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In comparison to the LSTM, the Bi-LSTM model consistently outperformed the other meth-
ods, with higher error rates for the ARIMA and Kalman Filter, a root mean square error of
0.1280 m/s, mean absolute percentage of 0.0531 m/s, symmetric mean absolute percentage
error of 0.0108 m/s. Improvement of Bi-LSTM’s performance is due to its ability to deal with
time-series data (in forward as well as backward directions), that helps it to capture the stron-
ger correlations (temporal) in the dataset of wind speed. This work is novel because it makes
use of Bi-LSTM for wind speed prediction, a method not completely explored in the previ-
ous research, and it further integrates statistics and deep learning models. The results make
demonstration of the fact that Bi-LSTM significantly improves wind speed prediction accura-
cy, further improving the reliability as well as efficiency of wind energy systems.

By demonstrating improved prediction accuracy for a wide range of datasets, this work sig-
nificantly contributes to the renewable energy systems and highlights the benefits of using
advanced deep learning approaches for prediction problems.
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INTRODUCTION helps to reduce emissions of greenhouse gases and fight
climate change. For wind farms to operate as efficiently as
possible, grid stability to be maintained, and wind energy
ponent of the renewable energy sources worldwide. It also  systems to be as efficient as possible, it is very essenia to

Recently, wind energy has become an important com-
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forecast wind speed in a reliable manner [1]. Wind speed
is very difficult to predict on account of its intrinsically
stochastic nature and its intricate temporal patterns.
Reliable Short-term forecasting of wind speed is very
essential so that wind energy becomes more cost-effective,
functionally effective, and can be easily incorporated into
complex electrical systems. This helps to increase the reli-
ability of the renewable resourcesa nd maximize energy
output. Several models, have been suggested over time for
increasing the precision and dependability prediction of
wind speed forecasts [2]. Figure 1 provides a classification
of such models.

The nonlinear properties of wind speed are very dif-
ficult to be captured by linear models. The deep learn-
ing approaches, specifically the Bi-directional LSTM
(Bi-LSTM), and Long Short-Term Memory (LSTM) net-
works, have been implemented to overcome these limita-
tions. These models are effective for wind speed forecasting
since they are made to comprehend the extensive temporal
dependencies. Table 1 illustrates the most recent studies

made by several scholars in the field of various methods of
forecasting, including time scale horizons and descriptions
for wind forecasting. Such as persistence forecasting meth-
ods used for very short-term predictions [3-5]. NWP meth-
ods employed for medium- to long-term forecasts [6-14].
Statistical methods (such as AR, MA, ARMA, ARIMA,
SVR, Kalman filtering, and GARCH) used historical wind-
speed time-series data for short- to medium-term forecast-
ing [15-34]. Machine learning models, can be applied from
short- to long-term forecasting [35-55]. Hybrid approaches
is the combination of two or more forecasting techniques,
to improve prediction accuracy and robustness [56-80].
Bi-LSTM used here provides a number of significant
advantages, particularly the fact that wind speed data
typically demonstrates complex temporal correlations.
By analysing data in both forward and reverse directions,
Bi-LSTM is more effective in identifying these connections
and delivering more precise wind forecasts. The Bi-LSTM
model considers both past and future data sources, while
the traditional approaches use only past data. This is

classifications of

wind forecasting

Based on horizons

Type of inputs

Very-short, Short,
Medium, and Long-
term

Historical time series
and NWP

Output type Types of methods
. Persistence, Physical,
CATE o i DL, ML, andlhybrid
power
methods

Figure 1. Classifications of wind forecasting based on different catergories.

Table 1. Literature of wind forecasting methods with different time scale horizons

Forecasting Method Description

Applications

Persistence Forecasting [3-5]
in the near future.

Assumes current wind conditions will persist

Very short-term forecasts.

Numerical Weather Prediction
(NWP) [6-14]

Mathematical models simulate atmospheric
conditions using current weather data.

Medium to long-term forecasts (hours to
days).

Statistical [15-34]

(AR, MA, ARMA, ARIMA, SVR,

Kalman, GARCH, etc..) learning techniques.

Use historical wind data and patterns for
prediction using statistical and machine

Short to medium-term forecasts (minutes to
hours).

Machine Learning Models[35-55]
(ANN, RNN, CNN, K-NN, etc..)

Use historical and metrological wind data for

prediction using machine learning techniques.

Short to Long-term forecasts (minutes to
Days).

Hybrid Approaches [56-80 ]

Combines methods (e.g., NWP with machine
learning) to improve accuracy.

Site-specific forecasts, especially for wind
energy.
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particularly important for wind speed forecasting, which
can be determined by different environmental conditions Start
that occur before and after a specific time point, energy
trading, grid stability, and turbine efficiency. Bi-LSTM is
a reliable method for wind forecasting. It helps improve
renewable energy, supports environmental planning, and

reduces weather-related problems. It can use past weather

Data collection

Data pre-processing

data like wind speed, other weather parameters, and air

conditions as input. For time series prediction and renew-

able energy sources the outcomes of this research play an Split for training and testing

important role. Some advantages such as reduction in oper-

ating expenses, power variation, exploiting storage, accel-

erating the shift to cleaner energy, and grid integration are Prediction by Kalman Filter, ARIMA

delivered by Bi-LSTM forecasting model. model, LSTM. and Bi-LSTM models
As shown in Table 2, many researchers have used single

site data only. The paper is structured as follows: a com-
Performance evaluation based on MSE, MAE, RMSE, and

prehensive literature review, discussing traditional and ’
SMAPE metrics

machine learning approaches to wind speed prediction, and
the objectives of this paper are discussed at first. Further,
tbe paper ou.thnes the mei’thodology, including data COl_leC_ Comparisons between all models performance
tion, model implementation, and performance evaluation.
Then the experimental results and a comparison of the per-

formances of the models are presented. Results have been

discussed in details and finally the paper is concluded pro- Stop
viding the areas for future research. The flow of proposed
methodology as shown in Figure 2. Figure 2. Flowchart of summarizing the methodology.
Table 2. A comparison with past efforts
Ref., Year Approaches Strategy Single Site Multiple Site with different
frequency and geographic location
[12], 2022 Physical Method NWP X X
[15], 2018 ARMA X X
[24], 2020 Statistical Method ARIMA X X
[26], 2009 f-ARIMA 'S 'S
[34], 2013 PSO X v
[35], 2016 WNN X b 4
[37], 2009 ANN b 4 b 4
[39], 2007 RBENN 'S '
Intelligent Method
[42], 2012 SVM X b 4
[46], 2020 SVM v X
[50], 2023 RNN X v
[51],2023 ANN b 4 v
[54], 2010 ARIMA-ANN 'S 'S
Hybrid Method
[70], 2022 DWT-LSSVM-GARCH 'S 'S
[79], 2018 Intelligent Method WT-GA-ANN X v
[80], 2022 Hybrid Method CNN-RNN X 4
Proposed Model Statistical and deep Kalman, ARIMA, LSTM, X v

learning methods and Bi-LSTM
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Objectives
This paper aims to explore and compare Kalman Filter,
ARIMA, LSTM as well as Bi-LSTM models for prediction
of 1 hour ahead wind speed. Specifically, the objectives are:
1. To implement each model and apply it to wind speed
prediction.
2. Performance evaluation and comparision of these mod-
els using various statistical metrics.
3. Identification of most accurate and reliable model for
wind speed forecasting.

MATERIALS AND METHODS

Data Collection

The data is collected from two sites [81, 82] for a duration
from June 2022 to May 2023 and it includes seasonal wind
speed time series, recorded at regular interval of one hour.
Data is collected for height of 10 meters above the ground.
Two different sites have been chosen to collect the data so as
to test the reliability of the model in different environments.

Data Pre-processing

Following data Pre-processing techniques are applied
on the raw wind speed time series data to make it ready for
further analysis:

‘Handling Missing Values: Due to sensor issues or
information communication issues, insufficient data in
wind speed datasets is caused. Missing numbers can be
restored with help of the techniques like approximation.

‘Standardization’: The wind speed data is normalized so
as to verify that each feature is contributing equally. This
includes normalizing the data so as to have a mean value of
‘0’ and a standard deviation value of ‘1; or scaling the data
to range of values between 0 and 1.

“Training-Testing Ratio: The data set is split into two
sets: training and testing sets, each of which is generally
used in a ratio of 7:3. This division ensures the training of
model on 70 % of data, and its ability to extend is further
tested based on a different, unseen 30 % data.

Statistical Methods

Kalman filter

A Kalman filter is optimal & recursive algorithm, which
is used for estimating the state of a dynamic system using a
series of incomplete (or noisy) measurements over the time.
It works by making prediction of the next state and then
further making correction of this prediction by making use
of new sensor data for minimizing uncertainty.

State-space representation

The Kalman filter is based on a system that is described as
state-space model with a state vector describing the system’s
current state. A collection of linear equations taking into con-
sideration the system dynamics as well as inputs from outside
describes the way in which the state vector changes with time.

Table 3. Mathematical description of Kalman filter

Phase

‘State’ Prediction

Mathematical Description

[X k=1 = Fiee1 X k=1 + Bi—1 Ug—1]
‘Covariance’ Prediction [P k=1 = Fie—aP -1 + FI_ 1 Q1]

¢ > -1
Measuremen’t Update [K, =P k|k—1HII(HkP k|k—1HI’€ + Rk) ]
‘State’ Update (X ke = X -1 + K (Zie = Hye "X ge-1)]

‘Covariance Update [Py = (I = KiHy) P -1

Recursive estimation

Recursive estimation is used by the Kalman filter in
contrast to the batch processing techniques necessitating
the processing of every measurement at once. This helps to
make it computationally efficient since it uses progressive
updating of the state estimate. Two main phases of opera-
tion of Kalman Filter are: prediction phase & update phase,
for which mathematical description is given in Table 3.

AR (auto regression)

An autoregressive model, often referred to as an AR
model, uses relationship between an observation and a cer-
tain number of lagged observations to make predictions
about future values. The core idea behind an autoregressive
model is use of current variable’s value as a linear combina-
tion of its past values.

Mathematically, such model of order (p), represented as
AR (p), is given by eqn. 1.

Yi=c+ 1Yy + Y, +"'+¢pyt—p+€t (1)

MA (moving average)

A moving average model (MA) is a forecasting technique
using the relationship between an observation and some
past forecast errors (residuals) to predict the future values.
This model captures short-term patterns and smooths out
the random fluctuations in the data. Mathematically, such
model (of order q & represented as MA (q)), is given by
eqn. 2.

Vi =c+ 60,8 1+ 0,6 5+ + 0,6 ,+E )

ARIMA (auto regression integrated moving average)

The ARIMA model combines AR, Integrated & MA
components for capturing features of the time series. The
parameters (p, d, q) are estimated from historical data using
methods like maximum likelihood estimation where:

Autoregressive component is ‘p’

Differencing (integration)‘d’

Moving average component ‘q’

The conventional ARIMA models are reliable for
wind speed prediction but they may not capture sophis-
ticated patterns or long-term relationship in some time
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series. More sophisticated models like Seasonal ARIMA
(SARIMA), Vector Auto Regression (VAR), or machine
learning models could be concern in some cases.

LSTM

Long Short-Term Memory (LSTM), or LSTM has the
ability to store information from previous nodes for a long
time, thus, resolving the issue of the ‘vanishing gradient
probleny’ (of conventional RNNs). LSTM is employed in the
forward state, mathematical formulation is given in Table 4.
LSTM layers contain memory cells that store information
across time steps, controlled by three gates (Fig. 3):
a) Input Gate: Input data to be added to ‘memory cell’
b) Forget Gate: Helps in deciding the extent of previous
memory to be retained (or discarded).
Output Gate: Helps to determine the memory cell’s out-
put (to be processed by next layer).
The LSTM network is generally trained by using BPTT
and an optimization algorithm such as ‘Adam’ or ‘RMSprop.
The loss function used is generally Mean Squared Error
(MSE). Performance of the LSTM model is dependent on a
number of hyperparameters, e.g., Number of LSTM units,
learning rate, and batch size. After training and evaluation
of the model on test set, predictions are compared to the
actual wind speed measurements.

c)

Bi-LSTM
Bi-LSTM is designed to capture information of both
past and future states in a sequence. Bi-LSTMs are very

effective for situations in which considering context from
both directions is essential, such as in NLP. In this network,
the input is provided from both the directions. Take note
that this is not a form of backward propagation. It is just the
input provided from both sides. In a conventional LSTM
network, the output is obtained directly from the network,
as shown in the Figure 3. The Figure 4. illustrates the struc-
tural arrangement of the Bi-LSTM. In a Bi-LSTM, output of
both the forward and backward layers at each step is trans-
mitted to an activation layer, whose results are subsequently
analyzed. The presented output exhibits the information
and correlation between previous and next words [83], as
shown in Table 4.

Performance evaluation metrics

Considering critical role of Performance evaluation
metrics to ensure the ‘reliability’, ‘accuracy, and ‘effective-
ness’ of the prediction models [84], metrics given in Table 5

are used to make a comparision of various models.

RESULTS AND DISCUSSION

The details of the data used in this study from two dif-
ferent sites (Fig. 5) is already given in section II. Table 6
observes the maximum, minimum, standard deviation, and
median of the wind time series, i.e, statistical parameters.

The total number of samples for one year is 8760 (70%:
Training, 30%: Testing) which is divided based on the sea-
sons. For prediction, Kalman filter, ARIMA, LSTM, and

0
kY

tanh

tanh

Cie-n
rm==1---a Input Gate
1 | e
1 1 1
Forget Gate ! ! ]
e
1 1 1
1 1 1
: v (i
i I : t
1 1 1
1 1 1
1 1 1
1 1 1
1 : 1
Input state | ! :
| 1
1 1
! (o) | | o
1 : :
1 | :
1

Figure 3. LSTM structure.
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Figure 4. Structure of Bi-LSTM.
Table 4. Mathematical formulation of LSTM and Bi-LSTM [83]
States Forward State (LSTM), (Bi-LSTM) Backward State (Bi-LSTM)
Memory cell Ci= Ci—q * f; (tanh(w,. [Xe ht_l] +b.) i;_1)[83] Ce= Ce_q * fp (tanh(w,. [xt,hHl] +b.) i;_1)[83]
Forget gate fe= o(wy. [Xer ht—l] + by)[83] fe= a(wy. [Xe htﬂ] + bf)[83]
Input gate le= 0(W;. [Xp, he—1] + b)[83] le= O(Wp. [Xp, Ry ] + D)[83]
Output state O¢= O (Wo- [Xts ht—l] + b,)[83] 0¢= 0 (W,. [Xer ht+1] + b,)[83]
Hidden state h.- tanh (c,_;) * 0, [83] h;— tanh (c.41) * 0, [83]
Table 5. Performance evaluation [84]
Metrics Definition Equation
MSE Mean Squared Error [84] MSE= %Z?:l(yi — X)'[84]
MAE Mean Absolute Forecasting Error[84] MAEL:[ e 1Y — X [[84]
1
RMSE Root Mean Squared Error[84] RMSE= \/; Z?=1(Yi - Xi)2[84]
|YVi-x;|

SMAPE Symmetric Mean Absolute Percentage Forecasting Error[84] SMAPE:%Z?:]_ — xil| 77 1841
Table 6. Statistical parameters for datasets
Statistical Site 1 Site 2
parameters Spring Winter Autumn Summer Spring Winter Autumn  Summer
Max. 8.9157 8.1394 7.1176 4.7854 20.2460 19.7050 13.2176 15.8000
Min. 0 0 0.1414 1.000 0.2536 0.3510 0.3782 0.1800
Std. 2.0125 1.4344 1.0039 0.9972 2.5607 3.3094 1.9486 2.8777
Med. 2.0125 1.9416 1.7464 1.7464 2.7452 3.1101 2.3511 5.3900
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wind speed time series of site 1

wind speed time series of site 2

wind speed

0 1 1 I I I I I I

25

20 | 4

wind speed

0 L L L I L I I I

0 1000 2000 3000 4000 5000 6000 7000 8000

Time (hours)

5a ‘for Site 1’

Figure 5. Wind speed time series data.

9000 0 1000 2000 3000 4000 5000 6000 7000 8000 9000

Time (hours)

5b ‘for Site 2’

Bi-LSTM models are used. Traditional (2 techniques) and
advanced models (2) employed here are the Kalman filter
[85], ARIMA, LSTM, and Bi-LSTM (parameters given in
Table 7). Training of the summer season by the Bi-LSTM
model, using training data, is shown in Figure 6. The graph
shows two lines that represent the performance of an opti-

mization process over multiple function evaluations. ‘Min

Observed Objective’ (Blue Line) starts at a high value and
decreases rapidly at the beginning, levelling off as the func-
tion evaluations increase. ‘Estimated Min Objective’(Green
Line) closely follows the trend of the blue line, indicating a
good alignment between the observed and estimated objec-
tives, especially as the function evaluations increase. Both

lines converge toward a stable minimum value after around

Table 7. Training parameters of all models

Models Parameters

Value

ARIMA p» d, q (AR, differencing, and MA orders)

Values are chosen based on the time series’ autocorrelation and partial
autocorrelation.

Kalman Filter ~ State transition matrix (F) [85]
Observation matrix (H) [85]

Process noise covariance (Q) [85]
Measurement noise covariance (R) [85]

Initial state and covariance (xo, Po) [85]

Governs the evolution of the system’s state over time.
Maps the true state space to the observed space [85].
Represents uncertainty in the system dynamics.
Represents noise in the observations [85].

Initial guess of the state and its uncertainty [85].

LSTM Learning Rate 0.0011
Hidden Units Number of neurons per LSTM layer (e.g., 50, 100).
Batch Size 100
Sequence Length Length of input time steps per sample (e.g., 10, 20).
Number of Layers 3
Epochs 350
Dropout Rate 0.5
Activation Function tanh
Bi-LSTM Same as LSTM parameters Learning rate, hidden units, batch size, etc., are similar to LSTM.

Bidirectional Layers

Training Complexity

Processes input sequences in both forward and backward directions.

Bi-LSTM requires more computational resources compared to
unidirectional LSTM.




Sigma J Eng Nat Sci, Vol. 44, No. 4, pp. 2700-2713, August, 2026

2707

Min objective vs. Number of function evaluations

Min observed objective

. Estimated min objective

i i T e
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Function evaluations
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Test Data, R? = 0.97513

Figure 6. Objective vs. function evaluation and regression curve of summer season from Site 1.

Forecasting of Summer Season Site 1

4 T T T T
Tested
35 LSTM Model
Bi-LSTM Model
m
3 4
25 4
Q
£
s 5 4
o
Q
o
aQ
@
215 | ]
E
1L 4
05 [ 4
0
0 100 200 300 400 500 600 700
Time (hours)
Forecasting of Winter Season Site 1
9 T T T T
Tested
8 LSTM Model 4
Bi-LSTM Model
7 \ ]
6 4
I
(|
|
@ 5 I |
£
o
g 4 |
& I 7
@
o [ {
£ i f |
2 3 | I | ,
n
\
2 ‘\ 0 I f 7
v
i 1 | hid \
/ ' L I
1 I ! ) Y ¥ ‘ Bl
1 1\ m' \ U \"
R
0 I I I I L L
0 100 200 300 400 500 600 700

Time (hours)

Time (hours)

=
(@] Data
Fit
Y=T
) Iq
(C
4 )]
»)
T
1
.|
11
05 1 1.5 2 25 3 3.5 4
Prediction
Forecasting of Autumn Season Site 1
6 T T T T
Tested
LSTM Model
5| Bi-LSTM Model ]
4 4
- l
K4 |
£ |
= 3 | \ 4
o
[
@
a
@
o
£
B 4
1 4
0
0 100 200 300 400 500 600 700
Time (hours)
Forecasting of Spring Season Site 1
6 T T T T
) Tested
i LSTM Model
5| | — Bi-LSTM Model
1
\
I
4 L i
@
E A
g 4
2 I
[
a
@
° !
£
B 4
I I I I I
200 300 400 500 600 700
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Forecasting of Summer Season Site 2
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Figure 8. Predictions curve of site 2 from all seasons (Blue (Testing), Green (Predicted by LSTM), Red (Predicted by Bi-LSTM)).

Table 8. Comparison of model’s performance for Site 1 (Model ‘1’: Kalman, Model 2’: ARIMA, Model ‘3": LSTM, Model

‘4’ Proposed Bi-LSTM)

Time (hours)

wind speed (m/s)

wind speed (m/s)

Forecasting of Winter Season Site 2

T T T T
Tested
LSTM Model B
Bi-LSTM Model
|
. . . . .
200 300 400 500 600 700
Time (hours)
Forecasting of Spring Season Site 2
T T T T
Tested
LSTM Model
Bi-LSTM Model b
| | 1
’ |
l | 1
| } [ \ | ‘ |
1 | i T \ I ‘
f A Y (g
I I u“ L M kR b (Y I (LA Y
il | h il 4t LG i 4
i [ ! I f I T
PV RT BT T
I I I I I I
100 200 300 400 500 600 700

Time (hours)

Seasons for Site 1 Models MSE MAE RMSE SMAPE
Summer T 3.6614 1.6980 1.9135 0.4303
2 0.7750 0.7688 0.8803 0.1129
3 0.0255 0.0905 0.1597 0.0170
'y 0.0164 0.0531 0.1280 0.0108
Autumn 1 4.7028 1.9511 2.1686 0.4255
2 0.8838 0.7187 0.9401 0.0852
3 0.1565 0.2828 0.3956 0.0362
‘4 0.1413 0.2690 0.3758 0.0350
Winter ‘T 6.2721 2.1019 2.5044 0.4992
2 2.7106 1.4463 1.6464 0.1549
3 0.1380 0.2625 0.3715 0.0389
‘4 0.1246 0.2518 0.3529 0.0375
Spring ‘T 6.2774 2.2267 2.5055 5.000
2 1.5053 0.9838 1.2297 0.1187
3’ 0.1846 0.3178 0.4297 0.0461
‘4 0.1569 0.2850 0.3961 0.0426
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Table 9. Comparison of model’s performance for Site 2 (Model ‘1’: Kalman, Model 2’: ARIMA, Model ‘3’: LSTM, Model

‘4’: Proposed Bi-LSTM)

Seasons for Site 1 Models MSE MAE RMSE SMAPE
Summer 7 3.6614 1.6980 1.9135 0.4303
2 0.7750 0.7688 0.8803 0.1129
3 0.0255 0.0905 0.1597 0.0170
4 0.0164 0.0531 0.1280 0.0108
Autumn 7 4.7028 1.9511 2.1686 0.4255
2 0.8838 0.7187 0.9401 0.0852
3 0.1565 0.2828 0.3956 0.0362
‘4 0.1413 0.2690 0.3758 0.0350
Winter ‘T 6.2721 2.1019 2.5044 0.4992
2 2.7106 1.4463 1.6464 0.1549
3 0.1380 0.2625 0.3715 0.0389
‘4 0.1246 0.2518 0.3529 0.0375
Spring T 6.2774 2.2267 2.5055 5.000
2 1.5053 0.9838 1.2297 0.1187
3 0.1846 0.3178 0.4297 0.0461
‘4 0.1569 0.2850 0.3961 0.0426

10-15 function evaluations, suggesting that the optimiza-
tion process effectively minimizes the objective function.

Prediction by Proposed Model
Figure 7 and 8 provides a peformance comparison of
the proposed model with LSTM.

Model’s Comparison

Tables 8 and 9 indicate the superiority of the proposed
model in comparison to others. The results from the exper-
imental analysis indicate that deep learning models, par-
ticularly LSTM and Bi-LSTM, significantly outperform
traditional models like the Kalman Filter and ARIMA in
predicting wind speed. Additionally, the Bi-LSTM model
predicts the highest accuracy and has the ability to iden-
tify intricate patterns in the data over time. Because of its
bidirectional structure, which makes it possible for it to
generate dependent variables in both past and future states,
the Bi-LSTM model performs the best. Since variation and
alterations can occur at any time, this is highly significant
when attempting to forecast wind speed.

In comparison to earlier studies using Bi-LSTM for
wind speed prediction, this work demonstrates a number
of improvements. Improved the addition of more feature
engineering techniques, hyper-parameter tuning, and the
utilization of larger and more diverse datasets can all lead to
greater model performance. In previous studies, for exam-
ple, inadequate number of datasets and/or inadequate han-
dling of seasonality as well as noise have been the frequent
issues. This work addresses these difficulties by use of more
reliable designs and/or better pre-processing techniques.

Limitations and Future Work

Although the efficiency of LSTM as well as Bi-LSTM
models for wind speed forecasting has been demonstrated
here, some limits must be acknowledged, and future
research possibilities have to be offered. This study has uti-
lized historical wind speed data from particular locations
and for set time periods. Future studies may examine the
applicability of proposed models by their applications to a
broader range of environments and climates.

Deep learning models (including Bi-LSTM), make use
of a large amount of computing resources for training and
prediction. Further studies may concentrate on enhance-
ment of these models so as to lower the computational pro-
cessing demands without decreasing the efficiency. LSTM
and Bi-LSTM models are generally considered “black
boxes” on account of their complex designs. Enhancing
these models’ by the use of attention mechanisms may
result in crucial insights into the features, thus identify-
ing the features which have more influence on wind speed
predictions. Future research may concentrate on develop-
ing hybrid approaches which combine the benefits of deep
learning methods with statistical methods (such as the
Kalman Filter and ARIMA). These models may be capable
of making a better tradeoff between computing efficiency,
interpretability, and predictability.

CONCLUSION

This paper has determined the capability of the Kalman
Filter, ARIMA, LSTM, and Bi-LSTM models for task of
wind speed prediction by use of actual wind speed data.
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The outcomes have proved that the traditional models like
ARIMA and Kalman Filter are beneficial for simple & linear
forecasts, the complex, behaviour of the wind speed cannot
be effectively handled by them. It has been demonstrated
that the Deep Learning models can analyse data in both
directions and learn long-term dependencies, thus result in
much more accurate predictions. The Bi-LSTM model has
been more accurate, resulting in lowest prediction errors
which further improves the reliability of electricity grid,
thus, making the integration of the renewable energy easier.

The results may be beneficial for various future applica-
tions, e.g., basic climate modeling including load prediction
for energy systems. The outcomes have demonstrated that
Bi-LSTM is the best since because of its capabilities to han-
dle the complex and varied datasets. Although the Kalman
Filter and ARIMA are computationally more correct, yet
they are less reliable for non-linear dynamics. On account
of its versatility, use of Bi-LSTM is preferred for transdis-
ciplinary applications & for forecast of renewable energy,
which enhances grid stability. The results of this work may
go beyond wind energy prediction and can be used for
other sources of renewable energy wherever availability of
precise weather and ecological data are essential, includ-
ing the prediction of solar output or assessing the hydro-
power flow. Moreover, since machine learning models are
able to handle chaotic & unpredictable time series data, in
future, they can be used for wide range of applications, such
as time series prediction for financial market evaluation,
astronomy, and healthcare. This work further highlights
the importance of using the best algorithms available for
addressing the global energy challenges and also the impor-
tance of collaborating across disciplines for constructing a
better as well as more resilient future.

ABBREVIATIONS

AR Auto- Regressive
ANN Artificial Neural Network
Al Artificial Intelligence

ARMA  Auto Regressive Moving Average
ARIMA  Auto Regressive Integrated Moving Average
LSTM  Long-Short Term Memory

Bi-LSTM Bidirectional Long-Short Term Memory
BPTT  Back Propagate Through Time

CNN Convolutional Neural Network

DL Deep Learning

K-NN  K-Nearest Neighbor

MAE Mean Absolute Error

MA Moving Average

ML Machine Learning

MSE Mean Square Error

NLP Natural Language Processing

NWP Numerical Weather Prediction

NREL  National Renewable Energy Laboratory
RMSE  Root Mean Square Error

RNN Recurrent Neural Network

VAR Vector Auto Regressive

SARIMA Seasonal Auto Regressive Integrated Moving
Average

SMAPE  Symmetric Mean Absolute Percentage Error
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