gate tells about new information to be stored in cell state. Forget gate identifies the information to be
throw away and output gate provides activation for final input of block. Equations 2, 3 and 4 below are used

for input, forget and output gate of LSTM cell.

iy = o(Wilhe—y, %] + by
fe = o(Wglhe—q1, x¢] + by
o = o(Wolhe—q,x¢] + by

3.6.2 GRU architecture

Similarly, special gates including update and reset
gates are utilized in GRU, for reducing gradient
dispersion, and enable the competency of long-
term memory with less computation loss. Input
gate and forget gate of LSTM are replaced by the
update gate in GRU, to find the degree of

(2)
3)
(4)

retention from the previous information in the
current forecasting [33]. If the time-series is
decomposed different  non-stationary
components in pre-processing, it gives more
accurate predictions as compared to original data
predictions. The Figure 8 below represents the
simple structure of GRU block.

into
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Output

Hidden state,
h(t-1)

pdate gate

New Hidden
state h(t)

\

Input state, Xt

Figure 8: Internal structure of GRU cell [42]

The update gate tells the model how much of the
past information needs for passing along to the
future from previous time span. The information
is filtered using update gate and risk of vanishing
gradient is reduced. Reset model allows the model

Zy = O-(szt + ht_lUZ + bZ)

how much information needs to be forget [30].
Equation 5 and Equation 6 are used for update
and reset gates of GRU. Basically, the model uses
this gate to decide how much of the past
information needs to be forget.

(5)

1 = o(Wpxy + he_1 Uy + by) (6)

3.6.3 Hybrid CNN-LSTM architecture

The CNN-LSTM hybrid architecture uses CNN
and LSTM both cell structures. CNN layers are
used for feature extraction of spatial input data,
then it is combined with LSTM for supporting the

sequence of the predictions. LSTM cell works as a
temporal extractor for input features and time-lag
features. The Figure 9 below demonstrates the

architecture of hybrid CNN-LSTM model.

Input Visual Sequencing Output
layer features learning layer
x1 > CNN »| LSTM > yl
——
x2 o= CNN = LSTM = y2
XN - CNN »{ LSTM £ yn

Figure 9: Hybrid CNN-LSTM Structure [43]
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The architecture flow of all three deep learning configurations is given below in Table 4.

Table 4: Architecture flow of Bi-LSTM, GRU and Hybrid CNN-LSTM model

Architecture Bi-LSTM GRU Hybrid CNN-LSTM
Model Sequential Sequential Sequential
Input layer (type) Bidirectional LSTM GRU Conv(1D)
Bidirectional LSTM Dropout LSTM
Dense GRU LSTM
Dropout Dense
Hidden layers (type) Dense Dense
Dense
Lambda
LSTM
Dense

4 Results and discussions

Number of factors can be used for comparison of
different wind power estimation methods
including input features, accuracy measurement
and computational time. The two important
factors are accuracy and computational time which
are considered normally. Several metrics are used
for evaluating the performance of wind power
forecast. Measured wind power deviation from the
actual power can be assessed easily using different

N
1
MAE = Nz |xi -
=1
N

1 £\2
MSE = Nz (xl- —Xi)

i=1

While the training database was kept as it is, the
deep learning configuration was altered at each
model trial to investigate the difference in
accuracies with several lookback features, number
of epochs and batch size. Three predictive models
are examined through identical testing and
validation datasets. The learning rate is set as 0.2
in these models of neural networks.

4.1 Performance Assessment and Comparative
Analysis

The paper has performed an analysis on lookback
period used with deep learning models utilized in
the research, and comparison is being done in

statistical approaches. The reflection of past
studies shows the selective evaluation criteria
including root mean square, mean square errot,
absolute percentage error and normalized error.

Deep learning models are evaluated based on two
metrics including mean square error (MSE), mean
absolute error (MAE). Following Equation 7 and
Equation 8 are the defined equations for finding
the value of metrics MAE and MSE respectively.

0

Xil

®)

prediction of wind power performance. A
lookback period (also called as lag) is defined as
how many previous timestamps are used in
prediction of subsequent timestamp [45]. For
instance, if lookback period is set to 5, this means
timestamps at t4, t-3, t-2, t-1, and t are utilized to
predict the value at t+1. The selection of lag period
is an arbitrary process, for finding the best
predictive performance on the validation set.
However, another method is utilization of ACF
and PACF and find significant non-zero
autocorrelation as illustrated in the Figure 10.
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Figure 10: (a) ACF and (b) PACF Graphs for coefficients

For detection of dataset patterns and checking
randomness, autocorrelation analysis is used. ACF
and PACF plots help in determining the
parameters of Moving Average and Auto-regressive
models use ACF and PACF plots to find the values
of parameters. ACF provides us the values of
autocorrelation of any series with its lagged values.
But instead of finding correlations of present with
lags like ACF, partial auto-correlation function
finds correlation of the residuals (which remains
after removing the effects which are previously
explained by the earlier lag(s)) with the next lag
value hence it is ‘partial’ as we remove already
found variations before we find the next
correlation [44].

As Figure 10 illustrates the several correlations,
that are non-zero hence the time-series is not
random. High degree auto correlation has been
observed between adjacent lag = 1 as PACF plot
shows. Therefore lookback period =1 is utilized
first to model the process.

4.1.2 Bi-LSTM Configuration

For Bi-LSTM Model, comparison of prediction
with different lookback periods and batch sized in
training and validation gives minimum mean
square error of 0.0056 and 0.0129. The minimum
values are observed with minimum batch size and
lookback period equal to 3.

The corresponding training and validation loss plots of Bi-LSTM model are illustrated in Figure 11(a), 11(b)
and 11(c) with several lookback periods for interpreting the stability of the model configured.
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Model Train vs Validation Loss for bilstm
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Figure 11(a): Training and Validation loss plot of Bi-LSTM model with lookback period = 1

Meodel Train vs Validation Loss for bilstm
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Figure 11(b): Training and Validation loss plot of Bi-LSTM model with lookback period = 3
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Model Train vs Validation Loss for bilstm
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Figure 11(c): Training and Validation loss plot of Bi-LSTM model with lookback period = 5

4.1.2 GRU Configuration

For GRU model, the highest accuracy of training comes up with MSE of 0.0071 whereas highest accuracy in
validation comes up with MSE of 0.016 with lookback period equal to 1. GRU model is more stable in
minimum lookback period as it can work well with minimum history of data points, taking less computational
time as compared to Bi-LSTM and Hybrid CNN-LSTM model. The Figures 12(a), 12(b) and 12(c) illustrate
the training and validation loss with modifications in lookbacks period.

Maodel Train vs Validation Loss for gru

0022 —— Tain loss
Validation loss
0021

0.020

0019
0
ia

5
0018

0017 \
0018 \

0.0 5 5.0 75 100 125 150 175
epoch

Figure 12(a): Training and Validation loss plot of GRU model with lookback period = 1
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Figure 12(b): Training and Validation loss plot of GRU model with lookback period = 3
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Figure 12(c): Training and Validation loss plot of GRU model with lookback period = 5

4.1.3 Hybrid (CNN-LSTM) Configuration

Hybrid Model gives more accuracy with more
computational cost, and lookback period equal to
5, with MSE of 0.0087 in training loop and MSE
of 0.0129 in validation loop. Hybrid CNN-LSTM

model gives stable results with more history of data
points as compared to Bi-LSTM model and GRU
model. Figures 13(a), 13(b) and 13(c) demonstrate
the difference in training and validation loss of
Hybrid model with respect to lookback period.
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Model Train vs Validation Loss for hybrid
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Figure 13(a): Training and Validation loss plot of Hybrid CNN-LSTM model with lookback period = 1
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Figure 13(b): Training and Validation loss plot of Hybrid CNN-LSTM model with lookback period = 3
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Figure 13(c): Training and Validation loss plot of Hybrid CNN-LSTM model with lookback period = 5

4.2 Accuracy of forecasting

The parameters of each model are tested using
several runs to optimize the accuracy and
performance for the individual algorithms based
on different lookback periods, number of epochs

output sensitivity is observed, and the suitable
parameters are applied to the models.

Table 5(a), 5(b) and 5(c) below display the training
and validation loss of three deep learning
configuration with three different batch-sizes and

and batch size for training the model and
computational cost evaluation as well. For
assessment of accuracy for all three algorithms, the

for each batch size, lookback period is changed for
finding suitable wind prediction performance.

Table 5(a): Training and Validation loss with different batch size and lookback period = 1

Deep-learning model Batch-size Training Validation Computational
(MSE) (MSE) time
Bi-LSTM 32 0.0058 0.0132 284
GRU 32 0.0145 0.0155 145
Hybrid (CNN-LSTM) 32 0.011 0.0189 245
Bi-LSTM 64 0.0071 0.0124 186
GRU 64 0.0153 0.0154 75
Hybrid (CNN-LSTM) 64 0.0132 0.0191 140
Bi-LSTM 128 0.0092 0.013 170
GRU 128 0.0163 0.0163 90
Hybrid (CNN-LSTM) 128 0.0148 0.0197 150
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Table 5(b): Training and Validation loss with different batch size and lookback period = 3

Deep-learning model Batch-size Training Validation Computational
(MSE) (MSE) time

Bi-LSTM 32 0.0056 0.0129 280
GRU 32 0.0148 0.0159 140
Hybrid (CNN-LSTM) 32 0.0142 0.0162 240
Bi-LSTM 64 0.0071 0.0134 186
GRU 64 0.0071 0.0129 76
Hybrid (CNN-LSTM) 64 0.0143 0.0171 135
Bi-LSTM 128 0.0086 0.0129 200
GRU 128 0.0165 0.0165 100
Hybrid (CNN-LSTM) 128 0.0143 0.0171 165

Table 5(c): Training and Validation loss with different batch size and lookback period = 5

Deep-learning model Batch-size Training Validation Computational
(MSE) (MSE) time
Bi-LSTM 32 0.0056 0.0144 265
GRU 32 0.0148 0.0152 140
Hybrid (CNN-LSTM) 32 0.0087 0.0124 235
Bi-LSTM 64 0.0069 0.0129 219
GRU 64 0.0154 0.0155 77
Hybrid (CNN-LSTM) 64 0.011 0.0158 150
Bi-LSTM 128 0.0089 0.0135 195
GRU 128 0.0163 0.0163 100
Hybrid (CNN-LSTM) 128 0.0128 0.0201 160

All models are validated in different scenarios;
final MAE of Bi-LSTM, GRU and Hybrid CNN-
LSTM model is illustrated in Figure 14. BiLSTM

model gives more accurate results when compared

with SCADA measurements in shortterm
prediction from two to three hours. Figure 15,
Figure 16, and Figure 17 give the comparison of

each model’s performance with true values.
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Mean Absolute Error (MAE) of Bi-LSTM, GRU
and Hybrid CNN-LSTM
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Figure 14: Variations of final MSEs in different deep learning scenarios
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Figure 15: Comparison of active power b/w actual SCADA measurements and Bi-LSTM model
predictions
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Figure 16: Comparison of active power b/w actual SCADA measurements and GRU model predictions
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Figure 17: Comparison of active power b/w actual SCADA measurements and Hybrid (CNN-LSTM)
model predictions

If we look at Figure 18 showing the predictions of
three deep-learning configurations with true
values, it is observed that:

GRU gives minimum difference with true value at
almost every point and minimum historical data is
sufficient for GRU for learning the pattern.
Bi-LSTM takes more lag and computational time
to prove its accuracy in prediction when compared
with GRU structure.

Hybrid (CNN-LSTM) gives is more suitable for
feature extraction but takes more computational
time for sequential dataset and needs more
historic data as compared to GRU model and Bi-
LSTM. As it needs maximum lookback period for
proving its accuracy.
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Figure 18: Comparison of SCADA measurements with Bi-LSTM, GRU and Hybrid (CNN-LSTM)

Models

5 Conclusion

The paper presents neural networks variants
including RNN (LSTM & GRU) and Hybrid
CNN-LSTM to predict the active power of wind
turbine based on wind speed, wind density,
ambient temperature, nacelle orientation and
pitch angles of blade I, I and III. The models are
trained with technical approach adjusting number
of parameters including number of epochs,
learning rate, batch size and number of lags. GRU
gives minimum MAPE value of 0.074 having slight
difference with MAPE values of Hybrid (CNN-
LSTM)’s MAPE of 0.0751 and Bi-LSTM’s MAPE
of 0.078. Bi-LSTM and GRU networks can filter
out redundant information in modeling non-
linear complex relationships by taking less time
while CNN when cascaded with LSTM also gives
improved results than Bi-LSTM because feature
extraction of CNN is deep, containing more layers
to discriminate the characteristics at the cost of
learning cost. Bi-LSTM and Hybrid model predict
runoff with almost identical accuracy. The GRU
model has less parameters with simpler structure,
smallest lag and requires less time for model
training. It can be considered for preference in for
short term runoff prediction. The experiments
performed showed the suitable MAE values of
validation and MAPE values of predictions for
GRU model in comparison to Hybrid CNN-
LSTM and BiLSTM with minor accuracy
difference and less computational cost. The
outcomes of the research work may lead to the

conclusion that potential of these deep learning
models can be fully utilized to extract regularities
and dependencies of the input data as reliably as
possibly. Future work for development could be
performed by restructuring the selected model and
analysis of internal pattern for deep information.
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