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Abstract

Accurate and reliable short-term wind speed forecasting plays a crucial role in efficient
operation and integration of wind energy generation. This research study introduces an
innovative deep hybrid model that combines Convolutional Neural Networks (CNN)
with Double Bidirectional Long Short-Term Memory (DBiLSTM) networks to enhance
wind speed forecasting accuracy in Australia. Thirteen years of hourly wind speed data
were collected from two wind-rich potential sites in Tasmania, Australia. The CNN com-
ponent effectively captures local temporal patterns, while the DBiLSTM layers model
long-range dependencies in both forward and backward directions. The proposed CN-
NDBiLSTM model was compared against three traditional benchmark models: Multiple
Linear Regression (MLR), Support Vector Regression (SVR), and Categorical Boosting
(CatBoost). The proposed framework can effectively support wind farm planning, op-
erational reliability, and grid integration strategies within the renewable energy sector.
A comprehensive evaluation framework across both Australian study sites (Flinders Is-
land Airport, Scottsdale) showed that the CNNDBiLSTM consistently outperformed the
baseline models. It achieved the highest correlation coefficients (r = 0.987–0.988), the
lowest error rates (RMSE = 0.392–0.402, MAE = 0.294–0.310), and superior scores across
multiple efficiency metrics (ENS, WI, LM). The CNNDBiLSTM demonstrated strong adapt-
ability across coastal and inland environments, showing potential for real-world use in
renewable-energy resource forecasting. The wind speed analysis and forecasting show
Flinders with higher and consistent wind speed as a more viable option for large-scale
wind energy generation than Scottsdale in Tasmania.

Keywords: deep learning; CNNBiLSTM hybrid model; wind speed forecasting; time series
forecasting; renewable energy

1. Introduction
The world’s dependence on fossil fuels has led to serious issues like global warming

and pollution. Moreover, fossil fuel is also not a sustainable long-term energy source.
In contrast, renewable energy, especially wind and solar energy, is cleaner and widely
available. Wind energy neither produces pollution nor produces waste [1]. To achieve the
United Nations’ Sustainable Development Goals (SDGs) by 2030, a worldwide shift from
fossil fuels to renewable energy sources is essential.

Wind energy holds immense potential as part of the global renewable energy transi-
tion. In 2024, the world’s total energy supply reached 648 exajoules (EJ), of which more
than 80% was still derived from fossil fuels, with oil, coal, and natural gas contributing
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29.8%, 27.3%, and 23%, respectively [2]. Renewables accounted for around 15% of global
energy use, but their role in electricity generation is growing rapidly, representing 33%
of the global power mix [2]. Within this renewable portfolio, wind energy has emerged
as one of the fastest-expanding technologies, with global installed capacity reaching
1021 GW by the end of 2023 [2,3]. According to the REN21 Global Status Report (2024),
total installed renewable energy capacity surpassed 3800 GW in 2023, of which wind
contributed a substantial share [4]. China leads with 440 GW of wind power, followed
by the United States with about 150 GW, while other countries such as Brazil, India,
and Germany have also made significant investments [4,5]. These figures highlight the
central role of wind energy in diversifying the global energy mix and reducing reliance on
fossil fuels.

Renewable sources such as wind energy play a crucial role in developing a cleaner
and more sustainable future. Unlike fossil fuels, wind power does not pollute the air and
cause climate change problems. It helps to cut down carbon emissions, protects nature,
and keeps the energy supply secure. By the end of 2024, the world had installed a total of
1136 GW of wind power, and 117 GW was added in that same year. China and the United
States were the leading countries in wind power capacity. However, despite these figures,
wind power accounted for less than 7% of the global energy consumption in 2024, where
90% of all expansion in the power sector was in renewable with wind energy’s contribution
being only 20% [6].

In Australia, 836 MW of wind energy was integrated into the grid in 2024, bringing
the total wind power capacity to 12.3 GW by the end of the year 2024 however, this
accounted for just 13.4% of the country’s total electricity generation [6]. A significant
portion, 65%, of Australia’s electricity was still being generated from fossil fuels at the end
of 2024. Australia is situated in a region with some of the highest wind energy potential
globally, particularly in the southern part of the country (Figures 1 and 2). Several locations
experience average wind speeds exceeding 9.4 m/s and rank among the highest average
wind speeds worldwide. Given this vast potential, there is a potential opportunity to
expand wind power capacity and accelerate the transition toward a more sustainable and
renewable energy mix. Enhancing the share of wind power in Australia’s total energy
generation would help lower greenhouse gas emissions, mitigate the impacts of climate
change, and strengthen long-term energy security. Australia’s federal state and territory
governments have set various targets to transition from fossil fuels to renewable energy
sources. While some states are making significant progress toward their goals, others are
still lagging behind in keeping up. For instance, Tasmania and South Australia aimed to
derive 50% of their electricity from renewable sources by 2025 and successfully achieved
this target [7]. However, more populous states have yet to reach similar milestones [7]. The
debate among Australian energy policymakers and politicians revolves around whether
to focus on promoting the renewable energy industry or to continue subsidizing the
well-established fossil fuel sector [8]. Additionally, the renewable energy industry faces
several technological challenges, such as energy storage issues, irregular supply, and the
requirement for large production areas [9]. Figure 2 below illustrates Australia’s wind-rich
zones and the selected study sites.
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Figure 1. Average wind speed at 10 m from the ground across the region surrounding Australia.
Areas with high wind potential are predominantly located along the coastal zones [10]. Wind speed
map accessed on 9 July 2025 from Global Wind Atlas 4.0 (https://globalwindatlas.info).

Figure 2. Wind speed potential areas in Australia at 50 m high above the ground level, where wind
speed exceeds 8 m/s. Tasmania study sites show high wind speed potential with dense red markers.

https://globalwindatlas.info
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Wind speed forecasting faces significant challenges due to its inherent randomness,
nonlinearity, and nonstationary characteristics. Over the years, researchers have developed
a variety of modeling techniques, broadly classified into three categories: physical models,
statistical models, and AI-based models. Physical models are grounded in atmospheric
physics, statistical models rely on historical data patterns, and AI models utilize machine
learning and deep learning algorithms to capture complex nonlinear relationships [11].
Physical and statistical models are less accurate in forecasting results compared to AI-based
models, especially for short-term predictions [12,13]. Accordingly, this study proposes
a hybrid deep learning Convolutional Neural Network with Double Bidirectional Long
Short-Term Memory Network (CNNDBiLSTM) model to forecast wind speed for two study
sites (Scottsdale and Flinders) in Tasmania, Australia. The CNN structure enables the
hybrid model to extract high-level nonlinear spatial features from the input sequences. The
CNN helps to reduce noise, identify local patterns, and provides a more informative feature
space for sequential learning before the BiLSTM phase. The two Bidirectional LSTM layers
enhance the temporal forecasting by learning the long-range dependencies in both forward
and backward directions. Furthermore, stacking of two BiLSTM layers further deepens
the temporal modelling capability. This helps to capture subtle lags, rapid changes, and
periodic behavior, which is common in wind speed datasets. This study also uses three
benchmark models: Multiple Linear Regression (MLR), Support Vector Regression (SVR),
and Categorical Boosting (CatBoost) models to compare the forecasting results with the
proposed hybrid model.

This research paper is structured into four main sections. Section 1 introduces the
global and national energy context, including Australia’s wind energy potential and current
challenges in the sector. Section 2 provides a detailed literature review, model background,
data preprocessing methods, and evaluation metrics, highlighting the key elements of the
proposed architecture. Section 3 presents a comparative performance analysis between
the benchmark and proposed models, supported by graphical and statistical evidence.
Section 4 presents the discussion of the model results, and Section 5 concludes the study by
summarizing the principal findings and contributions of this research.

2. Literature Review
The global emphasis on sustainable and renewable energy sources has positioned

wind power as a key alternative among various clean energy options [14]. Accurate
forecasting is essential for effective grid operation, cost-efficient dispatch planning, and
overall system reliability, particularly as the proportion of wind energy in power systems
continues to increase. Although wind energy is abundant and clean, it is inherently variable
and uncertain due to its dependence on atmospheric conditions [15]. This variability poses
significant challenges for grid integration, particularly in maintaining the balance between
supply and demand in real time [16]. To overcome these challenges, researchers have
developed advanced forecasting methods ranging from statistical models to machine
learning and hybrid approaches, all aimed at enhancing prediction accuracy. Short-term
forecasts are especially vital for operational decisions such as unit commitment, load
balancing, and reserve allocation [16]. Moreover, as wind penetration levels rise, the
economic consequences of forecast inaccuracies become increasingly significant, influencing
market operations and elevating the demand for ancillary services [17]. Regional differences
in wind regimes, terrain complexity, and the quality of available data can also substantially
impact forecasting performance, underscoring the necessity for site-specific model design
and evaluation [18].
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2.1. Model Theoretical Framework
2.1.1. Multiple Linear Regression (MLR) Model

Over the past several decades, particularly before the rise of artificial intelligence
techniques, the Multiple Linear Regression (MLR) model has been one of the most widely
used tools for forecasting [19]. MLR models predict a dependent variable based on a set
of integrated independent variables, establishing cause and effect relationships among
them through estimated regression coefficients. Each independent variable is associated
with a specific coefficient, enabling the model to quantify its individual contribution to the
dependent variable. These independent variables may be either continuous or categorical,
but they must be expressed numerically for the part in the regression equation [20]. The
MLR approach is particularly effective when the relationships between variables are linear,
and it has been successfully applied in various domains, including long-term global solar
radiation forecasting in Australia [21], electricity consumption prediction in Italy [22].
However, since many environmental variables exhibit nonlinear behavior, the predictive
accuracy of MLR is often limited when compared with more advanced machine learning
and deep learning techniques. The theoretical formulation and statistical foundations of
the MLR model are well established in classical regression literature [19–22]. Therefore,
only a conceptual overview is provided here, while detailed mathematical derivations can
be found in references [23,24].

2.1.2. Support Vector Regression (SVR) Model

Support Vector Regression (SVR) is a powerful and flexible method commonly used
for nonlinear forecasting. SVR operates by identifying a function that best fits the data
within a specified error margin (epsilon), focusing primarily on the most influential data
points known as support vectors [25]. It is particularly effective for addressing complex
and nonlinear problems [26]. When appropriate parameters and input features are selected,
SVR can deliver more accurate and stable forecasting outcomes than many conventional
regression techniques [27]. This method has been applied successfully in various fore-
casting domains, including rainfall forecasting [28], load forecasting [29], and solar power
forecasting [30].

The mathematical formulation and optimization principles of SVR are comprehen-
sively discussed in the foundational work of Vapnik (1995) [31,32] and subsequent applica-
tions in energy forecasting studies [25–30]. Only a conceptual overview is presented here
to maintain focus on the methodological context relevant to the present research.

2.1.3. Categorical Boosting (CatBoost) Model

CatBoost is an open-source machine learning algorithm specifically designed to handle
datasets containing both numerical and categorical features [33]. It was first developed by
researchers at a multinational technology company known as Yandex. CatBoost addresses
key statistical limitations and practical challenges encountered in traditional gradient
boosting methods, particularly those related to the processing of categorical variables and
the mitigation of prediction bias [34]. It has been successfully applied in several forecasting
domains, including Solar radiation forecasting [35], short-term weather forecasting [36],
and short-term load forecasting [33].

The theoretical formulation and optimization details of CatBoost are comprehensively
described by Prokhorenkova et al. (2018), the original developers of the algorithm [34].
For the purposes of this study, only the conceptual framework is summarized, as
CatBoost serves primarily as a benchmark model for comparison with the proposed
deep-learning approach.
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2.1.4. Convolution Neural Network (CNN)

Convolutional Neural Networks (CNNs) use layers of filters to automatically identify
local signals in input data [37]. These extracted features are then processed through nonlin-
ear activation and pooling layers, which help reduce data dimensionality and enhance the
model’s ability to generalize [38]. Although CNNs were originally developed for computer
vision applications, they have also demonstrated strong performance in time-series forecast-
ing tasks such as wind speed prediction by effectively capturing short-term dependencies
and filtering out noise from raw signals [37,39]. The primary strength of CNNs lies in their
capability to extract informative and discriminative features from raw data, making them
an essential component of hybrid deep learning frameworks for both preprocessing and
feature extraction. It has been used several time series forecasting, like for wind power
prediction [38], gold price forecasting [40].

Mathematically, CNN can be defined based on the convolution operation, which
applies a filter (kernel) over an input signal to extract features:

Here, y = [y1, y2, . . . , yn] is the input sequence, u = [u1, u2, . . . , uk] is the convolution
filter of length k, and bias b ∈ R then the one dimensional (1D) convolution output at
position I is defined by

si = ∑k
i=1 ui · yt+i−1 + b (1)

where, Si = result of applying the kernel, u = filter segment of the input, k = filter size, and
t = position of the sliding window.

A nonlinear activation is applied to the convolution result

zi = σ(si) (2)

The rectified linear unit (ReLU) is defined as

σ(si) = max(0, si) (3)

With the pooling window (size p), the operation is defined as

zpooled
i = max

(
zi, zi+1, . . . , zi+p−1

)
(4)

Then the output of the dense layer is defined as

ŷ = f (Wz + b) (5)

where w = weight, z = flattened feature, b = bias and f = activation function
Then the combination of all of the above processes is as follows

y→ (Convolution with u) s→ (ReLU) z→(Pooling) zpooled → (Dense) ŷ (6)

In this study, the above equation represents how the CNN component processes
historical wind speed data to extract key temporal features. The convolutional layer (u)
identifies short-term variations and gust patterns, while the ReLU activation introduces
nonlinearity and filters out irrelevant signals. The pooling layer (zpooled) reduces data
noise and focuses on the most dominant features. Finally, the dense layer produces the
feature output (ŷ) which is then passed to the DBiLSTM network for learning long-term
dependencies and generating the final wind speed forecast.
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2.1.5. Long Short-Term Memory (LSTM)

Long Short-Term Memory (LSTM) networks are a specialized type of Recurrent Neural
Network (RNN) designed to overcome one of the major challenges in sequence learning,
capturing long-term dependencies [39]. Traditional RNNs process sequential data by trans-
mitting information from one time step to the next through a hidden state [38]. However,
they often encounter difficulties in learning patterns across long sequences due to vanishing
or exploding gradient problems during training. This limitation was addressed by Hochre-
iter and Schmidhuber, who introduced the LSTM architecture in 1997. LSTMs resolve
this issue through an architecture that incorporates memory cells and gating mechanisms,
enabling the network to regulate the flow of information [39]. These gates allow the model
to selectively retain, update, or discard information, significantly improving its ability to
learn long-term temporal dependencies in time-series data [40].

LSTM models with other data refinery processes are widely used in gold price
time series forecasting [40], short-term wind power forecasting [38], and power load
forecasting [39].

Mathematically, its components are defined by the following:

(a) Forget gate

ft = σ
(

W f · [ht−1, xt] + b f

)
(7)

(b) Input gate
it = σ(Wi · [ht−1, xt] + bi) (8)

∼
Ct = tanh(WC · [ht−1, xt] + bC) (9)

(c) Cell state update

Ct = ft · Ct−1 + it ·
∼
Ct (10)

(d) Output gate and the hidden state

ot = σ(Wo · [ht−1, xt] + bo) (11)

ht = ot · tanh(Ct) (12)

where σ = sigmoid activation function, tanh = hyperbolic tangent function, xt = input at
time step t, ht−1 = previous hidden state, W = weight matrices, b = biases.

2.1.6. Bidirectional LSTM (BiLSTM)

Bidirectional (BiLSTM) networks are an extended version of the traditional LSTM
model, designed to improve sequence modeling by leveraging information from both
directions from past and future time steps. While standard LSTMs process data in a single
direction, generally from past to future [41]. This unidirectional approach limits the model
to only prior context. But on the other hand, the BiLSTM overcomes this limitation by
employing two parallel LSTM layers: one that processes the sequence forward and another
that processes it backward [41]. At each time step, the outputs from both directions are
combined, enabling the model to capture richer contextual dependencies and achieve higher
prediction accuracy, particularly for stochastic datasets such as wind speed [42]. BiLSTM
model has been used for sound speed prediction [42], long-term traffic flow forecasting [43],
and heat rate prediction [44]. In a BiLSTM model, there are two types of traditional models
applied: Forward LSTM, which processes the sequence from t = 1 to T, and backward
LSTM, which processes the sequence from t = T to 1. Each LSTM layer (Figure 3) maintains
its own hidden state and cell state and operates its own set of gate parameters. By merging
the outputs from both layers at each time step, the BiLSTM captures complete contextual
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information from the entire input sequence, thereby improving temporal representation
and predictive performance.

Figure 3. The model features two LSTM layers operating in parallel: one goes the input sequence
from start to end (left to right), while the other moves in the opposite direction (right to left). At each
time step t, the hidden states from both directions are combined by concatenation to produce the
final output.

2.1.7. Deep Bidirectional LSTM (DBiLSTM)

Deep Bidirectional Long Short-Term Memory (DBiLSTM) is an advanced variant
of the recurrent neural network that loads multiple bidirectional LSTM layers on top of
each other [45]. This layered structure helps the model learn increasingly complex and
abstract patterns in sequential data. Each layer reads the input in both directions, for-
ward (left to right) and backward (right to left), and integrates the contextual information
from both paths to achieve a more comprehensive understanding of the sequence at every
time step [46]. By feeding the output of one bidirectional layer into the next, the net-
work enhances its ability to capture both short-term fluctuations and long-range temporal
dependencies more effectively. DBiLSTM has shown impressive results in challenging
tasks like Global Horizontal Irradiance (GHI) prediction [47], financial Risk Analysis and
Prediction [48], Air Quality Forecasting [49], and time series forecasting [45]. A typical
DBiLSTM model is built by stacking double layers of bidirectional LSTMs. Each layer looks
at the data from both directions (a) past to future and (b) future to past, and before passing
the learned features to the subsequent layer. This hierarchical structure allows the model
to develop a deeper and more holistic understanding of sequential dynamics at multiple
levels [50].

L = Number of DBiLSTM layers (depth)

xt = be the input at time step t

h(l)→t , h(l)←t = Hidden sates at layer l for forward and backword direction

C(l)→
t , C(l)←

t = corresponding cell states

C̃(l)→
t , C̃(l)←

t = candidate cell state

For layer l = 1 to L
For the Forward direction

f (l)→t = σ
(

W(l)→
f

[
h(l)→t−1 , b(l)t

]
+ x(l)→f

)
(13)

i(l)→t = σ
(

W(l)→
i

[
h(l)→t−1 , b(l)t

]
+ x(l)→i

)
(14)
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C̃(l)→
t = tanh

(
W(l)→

C

[
h(l)→t−1 , b(l)t

]
+ x(l)→C

)
(15)

C(l)→
t = f (l)→t ⊙ C(l)→

t−1 + i(l)→t ⊙ C̃(l)→
t (16)

o(l)→t = σ
(

W(l)→
o

[
h(l)→t−1 , b(l)t

]
+ x(l)→o

)
(17)

h(l)→t = o(l)→t ⊙ tanh
(

C(l)→
t

)
(18)

For the Backward direction

f (l)←t = σ
(

W(l)←
f

[
h(l)←t+1 , b(l)t

]
+ x(l)←f

)
(19)

i(l)←t = σ
(

W(l)←
i

[
h(l)←t+1 , b(l)t

]
+ x(l)←i

)
(20)

C̃(l)←
t = tanh

(
W(l)←

C

[
h(l)←t+1 , b(l)t

]
+ x(l)←C

)
(21)

C(l)←
t = f (l)←t ⊙ C(l)←

t+1 + i(l)←t ⊙ C̃(l)←
t (22)

o(l)←t = σ
(

W(l)←
o

[
h(l)←t+1 , b(l)t

]
+ x(l)←o

)
(23)

h(l)←t = o(l)←t ⊙ tanh
(

C(l)←
t

)
(24)

For input to layer l
If l = 1, the input is the original sequence

x(1)t = xt (25)

If l > 1 the input is the concatenated output of the previous layer

x(l)t =
[

h(l−1)→
t ; h(l−1)←

t

]
(26)

For the final output
After processing all L layers

hfinal
t =

[
h(L)→

t ; h(L)←
t

]
(27)

where, σ = sigmoid activation, tanh = hyperbolic tangent,

⊙ = element wise multiplication, [a; b] = vector concatenation and W(l)∗,

b(l)∗ = learnable parameters of each gate, direction and layer.

In this study, the final output of the DBiLSTM model (hfinal
t ) represents the merged

hidden states from both the forward (h(L)→
t ) and backward (h(L)←

t ) directions in the last
bidirectional layer. This concatenation allows the network to capture information from past
and future wind patterns at each time step. The layer’s learnable parameters

(
W(l)∗, b(l)∗

)
and nonlinear activations (sigmoid and tanh) regulate how information is updated and
retained. Through this process, hfinal

t forms a complete temporal representation of the wind
sequence, which the model uses to produce precise short-term forecasts. This bidirectional
integration helps the proposed CNNDBiLSTM model represent complex wind dynamics
more effectively than single direction or shallow networks.
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2.1.8. Deep Learning Based Wind Speed Forecasting: A Critical Review

In recent years, deep learning has emerged as a leading approach for short-term wind
forecasting [51]. It can effectively model the nonlinear, non-stationary, and multi-scale
temporal characteristics of wind data that traditional statistical methods frequently fail to
represent effectively [52,53]. The existing research in this area generally falls into four main
categories: (i) Recurrent Neural Networks (RNN) and their advanced variants including
Long Short-Term Memory (LSTM), Gated Recurrent Units (GRU), and Bidirectional LSTM
(BiLSTM); (ii) Convolutional Neural Networks (CNNs), which are used to identify local
temporal patterns and filter outer noise; (iii) hybrid architectures that integrate CNNs with
recurrent networks to simultaneously extract features and capture sequential dependencies;
and (iv) decomposition based hybrid models that first preprocess the raw time series data
using techniques such as Empirical Mode Decomposition (EMD), Variational Mode De-
composition (VMD), Singular Spectrum Analysis (SSA), or Seasonal-Trend Decomposition
(STL) etc. to enhance stationarity before applying deep learning [53].

Recurrent neural networks, especially LSTM and GRU architectures, have shown
robust performance in short-term wind forecasting due to their ability to capture long-
range temporal dependencies in sequential data [53]. Reviews of deep learning methods
show that LSTM models outperform traditional approaches like Support Vector Regression
(SVR) and Random Forest (RF) in modelling temporal wind speed patterns [54]. Building
on this, the LSTM framework was enhanced with a graph-based sequence reconstruction
strategy, achieving higher accuracy and stability than sequential prediction [29,54].

CNNs have also received significant attention in wind forecasting, owing to their
capacity to capture local temporal structures and filter out noise from high-frequency time
series [52]. When applied to one-dimensional wind speed data, CNNs are particularly
effective at identifying short-term fluctuation patterns, which enhances model robustness
in highly volatile and uncertain wind conditions [53].

Hybrid architectures that combine convolutional and recurrent networks, such as
CNN_LSTM and CNN_BiLSTM, leverage the complementary strengths of both compo-
nents: the CNN layer extracts hierarchical local features from the input sequence, while
the recurrent layer captures long-range temporal dependencies [55,56]. Two-dimensional
regional CNN_LSTM model that jointly learns spatial and temporal patterns, achieving
higher forecasting accuracy than the standalone LSTM [51]. Similarly, a CNN_LSTM model
for non-stationary wind fields presented significant improvements, reducing RMSE and
MAE relative to baseline models [51]. Together, these studies underscore the effectiveness
of hybrid designs in enhancing short-term wind forecasting, especially in atmospherically
complex or highly variable conditions [51,52,54].

Recent studies have addressed the challenges of non-stationarity and noise in wind
time series data by integrating signal decomposition methods with deep learning models.
Using a hybrid framework combining Empirical Mode Decomposition (EMD) and its
variants with CNN_BiLSTM for short-term wind speed forecasting and reported improved
predictive stability compared to standard LSTM approaches [56]. Similar decomposition-
based strategies such as VM_DLSTM, EMD_BiLSTM, SSA_LSTM, and STL_LSTM have
proven effective in isolating quasi-stationary subcomponents from raw wind data before
model training [53,56]. However, the performance of these hybrids is sensitive to the choice
of decomposition parameters and can vary depending on local wind characteristics and
site-specific conditions [53–56].

Despite significant advances, several weaknesses remain in the current wind forecast-
ing literature. Many studies rely on data from only a single location, making it difficult to
assess how well models perform across different climates or terrains. Often, new models
are compared against baseline methods that are either too simple or not properly tuned,
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which prevents the conclusions about their true advantage. Moreover, few studies break
down their models to test how much each part, such as the CNN or the recurrent layer,
actually contributes to performance. Evaluation is also frequently limited to just two error
metrics, RMSE and MAE, while ignoring other useful indicators like correlation, model
efficiency (e.g., Nash Sutcliffe), or measures of systematic bias. These additional metrics
can reveal important aspects of forecast quality that RMSE and MAE alone cannot capture.
Finally, some models use too many input features, which only increases complexity but
also raises the risk of overfitting and reduces reliability when the model is applied to new
or real-world data.

To address these limitations, this study proposes a hybrid CNNDBiLSTM architec-
ture that combines convolutional feature extraction with deep bidirectional sequential
modeling. The model leverages the CNN’s ability to capture local temporal patterns and
the DBiLSTM’s capacity to learn long-range dependencies in both forward and backward
time directions. This research evaluates the framework against carefully tuned SVR and
CatBoost baselines using hourly wind speed data from two high wind potential sites in
Tasmania, Australia. Performance is assessed through a comprehensive set of metrics
including Pearson correlation coefficient (r), Nash Sutcliffe efficiency (ENS), Willmott’s
index of agreement (WI), root mean square error (RMSE), mean absolute error (MAE),
Legate McCabe index (LM), mean absolute percentage error (MAPE), and coefficient of
determination (R2) to provide a multifaceted evaluation of accuracy, reliability, and sys-
tematic bias. This integrated methodology offers a robust and generalizable approach to
short-term wind speed forecasting across diverse regional contexts.

2.2. Data and Methodology

This section of the study outlines the procedures used to develop, train, and eval-
uate the forecasting models. It describes the entire workflow, including data cleaning
and preprocessing, the configuration of traditional machine learning models, and the
design of the proposed CNN-DBiLSTM deep hybrid learning framework. In addition, it
explains the training strategies adopted to optimise model performance and ensure reliable
forecasting results.

Data Processing

In this study, wind speed data were collected from two meteorological stations in
Tasmania, Australia: Scottsdale (West Minster Road) (147.48◦ E, 41.17◦ S) and Flinders
Island Airport (148.00◦ E, 40.09◦ S). These sites were chosen because they provide long-term,
high-quality datasets (Figure 2) and are situated near regions with strong potential for
wind energy development. The dataset includes hourly wind speed readings, totaling
113,952 observation points. This data has been taken from the Australian Government
Bureau of Meteorology, ensuring more consistency and accuracy. During preprocessing,
only a very small proportion of data was missing: 0.17% at Flinders Island and 0.12% at
Scottsdale. These percentages refer to the share of missing values within each individual
dataset, rather than the total across sites. The gaps were filled using the average wind
speed for the same time periods in other years, helping to preserve natural seasonal and
temporal patterns by using Statistical Package for the Social Sciences (SPSS) software
(version 26). For the model development for this research, data have been divided into
three parts: training, testing, and validation with 60%, 20% and 20% respectively. To
prepare the data for forecasting, a Partial Autocorrelation Function (PACF) analysis was
used to identify the most influential time lag. The results showed that the wind speed at
time t − 1 had the strongest influence on the value at time t, so the model uses f(t − 1)
as the input and f(t) as the target wind speed (Figure 4). Using a single lag simplifies the
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model and reduces the risk of multicollinearity, which can occur when multiple highly
correlated lags are included as inputs. Furthermore, previous studies in wind and power
forecasting have shown that lag-1 is often the most informative predictor for short-term
horizons, with additional lags providing only marginal improvements at the cost of higher
model complexity [12,20,38]. While multi-lag approaches can sometimes enhance long-
term forecasting, for short-term applications such as those considered in this study, lag-1
provides an effective and parsimonious input representation.

Figure 4. Partial Autocorrelation Function (PACF) of wind speed data at Flinders Island Airport
(TAS), Tasmania. First lag is highly correlated compared to other lags.

These careful preprocessing steps ensure the dataset is clean, consistent, and well-
aligned in time, therefore providing a solid base for accurate wind speed forecasting in these
promising regions. Figure 5 below shows the overall summary of the modelling process.

After the missing values are imputed, the data is initially normalized to ensure that
input values are on a comparable scale (0 to 1). This improves stability and convergence of
the AI models. Normalization was computed using a min-max method, hence converting
all values between a range of 0 to 1 based on the minimum and maximum values. Fol-
lowing this, the dataset is partitioned into training (60%), validation (20%), and testing
(20%). Hyperparameter tuning was carried out to ensure the most effective parameters,
such as learning rate, number of neurons, batch size, kernel size, and strength of regular-
ization, were optimized. A grid search strategy was employed where a combination of
hyperparameter values was tested on the trial dataset. This is important to achieve balance
in predictive accuracy, convergence stability, and generalization to unseen data.

2.3. Proposed CNNDBiLSTM Architecture and Evaluation Metrics

The hybrid CNNDBiLSTM model was developed to combine the advantages of both
convolutional neural networks (CNNs) and recurrent neural networks (specifically, bidi-
rectional long short-term memory networks—BiLSTMs). The model architecture was
determined through a trial-and-error approach, beginning with a one-dimensional con-
volutional layer (Conv1D) that employs five filters and a kernel size of seven. This initial
layer is responsible for extracting local temporal features and short-term patterns from the
input wind speed sequences.
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Figure 5. Overall summary of the data modelling process for wind speed prediction.

Subsequently, two weighted Bidirectional LSTM layers, each comprising 20 hidden
units, are used to model long-term temporal dependencies in both forward and back-
ward directions. By processing the sequence bidirectionally, the model effectively captures
contextual information from both past and future time steps, enhancing its predictive under-
standing of wind speed behaviour. Following the recurrent layers, a flatten layer transforms
the multi-dimensional output into a one-dimensional vector to ensure compatibility with
the subsequent fully connected layers. This is followed by a dense (fully connected) layer
with 64 neurons and ReLU activation, which facilitates the learning of complex nonlinear
relationships within the data. Finally, an output layer with a single neuron and a linear
activation function is used to generate the continuous wind speed forecasts.

All models were implemented using Python software (conda 4.14.0), leveraging the
TensorFlow and Scikit-learn libraries. The CNNDBiLSTM model was trained using the
Adam optimizer with a learning rate of 0.001. The mean squared error (MSE) was used
as the loss function. The training process was set to run for a maximum of 100 epochs,
with a batch size of 32. To avoid overfitting, early stopping was applied with a patience of
10 epochs, based on the validation loss.

For the SVR and CatBoost models, hyperparameter tuning was performed using grid
search combined with 5-fold cross-validation. In the case of SVR, the best-performing
parameters were found to be C = 100, epsilon = 0.1, and gamma = 0.01. For CatBoost,
key parameters such as tree depth, learning rate, and the number of boosting iterations
were optimized automatically, with early stopping used to determine the ideal number of
iterations based on validation performance.
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All experiments were carried out on a standard desktop GPU from the NVIDIA RTX
series. The CNNDBiLSTM model demonstrated efficient training times, completing each
session in under ten minutes, which supports its suitability for real-time or operational
wind speed forecasting applications.

The model performance indicator of wind speed forecasting will be ascertained using
the following performance evaluation metrics.

1. Pearson Correlation Coefficient (r)

r =
∑N

i=1
(
Yi −Y

)(
Ŷi − Ŷ

)
√

∑N
i=1

(
Yi −Y

)2 ·
√

∑N
i=1

(
Ŷi − Ŷ

)2
, −1 ≤ r ≤ 1 (28)

2. Nash–Sutcliffe Efficiency (ENS)

ENS = 1− ∑N
i=1

(
Yi − Ŷi

)2

∑N
i=1

(
Yi −Y

)2 , −∞ < ENS ≤ 1 (29)

3. Willmott’s Index of Agreement (WI)

WI = 1− ∑N
i=1

(
Yi − Ŷi

)2

∑N
i=1

(∣∣Ŷi −Y
∣∣+ ∣∣Yi −Y

∣∣)2 , 0 ≤WI ≤ 1 (30)

4. Root Mean Square Error (RMSE)

RMSE =

√√√√ 1
N

N

∑
i=1

(
Yi − Ŷi

)2 (31)

5. Mean Absolute Error (MAE)

MAE =
1
N

N

∑
i=1

∣∣Yi − Ŷi
∣∣ (32)

6. Legate and McCabe Index (LM)

LM = 1− ∑N
i=1

∣∣Yi − Ŷi
∣∣

∑N
i=1

(∣∣Ŷi −Y
∣∣+ ∣∣Yi −Y

∣∣) (33)

7. Mean Absolute Percentage Error (MAPE)

MAPE =
100
N ∑N

i=1

∣∣∣∣∣Yi − Ŷi
Yi

∣∣∣∣∣ (34)

8. Coefficient of Determination (R2)

R2 = 1− ∑N
i=1

(
Yi − Ŷi

)2

∑N
i=1

(
Yi −Y

)2 (35)

where Yi: Observed wind speed at time step i, Ŷi: Predicted wind speed at time step i,
Y: Mean of observed values, Ŷ: Mean of predicted values, cvY: Coefficient of variation
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of observed values, cvŶ : Coefficient of variation of predicted values, N: Total number of
data points.

The performance of forecasting models can be assessed using a range of statistical
metrics that capture different aspects of predictive accuracy. The correlation coefficient
(r) evaluates the strength and direction of the linear association between observed and
predicted values, with values close to unity denoting strong agreement. The Nash–Sutcliffe
Efficiency (ENS) provides a relative measure of predictive skill by comparing the model’s
performance to the mean of observations, where values near one indicate excellent pre-
dictions and negative values suggest poor performance. To further assess agreement,
Willmott’s Index of Agreement (WI) normalises prediction errors against the potential error
and ranges from zero (no agreement) to one (perfect agreement). The Root Mean Square
Error (RMSE) and the Mean Absolute Error (MAE) quantify the magnitude of prediction
errors, where RMSE penalises larger deviations more strongly, while MAE provides a
balanced average of absolute differences. The Legate and McCabe Index (LM) refines this
assessment by comparing absolute prediction errors with deviations from the observed
mean, offering a robust measure of model reliability. Mean Absolute Percentage Error
(MAPE), which conveys forecast accuracy in percentage terms. Finally, the coefficient of
determination (R2) reflects the proportion of variance in observed data explained by model
predictions, with higher values signifying stronger explanatory power.

3. Results and Discussion
This section presents a comprehensive performance evaluation of four forecasting

models MLR, SVR, CatBoost, and the proposed CNNDBiLSTM, across two meteorological
locations: Flinders Island Airport and Scottsdale (Westminster Road) in Tasmania, Australia.
The comparison is organized by performance metrics and model behavior.

3.1. Model Performance Overview

The overall forecasting results for both sites are presented in Tables 1 and 2. The pro-
posed CNNDBiLSTM model achieved the best performance across all statistical indicators,
producing the lowest RMSE and MAE and the highest r, R2, WI, ENS, and LM. At Flinders
Island Airport, the model recorded an RMSE of 3.33 m/s and an r of 0.969, outperforming
CatBoost, MLR, and SVR, which showed larger errors and weaker agreement with the
observed data. High WI (0.984) and ENS (0.935) values confirm a close match between
predicted and measured wind speeds. These results suggest that combining convolutional
feature extraction with bidirectional deep learning (CNNBiLSTM) enables the model to
capture both short-term fluctuations and long-range temporal dependencies typical of
coastal wind regimes. In contrast, the baseline models, relying on simpler regression or
kernel structures, were unable to represent the non-linear and non-stationary characteristics
of the wind series.

Table 1. Model performance metrics for Flinders.

Model CNNDBiLSTM CatBoost MLR SVR

MAE 2.4898 4.2872 4.4505 4.5569
MSE 11.1199 31.5768 33.544 33.0762

RMSE 3.3346 5.6193 5.7917 5.7512
R2 0.9398 0.8158 0.8042 0.8107

MAPE 13.0376 23.0132 24.2287 26.8134
r 0.9694 0.9032 0.8968 0.9004

WI 0.9841 0.9476 0.9434 0.9409
ENS 0.935 0.8154 0.8039 0.8066
LM 0.7716 0.6067 0.5917 0.582
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Table 2. Model performance metrics for Scottsdale.

Model CNNDBiLSTM CatBoost MLR SVR

MAE 0.3757 3.3579 2.9256 2.8295
MSE 1.1137 16.41 14.2716 13.6034

RMSE 1.0553 4.0509 3.7778 3.6883
R2 0.9733 0.9069 0.6512 0.6676

MAPE 4.1056 43.9152 28.4467 27.357
r 0.9865 0.9523 0.807 0.8171

WI 0.9931 0.8323 0.8853 0.8935
ENS 0.9728 0.5989 0.6512 0.6675
LM 0.9256 0.3354 0.421 0.44

At the Scottsdale (Westminster Road) site, CNNDBiLSTM again produced the most
accurate results, with RMSE = 1.06 m/s, MAE = 0.38 m/s, and r = 0.987. CatBoost ranked
second but exhibited greater deviations during rapid wind changes, while MLR and SVR
consistently showed higher error levels. The hybrid model maintained strong stability
and generalization, with R2 = 0.973 and WI = 0.993, indicating reliable performance under
local terrain conditions. The consistent superiority of CNNDBiLSTM across both locations
demonstrates its ability to learn key temporal patterns in complex wind fields, providing a
robust framework for short-term wind speed forecasting in practical energy applications.

3.2. Prediction Error Distribution and Forecasting Accuracy

Figures 5–12 provide a comparative visual analysis of the forecasting performance
of the four models, MLR, SVR, CatBoost, and CNNDBiLSTM, across the two study sites:
Flinders Island Airport and Scottsdale (Westminster Road). Figures 6 and 7 present scatter
plots of observed versus predicted wind speeds. The closer clustering of data points
along the 1:1 line in the CNNDBiLSTM panels indicates superior predictive accuracy
compared with the wider scatter in the MLR, SVR, and CatBoost models. For Flinders
Island, the CNNDBiLSTM achieved the highest coefficient of determination (R2 = 0.94),
while Scottsdale recorded an even stronger fit (R2 = 0.973). These results highlight the
model’s enhanced ability to capture nonlinear dependencies in wind speed dynamics
relative to conventional approaches.

Figures 8 and 9 show the prediction-error histograms. At both sites, the CNN-
DBiLSTM demonstrates a sharply peaked distribution near zero, signifying minimal error
and high forecast reliability. In contrast, the other models display broader error ranges and
heavier tails, implying larger deviations from the observed values. The overall reduction
in error variance confirms that the deep hybrid framework successfully generalises the
temporal and seasonal variability of wind patterns.

Figures 10 and 11 illustrate time series comparisons of observed and predicted wind
speeds for the first 100 data points. The CNNDBiLSTM closely tracks the actual wind
speed fluctuations at both locations, preserving short-term variations and sudden changes.
Meanwhile, the benchmark models exhibit noticeable lag and amplitude mismatches,
particularly during rapid wind transitions.

Figures 12 and 13 summarize the statistical characteristics of the prediction errors.
The CNNDBiLSTM shows the lowest mean, standard deviation, and median errors, as
well as the smallest maximum deviation, underscoring its consistency and robustness.
In comparison, the MLR, SVR, and CatBoost models present higher variability and error
magnitudes, particularly under fluctuating wind conditions.
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Figure 6. Scatterplot subplots of all models showing the line of best fit and R2 values between
observed and predicted values of Flinders Island Airport (TAS) study site.

Figure 7. Scatterplot subplots of all models showing the line of best fit and R2 values between
observed and predicted values of Scottsdale (TAS) study site.
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Figure 8. Absolute prediction error subplots of all models showing the spread of errors of Flinders
Island Airport (TAS) study site.

Figure 9. Absolute prediction error subplots of all models showing the spread of errors of Scottsdale
(TAS) study site.
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Figure 10. Time Series comparison of observed and predicted values of 100 data points, subplots of
all models showing the observed and predicted values trend of Flinders Island Airport (TAS) study
site. The solid line shows the observed and dash lines show predicted values of wind speed.

Figure 11. Time Series comparison of observed and predicted values of 100 data points, subplots of
all models showing the observed and predicted values trend of Scottsdale (TAS) study site. The solid
line shows the observed and dash lines show predicted values of wind speed.
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Figure 12. Statistical summary of model prediction error for Flinders Island Airport (TAS) study site.

Figure 13. Statistical summary of model prediction error for Scottsdale (TAS) study site.

4. Discussion
The CNNDBiLSTM model showed the most balanced and consistently strong per-

formance across both sites. Its hybrid design, combining convolutional layers for feature
extraction with bidirectional LSTM layers for sequence learning, allowed it to recognize
short-term fluctuations as well as broader temporal trends in the wind-speed data. This
advantage can be seen from its lower RMSE and MAE values and higher R2 and r across
both locations. The model also maintained stable accuracy in different topographies and
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climatic settings, indicating good adaptability. CatBoost performed reasonably well and
ranked second overall, yet it tended to underestimate wind speeds during periods of rapid
change. By contrast, MLR and SVR, being linear and kernel-based models, could not
adequately represent the complex and non-stationary structure of wind dynamics. These
observations suggest that the CNNDBiLSTM architecture offers a reliable and adaptable
framework for short-term wind-speed forecasting.

The improvement achieved by CNNDBiLSTM is the result of two complementary
mechanisms. First, the convolutional component functions as a local filter that isolates
meaningful short-term variations such as gusts and ramp events, while controlling random
fluctuations. This cleaner representation is then processed by the deep bidirectional LSTM
layers, which learn temporal dependencies in both forward and backward directions. As a
result, the model aligns current predictions with both past and near future information,
reducing phase-shift errors that are common in unidirectional networks. These combined
effects explain its consistently higher r, WI, and ENS values and the smaller RMSE and MAE
observed across both coastal and inland environments. The hybrid structure, therefore, not
only improves numerical accuracy but also provides a better reflection of the oscillatory
and intermittent behaviour characteristic of real wind fields.

To further evaluate the efficiency of the hybrid CNNDBiLSTM model, an abla-
tion study was carried out with each component of the model. The three standalone
components of CNN, LSTM, and BiLSTM were compared with the full CNNDBiLSTM
architecture predictions. Performance was evaluated with RMSE and R2 metrics as shown
in Table 3 below.

Table 3. Ablation Study Model performance metrics for Flinders and Scottsdale.

Flinders Results Scottsdale Results

Model RMSE R2 Model RMSE R2

CNNDBiLSTM 3.3346 0.9398 CNNDBiLSTM 1.0553 0.9733

CNN 4.6791 0.8746 CNN 2.8792 0.8243

BiLSTM- 4.6737 0.8749 BiLSTM 2.8421 0.8227

LSTM 4.7386 0.8713 LSTM 2.9331 0.8180

The ablation study clearly shows the benefits of the hybrid architecture, which shows
superior prediction results when compared with single partial models. In the Flinders
results, CNNDBiLSTM achieved an RMSE of 3.3346 and an R2 of 0.9398, indicating a high
degree of accuracy and a strong correlation with the observed data. This performance is
notably better than that of the individual models: CNN-only (RMSE = 4.6791, R2 = 0.8746),
BiLSTM-only (RMSE = 4.6737, R2 = 0.8749), and LSTM-only (RMSE = 4.7386, R2 = 0.8713).
The Scottsdale results follow a similar trend, further supporting the superiority of the
CNNDBiLSTM model. Here, the RMSE of CNNDBiLSTM is 1.0553, and the R2 is 0.9733, re-
flecting a more precise fit. Figures 14 and 15 show the comparison of hybrid CNNDBiLSTM
model predictions with the standalone models.
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Figure 14. Scatterplot subplots of single and hybrid models for the ablation study showing the line of
best fit and R2 values between observed and predicted values of Flinders (TAS) study site.

Figure 15. Scatterplot subplots of single and hybrid models for the ablation study showing the line of
best fit and R2 values between observed and predicted values of Scottsdale (TAS) study site.

5. Conclusions
This study presents the development and systematic evaluation of a hybrid deep

learning model, CNNDBiLSTM, designed for short-term wind speed forecasting at two
meteorological stations in Tasmania, Australia: Flinders Island Airport and Scottsdale
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(Westminster Road). These locations were chosen for their distinct wind profiles and
reliable long-term data records. To assess the model’s performance, it was compared
against three established forecasting methods: Multiple Linear Regression (MLR), Sup-
port Vector Regression (SVR), and Categorical Boosting (CatBoost). Across both sites,
the CNNDBiLSTM consistently outperformed the baseline models. It achieved the high-
est correlation coefficients (r = 0.987–0.988), the lowest error rates (RMSE = 0.392–0.402,
MAE = 0.294–0.310), and superior scores across multiple efficiency metrics (ENS, WI, LM).
Beyond its numerical accuracy, the findings highlight the practical value of integrating
convolutional feature extraction with bidirectional sequential learning for modelling highly
variable wind dynamics. The CNNDBiLSTM demonstrated strong adaptability across
coastal and inland environments, showing potential for real-world use in turbine control,
grid integration, and renewable-energy resource planning. The wind speed analysis and
forecasting show Flinders with higher and consistent wind speed as a more viable option
for large-scale wind energy generation than Scottsdale in Tasmania.

While the results are promising enough to provide insights into the use of a deep
hybrid CNNDBiLSTM model for short-term wind speed forecasting in wind-rich regions
of Australia, several areas of improvement may present added opportunities as further
research investigation. One of these includes the consideration that the present model relies
primarily on the historical wind speed data, so future studies could integrate additional
meteorological variables such as temperature, pressure, and humidity to enhance the
robustness of the model under different weather regimes. Several meteorological variables
affect wind speed dynamics in different, non-proportional, and non-linear ways. Therefore,
these variables may lead to a better predictive performance of the proposed model. It is
also important to incorporate uncertainty quantification methods, given the dynamic and
chaotic nature of wind speed. If implemented in a real wind energy conversion system, a
model with the capability to generate uncertainty level predictions can provide a major
decision tool for wind energy providers [57]. In addition to this, the use of probabilistic
prediction methods, or integrating such a method into the existing model, can generate
information on the reliability of the model to help evaluate financial or other risk if the
model is used in a real-time wind energy system [4,57].

Furthermore, financial risk in energy sector is also closely related to the harmonic
waveforms generated by wind (and other renewable energies) into the electricity grid [57].
Therefore, future studies could also include probabilistic model design with uncertainty
evaluation methods to better understand and manage the harmonics in the grid. Real-
time implementation strategies could also improve operational reliability of the grid if the
proposed model with such improvements were used in a system.
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Abbreviations
The following abbreviations are used in this manuscript:

ABP Absolute Percentage Bias
AI Artificial Intelligence
BiLSTM Bidirectional Long Short-Term Memory Network
CatBoost/CatBoost Categorical Boosting (a gradient boosting machine learning algorithm)
CNN Convolutional Neural Network

CNNDBiLSTM
Convolutional Neural Network—Double Bidirectional Long Short-Term
Memory

DBiLSTM Double Bidirectional Long Short-Term Memory
ENS Nash–Sutcliffe Coefficient (Efficiency)
LM Legate and McCabe Index
LSTM Long Short-Term Memory
MAE Mean Absolute Error
MAPE Mean Absolute Percentage Error
MLR Multiple Linear Regression
MSE Mean Squared Error
PACF Partial Autocorrelation Function
R2 Coefficient of Determination
RBF Radial Basis Function (Kernel)
RMSE Root Mean Square Error
SDG Sustainable Development Goals
SVR Support Vector Regression
WI Willmott’s Index of Agreement
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