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Abstract

Accurate forecasting of wind power generation plays a key role in improving the operation and management of a 

power system network and thereby its reliability and security. However, predicting wind power is complex due to 

the existence of high non-linearity in wind speed that eventually relies on prevailing weather conditions. In this 

paper, a novel hybrid deep learning model is proposed to improve the prediction accuracy of very short-term wind 

power generation for the Bodangora Wind Farm located in the New South Wales, Australia. The hybrid model 

consists of convolutional layers, gated recurrent unit (GRU) layers and a fully connected neural network. The 

convolutional layers have the ability to automatically learn complex features from raw data while the GRU layers 

are capable of directly learning multiple parallel sequences of input data. The data sets of five-minute intervals 

from the wind farm are used in case studies to demonstrate the effectiveness of the proposed model against other 

advanced existing models, including long short-term memory (LSTM), GRU, autoregressive integrated moving 

average (ARIMA) and support vector machine (SVM), which are tuned to optimise outcome. It is observed that 

the hybrid deep learning model exhibits superior performance over other forecasting models to improve the 

accuracy of wind power forecasting, numerically, up to 1.59 per cent in mean absolute error, 3.73 per cent in 

root mean square error and 8.13 per cent in mean absolute percentage error. 

Keywords: wind power forecasting; short-term prediction; hybrid deep learning; wind farm; long short term 

memory; gated recurrent network and convolutional layers

Nomenclature

NSW New South Wales

LSTM Long short-term memory

NN Feed-forward neural network

RNN Recurrent neural network

Bi-LSTM Bidirectional LSTM

NEM National energy market

BPTT Back-propagation through time

SVM Support vector machine

CNN Convolutional neural network

AGRU Attention-based gated recurrent unit

MAE Mean absolute error

RMSE Root mean square error

MAPE Mean absolute percentage error

MAE-TR MAE during training

RMSE-TR RMSE during training

MAPE-TR MAPE during training
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MAE-Tst MAE during testing

RMSE-Tst RMSE during testing

xt Input data at time t

W Weight matrix

U Input-hidden weight matrix

V Hidden-output weight matrix

φ Activation function

ht Memory unit at time t

b Bias term

ct Unit state

y Actual value

ŷ Predicted value

Sw Window size

fh Forecasting horizon

1. Introduction

The installation of wind power generators has sharply increased around the globe to minimise greenhouse

gas emission, fulfil power demand and reduce electricity price [1]. Their penetration into distribution networks

not only becomes essential to maintain a secure power supply by taking appropriate measure but also maintains

sustainable development of a country [2]. In 2018, the total wind power capacity of onshore and offshore around

the globe has reached 564 GW from 7.5 GW in 1997, which is 24% of total renewable energy sources and 6.5%

of the total power generation. In Australia, the power generated from wind generators in 2018 was 5.76 GW,

3.38 (1.70 GW) times higher than power generation in 2009. This wind power generation is 23.58% of the

total renewable energy produced (24.43 GW) and 7.1% of Australia’s total electricity generation [3]. It is

expected that the wind power generation will continue to increase to fulfil the energy target from renewable

energy sources that is set at 50% of total power generation by 2030. However, the massive penetration of wind

power generation into a distribution network may cause serious disruption in power supply reliability, security

and economy if appropriate measures, such as accurate power predictions and proper operational strategies,

are not in place [4]. The accurate forecasting of power generation is a challenging task due to the non-linear

behaviour of wind speed that has high rates of changes with no typical patterns and heavily depends on extant

atmospheric temperature and pressure. This non-linear behaviour of wind speed makes it harder to extract

features and accurately forecast wind power generation to ensure a reliable, secure power system operation by

scheduling in advance.

There are a number of forecasting methods to predict wind power generation, including physical models,

statistical models, artificial neural network (ANN) models and hybrid intelligent methods [5]. The physical

approach, such as numerical weather prediction, that considers initial values and boundary conditions uses

hydro- and thermo-dynamic models of the physics and atmosphere, leading to poor performance in forecasting

wind power generation due to the development of exact mathematical models [6]. A statistical approach, such

as probabilistic auto-regression and probability mass bias, builds a relationship between wind power generation

and explanatory variables to forecast power generation [7, 8]. This approach has an issue with adaptability

and learning capability, and its performance decreases with the increase in prediction horizons. ANN to predict

wind power generation is widely applied due to its ability to map nonlinear relationships and adopt self-learning

from data samples. The main advantage of this technique is that it does not require any mathematical model

for building a relationship between input and output data to forecast wind power generation [9, 10]. An NN-

based tool to forecast wind power density of ten minute data is developed in [11]. Although an ANN has

demonstrated good performance in forecasting wind power generation, it has an issue with over-fitting and
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under-fitting the model. ANN is also very inefficient to update the weights and biases for more hidden layers

[12, 13]. To overcome such limitations, a spatio-temporal framework using a support vector machine (SVM)

algorithm to predict short-term wind power forecasting is presented in [14]. A grey wolf optimizer is used to

tune the parameter of the kernel function in the SVM model. The SVM algorithm suffers from slow training and

poor generalisation ability [15]. In a hybrid intelligent method, two approaches are generally combined to better

predict the wind power generation, such as ANN and fuzzy logic methods [16]. This combination is useful to

improve the prediction accuracy by compensating the disadvantage of each method. The main concern with the

fuzzy logic approach is that it requires an empirical variable for setting the explanatory variables [17]. In [18], a

combined technique of SVM and improved dragonfly algorithm is presented to forecast wind power generation.

The dragonfly algorithm improved by using adaptive learning factor and differential evolution approach is used

for selecting the optimal parameters of SVM.

Deep learning models have recently drawn attention for their potential to improve the forecasting accuracy

of wind power generation. Several forecasting models, such as auto-encoders [19], restricted Boltzmann machine

[20], convolutional neural network (CNN) [21] and long short-term memory (LSTM) [22], have been used to

forecast wind power generations. Due to the ability to overcome the issues of conventional neural networks,

such as over-fitting, higher time in training, slow convergence and uncertainty, deep learning models are getting

wide attention among researchers [23]. In [24], an LSTM network is applied to forecast wind speed, where

the maximal information coefficient is applied for auto correlation of wind speed series. A two-dimensional

CNN to forecast short-term and long-term wind power generation is presented in [25]. The wavelet transform

approach is used for decomposing the data and particle swarm optimisation algorithm is used for tuning the

weights of the CNN to increase the prediction accuracy of the model. An attention-based Gated Recurrent

Unit (AGRU) to predict short-term wind power generation is presented in [26], where an attention mechanism

to recognise the essential input variables is developed as a feature selection approach. The LSTM algorithm

to forecast short-term wind power generation is used in [27], where a gradient descent approach is used to

train the model. In [28], an ultra short-term probability prediction method that consists of LSTM, wavelet

decomposition and principal component analysis is demonstrated. A normal distribution model is developed to

interpret the uncertain error in prediction. An LSTM algorithm with a two-stage attention mechanism that is

used to weight the input feature and strengthen the trend of wind power feature is presented in [29]. In [30], a

hybrid model of Bayesian averaging and Ensemble learning to forecast short-term wind power is presented. A

combined approach of wavelet transform and CNN for probabilistic wind power prediction is used in [21], where

the wavelet transform decomposes the data into various frequencies. An improved LSTM enhanced forget-gate

network to predict wind power generation is presented in [31]. The LSTM network enhances the performance

by adding two peepholes, using softsign activation function instead of tanh, eliminating input-gate from the

LSTM architecture, subtracting the output of the forget-gate by the fully 1 matrix and using the outcome as the

input value of the data update. This network improves the effect of forget-gate and accelerates the convergence

process.

The majority of the existing literature deals with either short-term or long term wind generation forecasting,

which is quite different from real wind farm operations. As a wind farm participates in a spot electricity market

[32], it requires to submit power generation capability of the next 5 – 15 minutes (very-short term) to meet

the positive or negative ramp of the power demand in a network to balance instantaneous power supply and
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demand with minimum reserve capacity. Through the real-time energy dispatch (5–15 min), the reliability and

stability of a power system network are ensured. As real-time dispatch needs to be matched as precisely as

possible for power system security reason, the accuracy of the very short wind power generation is a crucial

aspect of forecasting. The forecasting has huge impact on the optimal operation of security reserve and wind

farm control in participating the spot electricity market [33]. In addition, wind farms are currently operated

in real-time operation to avoid high uncertainty in power generation, which requires to send commands every

5 or 15 minute to distributed energy resources, including wind generators’ power dispatch and energy storage

system, to maintain reliable, secure power supply in the network [2]. Moreover, this forecasting assists to

understand the dynamic behaviour of wind turbine, optimise performance, control frequency and voltage, and

monitor online health of the wind farm [34]. However, the very short-term forecasting is more challenging

than short- and long-term wind generation forecasting. This is because of capturing high uncertainty in very

short-term data intervals, leading to higher non-linear behaviour exist in wind power forecasting.

In [35], the ultra-short-term (10 min) wind power generation is predicted using Extreme Learning Ma-

chine (ELM) whose weights and bias of the single hidden neural network are optimised using the Salp Swarm

Algorithm. The input data compose of a multi-input sample set (wind speed, temperature, wind direction

and climate factors) to predict wind power generation. This method suffers from over-fitting issue for many

parameters and its performance deteriorates in the present of outliers. A probabilistic forecasting approach

(non-parametric equation-free) based on the empirical dynamic modeling is developed in [36] to estimate the

forecasting uncertainty. The approach is equation and distribution free to describe the power generation and

therefore the performance of this approach solely depends on the potential interactions hidden in the time series

data of the state variables. In [37], a combination of deep learning and ensemble learning is developed to fore-

cast ultra short term (10 min) wind speed. The wind speed series is decomposed using the wavelet transform

and feature is extracted using the deep belief network. In [38], a 15-min wind speed forecasting using the gated

recurrent unit is presented in which the GRU method demonstrates a better result than the LSTM model. The

research deals with the wind speed prediction that needs to be converted to wind power forecasting, leading to

higher inaccuracy to wind power generation.

The above research has a number of limitations, including a number of forecasting variables that needs to

be forecasted, conversion error from wind speed prediction to wind power generation, and short-and-long term

prediction trends that, unable to participate in a spot market and real-time dispatch, are much easier than very

short term forecasting. To overcome the limitations with higher accuracy of forecasting, this paper develops a

novel time series forecasting model of very short term (5 min) wind power generation in the Bodangora wind

farm, Australia. The novel model consists of convolution layers, gated recurrent units and neural network. In

the model, convolution layers have been used to extract the high dimensional feature of complex data set, then

the features are used to train the gated recurrent units for capturing long term memory of essential feature.

Finally, neural network develops a relationship in between output and input data set processed by previous

layers. In addition, this study collects five minute raw data from the real wind farm and pre-processes the

data for training/testing a forecasting model. We improves the performance of the forecasting model through

explicitly analysing several impacts on it and hyperparameter tuning of the model using a grid search technique.

The main contributions of the paper are summarised as follows:

• This paper develops a novel hybrid deep learning model to improve the accuracy of wind power generation
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for the Bodangora wind farm in the state of New South Wales (NSW), Australia. The algorithm consists

of convolutional layers, GRU layers and a fully connected neural network. The convolutional layer extracts

the feature of five-minute data while the GRU retains the necessary information to improve the forecasting

accuracy.

• Real five-minute data of the wind farm that has been pre-processed for machine learning algorithms are

utilised to evaluate the effectiveness of the forecasting model.

• A comparative analysis with advanced forecasting methods, such as LSTM, GRU, ARIMA and SVM, is

carried out to prove the efficacy of the proposed hybrid model. Sensitive and statistical analysis are also

conducted to demonstrate its effectiveness.

The remainder of this paper is structured as follows. In Section 2, a description of the Bodangora wind farm

in the NSW state of Australia is presented. Section 3 demonstrates the design and implementation procedures

of the forecasting models, including CNN, GRU and NN architectures, with the evaluation methods used for

measuring their performance. Experimental results for forecasting wind power generation of the wind farm

with in-depth analysis are demonstrated in Section 4. Section 5 provides concluding remarks.

2. Description of the Bodangora wind farm

The Bodangora wind farm, situated on the hills surrounding Mount Bodangora in the district of Bodangora

near Wellington in Central West of NSW, has thirty-three wind turbines that produce a total wind power

generation of 113.2 MW. Each of the wind turbines can produce power around 3.4 kW. The hub height and

rotor diameter of the turbines are 85 m and 130 m, respectively. The annual output from this farm is 361 GWh

that is sufficient to supply approximately 49,000 NSW homes per year. The tower and rotor diameter of wind

generators are 85 metres and 130 metres, respectively. Around 60% of the generated power from this farm

is supplied to EnergyAustralia and the rest (40%) is actively managed within Infigen’s energy markets risk

framework [39]. The power is transmitted to the grid utility through the high voltage connection of 132 kV.

The wind power generation of the wind farm in every five minutes shown in Figure 1 is predicted in this

paper. The one year of data (2019) of the wind farm and their distribution using histogram are shown in Figure

1b and 1c, respectively. The major frequency of the power generation in the wind farm is below 50 MW over

a year and the frequency remains constant after rest of the ratings, i.e., 50–114 MW. The data are collected

from the national energy market (NEM) Australia and then the data are pre-processed to train forecasting

models. In processing the data, there are some negative values and zeros in the raw data, but these data are

not prepared to train the forecasting model because the model has an issue to create a pattern between input

and output data due to the existence of zero values in training or testing data. In addition, the zero value

cannot be used in MAPE calculation due to the fact that a value divided by zero makes infinite. The negative

data of the wind farm collected indicate the power consumption to maintain its power supply when power

generation of the farm is not sufficient to meet its power demand. Power generation from wind generators not

only depends on the wind speed (≤ 3) but also depends on the Australian energy market. Sometimes, the

electricity prices become negative when power generation is much higher than power demand. In this case, if

a wind farm supplies power to the electricity market, then the wind farm has to pay the electricity fees. As a

result, power generation from the wind farm is shut down to avoid penalty while supplying generated power.
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Figure 1: The Bodangora wind farm in NSW: (a) Pictorial view (b) Power generation in 2019 and (c) Histogram of power generation

.

Generally, the power generated by wind generators is a piece-wise function of the wind speed and it can be

expressed as follows [40]:

Pw =


0 if vf ≤ v or v ≤ vc

Pr ∗ v
3−v3c
v3r−v3c

if vc ≤ v ≤ vr

Pr if vr ≤ v ≤ vf

(1)

where Pr and vr are the rated electrical power and rated wind speed, respectively, and v, vc and vf represent

wind speed, cut-in wind speed and cut-off wind speed, respectively. Power generation begins at the vc (> 3 m/s)

and stops at the vf (≥ 25 m/s). The output power increases non-linearly in between vc and vr as shown in

Figure 2 and remains to its rated generation until wind speed reaches vf . The wind generator does not produce

any power after the cut-off wind speed due to safety reasons.

From Eq. (1), the power generation of a wind farm can be easily determined through the measurement

of wind speed; therefore, many researchers focus on forecasting wind speed to predict wind power generation.

While this is an acceptable way to forecast power generation, prediction errors may increase due to several

reasons, including errors in wind speed and power conversion errors from the mathematical model. Therefore,

this study has selected the direct wind power forecasting rather than wind speed.
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Figure 2: Power curve of wind generator.
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Figure 3: A sliding window approach to prepare data for machine learning.

3. Design and implementation of forecasting model

3.1. Problem formulation

This paper focuses on predicting wind power generation through a time-series approach as conventional

ways of forecasting wind power generation have many disadvantages. For example, as forecasting the wind

generation also has a direct relationship with the wind speed, wind direction, air temperature and air pressure

data, their future data need to be estimated by other prediction methods, leading to more prediction error than

the time-series technique [41]. Therefore, time-series methods that do not require any prior knowledge of wind

speed, air temperature and air pressure forecast the wind power generation only by analysing the pattern of the

past data. The time-series approach (X = x1 , x2 ,..., xt ) is a sequence of observations in a time frame, where

xi refers to the observation at time t and X defines the total number of observation. Input-output data sets

from time-series data are prepared using a sliding window approach depicted in Figure 3 and 4. The time-series

data are framed within the window size as input data and forecasting horizon as output data. The window is
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Figure 4: Input-output data set for training the network.
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Figure 5: Architecture of a simple RNN network.

moved forward with shifting one time step as shown in Figure 4 to prepare data set for training and testing

purposes.

3.2. Hybrid deep learning approach

The accurate prediction of wind power generation is a challenging task due to the existence of high un-

certainty in wind speed that eventually depends on fluctuating weather conditions. Although wind speed is

highly non-linear in characteristics, it follows a certain pattern over the time period that can be extracted for

accurate power forecasting. Among several forecasting methods, deep learning models generally demonstrate

better performance to forecast wind power generation due to their high performance in mapping nonlinear

complex models [42]. The advanced recurrent neural networks (ARNN), such as LSTM and gated recurrent

unit (GRU), can be effectively utilised to capture long and short-term dependencies of time-series data. This

study has utilised the advantages of GRU and CNN to build a novel hybrid deep learning model shown in Figure

6. The proposed hybrid deep learning method is a data-driven approach to capture high nonlinear behaviour

in the time-series data of the wind farm.

3.2.1. Simple recurrent neural network (RNN)

Artificial neural networks (ANNs) based on a collection of connected units that loosely model the neurons in

a biological brain are widely utilised for either modelling a complex system or predicting a system’s behaviour.

These are performed by training the networks first using input and output data sets, leading to a relationship

between them. Then, the networks trained are used as a model to predict outputs, provided the input data. In
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Figure 6: Proposed hybrid deep learning model for wind power forecasting.

the training, the networks update their weights (a real number) to learn the relationship as accurate as possible.

Generally, a backpropagation algorithm that propagates errors from the output to input until errors decline a

threshold value is used to train the networks. Although ANN models have been used widely, they are unable

to handle historical data dependencies [43].

To effectively manage the historical data sequences, such as time-series, simple recurrent neural networks

(RNNs) are constructed in [44]. The networks deal with the sequence of data by persisting the knowledge

collected from subsequent timestamps by means of a recurrent function (network loops) as shown in Figure

5. These feedback loops give the connected units memory to incorporating the previous state as input. The

computational procedure of an RNN can be mathematically represented as follows:

at = WTht−1 + UTxt (2)

ht = φ(at) (3)

yt = σ(V Tht) (4)

where U, V, W are the weight matrices for input-hidden, hidden-output and hidden-hidden connection, respec-
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tively, φ is an activation function (normally a hyperbolic tangent function). xt refers to the input at time step

t, yt denotes the output at time t, ht is the memory unit of RNN at time step t. The current state of ht is

calculated from the current input xt and previous hidden state of ht−1.

3.2.2. Long short-term memory (LSTM)

Although RNNs are effective in dealing with short-term sequences, they cannot handle long-term sequences.

This is because of the vanishing or exploding gradients problem, where the propagation of gradient generally

fails in long-term dependencies [45]. This problem can be overcome by the use of LSTM networks that maintain

the same structure of RNN with different forms of inner cells. The primary idea of LSTM networks is to utilise

particular neurons to store and transfer information over a long period to (i) acquire permanent memories,

(ii) abate the rate of information destruction and (iii) catch long-term dependencies [46]. Figure 7 shows

the structure of an LSTM memory block with one cell. The LSTM networks facilitate the above features by

executing a gated system that regulates the flow of information, i.e. the gradient flow, to handle the vanishing

gradient problem. The network can retain the memory for the long term by controlling the gate system, where

an internal memory is unchanged for a long time. There are four types of gate mechanisms used in the LSTM

network: input, forget, update and output.

• The input gate: It has two parts, it and c̃t. The former determines the input value through the sigmoidal

function while the latter makes an input value through the ‘tanh’ function that is added later to calculate the

unit state, ct. The mathematical formulation can be expressed as follows:

it = σ(Wi.[ht−1, xt] + bi) (5)

c̃t = tanh(Wc.[ht−1, xt] + bc) (6)

where Wi and Wc are the weight matrices of the it and c̃t, respectively; and bi and bc are the bias terms of

input gate. The square brackets refer to the addition of the two vectors.

• The forget gate: This gate determines which information should be stored or forgotten by sending a

value within 0 and 1. The value one indicates all reserved state while zero refers to the all forgotten states.

The gate can read the output of the previous layer and the input of current state to calculate value as follows:

ft = σ(Wf .[ht−1, xt] + bf ) (7)

where Wf is the weight matrix of the gate layer used for storing or deleting information, σ is the sigmoidal

function, and bf is the bias term of the gate layer.
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• The update gate: It updates the state of old cell. The value of the cell state that encodes the - so far

learned- information from the input sequence is the sum of the state products of forget value with the previous

time state and the state of two input values as follows:

ct = ft � ct−1 + it � c̃t (8)

where � is the Hadamard product of two states.

• The output gate: This gate gives a filter version of the cell state as a network’s output and determines

the information after multiplying the input values by the sigmoidal function, then the value is again multiplied

by the tanh function to obtain the final output of the gate as follows:

ot = σ(Wo.[ht−1, xt] + bo) (9)

ht = ot � tanh(ct) (10)

where Wo and bo are the weight matrix of the output gate layer and the bias term of the output gate layer,

respectively.

3.2.3. Gated recurrent unit (GRU)

The gated recurrent unit (GRU), a simplified version of the LSTM presented, is a gating mechanism of

recurrent network, introduced by Kyunghyun Cho in 2014 [47]. The gates are just neural networks that control

information flow passing through sequence chain. The GRU also solve the issue of the vanishing gradient

problem like the LSTM model but with fewer parameters. In the GRU architecture, only two gates, a reset gate

and update gate, as shown in Figure 8 are used to transfer information as compared to the LSTM architecture

which uses four gates. The update gate decides what information is essential to keep and what information

need to be deleted similar to the activities of the forget and input gates in the LSTM architecture. The reset

gate is utilised to determine how much information need to be forgotten. The mathematical formulation can

be represented as follows:

zt = σ(Wz.[ht−1, xt] + bz) (11)

rt = σ(Wr.[ht−1, xt] + br) (12)

h̃t = tanh(Wh.[ht−1 � rt, xt] + bh) (13)

ht = (1− zt)� ht−1 + zt � h̃t (14)
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where zt is the update gate at time step t, rt is the reset gate, h̃t is the memory content for using the reset

gate to store the relevant information from the previous information.

3.2.4. Convolutional Neural Network

The Convolutional Neural Network (CNN), a family member of deep learning algorithms, is primarily used

for two or three-dimensional data of grid-like topologies, such as visual imagery, but it can also be used for

one-dimensional data, such as univariate time-series data. Comprising a convolutional layer, pooling and fully-

connected layers, it has the ability to capture the same patterns of data and therefore it can be successfully used

at complex data format. Due to the effective solution approaches, it has been adopted for various applications,

including computer vision tasks, such as image recognition and sequence modelling tasks: time-series load

forecasting, machine translation and audio generation. The convolutional layer uses a mathematical convolution

operator and cross-correlation instead of general matrix multiplication, and it provides extracted features of

input data through sliding a kernel (filter) over the input data. The number of kernels calculate the number of

output feature maps. Two hyper-parameters, stride and padding, are utilised to regulate other spatial features

[48]. Stride is the difference between two consecutive input patches to indicate a direction of motion, and

padding represents expanding the input by summing zeros to regulate the output size. A pooling layer, a max

or an average, is used to decrease the dimension of data by mixing the output of neuron clusters at one layer

into a single neural in the next layer. Maximum value from each of a neuron’s cluster at the previous layer is

used in a max-pooling, and mean value of a cluster is used in an average pooling. In fully connected layers,

every neuron of one layer is connected to each neuron in another layer, similar to multi-layer perception neural

network.

3.3. Huber loss function

A loss function determines the ability of a model to predict the true value by taking the forecasted output

and real output. The output of the function indicates the suitability of the model developed, for example,

the high output value refers to the poor performance of the model and the low value defines well performance

in predicting the output. There are three common loss functions used in machine learning: MSE, MAE and

Huber loss [49]. It is essential to use an appropriate loss function for training the model due to its impact on

learning in a specific way. For example, the MSE emphasizes training a model well if there are outliers while

the MAE is effective for ignoring the outliers during training the models.

The Huber loss function offers a balanced result that considers outliers in a moderate amount for building

a robust model [49]. The function is a combination of both loss functions (MSE and MAE) as follows:

Lδ(y, ŷ) =


1
2 (y − ŷ)2 if |y − ŷ| ≤ δ

δ|y − ŷ| − 1
2δ

2 otherwise

(15)

where δ, a hyperparameter, is a positive real number that controls the transition between MSE and MAE. Eq.

(15) indicates that if the loss values are less than δ, it acts as MSE and uses the MAE when the loss values are

higher than δ. This is the main reason of the function being robust to consider outliers.

3.4. Procedures of the proposed approach

The detail steps are proposed to predict the wind power generation as follows.

Stage 1: Data pre-processing
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• Load and extract the one year data of wind power generation as shown in Figure 1b;

• Divide the data into two main components: time and series formats;

• Split the data into training and testing sets;

• Define the window size, batch size and shuffle buffer size;

• Prepare data of input (X) sets and output (Y) sets for training a model;

Stage 2: Develop forecasting model

• Use the convolutional layers to extract data feature from input data;

• Use the gated recurrent layers to memorise the important features;

• Use the fully connected NN layers to map the input-output relationship;

• Normalised the data by multiplying the maximum magnitude;

Stage 3: Training the model

• Use an optimisation algorithm for tuning parameters’ weights;

• Compile the model with Huber loss function;

• Train the deep learning model of Stage 2 with input data until the maximum iteration is reached;

Stage 4: Forecasting and measuring performance

• Use the model trained from Stage 3 to forecast the entire data;

• Separate the prediction data into training and forecasting errors;

• Use the performance indices to measure the effectiveness of the model presented.

3.5. Performance index

The performance of the proposed model for the very short-term prediction has been measured by using

three indices, the Mean Absolute Error (MAE), the Root Mean Square Error (RMSE) and the Mean Absolute

Percentage Error (MAPE). These indices are briefly described as follows.

•Mean Absolute Error (MAE): The MAE refers to the average of the absolute errors between the actual

and forecast values, describing a typical magnitude of errors. It considers absolute value to avoid cancellation

between negative and positive values of errors and therefore it does not refer to under performance or over

performance of the model. MAE is useful as a performance index to avoid the influence of outliers, extreme

values in data sets. A small value of MAE indicates high accuracy in prediction, i.e., the zero value of MAE

suggests the accurate model for predicting output data. The mathematical equation is represented as follows:

MAE =
1

n

n∑
i=1

| ŷi − yi | (16)

where ŷi is the predicted value of the power generation, yi is the actual value of the power generation, and n

is the total number of predicted points.

13

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 22 September 2020                   



• Root Mean Square Error (RMSE): The RMSE indicates a sample standard deviation of prediction

errors. It suggests the spread out of errors, i.e., the larger value indicates higher spread out of the error. The

value of RMSE is usually higher than MSE due to the presence of outliers, i.e., the larger difference in between

actual and forecast values has a higher value on RMSE than MSE. The following equation is used to calculate

RMSE value:

RMSE =

√√√√ 1

n

n∑
i=1

(ŷi − yi). (17)

•Mean Absolute Percentage Error (MAPE): The MAPE, the percentage equivalent of MAE, measures

how far the forecasting values of the model are off from their actual values on average. As this method also uses

absolute value, it is free from the influence of outliers like MAE. This method is useful for using percentages,

i.e. forecasting values are scaled against the true value, to interpret the performance of the model as both MAE

and RMSE show value from zero to positive infinity. Therefore, it may calculate unexpected value when the

actual data are zero or very small. In addition, it can calculate a bias value due to the division of the actual

value. The following formula is used:

MAPE =
1

n

n∑
i=1

| ŷi − yi
yi

| ×100%. (18)

The smaller are the values of MAE, RMSE and MAPE, the better is the forecasting performance.

4. Experimental results

This section highlights the forecasting results of the hybrid deep learning model and its effectiveness through

extensive analysis to predict wind power generation. To begin with, the hyper-parameter tuning of the hybrid

network is executed to determine the best prediction model. We have conducted grid search methods for

selecting the best parameters among the possible parameter settings as they have a significant effect on the

outcomes of the model. Then, the forecasting results of various models, such as LSTM, Bidirectional-LSTM

(Bi-LSTM), GRU, ARIMA and SVM, are presented to compare their effectiveness in predicting wind power

generation. The prediction models are implemented on a personal computer of central processing unit (CPU)

configured by a 3.4-GHz Intel Core i7 processor with 16 GB RAM, using the Python 3.7 software that utilises

the Keras API integrated with the TensorFlow framework.

4.1. Data preprocessing

As the data recorded by smart meters or sensors are taken from the real wind farm in the NSW state, they

are subjected to noise, outliers and missing data. Communication failure is the main reason for missing data.

Therefore, the data to prepare for machine learning are generally modified by the following procedure.

Missing values: The missing values of wind power generation are filled with the mean value of three

previous and next time steps of missing data.

Data transformation: As the data recorded by capturing wind power generation are not compatible with

analysis, data aggregation are first performed to make a suitable format. Then, data are transformed to scaling

the differences between time-series using a linear transformation.
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Data structure: To forecast the wind power generation of the wind farm for h next time steps, the data

are divided into input and output formats by transforming the input time-series into input-output pairs using

a moving window process as follows:

[xt+1, xt+2, ..., xt+h] = f(xt, xt−1, ..., xt−w) (19)

where w is the window size of input data, xt is the time-series data, h is the forecasting horizon and f is the

deep learning model established by training.

Table 1: Data features of Bodangora wind farm in 2019.

Feature Quantity Feature Quantity

Count 105121 50% 31.55

Mean 39.82 75% 66.00

Std 33.48 Max 114.36

Min 1.00 Data sample 5 min

25% 9.79

4.2. Hyper-parameter tuning

This section demonstrates tuning of hybrid deep learning models by using a grid search method to achieve

the best forecasting model of wind power generation. Although we have tuned all the parameters (such as

neuron size, loss functions, activation functions, optimisation algorithms, batch size and window size) of the

forecasting models, only three tuning results are displayed here to avoid redundant spaces: network selection,

convolutional filter and kernel size selection. As hybrid deep learning models are stochastic, i.e., the same

prediction model will have different performance for the same input data, the models are evaluated multiple

times (eleven runs) to obtain a high performing configuration that is robust in prediction. To evaluate the

parameters’ performance, we have considered median value of the samples as the median value is located in the

centre of all data, whereas the mean value is easily influenced by outlier values, leading to misguided information

sometimes. Validation losses are used as a criterion for selecting the best configuration.

4.2.1. Number of layer selection in hybrid network

In the deep learning models, the number of neuron layers have an impact on improving the forecasting

accuracy due to the over-fitting and under-fitting issue. It is not true in deep learning that an increasing

number of layers will improve the prediction accuracy. This is because of over-fitting issues that indicate

prediction models learn well during the training period, but it has higher errors at the prediction time. In

contrast, a few numbers of layers may lead to under-fitting issues due to inability to map the relationship

between input and output data. Therefore, five combinations of various layers tabulated in Table 2 are carried

out to find out the best model for the wind power prediction of the Bodangora wind farm. In the table, M(0...4)

represents model numbers from zero to four, CL indicates a convolutional layer, 2GRU refers to two GRU layers

and 2NN defines two neural network layers.
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Table 2: Selection of several network configurations.

Models Structure Models Structure

M0 CL GRU 2NN M3 2CL 2GRU 2NN

M1 2CL GRU 2NN M4 2CL 3GRU 2NN

M2 CL 2GRU 2NN

0 1 3 42

2.06
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2.10

2.12

2.14

Va
lid

at
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n 
lo

ss

Models

Figure 9: Layer selection of hybrid deep learning model.

Simulation is carried out multiple times to select the best possible combination of the hybrid layers while

ensuring the robustness of the model developed. From Figure 9, it can be observed that the median values of

all the combinations are swinging throughout the combination from zero to four. Initially, the value decreases

in the first three combinations, then it increases in configuration four, after that it again decreases in the fifth

configuration. The lower performance is found in model 1, followed by model 2. The superior performance is

observed in model 2 which consists of a single convolutional layer, two GRU layers and two NN layers. Model

2 demonstrates a robust forecasting model with low deviation and no outliers. It should be noted that Model 4

has also shown a competitive performance but it has a bad outlier with high variance than Model 2. Therefore,

Model 2 is selected for this study to improve the accuracy of the forecasting model. From the study, it can be

concluded that an increasing number of layers may not improve the performance of the prediction model, but
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Figure 10: Selection of CNN parameters: (a) kernel size and (b) filter size.
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Figure 11: Forecasting wind power generation: (a) original and (b) zoom in.
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Figure 12: Residual of the hybrid deep learning model.

the less number of network layers can improve the performance. An effective combination of network layers for

the hybrid deep learning model is essential to improve its performance.

4.2.2. Selection of parameters in convolutional layers

In convolutional layers, there are mainly two parameters (kernel and filter sizes) that need to be tuned

to improve the performance of convolutional layers in a hybrid deep learning model. A kernel is an integral

part of the architecture and is defined as an operator used in the whole data set to transform the information.

Figure 10a demonstrates the performance of various types of kernel size and it can be observed that the best

performance among eleven independent runs is in the selection of kernel 3, followed by kernel 5. It is found the

majority of the loss values are in the lower portion of the box as shown by gray dot points in Figure 10a. The

kernel size 4 shows a poor performance as compared to others. The filter size tuning of convolutional layers is

shown in Figure 10b. It is observed that there is a swing around the median of filters although this has less

variation. Selection of 64 and 96 filters has much better performance as compared to other filter sizes. Filter

size 16 shows the worst performance followed by 48. It should be pointed out that the filter size 96 has shown

a promising result with less deviation but two bad outliers, while the filter size 64 has a consistent result with

a good outlier.
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Figure 13: Convergence curve of the hybrid deep learning model.

4.3. Forecasting power generation

Wind power generation of the Bodangora wind farm described in Section 2 is predicted in this section as a

single-step rolling forward prediction. One year data (105,121 samples) of the wind farm is collected for training

and testing purposes, where 95% of data is used for training the forecasting models and only 5% of the data is

employed to test the effectiveness of the models presented. As data samples are captured for very short term

(5-min), leading to a large volume of data, only 5% of data is sufficient for measuring the effectiveness of the

models. The feature of wind generation data in 2019 is tabulated in Table 1.

The parameters of the forecasting model, consisting of convolutional layers, GRU layers and fully connected

NN, are tuned using grid search methods to improve the forecasting performance. In the proposed model,

we have determined a convolutional layer, two GRU layers and two NN layers for better performance as

demonstrated in Figure 9. The time-series input data are arranged in a way that can help to build a strong

relationship between input and output data. In order to transform the time-series data into a data frame, 30

samples of time lags are employed using the sliding window method described in Figure 3, i.e., the past 30

input data are chosen to predict future data after several parameter tests. The data are used to train the model

as a mini-batch size of 32 after several trails for improving training efficiency. To select random data sets for

training and testing the models, shuffle buffer size is chosen 1000. We have trained the model to update its

weight using the Truncated Backpropagation Through Time (BPTT) algorithm.

After training the proposed model, it is used to test the performance of the forecasting model to predict

wind power generation of the wind farm. The forecasting results of the model is depicted in Figure 11a and the

zoom in version from 600 to 1000 data points is illustrated in Figure 11b. It is observed that the forecasting

value is close to the actual value. Most importantly, the errors of the forecasting values are very low even after

several spikes exist in the forecasting data depicted in Figure 12. The majority of the error remains as low as

less than 10% of the total generation capacity. The performance indices are used to measure the effectiveness

of the forecasting model. In forecasting the test data, the average absolute difference between the forecasting

value and actual value is 2.48, while the standard deviation of the predicted errors, i.e., the spread out of

errors, is 3.87. As the both error values, MAE and RMSE, are not much different, it indicates a consistent

size of errors, with the lower effect of outliers. The relative size of the forecasting errors for the wind farm
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can be observed on average as 9.94% of its power generation capacity. The convergence curve of the training

and testing errors are demonstrated in Figure 13 from where it is observed that the model converges sharply,

approximately within 10 epochs, and it does not have the issues of over- and under-fittings.

Table 3: Forecasting errors of prediction models.

Models
MAE RMSE MAPE

Training Testing Training Testing Training Testing

RNN 2.06 2.50 3.32 3.91 9.95 10.82

LSTM 2.05 2.49 3.31 3.90 9.58 10.39

Bi-LSTM 2.05 2.50 3.30 3.90 9.52 10.25

GRU 2.05 2.49 3.29 3.88 9.32 10.28

Proposed 2.03 2.48 3.26 3.87 9.00 9.94

ARIMA — 2.52 — 3.91 — 9.96

SVM — 2.45 — 4.02 — 10.15

Table 4: Outcome of parameter tuning for rival forecasting models.

Models # of layers (ranges, step) # of neurons (ranges, step)

RNN 3 (1–4, 1) 40 (10– 80, x2)

LSTM 1 (1–4, 1) 80 (10– 80, x2)

Bi-LSTM 2 (1–4, 1) 80 (10– 80, x2)

GRU 2 (1–4, 1) 40 (10– 80, x2)

4.3.1. Comparative analysis with parameter tuning

This subsection compares the outcome of the proposed model with the advanced forecasting models, namely,

RNN, LSTM, Bi-LSTM, GRU, ARIMA and SVM. As the performance of all the models heavily depends on the

parameter tuning, we have conducted an extensive tuning, a very time consuming approach, for all the models

using the grid search approach. As the structure of the ARIMA and SVM forecasting model are different from

the deep learning models, we have taken an extra care to tune their hyper-parameters and improve the outcome.

As the performance of SVM model generally relies on the selection of SVM kernel, penalty parameter (C) and

gamma [50], these parameters are varied to obtain better results using the grid search technique. For the kernel

of radial basis function (rbf) and the loss function (epsilon) value of 0.01, the gamma value is chosen 1e−4 from

the range [1e−4 - 0.9] and C is selected 100 from the range [1–10,000]. Ten k-fold cross-validation is used to

minimise mean square error during the grid search process. In the ARIMA model, the performance depends on

the selection of pth-order auto-regression process, qth-order moving average and differencing parameter (d) [51].

For the tuning purpose, the maximum p and q are set to five while the d value is set to 1 for selecting the best

value using auto ARIMA parameter tuning (pmdarima). The parameters are selected based on the minimum

value of the Akaike information criterion (AIC) and other factors, such as sample quantiles, auto-correlation

and statistical significance. The value of p, d and q are selected as 4, 1, 0, respectively, from the parameter

tuning.

19

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 22 September 2020                   



2.02

2.02

2.03

2.03

2.04

2.04

2.05

2.05

2.06

2.06

RNN LSTM Bi-LSTM GRU Proposed

2.06

2.05 2.05 2.05

2.03

M
A

E

Forecasting models

MAE-TR

(a)

2.40

2.42

2.44

2.46

2.48

2.50

2.52

RNN LSTM Bi-LSTM GRU Proposed ARIMA SVM

2.50
2.49 2.50

2.49
2.48

2.52

2.45

M
A

E
Forecasting models

MAE-Tst

(b)

3.23

3.24

3.25

3.26

3.27

3.28

3.29

3.30

3.31

3.32

RNN LSTM Bi-LSTM GRU Proposed

3.32
3.31 3.30

3.29

3.26

R
M

S
E

Forecasting models

RMSE -TR

(c)

3.75

3.80

3.85

3.90

3.95

4.00

4.05

RNN LSTM Bi-LSTM GRU Proposed ARIMA SVM

3.91 3.90 3.90
3.88 3.87

3.91

4.02R
M

S
E

Forecasting models

RMSE-Tst

(d)

8.40

8.60

8.80

9.00

9.20

9.40

9.60

9.80

10.00

RNN LSTM Bi-LSTM GRU Proposed

9.95

9.58 9.52
9.32

9.00

M
A

P
E

Forecasting models

MA PE-TR

(e)

9.40

9.60

9.80

10.00

10.20

10.40

10.60

10.80

11.00

RNN LSTM Bi-LSTM GRU Proposed ARIMA SVM

10.82

10.39 10.43
10.28

9.94 9.96
10.15

M
A

P
E

Forecasting models

MAPE-Tst

(f)

Figure 14: Errors in forecasting models: (a) MAE in training (b) MAE in testing (c) RMSE in training (d) RMSE in testing (e)

MAPE in training and (f) MAPE in testing.
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Figure 15: The neuron tuning of rival forecasting models: (a) RNN (b) LSTM (c) Bi-LSTM and (d) GRU.

The parameter tuning of the rival deep learning model is carried out using the grid search approach similar

to the proposed model. As all the deep learning models are developed in the same frame, the previous selection

of input data and mini-batch size are the same, i.e., window size = 30 and batch size = 32. Two parameters, the

number of layers and the number of neurons, are chosen to save time in parameter tuning without compromising

the performance. For avoiding too much time in computation, we have chosen five independent run to tune the

parameters for presenting results statistically. The ranges, step of the grid search and chosen parameters for

the rival models are tabulated in Table 4. It is observed that the number of layers and the neurons are not the

same for all the forecasting models, indicating they have an effect to improve the performance. It is interesting

to see that the LSTM has performed better in a layer with 80 neurons while GRU has taken two layers with

40 neurons in each layer. The tuning of neuron size in the models is demonstrated in Figure 15, where the

validation loss is selected as a selection criteria. While the increasing neuron size enhances the performance for

the LSTM and Bi-LSTM model, it was not continue with the further increase in neuron size after 80. In the

GRU model, the distribution of the box shows in a compact form as compared to the others. This is because

of a large scale in the validation axis that happens for the neuron size 10 whose validation loss is more than 15.

From the analysis, it can be concluded that as the response of the rival forecasting models are different with

the variation of the parameters, it is essential to tune all the competitive forecasting models using a tuning

technique.

The outcome of the comparative models are illustrated in Figure 14 and tabulated in Table 3 for both the

training and testing errors in terms of performance indices. The highest errors (2.52) in MAE for testing are
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found in the ARIMA model followed by the RNN and Bi-LSTM models. The SVM model shows the highest

error (4.02) in RMSE for the testing set followed by the ARIMA and RNN models. In the performance index

MAPE, the RNN model has highest errors (10.82) followed by the LSTM and GRU models. The proposed

hybrid model demonstrates the best performance in terms of MAE, RMSE and MAPE, although the ARIMA

model has also a good prediction accuracy in terms of MAPE. The training results of the ARIMA and SVM

models are not demonstrated in Table 3. This is due to the fact that we have used 70 percentage of data in

training the models and 30 per cent (equivalent to the 5 percentage of data in 2019 data set) for testing the

models’ performance since the large scale of data brings complexity in ARIMA and SVM models. Although

the performances of the advanced deep learning models (LSTM, Bi-LSTM and GRU) are similar, the GRU

model has demonstrated slightly better performance than other models during both the training and testing.

The performance of the proposed model is improved due to the combined features of a convolutional layer,

GRU layers and fully connected NN. Therefore, it can be concluded that the proposed method has improved

the performance 1.59% in MAE compared to the ARIMA model, 3.73% in RMSE compared to the SVM model

and 8.13% in MAPE compared to the RNN model.

4.3.2. Sensitivity analysis

This section is dedicated to the sensitivity analysis of the forecasting models to predict the wind power

generation. The sensitivity analysis in the forecasting model indicates multiple runs of the model to determine

its effectiveness during actual wind power forecasting. As machine learning models work on random numbers, it

is essential to run the deep learning models several times to check its suitability during practical implementation.

To present the results statistically, we have experimented the models eleven times with different seed values for

each run. This experiment can be any run, but we have selected eleven to reduce computational time and find

the median value easily. Forecasting the wind power using testing data are considered to represent the analysis

as the data are unknown to the model. The median value is used as an evaluation criterion for determining the

effectiveness due to their position among multiple runs.

As the ARIMA and SVM models demonstrate a deterministic result, i.e. the result is the same with separate

runs, these are not included in the sensitivity analysis. The results of the multiple runs for MAE, RMSE and

MAPE are demonstrated in Table 5, 6 and 7, respectively. The results of the forecasting models, especially for

MAE and RMSE, are similar, with a small variation in their results. In terms of median value, the proposed

model demonstrates the lowest error in forecasting the wind power generation of the wind farm although the

standard deviation is slightly higher than others. The GRU model shows the second best model in reducing the

prediction error in terms of MAE and RMSE. In MAPE, the proposed model also shows the higher performance

followed by the Bi-LSTM model and GRU model. The higher error, i.e. 10.82, is found in the RNN model

followed by the LSTM. The highest standard deviation in MAPE is in the RNN model followed by the Bi-LSTM

model. From the analysis, it can be concluded that the proposed model shows a superior performance over

other advanced models followed by the GRU model to predict the wind power generation of the wind farm.

4.3.3. Statistical analysis

To further demonstrate the effectiveness of the deep learning forecasting models, we have conducted two

non-parametric tests: a Wilcoxon signed-rank test and Fredman’s ranking test. The test determines whether a
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Table 5: Comparative summary of the forecasting models using MAE-testing.

Models Best Median Mean Worst Std.

Proposed 2.45 2.48 2.48 2.50 0.01203

GRU 2.48 2.49 2.49 2.50 0.00851

Bi-LSTM 2.49 2.50 2.50 2.51 0.00583

LSTM 2.49 2.49 2.50 2.51 0.00647

RNN 2.50 2.49 2.51 2.53 0.00900

Table 6: Comparative summary of the forecasting models using RMSE-testing.

Models Best Median Mean Worst Std.

Proposed 3.85 3.87 3.87 3.89 0.01537

GRU 3.87 3.88 3.88 3.89 0.00767

Bi-LSTM 3.90 3.90 3.91 3.92 0.00683

LSTM 3.89 3.90 3.90 3.91 0.00727

RNN 3.90 3.91 3.91 3.94 0.01232

Table 7: Comparative summary of the forecasting models using MAPE-testing

.

Models Best Median Mean Worst Std.

Proposed 9.80 9.94 10.08 10.79 0.30524

GRU 9.93 10.28 10.34 11.17 0.37298

Bi-LSTM 10.06 10.25 10.50 11.44 0.44547

LSTM 10.12 10.39 10.47 11.26 0.34625

RNN 10.40 10.82 10.98 12.39 0.57119

Table 8: Results of the Wilcoxon test using MAE-testing

.

Models R+ R− P-value Dec.

Proposed vs. GRU 57.0 9.0 0.029383 +

Proposed vs. Bi-LSTM 66.0 0.0 0.002897 +

Proposed vs. LSTM 62.0 4.0 0.008719 +

Proposed vs. RNN 66.0 0.0 0.002897 +

Table 9: Results of the Wilcoxon test using RMSE-testing

.

Models R+ R− P-value Dec.

Proposed vs. GRU 58.0 8.0 0.023376 +

Proposed vs. Bi-LSTM 66.0 0.0 0.002897 +

Proposed vs. LSTM 66.0 0.0 0.002897 +

Proposed vs. RNN 66.0 0.0 0.002897 +
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Table 10: Results of the Wilcoxon test using MAPE-testing

.

Models R+ R− P-value Dec.

Proposed vs. GRU 51.0 15.0 0.100001 ≈

Proposed vs. Bi-LSTM 57.0 9.0 0.029383 +

Proposed vs. LSTM 61.0 5.0 0.011278 +

Proposed vs. RNN 66.0 0.0 0.002897 +
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Figure 16: Friedman’s ranking test: (a) MAE-testing (b) RMSE-testing and (c) MAPE-testing.

Table 11: Multi-step forecasting errors (median) of the proposed model.

Time steps MAE RMSE MAPE

Second 2.52 3.90 10.40

Third 2.58 3.96 10.97

Fifth 2.75 4.14 12.36

Seven 2.94 4.31 13.73

Nine 3.11 4.49 14.41
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model has a significant difference in results as compared to the opponent models, where P-values less than 0.05

indicate the statistical significance of the proposed model [4]. In the Wilcoxon signed-rank test, two models are

compared, where “+” sign refers to the significant superiority of the proposed model over the other, “−” sign

indicates opposite, i.e., the proposed model is inferior to other one, and “≈” sign shows no statistical significant

difference between the models’ performances. The results obtained from the Wilcoxon signed-rank test using

the performance indices of MAE, RMSE and MAPE are presented in Table 8, 9 and 10. The R+ indicates the

sum of positive ranks that is 66 if the model outperforms in each run. The ranking value is determined by

multiplying the number of models with the number of independent runs, i.e., 6 × 11 = 66. The R− refers to

the sum of negative ranks with respect to the proposed model, indicating the inferiority of the proposed model

over others for specific runs.

The results of the Wilcoxon test using the performance indices, MAE and RMSE, are demonstrated in

Tables 8 and 9, respectively. The proposed model is compared with other models through the one-by-one

approach. In MAE, the proposed model shows a statistical significance over other models, with negative rank 9

for GRU and 4 for LSTM. The model has again received the statistical significance over others in RMSE, with

negative rank 8 for the GRU model. In the MAPE test shown in Table 10, there is no statistical significance

in the performance of the proposed model with the GRU model as P-value is higher than 0.05. However, the

proposed model shows the statistical significance as compared to the other models, such as LSTM, Bi-LSTM

and RNN. The GRU model in the Wilcoxon test is found to be a competitive forecasting model as compared

to other models.

To further analyse the effectiveness of the deep learning models, Friedman’s rank test has been conducted

among the models. The test ranks among the participated models from one to six depending on their perfor-

mance. The lowest value indicates the best models while the highest value refers to inferior performance as

compared to other models. The results of the test data in terms of MAE, RMSE and MAPE are depicted in

Figure 16. In all the tests, the proposed model has performed the best followed by the GRU model. The LSTM

model has shown a better result in MAE than the Bi-LSTM model that shows a better performance in MAPE

than the LSTM one. In RMSE, the both LSTM and Bi-LSTM models have the same ranking. The RNN model

performs the worst in all the performance indices. From the analysis, it can be concluded that the hybrid deep

learning model is better than all other forecasting models based on the Wilcoxon signed-rank and Friedman’s

rank tests.

4.4. Multi-step forecasting

This section presents the multi-steps forecasting of the proposed model to determine the response in fore-

casting accuracy. The structure and hyper-parameters of the model are remained the same, with different time

steps of training and testing sets, namely second, third, fifth, seven and nine. The multi-step predictions can be

conducted two ways: updating prediction after each single time interval (i.e. 5 min in this study) and updating

prediction after the time step size considered (i.e., 10 or 15 min). The later technique may lead to higher error

in the forecasting as it updates the forecasting model after the long time step considered. Therefore, the former

approach widely adopted in the literature and industry [52] is taken into account in this study to present the

multi-step forecasting. The performance of the forecasting model for the multi-time steps is evaluated eleven

times to statistically present the result as shown Figure 17. It is observed that the increasing time-steps rises
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Figure 17: Multi-step forecasting errors: (a) MAE-testing (b) RMSE-testing and (c) MAPE-testing.

the value of performance indices, i.e., higher errors in the prediction. In MAE and RMSE, the error values are

increasing exponentially while in MAPE the errors are increasing most like linearly. The median value of the

performance indices for the multi-step prediction is tabulated in Table 11. Therefore, it can be concluded that

the higher number of step size induces higher errors in forecasting the very short-term wind power generation

of the Bodangora Wind Farm.

4.5. Discussion

This study has proposed a hybrid deep learning model to forecast the very-short term wind power generation

of the Bodangora wind farm in Australia. The effectiveness of the forecasting model is compared with the

other advanced forecasting models, including ARIMA and SVM models. The proposed hybrid model could be

used using other combinations, such as the combination of CNN and LSTM models. We have conducted the

experiment with the CNN-LSTM combination, not shown in the study, but the result of the proposed model

demonstrates higher performance than the CNN-LSTM model. In addition, as the GRU model performed well

as compared to the other deep learning models, we have built the hybrid model on it with the convolution

layers.

As the ARIMA and SVM models demonstrate a deterministic result in forecasting the single-step wind power

generation, these models are not participated in the sensitive and statistical analysis. To forecast through the

ARIMA and SVM model, the data size was reduced keeping the testing data same as these model has complexity

in dealing with the large number of data sample. The parameters of all the prediction models are chosen after

the parameter tuning using the grid search approach. It is found that the performance of the forecasting model
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depends largely on the parameter tuning of the rival forecasting models. All the compared models are tuned

separately, as a result, the outcome of the proposed model is not much higher as compared to other models.

The outcomes of several case studies show the superiority of the hybrid deep learning model over others. The

improved performance depends on the parameter tuning of its structures, number of neurons, number of layers,

input data, batch size and other factors. If these parameters are not taken into consideration, the performance

can easily deteriorate. Therefore, it is strongly recommended to conduct parameter tuning of all the forecasting

models before demonstrating a comparison.

5. Conclusion

Accurate prediction of wind power generation as early as possible is crucial to enable better power dispatch,

scheduling and unit commitment of energy resources including energy storage systems. In addition, accurate

forecasting decreases the risk of economic and technical losses due to uncertain wind power generation, leading

to participation of a wind farm in a more competitive energy market. To improve the prediction of very short-

term wind power generation of the Bodangora wind farm in Australia, this paper proposes a novel hybrid deep

learning model, consisting of convolutional layers, gated recurrent unit layers and neural network layers. The

convolutional layers extract data feature while gated recurrent units retain information in memory to improve

the forecasting accuracy. The forecasting model is trained and tested using a 5-min data sample of the real

wind power generation in the wind farm. The performance of the model proposed to forecast power generation

is compared with the advanced forecasting models and evaluated using performance indices, namely MAE,

RMSE and MAPE. Sensitivity and statistical analysis of multiple runs with different seed numbers are also

carried out to further assess the effectiveness of the models. Moreover, the forecasting model is used to predict

the multi-step forecasting to demonstrate the error in a large horizon. It is found that the hybrid deep learning

model demonstrates higher accuracy than all other models, especially up to 1.59% in MAE, 3.73% in RMSE

and 8.13% in MAPE, to predict the very short-term wind power generation of the wind farm. In addition, it

is also observed that the GRU model shows better performance than the other deep learning models, such as

LSTM, Bi-LSTM and RNN. The outcomes from the parameter tuning indicate that each model has its own

feature that needs to be explored for improving the performance.

The proposed forecasting model can also be utilised to improve the accuracy of other prediction tasks, such

as wind speed, solar power generation, power demand, electricity prices, stock index and traffic flow. This

can be performed by training and validating the model with time-series data while the structure of the hybrid

model may depend on the degree of complexity in the forecasting data. Although a large volume of data set has

been used in this study, a small volume of data can also be utilised to train the model for prediction purposes,

which is common with limited sets of available data.

In the future, the proposed model will be further evaluated against recent forecasting models using a number

of wind farm data, with several case studies. The parameter turning of the model will also be performed using

advanced optimisation algorithms for reducing parameter time and more accurate results.
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[17] F. Valencia, J. Collado, D. Sáez, L. G. Maŕın, Robust energy management system for a microgrid based

on a fuzzy prediction interval model, IEEE Transactions on Smart Grid 7 (3) (2015) 1486–1494.

[18] L.-L. Li, X. Zhao, M.-L. Tseng, R. R. Tan, Short-term wind power forecasting based on support vector

machine with improved dragonfly algorithm, Journal of Cleaner Production 242 (2020) 118447.

[19] J. Yan, H. Zhang, Y. Liu, S. Han, L. Li, Z. Lu, Forecasting the high penetration of wind power on multiple

scales using multi-to-multi mapping, IEEE Transactions on Power Systems 33 (3) (2018) 3276–3284.

[20] M. Khodayar, J. Wang, M. Manthouri, Interval deep generative neural network for wind speed forecasting,

IEEE Transactions on Smart Grid 10 (4) (2018) 3974–3989.

[21] H.-z. Wang, G.-q. Li, G.-b. Wang, J.-c. Peng, H. Jiang, Y.-t. Liu, Deep learning based ensemble approach

for probabilistic wind power forecasting, Applied energy 188 (2017) 56–70.
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