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Abstract: Wind energy is a renewable energy resource that can be harnessed to generate
electrical energy. In this paper, a novel Artificial Neural Network (ANN) approach using
wavelet analysis for wind energy forecasting is proposed and tested with wind data
from Kanyakumari, India, for different seasons. The wavelet decomposition is used to
decom-pose the wind power time series data into different frequency components. The
model simulates the complex mapping of historical wind power to allow the forecasting
of wind power data for the next 3 h or the next 24 h. The predicted components are then
reconstructed to obtain the overall predicted wind energy time series. The proposed models
give more promising prediction results than the model without the use of wavelets. The
regression coefficient and Mean Square Error (MSE) are computed and observed in order
to assess the model’s performance.

Keywords: wavelet transform; machine learning; wavelet neural network

1. Introduction
Wind power is mostly determined by wind speed. Wind kinetic energy is propor-

tional to the cube of its velocity, so even slight variations in wind speed can affect power
generation [1]. Forecasting wind power requires wind speed estimation. To effectively
harness wind energy resources, it is imperative to gather precise information about the
wind characteristics specific to each location. Factors like local climate, regional weather
patterns, topography, and obstacles like buildings all play significant roles in determining
the viability and efficiency of wind power generation in a given area.

The requirement for wind farms in India to perform short-term wind energy forecast-
ing with a 15 min interval, as per the India Electricity Grid Code (IEGC) [2], reflects the
importance of accurately predicting wind power generation to ensure grid stability and
reliability. By mandating such forecasts, regulatory bodies aim to minimize deviations
between predicted and actual wind power output, thereby optimizing grid operations and
minimizing economic losses for wind farm operators.

Scholars have proposed four types of prediction models based on historical wind
speed time records in recent decades: statistical, intelligence learning, hybrid, and physical
models [3–5]. The complexities involved in accurately predicting wind power output
highlight the necessity of comprehensive understandings and data gathering of the various
factors influencing wind patterns and energy generation. The classification of wind power
prediction models into physical, statistical, intelligent learning, and hybrid models reflects
the diverse approaches researchers have explored to address this challenge. Each type of
model leverages different methodologies and data inputs to forecast wind power output.
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Physical models utilize principles of fluid dynamics and atmospheric physics to
simulate wind behavior. They consider factors such as atmospheric pressure, temperature
gradients, and terrain features to predict wind patterns. They provide extensive insights but
are computationally costly and may require accurate input data. Statistical models analyze
historical wind speed data to identify patterns and correlations. These models are often
more straightforward to implement and can provide reasonable predictions, especially in
stable wind conditions. Intelligent learning models employ advanced machine learning and
artificial intelligence techniques to learn from historical data and make predictions. Neural
networks, support vector machines, and ensemble methods are examples of approaches
used in intelligent learning models. They excel in capturing complex relationships but may
require extensive data and computational resources for training. Hybrid models combine
elements of multiple approaches to leverage their respective strengths. For example, a
hybrid model might integrate physical principles with statistical techniques or combine
machine learning algorithms with empirical data. By synergizing different methodologies,
hybrid models aim to improve prediction accuracy and robustness. These modeling
techniques must be researched and developed to improve wind power prediction reliability
and efficiency, enabling wind energy resource use. Models for prediction are complicated
and require a large number of historical datasets, because many of the aforementioned
approaches combine historical wind energy data with numerical weather prediction (NWP)
data. This research proposes a simple and robust wind forecasting model that can estimate
wind power with minimal historical data. Wind power may be accurately predicted in the
short term using a single prediction model using a wavelet-based neural network (WNN).

In the literature on time series forecasting for a variety of applications, including wind
power, decomposition-based hybrid models are becoming more prevalent [6,7].

The fact that wind power time series data are typically noisy, nonlinear, and non-
stationary is a major contributing factor to this. As a result, modeling such time series
data using a single statistical model is challenging. Non-stationary time series data may
be broken down into a collection of component sequences with varying frequencies using
decomposition techniques [8]. Subsequently, simpler patterns within the sub-series data can
be extracted by statistical approaches. Furthermore, in order to increase forecasting accuracy,
decomposition approaches function well with combination technologies, that is, the use of
several forecasting methods to anticipate distinct sub-series [9–12]. Studies of decomposition-
based models often concentrate on the forecasting and decomposition modules, which fall
into two groups: the direct method and multicomponent approach [13,14].

A hybrid deep learning approach that integrates transformers, convolutional neural
networks (CNNs), and recurrent neural networks (RNNs) to handle multiple time series
simultaneously is proposed in [15]. This model achieved an R2 value of 0.99 for short-term
forecasts and maintained an R2 of 0.50 for 96 h predictions, demonstrating its robustness
in various forecasting horizons. The study published in [16] introduced two novel hy-
brid models: CNN-ABiLSTM and CNN-Transformer-MLP. The CNN component captures
short-term patterns in wind and solar power data, while ABiLSTM and Transformer-MLP
address long-term dependencies. These models outperformed standalone CNN, BiLSTM,
and Transformer models in day-, week-, and month-ahead forecasting, with the CNN-
Transformer-MLP hybrid excelling in short-term predictions and the CNN-ABiLSTM hy-
brid leading in long-term forecasts. DEWP is introduced in [17], a deep learning framework
that models complex dependencies in wind power data. DEWP employs variable and time
expansion blocks to capture multi-level dependencies and utilizes multi-head self-attention
mechanisms for feature extraction. Experiments on real-world datasets demonstrated
its effectiveness in handling intricate temporal and spatial relationships in wind power
forecasting. In [18], the authors proposed a medium-term wind power forecasting model
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combining Temporal Convolutional Networks (TCNs) and Gated Recurrent Units (GRUs)
with dual-stage attention mechanisms. The model was optimized using White Shark Opti-
mization (WSO) and achieved a maximum Mean Absolute Percentage Error (MAPE) of
8.07% for week-ahead forecasts, outperforming traditional methods in terms of accuracy
and computational efficiency. SD-STGNN, a model that decomposes wind power data
into seasonal and trend components, has also been developed. The seasonal component
is processed using Gated Temporal Convolutional Networks and Graph Convolutional
Networks to capture spatiotemporal relationships, while the trend component is enhanced
using a Temporal Feature Enhancement module. The model demonstrated a reduction
in Mean Absolute Error by approximately 6.26% and improved the coefficient of deter-
mination by about 4.74% compared to baseline methods [19]. A comparative study on
different types of models, i.e., statistical, machine learning, physical, and hybrid models, is
summarized in Table 1. A comparison between current state-of-the-art hybrid models such
as LSTM, CNNs, and SVMs is presented in Table 2.

In this paper, a novel machine learning (ML) approach using wavelet analysis for
wind energy forecasting is proposed and tested with wind data from Kanyakumari, India,
for different seasons. It gives good results for all the seasons, hence proving it to be a
robust model. Two approaches have been proposed in this paper: a direct-approach WNN
and multiple-component-approach WNN. It was concluded that the multiple-component-
approach WNN gives the best accuracy for the short-term prediction of wind power.

Table 1. A comparative study on different types of models.

Method Description Strengths Weaknesses/Shortcomings Examples

1. Statistical
Models

Uses historical wind
data to establish
patterns and trends.
Includes time series
models like ARIMA,
regression models, etc.

- Simple to implement
- Interpretable
- Good for short-term

forecasts

- Struggles with
nonlinear patterns

- Need stationary data
- Performance drops

with sudden weather
changes

ARIMA, Linear
Regression,
Exponential
Smoothing

2. Intelligent
Learning
(AI/ML)

Machine learning
models learn complex
patterns in data
without explicit
programming.
Includes ANNs, RNNs,
LSTMs, SVMs, etc.

- Handles nonlinearities
well

- Adapts to changing data
- Good with large datasets
- High accuracy in many

cases

- Needs lots of data
- Can be a “black box”
- Computationally

intensive
- Poor extrapolation

beyond training range

ANN, LSTM,
Random Forest,
SVM

3. Physical
Models

Uses meteorological
equations and
physics-based
simulations (e.g.,
atmospheric models,
terrain, turbine
behavior).

- Understandable and
interpretable

- Incorporates physical
laws

- Effective for long-term
and site-specific forecasts

- Requires detailed
input data

- Computationally
expensive

- Less accurate in
short-term unless
coupled with real-time
data

WRF (Weather
Research and
Forecasting), CFD
models

4. Hybrid
Models

Combines two or more
approaches (e.g., AI +
physical, statistical +
ML) to leverage their
strengths.

- Improved accuracy
- Flexible
- Compensates for

weaknesses in single
models

- Can adapt to multiple
forecast horizons

- Complexity in design
- Data integration

challenges
- Higher computational

requirements

ARIMA + ANN,
WRF + LSTM, SVM
+ Kalman Filter
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Table 2. Comparison of current state-of-the-art hybrid models.

Model Advantage Disadvantage

LSTM Captures long-term temporal dependencies, works well
for multi-step forecasts, effective for seasonal variations

Requires large datasets, computationally
expensive, long training times

CNN Good for feature extraction, fast training, effective in
hybrid models with LSTM

Lacks temporal memory, struggles with
long-range dependencies

SVM Effective with small datasets, interpretable, handles
nonlinearity well

Requires manual feature engineering, no
native support for temporal dependencies

2. Artificial Neural Network (ANN)
As they can predict complicated nonlinear input–output interactions without explicitly

specifying them, ANNs are useful forecasting tools in many industries, including wind
power generation [20,21]. ANNs, which are formed by layers of connected nodes or
neurons, are modeled after the structure of the human brain. Every neuron performs
a nonlinear modification after performing a weighted sum to process its inputs. The
neurons of the ANN are trained using actual data, and the results are predicted based on
the training.

Mathematically it is described as in Equation (1).

vk =
p

∑
j=1

wkjxj (1)

where vk is the output, wkj is the weight, and xj is the input.
Usually, the structure consists of the following:

1. Input Layer: Receives the raw data.
2. Hidden Layers: Perform computations using neurons that process previous layer inputs.
3. Output Layer: Produces the final forecast or prediction.

2.1. Data Preparation

Before training an ANN, data must be properly prepared as follows:

1. Data Collection: Assemble historical data (e.g., wind speed, direction, temperature,
pressure).

2. Normalization: Scale the data (often between 0 and 1) to improve the training process.
3. Segmentation: Convert time series data into a format suitable for ANN training, often

involving the creation of moving windows of inputs and corresponding outputs.

2.2. Designing the Network

1. Architecture Selection: Choose the number of hidden layers and neurons. More
complex patterns may require deeper networks.

2. Activation Functions: Common choices include ReLU for hidden layers and linear
or sigmoid functions for the output layer, depending on the nature of the prediction
(continuous or binary).

2.3. Training the Network

1. Backpropagation: Adjust the weights to minimize the difference between the expected
and actual outputs to train the network.

2. Loss Function: Regression tasks often use MSE.
3. Optimizer: Use techniques like SGD (Stochastic Gradient Descent), Adam, or RMS

prop to improve model convergence.



Wind 2025, 5, 14 5 of 14

3. Wavelet Theory
The wavelet transform analyses the time–frequency domain. Multi-resolution approx-

imation by wavelet basis functions represents a function on several scales using scaled
and translated mother wavelets [22]. The signal Continuous Wavelet Transform (CWT) is
mathematically shown in Equation (2).

XWT(T, s ) =
∫ ∞

−∞
x(t)

(
1√

s

)
φ∗ (t − T)

s
dt (2)

The scaling parameter s and the translation parameter τ determine the transformed
signal, XWT (τ, s). The mother wavelet is represented by ψ; the * shows that the complex
conjugate is used in the case of a complex wavelet. Each scale signal energy is modified
by dividing the wavelet coefficients by 1√

s . This implies that the wavelets have the same
energy at all scales.

Changes in scale parameters contract and dilate the mother wavelet. Scale s affects
wavelet center frequency fc and window length. Thus, wavelet analysis findings are
represented by scale s instead of frequency. The translation parameter τ indicates the
wavelet’s position in time; by varying τ, the wavelet can be moved across the signal. The
time-scale plane rows are filled for constant scale s and variable translation τ, while the
columns are filled for varied scale s and constant translation τ. Wavelet coefficients are
the elements in XWT (τ, s) that are linked to a frequency scale and a time domain point,
correspondingly [23].

In practice, the discrete wavelet transform (DWT) is utilized instead of CWT. This
approach is implemented through the use of filters and the computation of ‘details’ and
‘approximations’. For a discrete signal x[n], DWT can be represented as in Equation (3).

x[n] = ∑
k

cjO[k]∅jO,k[n] +
∞

∑
j=j0

·∑
k

dj[k]∅j,k[n] (3)

Here, ϕj0,k [n] and φj,k [n] are the scaling and wavelet functions, and cj0[k] and dj[k]
are the approximations and detail coefficients, respectively.

There are several types of wavelet filters, also referred to as mother wavelets; these
include the Haar, Daubechies (db), Coiflets (coif), Biorthogonal (bior), and Reverse Biorthog-
onal wavelet filters. A series of daughter wavelets with different frequencies and locations
will be obtained after a certain mother wavelet is employed to modify the original data
signal. The coefficient of each daughter wavelet indicates the contribution of the daughter
wavelet at a certain frequency to the parent signal at a specific location. These coefficients
can therefore be utilized as future inputs for neural networks and save information about
the original signal.

This paper implements the Haar wavelet with eight-level decomposition.

DWT Algorithm

1. Filter Design

• Design a pair of filters: A low-pass filter h[n] and a high-pass filter g[n], as shown
in Equations (4) and (5). These filters are used to decompose the signal into
approximations and details, respectively.

Lowpass f ilter h[n] =
1√
2
[1, 1] (4)

Highpass f ilter g[n] =
1√
2
[1,−1] (5)
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• The filters should be designed such that they satisfy certain mathematical prop-
erties, e.g., orthogonality and biorthogonality.

2. Decomposition

• Convolution: Convolve the input signal x[n] with the low-pass filter h[n] to
obtain the approximate coefficients c[n], as shown in Equation (6).

c[n] =
1√
2
(x[2n] + x[2n + 1]) (6)

• Detail Coefficients d[n]: Convolve the input signal x[n] with the high-pass filter
g[n] to obtain the detail coefficient d[n], as shown in Equation (7).

c[n] =
1√
2
(x[2n]− x[2n + 1]) (7)

3. Downsampling:

• Downsample the filtered signal by a factor of 2 to reduce the number of data
points, as shown in Equation (8).

cdownsampled[n] = c[2n] (8)

4. Recursive Decomposition:

• Repeat the decomposition process on the approximation coefficients cdownsampled

to further break down the signal into different frequency bands until the de-
sired level of decomposition is achieved. The approximation coefficients at
level 8 represent the low-frequency components of the signal after eight levels
of decomposition.

4. Methodology
4.1. Wavelet Neural Network

An important development with applications for smart grid emergency response
systems has been the incorporation of wavelet decomposition into neural networks for
short-term wind power forecast models. The wind power time series data are decomposed
into different frequency components using wavelet analysis. This decomposition separates
the signal into its low-frequency approximate part and high-frequency random part, pro-
viding a multi-resolution representation of the data. Each frequency component obtained
through wavelet decomposition is analyzed separately to understand its characteristics
and predictability.

The low-frequency components may capture long-term trends and periodic pat-
terns, while the high-frequency components may represent short-term fluctuations and
noise [24,25]. A WNN model can be constructed to predict each decomposed component
separately. WNNs combine the capabilities of wavelet analysis of handling multi-resolution
data with the learning ability of neural networks. These models can efficiently capture
the local and global patterns of data. The predicted components are then reconstructed to
obtain the overall predicted wind power time series. This reconstructed signal represents
the short-term wind power forecast, which can be utilized for emergency response planning
and grid management in smart grids. Due to its ability to divide an original signal into
numerous time series with smaller frequency components, the wavelet transform (WT) has
been applied effectively in the fields of data analysis and signal processing [26–28].

In order to estimate wind power generation, this research provided a hybrid model
that combined an ANN and wavelet transform based on detailed and approximation
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coefficients. The ANN parameters chosen were learning rate = 0.01, hidden layers = 2,
neurons = 10, and the activation function was tanh.

The wind speed in m/s was the original signal. Pre-processing was performed on the
data to fill in any missing values. The wind power time series was divided into numerous
detail components di(t) (i = 1, . . ., n) and an approximate component Cn(t) using a wavelet
technique. Each component was examined to determine its energy level, followed by the
autocorrelation between the original signal and the coefficients.

4.2. Proposed Direct-Approach WNN

This approach decomposed the original signal into sub-series using 8-level Haar
wavelet decomposition. These were then used as input features for a single forecasting
model. The architecture of this model is presented in Figure 1.

 

Figure 1. Architecture of proposed direct-approach WNN.

Algorithm:

1. Pre-process the original signal to fill in the missing values.
2. Decompose the signal into approximate and detail coefficients using the wavelet

transform.
3. Calculate the energy of each level of decomposition and discard the zero or low energy

levels.
4. Set the remaining coefficients as input features for the neural network.
5. Train the feedforward network and predict the results.
6. Calculate the regression coefficient and Mean Square Error.

4.3. Proposed Multiple-Component-Approach WNN

In this proposed model, the autocorrelation factor of the original signal was observed in
order to arrive at the number of significant past lags, and the training dataset was prepared.
This series was decomposed, and different models were implemented for each sub-series.
The predictions were then reconstructed into the target prediction. The architecture of this
model is presented in Figure 2.

 

Figure 2. Architecture of proposed multiple-component-approach WNN.
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Algorithm:

1. Pre-process the original signal to fill in the missing values.
2. Find the correlation of the time series and its lagged version over time.
3. Decide the number of past values to be taken to predict the future values and prepare

the data, e.g., past 10 h data are used to predict 11th-hour data.
4. Decompose these data into approximate and detailed coefficients using wavelet

transform.
5. Calculate the energy of each level of decomposition and discard the zero or low energy

levels.
6. Set the remaining coefficients as input features for the neural network.
7. Train the feedforward network and predict the results for the next 3 h and for the

next 24 h.
8. Calculate the regression coefficient and Mean Square Error.
9. Compare the results with the neural network model without use of wavelet decompo-

sition and also with proposed WNN model 1.
10. Compare the results with those in the literature.

4.4. Dataset and Analysis

A dataset containing wind speed measurements gathered from a wind farm in Kanyaku-
mari, India, over a period of one year, with data recorded at 60 min intervals was considered.
A graphical visualization of this wind speed sequence, showing how wind speed fluctuates
over time, is shown in Figure 3. Before analysis, it was essential to pre-process the data, which
may involve cleaning any missing or erroneous values and potentially converting timestamps
into a standardized format if necessary. It was important to visualize the wind speed sequence
to explore its temporal patterns, trends, and seasonal variations.

Figure 3. Hourly wind speed at Kanyakumari for 2019.

The wind energy for the month of January is displayed in Figure 4 and the frequency
of speed plot is shown in Figure 5. Wind speed variations throughout a week in each of the
four seasons, offering insights into the fluctuating nature of wind energy resources over
different time periods, are shown in Figure 6.

 

Figure 4. Wind energy in January at Kanyakumari.
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Figure 5. Frequency of wind speed.
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Figure 6. Wind speed sequences of a week in the three different seasons of the year.

4.5. Autocorrelation Function

Autocorrelation functions (ACFs) with 24 lags and 11 lags are shown in Figures 7
and 8, respectively. The ACF plots demonstrate that the lags t − 1 up to t − 11 have stronger
relationships with the wind speed than the other lag periods. Additionally, the other lags
are close to the confidence level for the interval. Hence, the data could be prepared with
the last 11 data points.

 
Figure 7. Autocorrelation of wind speed (with 24 lags).

 

Figure 8. Autocorrelation function of wind speed (11 lags).
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4.6. Wavelet Decomposition

The signal was decomposed using Haar as the mother wavelet, with 8 levels of
decomposition. The number of energy levels and the type of wavelet was decided by the
trial-and-error method. The approximate and detail coefficients were given as the features
to the feedforward ANN. To verify the robustness of the model, it was tested for all seasons,
i.e., winter, summer, and monsoon.

5. Results and Discussions
5.1. Proposed Wavelet Neural Network (WNN) Model 1

The WNN model that has been given was utilized for day-ahead prediction with an
hourly interval for all twelve months of 2019. For the wavelet neural network model, the
24 data points were decomposed into low and high-frequency components. Then, the detail
coefficients with an energy level of zero were omitted, and the remaining coefficients were
given as input features for the WNN model. The model uses the data from prior days to
forecast the 30th day of January because the data for the 30th day was not available for day-
ahead prediction. Among them, nine days of data (216 data points) were used for neural
network validation, and twenty days of data (480 data points) were used for training.

This algorithm for wind energy forecasting is assessed for the Kanyakumari district of
Tamil Nadu. The regression coefficient and MSE are computed and observed to assess the
model’s performance. The WNN and NN (neural network) model performances have been
compared. For both models, the input data and the prediction horizon remained constant.
The regression coefficient and MSE are computed and observed to assess the models’
performance. The WNN model’s performance has been compared to the NN model, which
is shown in Table 1. The prediction horizon and the input data for both models remain
the same. Figures 9–11 depict a one-day forward forecast with a 60 min interval for the
months of January, August, and April in 2019. The three seasons are represented by the
three months. It is noted that wind generation may be predicted with a high degree of
accuracy using the same model.

 
Figure 9. Day-ahead prediction of wind energy in winter season.

 

Figure 10. Day-ahead prediction of wind energy in monsoon season.
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Figure 11. Day-ahead prediction of wind energy in summer season.

5.2. Proposed WNN Model 2

Data from the last 24 h is employed to prepare the data for this model. The wind
speed for the first hour of the following day is predicted by the ANN model using 24 h
of data. There are 24 input features. For the wavelet neural network, the previous 24 h
of data points are decomposed into low- and high-frequency components. After wavelet
decomposition, all the coefficients are given to the respective ANN model and then the
signal is reconstructed to obtain the forecasted output. The model utilized the data from
the past 30 days to forecast the 31st day of January because the data for the 31st day was
not available for day-ahead prediction. Nine days of data (216 data points) were utilized
for neural network validation, while the remaining 21 days of data (504 data points) were
employed for training. An evaluation of the provided wind energy forecasting algorithm
model is conducted for the Tamil Nadu district of Kanyakumari.

The forecasted wind energy with proposed model 2 for the month of January is shown
in Figure 12, and the prediction for 31 January is shown in Figure 13. It was compared
with the ANN model without wavelet decomposition. The MSE values for the day-ahead
prediction and 3 h prediction are presented in Table 2. The MSE obtained using proposed
model 2 for 3 h prediction is less than those shown in [1,29]. The three-hour prediction
graph is shown in Figure 14. Comparison of wavelet neural network and feedforward
neural network with proposed model 1 is shown in Table 3 and Comparison of ANN model
and proposed multiple-component-approach WNN is shown in Table 4.
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Figure 12. Forecasted wind energy at Kanyakumari.

 

Figure 13. Wind energy forecasted for 31 January 2019.
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Figure 14. 3-hour-ahead-prediction of wind energy at Kanyakumari.

Table 3. Comparison of wavelet neural network and feedforward neural network with proposed
model 1.

Mean Square Error Regression Coefficient

Type of
Model Summer Monsson Winter Summer Monsoon Winter

Direct-Approach
WNN 0.024295 0.032753 0.016572 0.9870 0.9912 0.9930

ANN
Without
Wavelet

0.0482 0.072641 0.11288 0.9782 0.9821 0.9913

Table 4. Comparison of ANN model and proposed multiple-component-approach WNN.

Mean Square Error Regression Coefficient

Type of
Model

3 h
Prediction

24 h
Prediction

3 h
Prediction

24 h
Prediction

Multiple-Component-
Approach WNN 0.000105 0.3005 0.9981 0.9938

ANN
without Wavelet 0.018888 0.402191 0.9894 0.9910

6. Conclusions
In both the proposed wavelet-based models, it can be observed that the ANN with

wavelet transform gives a lower Mean Square Error and a better regression coefficient
than the ANN model without wavelet transform, which means it achieves better accuracy.
The MSEs (Mean Square Errors) for the direct-approach ANN in the summer, monsoon,
and winter seasons are 0.024295, 0.032753 and 0.01657, respectively, which are less than
those achieved using an ANN without wavelet transform: 0.0482, 0.072641 and 0.11288,
respectively. Using the multiple-component-approach WNN, the 3 h prediction and 24 h
prediction MSEs are 0.000105 and 0.3005, which are less than those achieved without using
wavelet transform, which have respective values of 0.0188 and 0.4022. If we compare the
direct approach and the multiple component approach, the latter gives the best accuracy for
3 h prediction. Hence, this approach of using a WNN can be used for short-term prediction
with high accuracy. Using autocorrelation, the number of lagged values can be determined
and used as the features to a wavelet neural network. The direct approach can be applied
to all seasons with significant accuracy and proves to be a robust model.
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