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Abstract: Wind energy is one of the most promising alternates of fossil fuels because of its abundant
availability, low cost, and pollution-free attributes. Wind potential estimation, wind forecasting,
and effective wind-energy management are the critical factors in planning and managing wind
farms connected to wind-pooling substations. Hence, this study proposes a hybrid framework-
based approach for wind-resource estimation and forecasting, namely IGWO-SVR (improved grey
wolf optimization method (IGWO)-support vector regression (SVR)) for a real-time power pooling
substation. The wind resource assessment and behavioral wind analysis has been carried out with
the proposed IGWO-SVR optimization method for hourly, daily, monthly, and annual cases using
40 years of ERA (European Center for Medium-Range Weather Forecast reanalysis) data along with
the impact of the El Niño effect. First, wind reassessment is carried out considering the impact of
El Niño, wind speed, power, pressure, and temperature of the selected site Radhapuram substation
in Tamilnadu, India and reported extensively. In addition, statistical analysis and wind distribution
fitting are performed to demonstrate the seasonal effect. Then the proposed model is adopted for
wind speed forecasting based on the dataset. From the results, the proposed model offered the best
assessment report and predicted the wind behavior with greater accuracy using evaluation metrics,
namely root mean square error (RMSE), mean absolute error (MAE), and mean squared error (MSE).
For short-term wind speed, power, and El Niño forecasting, IGWO-SVR optimization effectively
outperforms other existing models. This method can be adapted effectively in any potential locations
for wind resource assessment and forecasting needs for better renewable energy management by
power utilities.

Keywords: wind energy; wind forecasting; wind potential assessment; IGWO-SVR

1. Introduction
1.1. Background

Rapid economic growth needs an increase in energy production that should be cost-
effective and pollution-free [1–3]. Renewable energy, particularly wind and solar, is coming
into the limelight because of its advantages, such as being cost-effective and non-pollutant,
and the abundant fuel from nature compared with fossil fuels and gas fuels [4–6]. A total of
195 members of the UN Framework of Climate Change (UNFCCC) contracted an assurance
to attain renewables as of November 2019 [7]. As per Pari’s Commitment to promoting
green energy worldwide, India committed to building 175 GW capacity in 2022 [8], wherein
100 GW is wind installed capacity [9]. India has a wind onshore installed capacity of
38.789 GW and is exploring offshore wind in the coastal areas of Tamilnadu. It has abundant
renewable energy resources with a wind installed capacity of 9231.77 MW and a solar
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installed capacity of 4500 MW [10], catering to leading industrialization growth in India.
Tamilnadu has about 9500 wind turbines distributed in 125 wind pooling substations [11].

Wind energy is stochastic because of climatic changes like the El Niño effect, and
hence wind energy patterns need to be continuously assessed. However, detecting the
pattern and forecasting wind behavior plays a significant part in determining wind energy
potential [12,13]. Proper wind speed and power forecasting are also assessed for better
renewable energy management in the load dispatch center (LDC). In addition, wind energy
management in the LDC depends on wind data information from wind pooling substations.
To handle renewable energy management across the state, attempts at micro wind energy
management at wind pooling substations by conducting wind behavioral studies and wind
forecasting methods are carried out. Many authors reported many probabilistic frequency
distributions to model the wind speed. Nevertheless, these works have a few drawbacks,
i.e., they failed to adjust in the wind distribution fitting histogram. At present, the use of
intelligence practices is adapted to optimize the parameters that minimize the inaccuracies
in energy production. Researchers rarely use hybrid optimizations to obtain the most
optimal solutions. Therefore, it is essential to implement the most optimized intelligence
techniques to assess and forecast wind potential for any site.

1.2. Literature Survey

Considering the above needs, this section provides a robust literature survey relating
to the potential assessment and forecasting. There are significant works available from
different sources with possible outcomes, and a few of them are described in Table 1.

Table 1. Existing literature reports.

Ref. No Algorithms Descriptions

[14] Moth flame optimization (MFO)

- Steady wind speed was recorded in the Gulf of Khambhat (a part
of Indian potential sites), stretching from 7 to 10 m/s.

- This site provided the least turbulence intensity with a maximum
wind power density (WPD) of about 431 watts/m2.

[15] Nakagami and Rician
distributions (NCD)

- The proposed method identified the key wind direction likely
east, which recorded the wind speed stretching from 4 to 8 m/s.

- The author concluded that Nakagami distribution displayed
improved wind potential assessment.

[16] Distinctive wind-groups (DWG)

- The author suggested a design to deal with a large scale and
preliminary assessment at urban locations or small scales for
roof-mounted turbine models.

- Additionally, turbine characteristics and their numbers, annual
energy production, metropolitan building data, and annual mean
wind speed.

[17] Multiverse optimization
method (MO)

- The authors reported the wind speed observed at the selected site
was between 2 m/s and 10 m/s (direction 260–280◦), and
0–4 m/s (sector 170–180◦).

[18] Weibull parameters

- This work assessed the wind shear coefficient and estimated it to
be the least value of 0.18.

- Additionally, mean wind speed and power density, standard
deviation, and total energy output were figured for 30 and
10 m heights.
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Table 1. Cont.

Ref. No Algorithms Descriptions

[19] Birnbaum–Saunders (BS) distribution
- Presented the precision, generalization fitness, and efficiency of

the BS distribution for demonstrating wind power and
speed distribution.

[20]

Harmony search (HS), cuckoo search
optimization (CSO), particle swarm
optimization (PSO), and ant colony

optimization (ACO).

- The author stated that the ACO method showed efficient
performance for evaluating the functions of the Weibull
distribution, notably for Triunfo and São Martinho da Serra.

- In addition, CSO displayed better results for the Petrolina model.

[21] Weibull parameters

- Recommended the likelihood to tool and progress the
metropolitan wind energy sector for domestic applications.

- Wind characteristics such as wind rose and power density were
also investigated.

[22] Rayleigh
distribution

- Addition to wind resource assessment, AEP, cost of energy, and
capacity factors, were computed.

- Total potential was estimated using several wind turbines
ranging between 165 MW and 3 MW.

[23] Weibull probability density distribution

- The authors considered four different turbine models and
assessed for various constraints.

- Additionally, this work reported the output energy of the turbine
system, average power, capacity factor, and availability factor.

[24] Weibull distribution function

- The author investigated the wind characteristics for monthly,
seasonal, and annual wind speed variations.

- Turbines were selected based on the site characteristic and
computed different turbine parameters.

- Additionally, the levelized energy cost was adapted to evaluate
the monetary viability of electricity production.

[25] Weibull and
Rayleigh distribution functions

- This work reported the mean speed of wind in the selected site
was about 6 m/s for the whole year using the proposed
methodology.

- In addition, energy density and average wind power were
assessed.

- Turbines were modelled, and the output of the turbine, capacity
factor, and cost of energy was estimated.

Considering all the above inferences, a research gap was found in improving wind
forecasting accuracy using a hybrid optimization model. Most of the existing research
demonstrated the assessment of wind farms without significant illustration of wind fore-
casting. Also, El Niño effects are not considered for wind parameter assessment and
forecasting. Moreover, most of the wind energy farms were commissioned a few years ago
and their existing potential assessment reports are outdated, as the recent sophisticated
assessment approaches offer more precise values. In addition, the considered Radhapuram
pooling station is ready for re-powering with advanced wind turbines. Therefore, this
study focuses on reassessing and forecasting wind energy potential with the improved grey
wolf optimization-support vector regressions (IGWO-SVR) method using 40 years of ERA
(European Center for Medium-Range Weather Forecast reanalysis) data. ERA provides
current forecasts, climate re-analyses, and specific datasets that are available via the web,
point-to-point dissemination, data servers, and broadcasting data. The short-term wind
forecasting is carried out for wind speed, wind power, and El Niño scheduling and trading
with the SVR method optimized by the IGWO technique. Therefore, this study developed
an advanced optimization technique for wind energy management in the Radhapuram
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110/33-11 kV wind pooling substation in Tamilnadu. The substation connected with 136
MW installed wind turbines spanned in 15 incoming feeders and five different makes of
wind turbines with various capacities. It is essential to reassess the wind potential of the
selected site to identify the effects of El Niño. This study will be a useful tool for the power
utilities, government agencies, and researchers for future decision-making over installing
similar wind power plants.

2. Wind Energy Management in Pooling Substation

Wind Energy is stochastic in nature and any location with wind speed and direction,
depending on climatic and seasonal changes. The wind characteristics change by the
day, season, and year, and are subject to the recent focus on El Niño’s impact on climatic
conditions. The wind energy management in the Radhapuram substation is categorized
in this paper, with wind potential reassessment over 40 years of ERA data with wind
distribution methods through parameter estimation.

2.1. Wind Pattern Analysis

Lidar and sodar, metrological instruments, are mounted in tall towers to estimate the
wind parameters at the ground level. Both instruments play a crucial role in the primary
data collection of wind resource valuations. The key parameters of all wind-observing
suites are wind pressure, wind speed, wind direction, and temperature. Commonly, the
following parameters are measured for specific applications:

- To ensure wind suitability evaluation and wind turbine selection, maximum, mini-
mum, and average wind speed, and standard deviation are assessed;

- To comprehend the wind distribution and optimized micro siting of wind turbines,
the highest gust direction and standard deviation are computed;

- Turbulence intensity and wind density are evaluated using the observed temperature
and wind speed (vertical);

- For atmospheric assessment and icing effect in the site, the average, minimum and
maximum value of solar irradiation and relative humidity (%) are estimated.

For long-term wind resource assessment studies, nearby station data or airport data
can be used. Satellite data from MERRA and ERA can also be used for in-depth wind
resource studies. Recent studies like El Niño’s impact on climatic changes, which indirectly
impact wind flow variations, can also be taken in this research analysis.

2.2. Wind Speed Distribution Models

Wind distribution configuration is crucial for wind information, which is assessed
by the mean wind speed and percentage of occurrences at hub height of 100 m. This
information helps to evaluate the output power of the turbine system unswervingly. The
incidence of wind distribution signifies the figure of interims in the course of the data
collection during the falling of wind speed inside an actual bin; this typically happens
around 0.5 or 1.0 m/s and manages the lowest speed ranges labeled for the power curve
of the chosen turbine notably from 0 to 25 m/s. Furthermore, wind forecasting is a
mathematical design to visualize the pattern of the wind speed, wind power, and the El
Niño effect, but they are not stable because of atmospheric changes that happen relentlessly.
It is known that wind power generation is the task of wind speed and its density, and
therefore it is essential to perform wind speed prediction. Table 2 illustrates several real-
time data patterns with their required ranges.

2.3. Performance Metrics Analysis

The performance metrics signify the best fit for a forecasting study and match actual
measured values with greater accuracy. In this work, four metrics are considered to study
the precision of the forecasted wind data assessment: mean absolute error (MAE), root
mean square error (RMSE), and mean squared error (MSE). The best-scored RMSE, MAE,
and MSE [26–28] provide the best-fitted wind distribution process for the definite sites.
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Table 2. Real-time data patterns range.

Input Variables Units Range of Input Variables

Wind Speed m/s 1–19
Wind Direction Degree 0.1–360

Air Pressure mbar 99–101

Temperature Degree. Celsius 17–45

El Niño Percentage 0.5–2

Wind Power Wm2 8–16

2.3.1. Mean Absolute Error (MAE)

MAE =
1
N

N

∑
i=1
|Ai− Pi| (1)

where Ai and Pi are measured and predicted values, respectively, and N is the number of
observations.

2.3.2. Root Mean Squared Error (RMSE)

This estimates the residuals of the probability density function occurrence and the
measured data.

RMSE =

[
1
n

n

∑
i=1

(yi − xi)
2

]0,5

(2)

where yi denotes the perceived statistics schemed in a histogram, n terms the number of
bins, and xi signifies the projected PDF function of wind distribution pattern taken for
assessment. Its range should be close to zero to ensure the goodness of fit.

2.3.3. Mean Squared Error (MSE)

MSE =
1
N

N

∑
i=1

(
Yi − Ŷl

)2 (3)

3. Case Study and Its Descriptions

The wind data are analyzed from the ERA web portal for Radhapuram wind pooling
station, 110/33-11 kV substation, Tamilnadu. The wind pooling station evacuates wind
energy to the upstream Sanganeri 230 kV grid substation. The Radhapuram wind pooling
station handles 15 wind pooling feeders, 101 wind turbines spanned to 15 wind feeders
with a maximum aggregated wind installed capacity of 136 MW. The statistics of the
substation location are presented in Table 3, and the mapping and site of the selected area
are illustrated in Figure 1.

Table 3. Sensor’s measurement data from the Radhapuram wind pooling station.

Site Name Landmass
Meas. Sensor

Latitude and
Longitude Dataset Period Interval Recovery Rate

Radhapuram,
Tamilnadu

Satellite
ERA Data

N 8◦16.140620′.
77◦41′11.5368”

1980 to 2020
(41 years) 60 min 100%
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Figure 1. Radhapuram wind pooling station location: (a) map view, (b) site view.

3.1. Wind Seasonal Pattern

Among the Indian states, two central states, Tamilnadu [29] and Gujarat [30], have
maximum wind power potential. For both states, monsoon seasons are classified into four
periods, such as northeast monsoon (NEM), southwest monsoon (SWM), summer, and
winter, and considered for this study [31]. These monsoon periods are clustered based on
wind speed and months, as given in Table 4.

Table 4. Monsoon-based wind behavior.

Season Months Duration

Winter January and February Two months

Summer March to June Four months

SWM July to September Three months

NEM October to December Three months

3.2. Wind Power Density (WPD)

WPD modeling provides detailed information of wind energy distributions for various
wind speed magnitudes; notably, it varies with the cube of wind speed. The range of WPD
is the chief influence for potential wind valuation in a selected site. It aids in estimating
economic viability before implementing the wind farm. It can be computed using the
following equations:

Pwd =
P
A

=
1
2

ρv3 (4)
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where P and A represent the wind power (watts) and swept area (m2), respectively. ρ and v
signify the air density (kg/m3) and wind speed (m/s), respectively. Taking account of the
wind speed distribution, WPD can be stated as follows [25]:

p
A

=
1
2

ρ
∫ ∞

0
v3 f (v)dv (5)

To evaluate the WPD of a specific distribution, the WPD distribution function f (v) is
considered and derived as follows:

Wind power P =
1
2

ρAv3 f (v) (6)

P
A

=
1
2

ρv3 f (v) (7)

Finally, the goodness of fit for WPD can be computed using below equation:

eWPD =

(
(WPDo−WPDec)

WPDo

)
100% (8)

where WPDo, the detected WPD, and WPDec are the computed scales from distribution
fitting, and WPDo signifies the error between detected and computed values.

4. Methodology

To increase the performance of the GWO, the conventional technique is classified
into two perceptions: dynamic subjective approach and nonlinear convergence for influ-
ence. The convergence aspect directly affects the IGWO parameter’s value, which declines
linearly [0, 2]. While optimization takes a convergence nonlinearly, the linear conver-
gence factor doesn’t affect the tangible searching procedure. Consequently, an innovative
nonlinear convergence scheme is presented in Figure 2.
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GWO is a recently proposed metaheuristic technique developed based on the grey
wolves’ nature-motivated leadership grading and cluster hunting process [32,33]. This
approach is an operative metaheuristic adapted for many engineering optimization pro-
cesses [34]. For every iteration, a total of three best wolves are engaged from the search
practice, thus providing a robust convergence headed for these wolves. However, it has
drawbacks, notably because of the lack of population diversity that cause the inequity
between exploration, exploitation, and premature convergence [35–37].

To alleviate the faintness of these GWO, an improved version is carried out and
defined as an improved grey wolf optimizer (IGWO). It increases the hunting exploration
approach of wolves using the dimension learning-based hunting (DLH) scheme. This DLH
search scheme is stirred based on nature’s different hunting comportment of wolves. It also
raises the global search adopting multi-neighbor learning. As an outcome, this advanced
scheme triggers the wolves from their current position to the best position for each iteration.
Additionally, this proposed modification helps select and update its current position while
heading for the next iteration.

Generally, the wolves have been segregated into alpha, beta, delta, and omega groups
to mimic wolves’ inner leadership grading. With these groups, first-best, second-best, and
third-best individuals are logged as alpha, beta, and delta, respectively, and the remaining
individuals are taken as omega. Additionally, alpha, beta, and delta guide the hunting
process, and other wolves are likely in the finest region in the searching location. In the
iterative searching course, the three most acceptable spaces are considered for the probable
location of the prey, and the position of the prey is assessed by the alpha, beta, and delta.
For optimal solution, the positions of wolves are updated with the following equation:

—>
D =

∣∣∣∣—>
C ·

—>
Xp (t)−

—>
X (t)

∣∣∣∣ (9)

—>
X(t + 1) =

—>
Xp (t)−

—>
A ·

—>
D (10)

where the term ‘t’ denotes the tth iteration, A and C represent the vector coefficient, x
signifies the prey’s location, and X symbolizes the wolf’s position. The vector coefficients
are computed using the following equations:

→
A = 2a,

→
ri −→a (11)

→
C = 2

→
r2 (12)

These coefficients decline from 2 to 0 linearly with the iteration counts r1 and r2 and
random vectors positioned in the scope [0, 1]. In IGWO, the α, β, and δ lead ω wolves
are in the direction of the extents of the search space that are hopeful for computing the
optimal solution. This characteristic can head to set up local optima solutions as shown in
Figure 3. Additional problems are with the lessening of the population diversity that allows
IGWO to acquire local optima. Here, IGWO is suggested to alleviate such concerns. The
enhancements comprise a novel search approach related to two steps (select and update),
and the same is designated below using dashed lines.

Mathematically, the position updating can be described as follows:

Discalpha =
∣∣∣C1× Xalpha(l)− X(l)

∣∣∣
Discbeta = |C1× Xbeta(l)− X(l)|

Discdelta = |C1× Xdelta(l)− X(l)|

X1 = Xalpha(l)− A1 × Discalpha
X2 = Xbeta(l)− A2 × Discbeta

X3 = Xdelta(l)− A3 × Discdelta
(13)

X(l + 1) =
X1 + X2 + X3

3
(14)
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The following scientific formulations are employed to re-tune the locations of the
omega wolves. The position of the wolves is updated based on the above-mentioned rules
as equations. The figure shows that the wolf at the position (X, Y) repositions its place
around the prey, rendering to the above-derived updating formulations. It is also noted
that the wolf can possibly move only seven positions, but regulation of the arbitrary factors
(A and C) makes the wolf reposition the situation to an incessant location near prey at
any position.

V1 =
| f (xalpha)|

| f (xalpha)+| f (xbeta)|+| f (xdelta)||
V2 = | f (xbeta)|

| f (xalpha)+| f (xbeta)|+| f (xdelta)||
V3 = | f (xdelta)|

| f (xalpha)+| f (xbeta)|+| f (xdelta)||

(15)

The suggested social grading supports IGWO in saving the most significant resolutions
acquired for the complete iterations. A circle-based neighborhood is formed around the
solutions by the anticipated IGWO; it can also be adapted for higher spaces, namely the
hypersphere. Notably, the arbitrary factors (A and C) aid the candidature results to attain
hyperspheres considering diverse random radius. Additionally, it provides a space for
the solutions to locate estimated location and prey using the anticipated hunting model.
Meanwhile, the proposed scheme ensures exploitation and exploration using the adaptive
standards (a and A). These parameters help IGWO to make a transition smoothly between
exploitation and exploration. Specifically, the halves of the iterations are dedicated for
exploration (|A| ≥ 1) with a diminishing of A; the remaining halves are devoted for
exploitation (|A| < 1). The complete process of the method is illustrated in Figure 4.

SVR forecasts the data and endeavors to diminish the structure jeopardy [38–42]. For
high-dimensional needs, it is possible to solve the linear regression solution employing the
nonlinear transformation, which aids in mapping input parameters and more significant
sizes. It diminishes the operational menace and becomes good learning and generalization
capacity that can reduce the algorithm’s complexity. As well, it offers more tremendous
advantages such as quick convergence and global optima [43–45]. Additionally, it could
subjectively estimate the nonlinear functions and provide superior advantages for predict-
ing problems.

The regression function of the SVR is:

f (x) =λT ψ(x) + γ (16)

where λT is the transpose of the weight coefficient matrix, γ is the value of offsets, and ψ(x)
is a charting function. By employing the in-sensitive loss function, the above equation can
be written as follows:

min(
1
2
||λ2||+ l

p

∑
i=1

(ξi+ξ j)) s, t

 yi − λxi − γ ≤ ζi + h
λxi + γ− yi ≤ ζ j + h

ζi, ζ j ≥ 0, i = 1, 2, . . . ρ, j = 1, 2 . . . ρ
(17)
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where λ and h are penalty items and insensitive loss function, respectively. The terms ζi, ζj
denote the slack relations. Considering the Lagrange and dual theory function, it is possible
to derive the regression function using the following function:

f (x) =
p

∑
i=1

(αi − αj)C(x, xi) + γ (18)

where alpha i and alpha j are lagrangian multipliers, and C(x, xi) signifies a kernel function
and is derived using the following equation:

C(x, xi) = exp(−v||x− xi||2), v > 0 (19)
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In this work, forecasting based on IGWO and SVR, i.e., the IGWO-SVR method, is per-
formed and the hybrid approaches are employed for wind speed forecast at Radhapuram.
The prediction horizon is hourly (step-one), daily (step-two), monthly (step-three), and
yearly (step-four). A machine containing 16 GB, 18 MHz DDR4 RAM with a 2.4 GHz Intel
Core i5 processor in an anaconda version 2.1.1, and Jupiter notebook (Python 3.8.5 version)
development environment are used to test and train. There are various hyper-parameters
employed, notably regularization depth of tress and learning rate specified with the nu-
merous regression prototypes. They are nominated using the stepwise searching method
to discover the optimum hyper-parameters. The wind speed data considered for this work
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are gathered from Radhapuram, and the time range covers January 1980 to December 2020.
The employed data are experimented with in hourly intervals and, therefore, 3444 data
points/day. Among all samples, 2592 samples are employed for the model’s construction,
and the remaining samples can be adapted to authenticate the forecasting outcomes.

Selection of IGWO-SVR Parameters

The effectiveness of the SVR process hinges on its selected parameters. These param-
eters are tuned critically through minimum training and validation errors by employing
optimization algorithms, notably IGWO; in this work, the radial basis function (RBF) is
considered as the kernel task. The crucial optimized parameters are:

- Penalties factor (C) computes the wind speed between diminishing the training error
and SVM model difficulty;

- Gamma of the kernel function RBF (g) describes the input space of nonlinear mapping
to the feature space of the high dimensional.

The procedure to hunt the SVR limits is defined using the following steps:
Step 1: Gamma (g) (RBF’s kernel function penalties) and penalty factor (c) are set, i.e.,

c extends from 0.1 to 100, and g extends from 0.1 to 10.
Step 2: Set the limits for the optimization algorithm individually, and the dimension

of IGWO set to 2.
Step 3: Execute the optimization procedures rendering to fitness curves. To speedily

attain the predicting outcomes in the very short-term wind power and speed, and El
Niño, the structures of optimization algorithms are constrained. We are reminded that
the minimal fitness’s stationary progress is needed to be discovered; IGWO-SVM displays
comparatively high oscillations of the fitness curvature.

Furthermore, wind power can be described with the cubic of wind speed, so the power
extracted from wind hinges on the cubic value of wind speed and direction. Hence, the
wind parameter study characteristics are significant to extract energy from wind. Wind
power depends purely on the following:

• Wind speed availability in a particular area;
• Eight possible wind directions, such as N, NE, E, SE, S, SW, W, and NW;
• Height and rating of the wind turbine;
• Location of the wind speed such as on seashore, off seashore, etc.;
• Types of wind generators (IG, SGIM, or PMSG);
• Power can be generated only between the cut-in speed (4 m/s) to cut-out speed

(24 m/s).

A wind rose diagram depends on the wind direction where the wind turbine has to
face the wind speed to extract maximum wind power. Therefore, the wind speed direction
for every hour, day, week, month, and year are essential to analyze the wind characteristics.
Winds directions are classified as 0 degrees to 360 degrees and are divided into either part
(N, NE, E, SE, S, SW, W, and NW).

Additionally, statistics examination of the computed wind data in the Radhapuram
wind pooling substation is carried out. Wind parameter functions are implemented to
assess the accuracy of the statistic best wind speeds, wind power, and El Niño of the selected
site. Furthermore, the distribution technique is employed for parameter approximation
related to other wind parameters like temperature, pressure, etc. The open-source python
platform with an in-house established program code is employed for approximating the
parameters of wind investigation. It was specified previously that the best fit to estimate
the finest wind power scheme was with a lesser proportion of RMSE rate closer to zero.
As well, the greater level of R2 must be closer to 1, which condenses the error fitting for
assessing the WPD. Moreover, the consequences are congregated for the finest wind power
and speed with the nominated distribution. Far along, the yearly mean wind speed (MWS)
and mean turbulence intensity are taken to sort the class of turbulence, and this helps select
the wind turbine to develop a standalone wind farm. For this study, a total of 40 years
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(1980 to 2020) of wind parameter data has been taken. The statistical analysis is carried out
using several functions such as mean, median, mode, range, variance, standard deviation,
skewness, and Kurtosis.

5. Results and Discussions
5.1. Wind Characteristics Investigation

In this study, the Radhapuram (Tamilnadu State, India) wind farms are considered
as a case study. The maximum power extract from the direction is mainly from N, NE,
S, SW, and W and other directions have less wind power (less wind speed). So, a wind
speed’s direction displays an important role in extracting wind power season-wise by
winter, summer, southwest monsoon, and northeast monsoon. The other parameters, such
as pressure and temperature, also play an important role in wind characteristics.

The yearly mean wind speed, maximum wind speed, and standard deviation in the
Radhapuram area for the period 1980 to 2020 are considered for this study. The highest
minimum wind speed of 6.07 m/s was logged on 26 April 1981 and 28 October 1987, and a
higher wind speed of about 15.49 m/s on 30 November 2017 and an MWS of 6.072 m/s
for an average of 40 years and the wind speed at several elevations is measured. This was
perceived for diverse ranges, notably 4 m/s wind speed to 24 m/s, and the power extract
from the wind speed is in Table 5. Furthermore, the relationships between wind speed,
wind power, and hub height are illustrated in Figures 5 and 6.

Table 5. Wind power of the Radhapuram station for various wind speeds.

S. No Wind Speed (m/s) Wind Power (MW)

1 4 0.004946

2 6 0.016693

3 8 0.039568

4 10 0.07728

5 12 0.1335

6 14 0.2121

7 16 0.31655

8 18 0.4507

9 20 0.61826

10 22 0.8229

11 24 1.0684
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The peak seasonal wind speed on the SWM is about 13.71 m/s, and the higher seasonal
speed is detected as 15.52 m/s. Compared with monsoon periods (Table 6), northeast
monsoon (NEM) realizes a stumpy mean speed of about 5.46 m/s. The monthly MWS
is seen as higher, particularly in June, and its value is about 7.79 m/s, but the maximum
speed in July is recorded as 15.49 m/s. Furthermore, the standard deviation for the month
case is observed and found to be stable from January to March (2.2 m/s). Due to seasonal
wind speeds in the monsoon period, May, July, and October were observed as 6.42 m/s,
7.79 m/s, and 7.25 m/s, respectively. Furthermore, the selected location, the Radhapuram
wind location, comes under ‘B’ turbulence category as per IEC standard with 0.132 MTI at
15 m/s, i.e., 13.2%.

Table 6. Radhapuram wind directions—annual occurrence.

Direction Sector Direction
Name

Mean
(m/s)

Max
(m/s)

Std. Dev.
(m/s)

Wind
Occurrence

(%)

67.5◦ −90◦ −112.5◦ N 3.14 13.46 1.25 1.73

22.5◦ −45◦ −67.5◦ NE 4.76 20.63 1.82 6.51

337.5◦ −0◦ −22.5◦ E 4.62 13.38 2.24 2.84

292.5◦ −315◦ −337.5◦ SE 4.20 11.82 1.98 3.51

247.5◦ −270◦ −292.5◦ S 3.48 11.77 1.85 2.37

202.5◦ −225◦ −247.5◦ SW 2.97 10.11 1.53 1.86

157.5◦ −180◦ −202.5◦ W 10.26 22.86 3.30 38.66

112.5◦ −135◦ −157.5◦ NW 3.11 13.48 1.35 1.88

For the yearly wind measurements at 100 m hub height, turbulence intensity and
wind speed are recorded for different altitudes; wind speed upturns in greater latitudes.
Initially, the wind speed reaches 2 m/s at 10 m hub height, and it further increases to 4 m/s
for 100 m of hub height. To extract higher power, it is essential to erect the wind turbines
at possible higher altitudes since wind power generation is a cubic of speed. For 2015,
observed wind speed is insignificant and inferior compared to 2014 and 2015 because of
climatic variations. To ensure these inferences, the wind rose plots for different seasons are
illustrated in Figure 7.

In the wind rose chart, the light color signifies a stumpy wind power generation
during low wind speed, and the wind turbine’s cut-in speed would be 3 m/s. When the
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cut-in-speed increases beyond a certain level, power generation from a wind turbine rises,
which is illustrated as a dark color and is densely spaced. It is vibrant from the wind rose
figure; the power production of wind turbine, wind direction, and its speed are correlated.
The wind turbine produces higher power when the wind blows from a direction between
0–90 and 180–225 degrees. From the wind rose figure, it is also perceived that power
generation occurs when the speed exceeds the cut-out speed (22 m/s). Similarly, light wind
speed and low power generation emerge from directions (90 to 180 and 270 to 360). The
radius of the wind incidence denotes the wind direction parameter rose diagram.

Furthermore, the seasonal wind parameter distribution is observed for winter, summer,
southwest monsoon (SWM), and northeast monsoon (NEM), and the graphical illustrations
are depicted in Figure 8. In addition, other parameters, namely wind directions, wind
speed, El Niño, temperature, pressure, and wind power, are observed, and their maximum
and minimum values, standard deviation, and mean values are computed in Table 7.
Eventually, the wind characteristics of the selected site against hour, day, month, and year
are demonstrated in Figure 8 with reference to a 100 m hub height. Also, wind speed, El
Niño, pressure, and temperature of the Radhapuram site are simulated for hourly, daily,
monthly, and yearly. The graphical representations of the annual plots are given in Figure 9.
It is observed that there is evidence of continual changes of parameters throughout the
considered duration.
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Table 7. Wind parameters in the Radhapuram station.

Annual Parameter
(@100 m) Wind Speed Wind

Direction El Niño Temp Pressure Wind Power

Mean value 6.072125 178.53338 0.032352 27.615456 100.5149 2.586624 × 10−2

Standard deviation 2.475411 104.2830 0.854845 2.202784 0.250202 2.566458 × 10−2

Max. value 15.490000 359.8500 2.600000 36.100000 101.400 2.872362 × 10−1

Min value 0.070000 0.150000 −0.800000 20.200000 99.5000 2.650813 × 10−8

25% of occurrence 4.290000 50.850000 −0.500000 26.000000 100.350 6.101784 × 10−3

50% of occurrence 6.135000 42.200000 0.000000 27.400000 100.500 1.784550 × 10−2

75% of occurrence 7.900000 259.55000 0.500000 29.150000 100.700 3.810362 × 10−2
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5.2. Statistical Analysis

A practical graphical approach is adopted to evaluate the kurtosis and wind speed
skewness of the data set, i.e., histogram. The magnitude of variance is more prominent for a
broader wind speed and smaller for a narrow kind. Standard deviation can be determined
considering the root square variance using the variation between the individual speed
data point and the mean value. It is possible for a more significant wind speed deviation
within the date when it attains points farther from the mean value; however, a closer
point to the mean value represents a lower deviation. The complete descriptions of the
parameters for wind speed are illustrated in Table 8. The mean, standard deviation,
maximum, and minimum wind speed parameters are 6.07 m/s, 2.12 m/s, 13.46 m/s, and
0.29 m/s, respectively. Similarly, wind power and El Niño effects are assessed.
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Table 8. Statistical Performance of the wind speed.

Wind Speed Count Mean Std Max Min Var Skew Kurt

NEM 90,528 5.46 2.60 15.49 0.07 6.76 0.20 0.71

SWM 90,528 6.88 1.97 13.71 0.20 3.87 −0.07 0.18

Summer 120,048 5.64 2.53 14.00 0.07 6.38 0.18 0.63

Winter 58,320 6.65 2.41 14.03 0.17 5.81 −0.34 0.42

January 30,504 7.36 2.18 14.03 0.21 4.75 −0.59 0.23

February 27,816 5.87 2.41 12.67 0.17 5.82 −0.04 0.56

March 30,504 4.30 2.00 11.78 0.13 4.02 0.31 0.39

April 29,520 4.06 1.86 12.13 0.07 3.47 0.57 0.29

May 30,504 6.42 2.28 13.71 0.30 5.18 −0.02 0.44

June 29,520 7.79 1.84 14.00 1.00 3.37 0.11 0.38

July 30,504 7.25 1.88 13.62 0.57 3.54 −0.03 0.25

August 30,504 7.01 1.89 13.71 0.53 3.59 −0.03 0.17

September 29,520 6.37 2.02 13.51 0.20 4.07 −0.04 0.23

October 30,504 4.66 2.19 12.84 0.07 4.79 0.43 0.21

November 29,520 4.75 2.33 15.49 0.10 5.44 0.33 0.49

December 30,504 6.96 2.58 13.99 0.14 6.66 −0.43 0.38

Annual 6.07 2.12 13.46 0.29

5.3. Wind Distribution Fitting

The wind distribution fitting for the Radhapuram polling station is assessed using
different distribution functions for four different seasons, such as winter, summer, SWM
and NEM, and the observed values are depicted in Table 9. From the observed results, it is
perceived that the mean value of SWM offers better values compared with other seasons.

Table 9. Seasonal wind distribution.

Distribution Winter Summer SWM NEM

beta 0.0042 0.0013 0.0113 0.0037

dweibull 0.0199 0.0140 0.0180 0.0205

expon 0.2571 0.1831 0.3794 0.1445

gamma 0.0159 0.0054 0.0096 0.0105

genextreme 0.0113 0.0043 0.0116 0.0091

loggamma 0.0035 0.0064 0.0097 0.0109

lognorm 0.0131 0.0055 0.0103 0.0107

norm 0.0124 0.0066 0.3703 0.0113

pareto 0.2645 0.4693 0.0103 0.1421

t 0.0124 0.0066 0.2592 0.0113

uniform 0.1625 0.1291 0.1291 0.1291

Mean value 0.0035 0.0013 0.0096 0.0037

Furthermore, the estimated parameters of the Radhapuram station for Bimodal are
assessed and shown in Table 10, and symbolic representation is demonstrated in Figure 10
(distribution pattern).
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Table 10. Radhapuram Bimodal Estimated Parameters.
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January
score 0.0031 0.01 0.35 0.02 0.02 0.00 0.02 0.02 2.99 × 10−1 0.01 0.23

loc −703.8 7.50 0.21 −26.33 6.59 4.94 −416.6 7.36 −2.50 × 108 7.42 0.21

scale 718.76 1.82 7.15 0.15 2.29 3.20 423.96 2.18 2.50 × 108 2.05 13.82

February
score 0.01 0.01 0.24 0.01 0.01 0.01 0.01 0.01 2.28 × 10−1 0.01 0.13

loc −0.52 5.86 0.17 −125.3 5.03 −234.6 −72.15 5.87 −4.10 × 108 5.87 0.17

scale 13.423 2.1 5.7 0.0445 2.4 42.072 77.988 2.4 4.10 × 108 2.4 12.5

March
score 0.00 0.04 0.26 0.01 0.01 0.01 0.01 0.01 2.84 × 10−1 0.01 0.22

loc 0.00 4.20 0.13 −3.13 3.50 −484.1 −8.23 4.30 −1.49 × 109 4.30 0.13

scale 11.979 1.8 4.2 0.5531 1.9 69.218 12.366 2 1.49 × 109 2 11.7

April
score 0.00 0.01 0.32 0.00 0.00 0.01 0.00 0.01 6.77× 10−1 0.01 0.30

loc −0.30 3.96 0.07 −1.46 3.27 −599.7 −4.24 4.06 −1.53 4.02 0.07

scale 18.409 1.6 4 0.6375 1.6 80.51 8.0945 1.9 1.60 1.8 12.1

May
score 0.00 0.01 0.27 0.01 0.00 0.01 0.01 0.01 2.78 × 10−1 0.01 0.18

loc −1.30 6.42 0.30 −287.7 5.61 −394.2 −159.1 6.42 −2.80 × 108 6.42 0.30

scale 15.358 2 6.1 0.0176 2.3 60.96 165.6 2.3 2.80 × 108 2.3 13.4

June
score 0.01 0.02 0.43 0.01 0.01 0.02 0.01 0.02 6.96 × 10−1 0.02 0.29

loc −0.08 7.82 1.00 −19.71 7.11 −326.6 −32.61 7.79 −9.49 × 10−1 7.79 1.00

scale 17.261 1.7 6.8 0.1225 1.8 50.523 40.36 1.8 1.94 1.8 13

July
score 0.01 0.02 0.41 0.01 0.01 0.01 0.01 0.01 7.05 × 10−1 0.01 0.28

loc −2.61 7.33 0.57 −125.2 6.57 −277.0 −84.46 7.25 −1.02 7.25 0.57

scale 18.264 1.7 6.7 0.0268 1.9 44.827 91.696 1.9 1.59 1.9 13.1

August
score 0.01 0.02 0.41 0.01 0.01 0.01 0.01 0.01 3.96 × 10−1 0.01 0.28

loc −4.26 7.06 0.53 −117.4 6.31 −279.7 −134.4 7.01 −1.26 × 108 7.01 0.53

scale 20.833 1.7 6.5 0.0288 1.9 45.195 141.36 1.9 1.26 × 108 1.9 13.2

September
score 0.01 0.02 0.36 0.01 0.01 0.01 0.01 0.01 4.10 × 10−1 0.01 0.25

loc −3.26 6.43 0.20 −100.9 5.62 −245.9 −195.3 6.37 −4.86 × 108 6.37 0.20

scale 17.968 1.7 6.2 0.038 2 41.671 201.67 2 4.86 × 108 2 13.3

October
score 0.00 0.02 0.23 0.00 0.00 0.01 0.00 0.01 2.39 × 10−1 0.01 0.20

loc −0.04 4.59 0.07 −2.09 3.76 −645.7 −6.03 4.66 −1.84 × 108 4.66 0.07

scale 14.363 1.9 4.6 0.7278 2 88.145 10.468 2.2 1.84 × 108 2.2 12.8

November
score 0.01 0.02 0.16 0.01 0.01 0.02 0.01 0.02 1.56 × 10−1 0.02 0.17

loc 0.00 4.67 0.10 −1.85 3.79 −636.6 −6.98 4.75 −1.87 × 104 4.75 0.10

scale 15.829 2.1 4.7 0.8662 2.1 88.501 11.497 2.3 1.87 × 104 2.3 15.4

December
score 0.01 0.02 0.25 0.03 0.02 0.01 0.02 0.02 2.30 × 10−1 0.02 0.15

loc −11.98 7.07 0.14 −37.49 6.10 3.30 −165.3 6.96 −5.95 × 108 6.96 0.14

scale 26.346 2.2 6.8 0.1585 2.7 4.0843 172.29 2.6 5.95 × 108 2.6 13.9

Winter
score 0.00 0.02 0.26 0.02 0.01 0.00 0.01 0.01 2.64 × 10−1 0.01 0.16

loc −7.54 6.72 0.17 −38.68 5.80 −1.01 −198.1 6.65 −4.21 × 106 6.65 0.17

scale 21.647 2.1 6.5 0.1325 2.5 5.1212 204.79 2.4 4.21× 106 2.4 13.9

Summer
score 0.00 0.01 0.18 0.01 0.00 0.01 0.01 0.01 4.69 × 10−1 0.01 0.13

loc −0.07 5.64 0.07 −8.21 4.69 −581.9 −18.42 5.64 −1.50 × 101 5.64 0.07

scale 14.101 2.3 5.6 0.466 2.4 84.069 23.929 2.5 1.57 2.5 13.9

SWM
score 0.01 0.02 0.38 0.01 0.01 0.01 0.01 0.01 3.70 × 10−1 0.01 0.26

loc −4.34 6.97 0.20 −63.34 6.16 −117.2 −126.5 6.88 −1.64 × 108 6.88 0.20

scale 20.01 1.7 6.7 0.0553 2 24.563 133.33 2 1.64 × 108 2 13.5

SWM
score 0.01 0.02 0.38 0.01 0.01 0.01 0.01 0.01 3.70 × 10−1 0.01 0.26

loc −4.34 6.97 0.20 −63.34 6.16 −117.2 −126.5 6.88 −1.64 × 108 6.88 0.20

scale 20.01 1.7 6.7 0.0553 2 24.563 133.33 2 1.64 × 108 2 13.5
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Table 10. Cont.
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NEM
score 0.00 0.02 0.14 0.01 0.01 0.01 0.01 0.01 1.42 × 10−1 0.01 0.13

loc −0.05 5.43 0.07 −5.14 4.46 646.23 −14.34 5.46 1.85 × 108 5.46 0.07

scale 15.562 2.4 5.4 0.6532 2.5 91.679 19.637 2.6 1.85 × 108 2.6 15.4
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5.4. Wind Forecasting Analysis

Precise wind-haste predicting is vital for sustainable power development scheduling
and the functioning of a power system. Figure 11 displays the deviation fashion of wind
power for an hour, month, week, and year, assuming the probable substantial wind power
near the spaces and those wind plants situated in the demand center [46], with the Radha-
puram wind farms receiving higher attention in Tamilnadu. Similarly, wind speed for the
same case is illustrated in Figure 12 using the 3D model.
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The optimized parameters of the SVR model are considered to predict the wind speed
data, notably by selecting random parameters C of 2 and g of 1. It symbolizes the SVR
method with optimization based on four criteria including MAE, MSE, and RMSE. The
hybrid IGWO-SVR approaches have agreeable performance in wind speed, and wind
power forecasts since the predicting curves are close to the actual wind speed curve. The
plotted figures show that the predicting curve of IGWO-SVR is closer to the actual zero
error of wind speed data, particularly for the hourly and day-ahead prediction.

To ensure the accuracy of the proposed model, wind power, wind speed, El Niño,
temperature, and pressure of the Radhapuram polling station are forecasted and illustrated
in Figures 13–17. The forecasting approaches effectively predict the non-stationary wind
speed, and all predicting models show acceptable presentation. Taking the steps-forward
forecast as an instance, the MAE errors of the common ARIMA, linear regression, deci-
sion tree, random forest, and IGWO-SVR are 1.2602, 1.2616, 1.2761, 1.2605, and 1.2386,
respectively. All the evaluation metrics for all parameters show better ranges for different
forecasting periods than other considered conventional methods. The enactment of the
optimized SVR approaches are grander than the SVR model with C and g scales of 2 and
1, respectively. The IGWO-SVR model shows better outcomes among other considered
optimization models.
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Figure 14. Wind power comparisons of various models for the different forecasting period (wphr—
hourly wind power, wpday—daily wind power, wpmonth—monthly wind power, and wpyear—
yearly wind power).
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Figure 16. Temperature comparisons of various models for the different forecasting period (Temp hr—
hourly temperature, Tempday—daily temperature, Tempmon—monthly temperature, and Tempyr—
yearly temperature).
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6. Conclusions

This study proposes a novel hybrid technique, namely IGWO-SVR, to forecast wind
parameter characteristics and distribution functions at different timescales, likely hourly,
daily, monthly, seasonally, and annually. With this model, wind characteristic investiga-
tion is performed to study the relationships between wind speed, wind power, and hub
height. Statistical analysis is carried out to evaluate the seasonal behavior of the location
using notable parameters. Moreover, wind distribution fitting is demonstrated using beta,
dweibull, exponential, gamma, genextreme, logamma, lognorm, parento, and uniform, and
simulated for individual months and seasons such as winter, summer, NEM, and SWM.
Finally, a wind forecasting event is simulated and the reliability of the observed results is
verified using different evaluation metrics such as MAE, MSE, and RMSE. Additionally, the
attained accuracy of the metrics are compared with other existing models such as ARIMA,
ARIMA 2, SARIMAX, SARIMAX 2, simple exponential, linear regression, decision tree,
and random forest. The proposed IGWO-SVR offers better results. Based on the results, the
following conclusions are drawn:

• The prevailing wind direction for Radhapuram was observed as S (15.8%) and SW
(13.05%) from the southwest monsoon. The northeast monsoon fetches low wind
and prevailing wind direction with a wind speed of about 11.07% (NE) and a north
direction of 10.17%. The WPD density was measured at 100 m height at Radhapuram,
the highest value of about 431.53 watts/m2.

• The annual mean wind speed was better at about 7.51 m/s, and the wind rose diagram
showed the maximum wind speed prediction in the southwest monsoon and northeast
monsoon seasons.
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• Compared with various other time series forecasting analysis models, the proposed
hybrid IGWO-SVR method offers the best minimum error values of MAE, MSE,
and RMSE.

This research outcome greatly helps investment in potential wind farms by forecasting
the wind parameters obtained through the proposed IGWO-SVR method.
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