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forecasting. By leveraging the strengths of different methods while mitigating
their weaknesses, a robust hybrid model is developed. The methodology

incorporates Empirical Mode Decomposition (EMD), a data-adaptive denoising

technique, to break down the signals into meaningful components called

Publication Issue Intrinsic Mode Functions (IMFs), along with a residue. However, EMD is known
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to suffer from the mode mixing problem, where different scales of signals are
erroneously mixed within IMFs, causing signal intermittency. To overcome this

challenge, Ensemble Empirical Mode Decomposition is introduced, utilizing an
Page Number

459-472

ensemble of white noise to establish a uniform reference frame in the time-
frequency space. By doing so, the added noise effectively collates signal portions
with similar scales into a single IMF. Subsequently, the IMFs and residue
obtained from both EMD and Ensemble Empirical Mode Decomposition are fed
into a Convolutional Neural Network (CNN). The performance of this hybrid
model is then compared against benchmark models such as Bi LSTM and LSTM.
Evaluation is conducted based on two critical factors: performance metrics
including MSE, MAE, RMSE, MAPE, and loss, as well as the time required for
testing. Through a comprehensive analysis of these factors, the superior
performance of the hybrid model is determined, thereby enhancing the
prospects of reliable wind forecasting.

Keywords : Empirical Mode Decomposition; Ensemble Empirical Mode

Decomposition; Intrinsic Mode Function; Convolutional Nueral Network

I. INTRODUCTION strengths of Convolutional Neural Networks (CNNs)

and Ensemble Empirical Mode Decomposition. CNNs

OBJECTIVE are neural networks that employ convolutions,
allowing them to efficiently analyze matrices or

In order to address the challenge of finding the optimal  tensors through a sliding window technique. By
model for accurate wind forecasting, we have utilizing kernels to capture local invariant features and

developed a hybrid approach that combines the weight sharing, the number of trainable parameters in
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CNNs is significantly reduced [3]. This research focuses
on exploring machine learning algorithms for wind
data forecasting. To enhance the accuracy of the
forecasts, the study incorporates data denoising
techniques such as Empirical Mode Decomposition and
Ensemble Empirical Mode Decomposition, which are
based on the Hilbert Huang Transform for nonlinear
non-stationary data. The Hilbert Huang Transform
combines the Hilbert Spectrum and Empirical Mode
Decomposition, enabling analysis in the time-
frequency domain without the need for data
conversion, while also adapting to the characteristics
of the data. The research also evaluates the model's
performance with and without the implementation of
data denoising techniques to gain insights into their
impact on forecasting accuracy. Finally, by comparing
the performance of the proposed hybrid model with
state-of-the-art benchmark models like LSTM and Bi-
directional LSTMs, this work provides evidence
supporting the superiority of the hybrid approach in

wind forecasting.

VARIOUS MODELS USED IN THE RESEARCH
A.EMD

Empirical Mode Decomposition (EMD) serves as a
valuable technique for unraveling intricate data into
more manageable components. It proves particularly
advantageous when grappling with time-varying data
that lacks a regular pattern. Rather than assuming the
data comprises simple waves, EMD diligently seeks
distinct segments within the data that possess their
own discernible patterns. By partitioning the data into
smaller fragments known as Intrinsic Mode Functions
(IMFs), each IMF encapsulates a specific portion of the
data, complete with its own dynamic patterns. The
beauty of EMD lies in its flexibility, as it imposes no
rigid guidelines on the input data. Instead, it adapts
adeptly to diverse data types, efficiently deciphering
the optimal approach to simplifying the data into its
constituent components. EMD boasts an array of
practical applications across various domains. It aids in

fault detection within machinery, such as bearings,

facilitates the analysis of medical data, enables
comprehensive examination of power signals, and
supports the investigation of seismic signals. In these
fields, EMD empowers researchers to comprehend and
analyze complex data

more effectively by

disentangling it into its meaningful constituents.
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B. EEMD

Ensemble Empirical Mode Decomposition (EEMD)
emerges as a refined iteration of Empirical Mode
Decomposition (EMD), designed to elevate the
precision of the decomposition process by leveraging
the power of noise. Consider a scenario where you aim
to dissect a signal into distinct components. EEMD
comes to the rescue by injecting random noise into the
signal, effectively establishing a reference frame that
facilitates the separation of its various constituents. In
the EEMD procedure, the noisy signal undergoes
multiple analyses. With each iteration, the introduced
noise gradually dissipates through averaging, leaving
behind the true signal component that remains
consistent throughout the process. The brilliance of
incorporating noise lies in its ability to combat the

conundrum of "mode mixing." Mode mixing arises
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when different signal parts overlap, impeding their
distinction. By introducing noise, EEMD ensures a
more effective separation of each signal component.
Picture the challenge of isolating distinct musical
playing
integrated into EEMD creates a transparent reference

instruments simultaneously. The noise
frame, simplifying the identification and isolation of
each instrument's unique sound. In essence, EEMD
serves as an enhanced rendition of EMD, employing
noise to refine the accuracy of signal decomposition.
The noise acts as a reliable reference frame, bolstering
the efficiency of separating different signal parts and

effectively circumventing mode mixing.
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C.CNN
A groundbreaking form of artificial intelligence, the
Convolutional Neural Network (CNN) draws

inspiration from the extraordinary visual processing
capabilities of the human brain. Its remarkable

aptitude lies in the profound analysis and

comprehension of images or data exhibiting a grid-like
structure, such as time series data. Picture this: you
possess an image depicting a dog, and your objective is
for the computer to accurately identify it as a dog. The
CNN accomplishes this by systematically dissecting the
image into smaller constituents known as "filters" or
"feature detectors." These remarkable filters adeptly
recognize specific patterns crucial for object
identification, encompassing edges, textures, and
shapes. The CNN proceeds to scan the entire image,
applying these filters in a systematic manner while
diligently focusing on diverse regions in search of the
acquired patterns. Each filter provides a "feature map"
that illuminates the precise locations where these
patterns manifest within the image. As the CNN delves
deeper through multiple layers, it assimilates more
intricate patterns by synthesizing the simpler patterns
acquired from previous layers. Gradually, it constructs
a hierarchical framework of features, progressing from
rudimentary aspects such as edges towards increasingly
sophisticated attributes like eyes, ears, or the overall
shape of a dog. Ultimately, the CNN incorporates these
well-learned features into fully connected layers,
where it effectively formulates predictions based on
the knowledge acquired. In scenarios involving image
classification, the CNN can discern the likelihood of
the image encompassing a dog or any other object
under consideration. The CNN's distinct advantage
resides in its innate ability to autonomously learn and
extract vital features from the data, bypassing the
necessity for explicit feature engineering. This
remarkable capability allows the CNN to capture
intricate patterns and establish relationships, making it
an ideal solution for diverse tasks encompassing image
recognition, object detection, and even time series

analysis.
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D. LSTM

Long Short-Term Memory (LSTM) is an artificial
neural network that excels in processing and
comprehending sequential data, including text and
time series. To illustrate its functionality, imagine
immersing yourself in a captivating storybook where
the

recalling the events from previous chapters. LSTM

understanding current chapter necessitates

operates similarly by incorporating a memory

component that adeptly stores and retrieves
information from prior steps or time points within the
sequence. Its architecture comprises interconnected
nodes known as "cells," which facilitate seamless
information exchange. These cells consist of three
fundamental components: an input gate, a forget gate,
and an output gate. The input gate controls the
assimilation of new information into the memory,
while the forget gate determines which information is
irrelevant and should be discarded. On the other hand,
the output gate regulates the extent to which the stored
memory influences the output at a given step. By
harnessing the power of memory, LSTM effectively
captures long-term dependencies within the sequence,
enabling it to grasp intricate patterns and relationships

in the data.

state

h,_,

LSTM unit structure

E. Bi-directional LSTM

The Bi-LSTM, an impressive advancement of the
LSTM model, introduces a paradigm shift in the realm
of sequential data analysis and prediction. Let's
immerse ourselves in a captivating book, where we
yearn to unravel the full context of a specific sentence.
Naturally, we scan the sentences preceding and
succeeding it to gain profound comprehension.
Similarly, the Bi-LSTM operates with the same
insightful approach, seamlessly assimilating both past
and future information. While a conventional LSTM
progresses forward, meticulously scrutinizing past data
to forecast future patterns, the Bi-LSTM takes a
remarkable leap forward. By seamlessly incorporating
an additional layer that delves into the sequence in
reverse, it unveils vital insights from the future.
Merging the outputs from both the forward and
backward LSTM layers, the Bi-LSTM expertly captures
intricate dependencies and patterns, seamlessly
intertwining the past and future contexts of the input
sequence. This unparalleled capability makes it an
optimal choice for tasks that demand a holistic
understanding of the entire sequence, spanning
sentiment analysis, speech recognition, and machine
translation. Picture the Bi-LSTM as a dynamic duo of
LSTM models, working in perfect synergy—one
embarking on an insightful journey from the
sequence's beginning to its end, while the other
astutely explores the path in reverse. By harnessing the
power of information from both directions, the Bi-

LSTM unlocks a deeper level of comprehension and
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analysis, empowering us to unravel the enigmatic

intricacies of sequential data.
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II. METHODOLOGY

DATA PREPROCESSING AND DENOISING

A. Fetching dataset: The dataset is taken from the
NREL site. The parameters, which have to be taken in
the dataset, are fed in the URL. The specific parameter
is fed in the URL. The GET URL brings up the data and
loads up the CSV file into Pandas dataframe.

Request Parame! ters
Parameter Required Value Description

api_key Yes pe: st

Type: string Your developer API key. See API keys for more information.
Default: None

wkct ves Type: text A taxt (WKT) of the geomatry for which to
point string extract data. May be a point or polygon geomaetry.
Default: Nona

attributes Yes Type: Each spacified attribute vill be returned as a column in the resultant CSV

e: true or false ass true ata including leap day (vwhere appropriate). Pass
Default: false falsa to ata excluding leap day.

The full name of the user requesting data.

email Yes Type: email string An active email for the user requesting data. This email vill be used to
iver the extracted data.

ganization vith which the user requesting the data is affiliated.
Type: string The reason that the user is requesting the data
Default: Nona

API request parameters from NREL

B. Data Cleaning and Preprocessing: The data obtained
from API fetching in the form of a CSV file is then
inspected, visualized, and cleaned to remove
inconsistent and NaN values and is normalized using
the Pandas library framework. The columns are also
modified and the date is string formatted to obtain the
values in the appropriate date-time format required for
13 our model. After removing the redundant data and
setting the look back function, the cleaned data is ready

for training and prediction.

C. Data Denoising (EMD / EEMD) : Utilizing the
powerful PyEmd Library, the preprocessed data
undergoes a transformative decomposition process,
the

mesmerizing Intrinsic Mode Functions (IMFs) and the

splitting it into two distinct components:

intriguing residue. To ensure seamless integration with
the machine learning model, a carefully crafted while
loop efficiently feeds the IMFs into the network.
Simultaneously, employing the ingenious Ensemble
Empirical Mode Decomposition (EEMD) technique,
the same preprocessed data embarks on an alternative
decomposition journey. Within this transformative
process, the data gracefully unfolds into its constituent
IMFs and a captivating residue. EEMD employs an
ensemble of signals, expertly enhanced with white
noise, sifting through each iteration to converge on the
ultimate truth: the majestic mean. By harnessing the
statistical characteristics of white noise, EEMD brings
forth a remarkable evolution beyond its predecessor,
the original EMD. This revolutionary approach
eliminates the need for subjective criterion selection,
granting the freedom to naturally separate scales
without any a priori intermittence test. The fusion of
PyEmd's EMD and the enchanting EEMD elevates the
study's methodology to new heights, unraveling the
intricate tapestry of the data's hidden secrets.
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IMFs of the wind speed data obtained using EMD

D. Feeding the Data into the Network: The dynamic
nature of time series data lends itself to a fascinating
transformation, akin to the art of supervised learning.
Through the clever application of the window shifting
technique, the given time series dataset undergoes a
restructuring that mirrors a supervised-learning
framework. This intricate process entails leveraging
the power of previous time step data as the input, while
the subsequent single time data assumes the role of the
output variable. Referred to as the sliding window
method, this approach harnesses the predictive
capabilities of prior time steps to anticipate the future
with precision. In the realm of time series analysis and
statistical methods, this technique is commonly known
as the lag method, while its succinct alias, the window
method, is equally popular. The window width, or the
number of previous time steps, plays a crucial role in
shaping the predictive landscape, serving as the
foundation for the sliding window's effectiveness. By
adopting this fundamental methodology, any time
dataset can

series seamlessly transition into a

supervised learning problem, unlocking new
possibilities for analysis and insights. In the case of the
wind speed dataset, a window length of five has been
selected, signifying the input dimension of the neural
network. As the window length shapes the input
dimension, the neural network becomes equipped to
unravel the intricacies and patterns inherent in the

time series data.

[12.51 [13.18] [12.62]
[12.75] [13.18] [12.62] [12.37] [12.47
][
[

11 12.62] [12.37]
11 ]
[13.18] [12.62] [12.37] [12.47] [12.61]
11 ]
11 ]

12.75]
]

[12.62] [12.37] [12.47] [12.61] [12.38
[12.37] [12.47] [12.61] [12.38] [12.39

Input and Output data for Supervised learning

The window length is the input dimension of the

Neural network which is 5.

input_1 input:

[(None, 5, 1)] | [(None, 5, 1)]

l

(None, 5, 1) | (None, 64)

l

(None, 64) | (None, 1)

InputLayer | output:

Istm | input:
LSTM | output:

dense | input:

Dense | output:

Structure of the Neural Network used for all models

ITII. ML MODELS - TRAINING AND TESTING

The wind speed dataset having the number of rows
equal to 43798 is split into Train/validate/test as
70/10/20. For all the basic models the original data is
directly given to the Neural Networks (here LSTM,
Bi_LSTM, CNN).

The structure of all the NN blocks is the same as
mentioned in the previous session. For EMD models:
1. Start from the original wind speed data and do the
preprocessing

2. Give the obtained data to EMD (Empirical Mode
Decomposition). It will create various IMFs (Intrinsic
Mode Functions).

3. Push each IMFs into the Neural Network of a similar
structure.

4. Each model creates forecasting according to the
IMFs.

5. Now just merge/ aggregate all the results obtained
separately.

6. After merging compare the result with test data to

obtain various error metrics.
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For EEMD models:

1. Start from the original wind speed data and do the
preprocessing

2. Give the obtained data to EEMD (Ensemble
Empirical Mode Decomposition). It will create various
IMFs (Intrinsic Mode Functions).

3. Using IMFs and wind speed finds the noise created
by EEMD

4. Push each IMFs and noise into the Neural Network
of a similar structure.

5. Each model creates forecasting according to the
IMFs, noise.

6. Now just merge/ aggregate all the results of IMFs
obtained separately.

7. Remove forecasted noise from the aggregate to
obtain the final result.

8. Use the final result with test data to obtain various
error metrics. The flowchart and results (for day
12/31/2019) for all the nine models in the paper are
given below. The input data is hourly, therefore the

results for one day contain 24 points.

A.LSTM
Flowchart of LSTM model

data

[ orginal wind speed]

Final forecasting for orginal wind
speed

Wind speed for the day - 12/31/2019
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123112
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Forecasting
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C. EEMD LSTM model.

D. Bi-LSTM
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E. EMD Bi- LSTM
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G. CNN H. EMD CNN

Decompose into subseries
based on EEMD algorithm

Flowchart of CNN model

orginal wind speed
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I. EEMD CNN
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IV. RESULT

To understand the efficacy of our proposed hybrid
model, comparisons at various levels were performed
by contrasting its performance with other models.

Firstly, every model was run for 15 iterations and the

corresponding values for metrics of evaluations were
noted. These models were run under google colab
environment in a system with vIntel® Core™ i5-
8250U CPU @ 1.60GHz x 8 processor and 7.7 GiB
memory with a cloud-based GPU runtime
environment. Mean Squared Error (MSE), Mean
Absolute Error (MAE), Root Mean Squared Error
(RMSE), Mean Absolute Percentage Error (MAPE),
Validation Loss and Time takes for testing were chosen
as the parameters for performance evaluation.

The average values obtained under each metric after 15

iterations were tabulated and is as follows:

Table 4.1: Analysis of various models based on metrics of evaluation

MODEL MSE MAE | RMSE MAPE LOSS TIME(s)
NAME

LSTM 1.2792 | 0.6997 | 1.1309 0.0957 1.0965 | 1.1878
EMD+LST | 0.6462 | 0.5376 | 0.8035 0.0795 0.0720 | 15.0466
M

EEMD+LST | 0.2600 [0.3730 | 0.5097 0.0531 0.0172 | 16.5667
M

Bi LSTM 1.1451 | 0.6743 | 1.1101 0.0955 0.9551 | 1.6973
EMD+Bi 0.5926 |0.4982 | 0.7697 0.1258 0.0640 | 21.9533
LSTM

EEMD+Bi | 0.2451 | 0.3609 | 0.4947 0.0515 0.0170 | 21.4600
LSTM

CNN- ID 1.1105 | 0.6750 | 1.0538 0.0990 1.0270 | 0.4514
EMD+CNN | 0.6780 |0.5287 | 0.8232 0.0805 0.0457 | 5.4613
EEMD+CN [0.2068 ]0.3234 | 0.4543 0.0470 0.0163 | 6.1146
N

A good model is expected to have lower values in these
metrics. It was observed that the EEMD +CNN model
turned out to be the better performing hybrid model
for the short-term hour ahead wind forecasting as it
outperforms all the other models in five out of six
metrics (all except time taken for testing). It can also be
noted that the time taken is still optimal as it is more
only with respect to basic CNN and EMD+CNN model
and is far better than Bi LSTM and LSTM models. It is
also expected the same as EEMD is a serial and
computationally expensive process that requires more

time than a model run without EEMD. It is observed
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that  decomposition-based  forecasting  models
outperform the individual models in all metrics of
evaluation except time. Among the two Decomposition
based models (EMD and EEMD), the EEMD-based
models exhibit better performance accuracy with

lower MSE, MAE, RMSE, MAPE, and loss values

V. CONCLUSION

The prominence of wind energy generation and
integration with the Grid has encouraged reliable and
most accurate forecasting approaches. Based on the
experiments, the following conclusions can be drawn
on wind forecasting. Wind speed forecast was
successfully performed with three ML algorithms
namely LSTM, 31 Bi-LSTM, and CNN with and
without the data denoising techniques. Performance
evaluation of Machine Learning Algorithms was done
for comprehensive comparison based on two important
factors: 1. Performance metrics (MSE, MAE, RMSE,
MAPE, Loss) 2. Time was taken during testing.
Convolutional Nueral Network proved to be a better
performing model than the Recurrent Nueral Network
Models namely LSTM and Bi-LSTM. Denoising time
took more time as expected and outperformed the basic
technique in terms of forecasting accuracy and losses.
In the following section, some of the other explorations
done during the course of this project and the avenues
identified to expand the domain of this project work
will be discussed. This will be followed by any
roadblocks

explorations, overcoming which, further exploration is

encountered in each one of these

possible in the future.

VI. SCOPE OF FUTURE WORK

From the research work carried out so far, EEMD
turned out to be a computationally expensive data
denoising technique. Other data denoising techniques
like CEEMD and CEEMDAN need to be dwelled upon.
EEMD also suffers from a problem, that if the no of

trails is less, a small amount of noise does get mixed

with the time-series signal. CEEMD generates a
collection of independent Gaussian white noise and a
complimentary pair for each white noise to perfectly
cancel each other. EEMD also suffers from another
problem, that is, when the no of trails increases, then
the number of sifting processes also increases. In order
to reduce the number of trails while retaining the
ability to solve the mode mixing problem, we go with
CEEMDAN. CEEMD is advantageous over EEMD and
CEEMD in the following ways. First, It introduces an
extra noise coefficient vector w to control the noise
level at each decomposition stage. Secondly, the
reconstruction is complete and noise-free and lastly, it
requires fewer trails than EEMD and CEEMD. All this
points out to go for a better data denoising method, that
is, CEEMDAN. Some machine learning ensemble
methods such as bagging and boosting can also be
implemented along with this more noise-assisted data
analysis method. Apart from these, the addition of
wind parameters is one of the areas that can be
explored since it is an important determinant for wind
power production. Distributed computation for the

process can also be carried out.
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