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Abstract: Frequency deviation has to be controlled in power generation units
when there are ﬂuctuations in system frequency. With several renewable energy
sources, wind energy forecasting is majorly focused in this work which is a tough
task due to its variations and uncontrollable nature. Whenever there is a mismatch
between generation and demand, the frequency deviation may arise from the
actual frequency 50 Hz (in India). To mitigate the frequency deviation issue, it
is necessary to develop an effective technique for better frequency control in wind
energy systems. In this work, heuristic Fuzzy Logic Based Controller (FLC) is
developed for providing an effective frequency control support by modeling the
complex behavior of the system to enhance the load forecasting in wind based
hybrid power systems. Frequency control is applied to reduce the frequency
deviation due to ﬂuctuations and load prediction information using ANN (Artiﬁcial Neural Network) and SVM (Support Vector Machine) learning models. The
performance analysis of the proposed method is done with different machine
learning based approaches. The forecasting assessment is done over various climates with the aim to decrease the prediction errors and to demote the forecasting
accuracy. Simulation results show that the Mean Absolute Percentage Error
(MAPE), Root Mean Square Error (RMSE) and Normalized Mean Absolute Error
(NMAE) values are scaled down by 41.1%, 9.9% and 23.1% respectively in the
proposed method while comparing with existing wavelet and BPN based
approach.
Keywords: Load forecasting; wind power prediction; fuzzy logic controller; ANN;
SVM; hybrid power systems

1 Introduction
Globally, the demand for environment friendly renewable energy highlights an unprecedented increase
in recent years. The widely popular renewable energy sources are solar, wind, geothermal, biomass.
Generally the system frequency ﬂuctuates in the system whenever mismatch occurs between power
generation and electricity demand. In recent years, there is sharp increase in the production of wind
power to meet the rising power demands of industries and households. Since the wind energy is one of
the emerging renewable energy sources for many applications, wind power forecasting is highly essential
This work is licensed under a Creative Commons Attribution 4.0 International License, which
permits unrestricted use, distribution, and reproduction in any medium, provided the original
work is properly cited.
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in wind power generation units and hybrid power systems [1]. Load forecasting is crucial for hybrid power
systems due to the presence of renewable energy sources such as wind, solar, hydro and tide. Though the long
term and medium term forecasting techniques are possible in wind farms, Short-term forecasting is widely
used and reliable to monitor and produce day-to-day wind power generation. It focuses on forecasting from
immediate short-term of minutes to 48 h to ensure proper regulation, load balancing and scheduling. Shortterm forecasting is also required to avoid ﬂuctuating wind power and to ensure grid stability [2].
Conventionally, an intermittent power output of wind power system is predicted by deterministic
forecasts. However, the deterministic forecasts cannot approximate the uncertainty associated with
prediction. Ambiguity associated with wind power forecast (WPF) can be expressed in terms of
probabilistic forecasts [3]. Recently frequency control techniques have been improved using machine
learning and soft computing techniques in hybrid power systems. In this work, a novel intelligent
forecasting technique is presented with frequency control and prediction of wind power. The load
frequency disturbance generally occurs in power system when there is disparity between power
generation and net power demand. For better frequency control in wind energy systems, frequency
corrected demand is necessary for Short term forecasting in wind farms.
Recently frequency control techniques have been improved using machine learning and soft computing
techniques. Wavelet based decomposition is applied with ANN in our method to minimize the prediction
error. To further improve the accuracy with reduced errors, SVM based technique is included in the ﬁnal
stage of our proposed technique. This paper is structured into ﬁve sections including Introduction and
review of the existing techniques. Section 2 describes the techniques such as wavelet transform, SVM,
ANN, Fuzzy logic which is utilized in this work. The proposed method is dealt with frequency control
and forecasting in Section 3. Section 4 discusses the obtained numerical results with comparative analysis
on errors and accuracy. Section 5 outlines the conclusion and future directions related to the proposed work.
2 Literature Review
Frequency control techniques are highly required for hybrid power systems than conventional power
generation and distribution systems due to ﬂuctuations in system frequency. In hybrid power systems
with wind power generation, wind power ﬂuctuations lead to power system frequency variation and
stability loss. Recently many intelligent frequency controllers are developed by researchers to improve the
performance of conventional frequency controllers. Droop control is employed in hybrid power systems
for frequency control using droop coefﬁcient. But conventional droop control methods may result in
frequency and amplitude variations while maintaining ﬁxed droop coefﬁcient [4]. To overcome the issues
in droop control, adaptive droop control methods are deployed where the droop coefﬁcient is adjusted
based on the changes in load and active power [5]. Wind energy based hybrid power systems experience
severe frequency variation due to the wind speed ﬂuctuations [6].
Load frequency control (LFC) techniques are developed over the years to maintain the system frequency
to the acceptable levels. System frequency ﬂuctuations need to be controlled by appropriate LFC techniques.
Hence there is a requirement to develop intelligent LFC techniques especially in power generation through
renewable energy sources. System frequency regulation through intelligent control techniques have been
discussed and potential solution has been presented [7–9]. Hybrid intelligent LFC techniques have been
developed in recent years by researchers by adopting neural networks, fuzzy logic, genetic algorithm and
optimization algorithms [10,11].
In wind farms, a small imbalance between generation and demand results in frequency ﬂuctuations.
Moreover, frequency response of the system is largely affected by asynchronous wind energy generators.
In order to make them to work like conventional synchronous generators, it is mandatory to provide some
form of control mechanisms [12]. Augmented wind farms and battery energy systems have been reported
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in the work [13,14] to overcome the frequency control issues. Genetic algorithm (GA) based techniques also
focused towards the frequency control and correction using optimization problems [15]. Flywheel algorithm
based optimization algorithms have been discussed in literature towards frequency control [16]. Though
many techniques are available for wind energy systems, some advanced control techniques with reduced
computational elements are very much required to overcome various economic constraints. In our
frequency control, FLC is utilized with comparator where deviation in frequency and wind speed data’s
are given as input.
The wind power with corrected frequency is applied to the wind power forecasting system.
Conventional autoregressive moving average (ARMA) models have been used in the past based on
statistical signal processing, however the accuracy needs to be improved in many real time scenarios [17].
Artiﬁcial intelligence (AI) approaches like fuzzy ARTMAP (FA), back propagation network (BPN), and
SVMs are popular choice among researchers in many prediction applications [18,19]. A comparison
between hybrid and artiﬁcial intelligence models including support vector machines, expert systems,
fuzzy logic, regression trees and artiﬁcial neural networks is presented in [20], while the notable time
series models of long short-term memory (LSTM) systems, recurrent (RNN) and convolutional neural
networks (CNN) combined with different regression techniques are discussed in [21–23]. Although
highly ﬂexible and effective, RNN-based approaches outperform traditional forecasting models in terms
of RMSE and MAPE [24,25].
Particle swam optimization (PSO) based NN and self-organized map (SOM) were also used for the
numerical weather prediction (NWP). Based on the survey of numerous papers, it is concluded that SVM
requires less computations while comparing with other AI based models [26]. Hence SVM is preferred in
the ﬁnal stage of this work for the prediction with reduced errors.
Forecasting of wind power generation is done using various time series prediction and various soft
computing approaches for a speciﬁc duration. Wind power prediction is performed with frequency control
in few approaches in the recent years, but many works are developed without frequency control methods
in the literature. Regression models and ANN based forecasting were implemented in the short term
forecasting [27]. These analysis are based on the historical observation for few years. Few works focused
towards ANN and fuzzy logic for predicting two to ﬁve hours ahead. These works are developed without
frequency control and it is difﬁcult to maintain frequency stability in hybrid systems [28].
However, the techniques discussed above are failed to analyse the short term wind power forecasting
even though frequency control is carried out. Similarly, the conventional frequency control may leads to
stability problems. Thus, to overcome this problem, this work formulated AI based control topology for
frequency control and forecasting with advanced machine learning topologies.
3 Proposed Frequency Control Method for Wind Load Forecasting
The proposed frequency control comprises of two stages, the ﬁrst stage performs the load frequency
control. In the next stage, Frequency controlled data is obtained by comparing change in real power and
rate of change of frequency. Recently many advanced techniques such as machine learning algorithms
and soft computing techniques are designed to improve the frequency control in wind power system. In
this paper, frequency control based on fuzzy inference system is proposed for wind farms and storage
units. Fig. 1 shows the elements involved to obtain the frequency controlled data. Fuzzy logic controller
(FLC) accepts the wind speed and frequency deviation as inputs and provides the change in real power.
The frequency control output is produced by comparator using FLC output and rate of change of
frequency. Normally ﬂexible de-loading operation and reduction in storage capacity is achieved in load
frequency control technique of wind energy system.
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Figure 1: Frequency control using fuzzy logic controller
Frequency deviation and wind power data are applied to the fuzzy logic controller. The changes in wind
power are considered in the proposed method to improve the performance of demand forecasting. Fig. 2
describes the process involved in the proposed frequency corrected demand forecasting approach based
on FLC, ANN and SVM. The frequency corrected wind speed variations are considered for the present
and the previous hours. Frequency controlled wind power data series is applied through the wavelet
transform to produce decomposed output, whereas frequency controlled wind speed data is given directly
to the ANN network. ANN trained data can be recovered using wavelet reconstruction technique. The
obtained forecasting errors are applied to SVM classiﬁer to obtain optimized forecasting results.

Figure 2: Process ﬂow of frequency corrected demand forecasting
The proposed model based on FLC, ANN and SVM provides better forecasting results while comparing
with similar existing techniques. To show the superiority of the proposed technique, various error measures
like mean square error (MSE), MAPE, RMSE, and NMAE are calculated. Mean square error (MSE) is
expressed as
MSEi ¼

N
N
P
i¼0

(1)
2

ðaWPi  fWP i Þ

where aWP represents actual wind power, fWP denotes forecasted wind power and N is the total number of
data points.
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MAPE is deﬁned as
MAPE ¼

N
1X
jaWPi  fWP i j
 100%
N i¼1
aWP Ni

(2)

where aWP Ni represents the average true wind power for the Nth hour is obtained by
aWP Ni ¼

N
1X
aWPi
N i¼1

(3)

The RMSE is an another important measure which is calculated by
rﬃﬃﬃﬃ N
1X
RMSE ¼
ðaWPi  fWP i Þ2  100%
N i¼1

(4)

The NMAE is calculated by
NMAE ¼

N
1X
jaWPi  fWP i j
 100%
N i¼1
NPC

(5)

where NPC is the name plate capacity of wind farm
4 Simulation Results and Discussion
The proposed load forecasting method is based on wavelet transform, fuzzy logic controller, ANN and
SVM. Fuzzy logic controller is developed by considering the wind velocity data and observed frequency
variations as the input data. Real wind data has been collected from world’s third largest and India’s
largest onshore wind farm located at site Watsun Infrabuild Pvt Ltd, Periyapatti village, Tirupur District.
Datasets of wind speed and frequency variations are averaged to obtain hourly data. In that 900 h were
used for training (learning set). In that, 180 h were used for cross-validation and 720 h of data have been
used for testing the performance. The results presented here are computed on the testing set. Predictions
are limited for the next 3 h to improve the forecasting accuracy. The test data set is randomly chosen
from July 2020 to April 2021. Tab. 1 shows the samples chosen from the collected data. The model is
designed with 36 inputs, 27 neurons and 18 outputs based on daily and weekly forecasting. The
computation time is ﬁxed as 1000 epochs.
Table 1: Observed real time data in wind farm
Date and time

Wind speed
1 (m/s)

Wind speed
2 (m/s)

Wind speed
3 (m/s)

Temperature (°C)

May 26, 2020 19:00
June 5, 2020 18:00
July 10, 202019:00
Aug 12, 202019:00
Sep 10, 2020 19:00
Oct 13, 2020 18:00

7.42
7.63
7.70
8.40
6.70
6.40

7.23
7.80
7.57
7.90
7.20
6.47

7.02
7.17
7.50
8.03
6.43
6.30

31.2
27.3
27.2
25.7
27.4
29.1
(Continued)
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Table 1 (continued)
Date and time

Wind speed
1 (m/s)

Wind speed
2 (m/s)

Wind speed
3 (m/s)

Temperature (°C)

Nov 11, 2020 18:00
Dec 15, 2020 19:00
Jan 13, 2021 18:00
Feb 14, 2021 19:00
Mar 15, 2021 18:00
Apr 18, 2021 18:00

5.97
3.87
4.77
3.87
3.07
2.60

5.80
3.77
4.63
3.80
3.10
2.73

5.73
3.83
4.53
3.77
2.97
2.40

27.9
25.3
26.5
26.7
25.6
28.9

The FLC is designed and simulated using the Matlab/Simulink block set. Fig. 3 shows the fuzzy logic
controller implementation. Fuzzy rule viewer comprises of rules based on the IF-THEN logic. The inputs are
combined using 49 fuzzy rules to produce the output. The following fuzzy sets are used for fuzzy reasoning.
They are positive big (PB), positive medium (PM), positive small (PS), zero (Z), negative big (NB), negative
medium (NM) and negative small (NS).

Figure 3: Simulink model of fuzzy logic based frequency control
The fuzzy IF-THEN rules are utilized in FLC to perform frequency control which is provided in Tab. 2.
Fuzzy logic based frequency control is carried out using frequency deviation (FD) and changes in wind speed
(WS). Thus, these two parameters are considered as the input to FLC. Frequency stability needs to be
maintained in the grid using frequency controller in the wind energy based hybrid systems. Since the
frequency deviation indicates the changes observed in the standard frequency of 50 Hz, the observed
changes in wind speed is utilized in the fuzzy reasoning. Fig. 4 shows the observed frequency variations
from 20 June 2020 to 5 July 2020. The frequency variations are observed from 49.2 Hz to 50.6 Hz and it
is important to maintain the frequency at 50 Hz.
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Table 2: Fuzzy rules based on frequency deviation and wind speed
FD
WS

PB

PM

PS

Z

NS

NM

NB

PB
PM
PS
Z
NS
NM
NB

PB
PB
PB
PM
PM
PM
PM

PB
PB
PM
PS
PS
PS
PS

PS
PS
PS
Z
Z
NM
NM

PB
PM
PS
Z
NS
NM
NB

PM
PS
PS
NM
NS
NM
NM

NS
NM
NM
NS
NM
NM
NM

NM
NM
NM
NB
NB
NB
NB

Figure 4: Observed frequency variations
The wind speed in the selected wind farm location is usually high from May to October and very low
during February to April. Wind speed variations are observed within a month or single day as well. Fig. 5
depicts the observed wind speed variations from 20 June to 5 July 2020.
The wind power generation cannot be predicted in most of the duration due to variable wind velocity
situations. It is difﬁcult to judge the required power adjustment based on the frequency deviation and
variations in wind speed. As the variable inputs and required output have nonlinear relationship, fuzzy
rules are developed based on the fuzzy reasoning provided in Tab. 2. The rule viewer of the proposed
fuzzy logic based frequency control is depicted in Fig. 6. Fuzzy rules are written to relate the required
power adjustment to the frequency deviation and variations in wind speed. It is required to provide more
supply from wind generator whenever there is a decrease in frequency. However, it is not an easy task to
calculate the required additional power due to variations in the wind speed. In view of these challenges,
fuzzy logic controller is incorporated in this work.
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Figure 5: Observed wind speed variations in collected data

Figure 6: Fuzzy rule viewer for frequency control
In this paper, MSE, RMSE, MAPE and NMAE are calculated to evaluate the performance of proposed
frequency corrected demand forecasting. Fig. 7 compares the MAE of different approaches while measuring
frequency corrected demand using one to nine minutes ahead forecasting. Kalman ﬁlter, ARMA model and
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various learning models are compared and the proposed Fuzzy+ANN+SVM is found to be better than all
other approaches.

Figure 7: Comparison of MAE in frequency corrected demand forecasting
Tab. 3 provides the MAPE values achieved from the proposed model on daily basis and weekly basis.
All the results are compared with the existing AI based forecasting models. From Tab. 3, it is observed that
MAPE is decreased by 41.1% than the existing wavelet and BPN based approach for May 2020 wind
speed data.
Table 3: MAPE comparison of various approaches
Month & year

Fuzzy
ARTMAP

(RBF+SVM

Wavelet + BPN + SVM

Proposed
(Fuzzy + ANN + SVM)

May 2020
Aug 2020
Nov 2020
Feb 2021

18.4
20.7
21.5
21.1

15.8
18.1
17.4
17.8

11.2
12.5
12.2
11.8

6.6
5.7
5.9
5.2

The predicting performances of the models are found to be inconsistent with varying months. It is
noticed that average of MAPEs of the four representative months found to have better comparison over
all other models. The forecasting capability of the proposed hybrid model is superior to AI techniques
and all the considered hybrid models. Tabs. 4 and 5 presents the RMSE and NMAE comparison of the
proposed hybrid model with the existing models. In all cases, the proposed power system model outstrips
the other model due to its capability to perform frequency correction. To improve the reliability and
effectiveness of the developed model, simulations are approximately repeated 20-25 times for each case
study. The test results show that the obtained NMAE values from the developed model are proven to be
better than those obtained from the other models. Since the wind speed data contains various ﬂuctuations,
wavelets are used in decomposition and reconstruction to ﬁlter out those spikes. The RMSE and NMAE
of the proposed forecasting is 6.12 and 3.76, which is the performance improvement of 9.9% and 23.1%
respectively.
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Table 4: RMSE comparison of various approaches
Month & year

Fuzzy
ARTMAP

RBF + SVM

Wavelet + BPN + SVM

Proposed
(Fuzzy + ANN + SVM)

May 2020
Aug 2020
Nov 2020
Feb 2021

8.69
8.98
8.79
9.38

7.45
8.34
8.15
8.94

6.79
7.58
7.19
7.98

6.12
5.91
5.52
6.31

Table 5: NMAE comparison of various approaches
Month & year

Fuzzy
ARTMAP

RBF + SVM

Wavelet + BPN + SVM

Proposed
(Fuzzy + ANN + SVM)

May 2020
Aug 2020
Nov 2020
Feb 2021

5.43
5.39
5.79
5.59

5.33
5.29
5.69
5.49

4.88
4.84
5.24
5.04

3.76
3.72
3.12
3.92

From the above analysis, it is concluded that this control approach regulates the active power output of
wind turbine according to the prediction information of wind and also maximizes usage of wind power.
5 Conclusion
The FLC based frequency correction technique is proposed for frequency corrected demand forecasting
in wind based hybrid power systems. The MAE, MAPE, RMSE and NMAE are used to evaluate the
performance of the proposed technique. It is worth mentioning that, the calculated MAE of proposed
technique is found superior than all other existing forecasting methods. The MAPE is improved by 41.1%
while comparing with the existing BPN and SVM based approaches. Similarly, RMSE and NMAE values
are reduced by 9.9% and 23.1% respectively while comparing with other AI based models. Similarly, the
implementation of FLC maintains frequency at constant value (50 Hz) and hence, the stability of the
system is improved. In future, the prediction performance can be improved using probabilistic based
models. The computational complexity analysis is needed to design an efﬁcient prediction system. Hence,
it is required to develop better forecasting system with computational efﬁciency.
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