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Abstract 22 

In response to the growing demand for the global energy supply chain, wind power has become an important 23 

research subject among studies in the advancement of renewable energy sources. The major concern is the 24 

stochastic volatility of weather conditions that hinder the development of wind power forecasting approaches. To 25 

address this issue, the current study proposes a weather prediction method divided into two models for wind speed 26 

and atmospheric system forecasting. First, the data-based model incorporated with wavelet transform and 27 

recurrent neural networks is employed to predict the wind speed. Second, the physics-informed echo state network 28 

was used to learn the chaotic behaviour of the atmospheric system. The findings were validated with a case study 29 

conducted on wind speed data from Turkmenistan. The results suggest the out-performance of physics-informed 30 

model for accurate and reliable forecasting analysis, which indicates the potential for implementation in wind 31 

energy analysis.  32 

Keywords: Atmospheric disturbance, Echo State Networks, Lorenz system, Physics informed machine learning, 33 

Recurrent Neural Networks, Reservoir Computing, Wind speed 34 

1. Introduction 35 

Due to the continued increase of energy demand, conventional energy sources seem unable to support energy 36 

advances in recent years. Global energy consumption is predicted to be grown by around 60% by 2030 (Bahrami 37 

et al., 2019). As a result, countries have set a long-term goal for the utilization of renewable energy sources (Zhang 38 

et al., 2018). Among the renewable energy options, wind energy is getting prominence as one of the most 39 

promising alternatives (Zhang et al., 2020). According to (Bahrami et al., 2019), 121 out of 195 nations use it as 40 

a source of electricity with Asia accounted for almost 40%. The authors’ specific focus was on promoting the 41 

renewable energy exploitation in Turkmenistan by providing the country's first wind speed evaluation. The results 42 

highlight the significance of the energy market as Turkmenistan is a main electricity supplier in the Central Asia 43 

and its further potential from wind power. Wind speed is a significant element in the wind power production (Hu 44 

et al., 2021), and accurate and dependable wind speed and weather forecasting systems are conducive to lowering 45 
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operating costs and improving wind power system stability (Zhang et al., 2020). Therefore, there is a need to 46 

develop a comprehensive model to characterize the unpredictability and instability of the chaotic nature of 47 

weather. Scholars are currently undertaking substantial research and contributing significantly to the area of wind 48 

speed forecasting. 49 

1.1 Related works 50 

Four types of wind power forecasting approaches have been presented so far: physical modelling, statistical 51 

methods, artificial intelligence (AI) models, and their hybrids (Wang et al., 2019). First category models are based 52 

on the physical processes in the atmosphere. (Srivastava and Bran, 2018) investigated aerosol concentration by 53 

using physical parameterizations to describe the dynamics of the atmosphere. (Zhang et al., 2019) employed 54 

computational fluid dynamics to simulate the wind’s flow pattern impact on pollutant dispersion. Physical models 55 

do not need to be trained on prior data; thus, they are practical for use in new wind farms (Hu et al., 2021). On the 56 

other hand, they are unsuitable for small regions or short-term forecasting and need a large amount of data. 57 

Statistical models, including linear regression and an autoregressive integrated moving average (Hu et al., 2021), 58 

prediction consistent with earlier observations. Notable applications include: (Snoun et al., 2019) utilized the 59 

Gaussian atmospheric model to accurately retrieve the short-range distribution of wind speed. (Natarajan et al., 60 

2021) compared probability distribution models for performance monitoring in Indian wind farms. Although they 61 

outperform physical models, statistical models are unable to predict nonlinear patterns. An alternative solution is 62 

to employ AI-based forecasting methods. They have made significant progress in the field of time series 63 

forecasting (Liu et al., 2020). The primary advantage of AI models is their high learning capacity and nonlinear 64 

mapping capability (Wang et al., 2019). The artificial neural networks (ANN) and their Deep learning structure 65 

are frequently employed in wind speed forecasting (Liu et al., 2020). (Zhang et al., 2021) proposed a wind speed 66 

prediction scheme based on long and short-term memory neural networks. (Cui et al., 2019) used backpropagation 67 

neural network to improve wind speed forecasting accuracy. The advantage of employing ANN over physical and 68 

statistical approaches is due to the approximation of nonlinear functions. The adaptive method changes its internal 69 

structure; thus, the prediction model may imitate the potential logic of original information.  70 

Although deep learning algorithms perform well in time series analysis, (Liu et al., 2020) highlighted its 71 

disadvantage is a single model to learn entire wind speed conditions. Therefore, recent studies employ hybrid 72 

models that combine several approaches to reach more accurate results (Wang et al., 2019). (Hu et al., 2021) 73 

suggests three models’ structure namely, (I) decomposition by employing variational mode decomposition, (II) 74 

optimization by using differential evolution, and (III) forecasting the assembly of decomposed variables in the 75 

echo state network (ESN). (Liu et al., 2020) uses similar structure with empirical wavelet transform utilized for 76 

decomposition, then employs reinforcement learning to ensemble deep learning algorithms. (Tian, 2020) suggests 77 

improved ESN with grey wolf optimization to improve accuracy and reduce errors in wind speed time-series. 78 

(Wang et al., 2019) uses similar techniques, whereas forecasting was performed before assembling decomposed 79 

variables. (Gupta et al., 2021) utilized hybrid methods to predict short-term wind speed in five Indian wind farms. 80 

One unique approach was presented by (Zhang and Pan, 2020), author uses a hybrid approach by incorporating 81 

Elman-radial Basis function and Lorenz disturbance to acquire more accurate results. Their study employs wavelet 82 

transform (WT) and ESN with ensemble techniques.  83 

In addition, AI techniques have a promising advantage over physical and statistical models, however, there is a 84 

drawback of robust in reliability for scientific applications and decision-making processes. The main obstacle 85 

highlighted in (Kashinath et al., 2021), is that the model’s deficiency in observing the physical phenomena of the 86 

system. (Tian, 2020) stated that scholars analysing wind speed rarely consider its chaotic nature, where the system 87 

has strong nonlinearity and uncertainty. There is an interesting contribution made to resolve this issue in (Zhang 88 

et al., 2018), the study utilizes physics model namely, the Lorenz system to describe stochastic volatility of the 89 

wind speed model. However, the proposed model considers physical phenomena as a separate segment of 90 

prediction analysis. A more recent attempt to resolve this issue emerged in novel physics-informed machine 91 

learning (PIML), which incorporates the data and mathematical models, and implements them through AI 92 

algorithms (Kashinath et al., 2021). The PIML training is based on additional information from physical principles 93 

that enables it to satisfy invariants of the continuous space-time domain for better accuracy and improved 94 

generalization (Karniadakis et al., 2021). (Kashinath et al., 2021) highlighted the challenge of learning the 95 

nonlinear dynamics of weather and climate phenomena and outperformance of PIML in the resolution and 96 

complexity of weather prediction models. 97 

1.2 Contributions 98 
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Recognizing the challenges of single models, this paper proposes a hybrid wind speed forecasting approach by 99 

simultaneous assessment of two modules. Initially, the wind speed forecasting module was evaluated in three 100 

steps: decomposition, optimization, forecasting. First, in the decomposition module, the WT is used to eliminate 101 

the noise of original wind speed data and decompose it into several sub-signals with better counters and behaviour. 102 

Second, reservoir computing is utilized for all decomposed sub-series. Third, RNN is optimized with RMSprop 103 

(Keras) to obtain better results. Then, the dynamic behaviour of atmospheric conditions is simulated by the Lorenz 104 

system. First, the chaotic behaviour of atmospheric changes in pressure and temperature is defined by Lorenz 105 

equations and incorporated into PIML. Second, physics informed ESN algorithm is employed due to its advantage 106 

in describing the chaotic dynamics over traditional reservoir computing methods. Third, the study utilizes chaotic 107 

Recycle validation for robust and performance of validation strategy; and Bayesian optimization to compute 108 

optimal hyperparameters that are suggested in (Racca and Magri, 2021). Finally, the feasibility and reliability of 109 

the proposed forecasting approach are verified by actual wind speed data from Turkmenistan. As a result of the 110 

first comprehensive wind energy resource assessment in the region, (Bahrami et al., 2019) suggests that Gazanjyk 111 

among four prior cities to have an advantage over other locations for wind energy development and deployment. 112 

Following their finding, this study contributes to the renewable energy development of Gazanjyk by proposing a 113 

wind forecasting method to secure the stable and reliable performance of wind energy and promote the safety of 114 

the power system. 115 

The rest of this article is organized as follows: Section 2 introduces reservoir computing and the structure of PIML. 116 

Section 3 shows the implementation steps of the data-driven method. Section 4 describes the effectiveness of 117 

physics informed ESN. Section 5 summarizes the conclusion and prospects of study. 118 

2. Methodology 119 

This section proposes a hybrid weather forecasting model that incorporates simultaneous assessment of dynamical 120 

behaviour of wind speed and atmospheric system. Section 2.1 presents the framework to capture the uncertainty 121 

and volatility of the system. Section 2.2 explains the rationality of employing wavelet decomposition. Section 2.3 122 

introduces RNN and reservoir computing methods for wind speed prediction. Section 2.4 proposes a physics-123 

informed ESN to forecast atmospheric systems. 124 

2.1 Proposed framework 125 

The weather prediction process of the proposed framework is shown in Figure 1. The process contains two stages: 126 

the wind speed and atmospheric system models. The details of the framework are explained as follows: 127 

Stage 1: the original data on wind speed performance is collected. Then, the decomposition of time-series data is 128 

performed by WT. In this step, the wind speed data is separated into approximate sub-signal and the respective 129 

detail sub-signals. After, the time-series data is split into training sets for the training model and test sets for 130 

validation purposes. Consequently, the reservoir computing approach or RNN is used to construct a wind speed 131 

forecasting model. 132 

Stage 2: the Lorenz system is employed to describe the chaotic state of the atmospheric system. The physics-133 

informed reservoir computing is utilized to time-accurately forecast the system. In particular, the ESN is 134 

considered to construct chaotic dynamical behaviour represented through the Lorenz system. First, the ensemble 135 

of network realizations is employed to address the random initialization of the reservoir for the robustness of the 136 

ESN. The validation of the constructed model is evaluated by the chaotic recycle validation (CRV) technique. 137 

Second, Bayesian optimization is utilized to correspond to the high hyperparameter sensitivity of ESN. This 138 

optimization technique improves reservoir architecture and outperforms conventional methods due to a gradient-139 

free search engine.  140 
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 141 

Figure 1. Research Flowchart 142 

2.2 Wavelet transform 143 

The wind speed data consists of randomness, fluctuation, and uncertainty that features the spikes in nonlinear time 144 

series (Zhang et al., 2020). Accordingly, these features cause difficulty in wind speed prediction models. To 145 

address this problem, wavelet decomposition techniques were employed (Liu et al., 2020; Wang et al., 2019). The 146 

WT is a signal decomposition approach that enables accurate time-frequency localization properties (Zhang et al., 147 

2018). More specifically, WT decomposes time series data by generating multiple corresponding filters to reveal 148 

the changes or fluctuation of original data (Hu et al., 2021). The general formula of WT can be described as 149 

follows: 150 𝑊𝑎𝑣𝑒𝑙𝑒𝑡 (𝑖, 𝑗) = 2−(𝑖/2) ∑ 𝑓(𝑡)𝜑[(𝑡 − 𝑗2𝑖)/2𝑖]𝑇−1𝑡=0    (1) 151 

where 𝑖 and 𝑗 represents the scaling and translation parameters of the mother wavelet 𝜑. Besides, 𝑡 and 𝑇 are a 152 

discrete-time representation of the length of the whole signal 𝑓(𝑡). 153 

2.3 Reservoir computing 154 

2.3.1 Recurrent Neural Networks 155 

Wind speed data consist of sequential data, where the prediction model requires to consider information relevant 156 

to the previous steps in the sequence (Elsaraiti and Merabet, 2021). Recurrent neural networks (RNN) outperform 157 

adaptive neural networks (Bollt, 2021) in learning the long-term dependency for time series forecasting (Kumar 158 

et al., 2020). The RNN structure consists of hidden layers distributed across time (Elsaraiti and Merabet, 2021) 159 

that enables the achievement of information from the previous state of reading historical data (Duan et al., 2021). 160 

In other words, ANN is based on nodes connected between layers and limited to links within a hidden layer. 161 

Whereas in RNN this connection is provided, therefore the output has access to the input of the current hidden 162 

layer as well as to the output of the previous one. That enables effective learning of time-series data and makes it 163 

consistent with wind speed forecasting. Figure 2 illustrates the architecture of RNN. 164 
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 165 

Figure 2. Recurrent Neural Networks 166 

Even though the RNN achieved success in enhanced feature extraction ability in time step prediction models 167 

(Duan et al., 2021), it is limited to handle long-term time dependencies (Elsaraiti and Merabet, 2021). That makes 168 

RNN’s architecture more sensitive toward vanishing or exploding. To address this issue, Jaeger proposed a new 169 

approach called reservoir computing (RC) in 2001 and 2002, respectively (Kumar et al., 2020). The main idea of 170 

RC is to enable more efficient computation. The simple architecture is consisting of randomly fixed weights that 171 

would expand the input vector and using the expansion it would train to fit a linear model. So, the RNN is a 172 

structure where the input of hidden layers is carefully designed by random values that just learn the result of 173 

several hidden output layers. The training involves linear regression to evaluate weights for an accurate result. 174 

The linear combination of input and reservoir state makes RC the best alternative for nonlinear system forecasting 175 

of dynamical systems. This approach is also known as echo state networks (ESN). 176 

2.3.2 Echo state networks 177 

Introducing ESN Jaeger (Jaeger and Haas, 2004) composed the network as an architecture of three layers, such as 178 

input, hidden (reservoir) and output layers. The input vector 𝑥(𝑡) is connected to the hidden layer by the weight 179 

matrix 𝑊𝑖𝑛. The hidden layer is represented as a dynamical reservoir of random weights that are connected through 180 

a matrix 𝑊𝑟𝑒𝑠. The output vector is represented by a matrix 𝑊𝑜𝑢𝑡 that consists of an output vector 𝜇(𝑡). This 181 

structure allows output neurons to fed back signals to hidden layers by 𝑊𝑠𝑏. If 𝐾 represents the number of input 182 

neurons, then the parameters of the input vector 𝑥 at the time 𝑡 would be 𝑥(𝑡) = [𝑥1(𝑡), 𝑥2(𝑡), … 𝑥𝐾(𝑡)]𝑇. 183 

Similarly, if L and M represent the number of neurons in the reservoir 𝜎(𝑡) and output 𝜇(𝑡) vectors at the time 𝑡, 184 

would be 𝜎(𝑡) = [𝜎1(𝑡), 𝜎2(𝑡), … 𝜎𝐿(𝑡)]𝑇 and 𝜇(𝑡) = [𝜇1(𝑡), 𝜇2(𝑡), … 𝜇𝑀(𝑡)]𝑇 , respectively. Then the update 185 

function of the internal reservoir is: 186 𝜎(𝑡 + 1) = 𝑡𝑎𝑛ℎ(𝑊𝑟𝑒𝑠𝜎(𝑡) + 𝑊𝑖𝑛𝑥(𝑡) + 𝑊𝑠𝑏𝜇(𝑡))   (2) 187 

After applying activation function 𝑡𝑎𝑛ℎ, in most cases it is a hyperbolic tangent function (Wang et al., 2019), 188 

the output vector is: 189 𝜇(𝑡 + 1) = 𝐼(𝑊𝑜𝑢𝑡[𝜎(𝑡 + 1) + 𝑥(𝑡 + 1) + 𝜇(𝑡)] + 𝑏𝑖𝑛)  (3) 190 

where 𝑏𝑖𝑛 denotes the bias and 𝐼 represents the identity function. Since internal signals of the reservoir are linearly 191 

correlated, the obvious choice of update function is the linear regression method.  192 

The performance of ESN is based on three important parameters, such as spectral radius 𝜌, reservoir scale 𝑟 and 193 

connectivity rate 𝛼. First, spectral radios 𝜌 evaluate with the largest absolute value 𝜆𝑚𝑎𝑥  among the eigenvalues 194 

of the internal weight matrix 𝑊𝑟𝑒𝑠. To ensure ESN to have echo state property, the 𝜆𝑚𝑎𝑥  and spectral radios 𝜌 195 

should be less than 1. In that case, the input and past reservoir information will vanish with time (Wang et al., 196 

2019). Second, the reservoir scale 𝑟 refers to the number of neurons in the reservoir. This directly impacts the 197 

performance of ESN, since it defines the memory capacity of the network and reservoirs’ exponential relationship 198 

through the number of training samples. A large reservoir scale offers an advantage in learning for complex 199 

systems, otherwise, it leads to overfitting. Thus, requiring adjust the number 𝑟 through a trial-and-error method 200 

for stronger generalization ability of ESN. Third, the connectivity rate 𝛼 denotes the connection condition of 201 

neurons in the reservoir. In case when there is no connection among the neurons, this leads to a lack of memory 202 
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and results in loss of reservoir state. On the other hand, the large value of connectivity ratio 𝛼 results in difficulty 203 

to decode the reservoir state (Hu et al., 2021).  204 

2.4 Physics informed ESN 205 

Recently, PIML gained popularity among scholars due to its accuracy for stock price prediction, trajectory 206 

estimation and traffic jam forecast (Barreau et al., 2021). The novel approach was firstly introduced by (Lee and 207 

Kang, 1990), who incorporated neural networks to solve partial differential equations (PDEs) back in 1989. Later, 208 

(González-García et al., 1998) suggested employing ANN without a constraint of Runge Katta schemes for time-209 

stepping algorithms. A more recent paper (Raissi et al., 2019) applied deep learning for PIML to solve inverse 210 

and forward problems in PDEs. The weather forecasting problems are described by dynamical PDEs. Among the 211 

dynamical systems, the chaotic differential equations are the ones that are difficult to learn. The reason is the rate 212 

of divergence in their tangent space. Where the tangent space is a representation of feedback values in adjoint 213 

methods. Therefore, in the chaotic dynamical system, they diverge exponentially. In the case of employing the 214 

Lorenz equation, the neural network will result in infinite derivatives. Scholars investigating addressed this issue 215 

by using advanced adjoints (Dandekar et al., 2020). A more recent approach suggested by (Doan et al., 2019), 216 

utilizes the ESN. The main problem is to structure projection from multidimensional reservoir state 𝑊𝑟𝑒𝑠 to actual 217 

output state 𝑊𝑜𝑢𝑡. Physics knowledge incorporated into the architecture of ESN allows fixing the behaviour of 218 

the reservoir (Figure 3). This eliminates the necessity of back-propagation and adjoints and transforms the learning 219 

problem into a least square regression to fit the 𝑊𝑜𝑢𝑡.  220 

 221 

Figure 3. Physics informed Echo State Networks 222 

The hybrid approach of the physics model and ESN employed in this study is based on the open-source algorithm 223 

provided by (Racca and Magri, 2021). The physical knowledge describing the system’s chaotic behaviour is 224 

embedded by governing equations through input functions 𝑃𝐼[𝑥(𝑡)]. This allows the model to gain information 225 

regarding the output trajectory of the future time step. The parameters of the updated output vector should be 226 𝜇(𝑡) = [𝜇1(𝑡 + 1); 1;  𝑃𝐼(𝑥(𝑡))]𝑇. The open and closed loops are two types of configurations used to run the 227 

ESN. This study utilizes an open loop is used during training of the model and a closed loop is used for validation 228 

and testing (Racca and Magri, 2021). First, to meet the echo state condition the washout interval is introduced for 229 

independent initial reservoir state, 𝑥(𝑡) = 0. Then, 𝑊𝑜𝑢𝑡 is trained by minimizing the mean square error (MSE) 230 

of 𝜇(𝑡) and 𝑥(𝑡) 231 𝑀𝑆𝐸 = 1𝑁𝑆𝑁𝑀 ∑ ‖𝜇(𝑡) − 𝑃𝐼(𝑥(𝑡))‖2𝑁𝑆𝑖     (4) 232 
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where 𝑁𝑆 and 𝑁𝑀 denotes the number of samples and number of output neurons. Then, the ‖… ‖ is the least-square 233 

minimization problem. Generally, the regression is used for a linear system, whereas this problem is no more 234 

linear. Therefore, a stochastic output vector is incorporated into the reservoir fed-back matrix. The equation for 235 

ridge regression is presented as follows: 236 (𝑊𝑠𝑏𝜎(𝑡)𝑇 + 𝛽𝐼)𝑊𝑜𝑢𝑡 = 𝑊𝑠𝑏𝑃𝐼(𝑥(𝑡))𝑇
    (5) 237 

where the horizontal concatenation of reservoir update state is represented as 𝑊𝑠𝑏 ∈ 𝑅𝑁𝐿𝑁𝑆  and 𝑥(𝑡)𝑇 ∈ 𝑅𝑁𝑀𝑁𝑆. 238 

Moreover, 𝛽 and 𝐼 denote the Tikhonov regularization parameter (Racca and Magri, 2021) and identity matrix, 239 

respectively. Finally, the validation and testing utilize the closed-loop configuration by introducing the washout 240 

interval. This allows the model to update the reservoir by sending output 𝜇(𝑡) back as an input in time-series 241 

prediction. As a result, the model is able to evolve. 242 

3. Wind speed forecasting model 243 

The wind speed forecasting model was based on the Gazanjyk wind speed dataset collected during 2020 and 2021. 244 

This section provides a dataset, decomposition analysis and prediction model for time-series analysis. The 245 

computation was carried on the Python open-source software and executed on a personal computer with an AMD 246 

Ryzen-5-3500U 2.10 GHz CPU and 4.00 GB of RAM.   247 

3.1 Dataset and site description 248 

Based on the finding of (Bahrami et al., 2019), this study evaluates wind speed performance for Gazanjyk. The 249 

author analysed the eighteen locations for potential wind energy development in Turkmenistan. Gazanjyk is 250 

located in the western region of Balkan with coordinates: 39.3 North latitude and 55.5 East longitude. According 251 

to references (Hu et al., 2021; Wang et al., 2019), this study provides four seasonal groups with a dataset in the 252 

range of 600 to 700 sample points each. Figure 4 depicts the seasonal directional distribution of wind speed in 253 

Gazanjyk (“National Committee of Hydrometeorology,” 2021). It can be observed that autumn and spring shows 254 

the highest capacity compared to the performance of the rest data. For further analysis, each seasonal data was 255 

run through decomposition analysis.  256 
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 257 

Figure 4. Directional distribution of winds in Gazanjyk 258 

3.2 Data pre-processing 259 

The WT is a common decomposition approach used for wind speed sequence data (Wang et al., 2019). Therefore, 260 

this study employs the WT with Daubechies function due to its advantages in providing a balanced presentation 261 

of smoothness and wavelength. The final algorithm decomposes wind speed data into low and high pass filters. 262 

This helps to understand original wind speed performance through low-frequency approximate sub-signal and 263 

several high-frequency detail sub-signals. Figure 5 presents the results of WT that serve as a basis for sequent 264 

steps in the wind speed forecasting model. 265 
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 266 

Figure 5. Figures (a) to (d) separately depict WT decomposition of wind speed data 267 

3.3 Forecasting results and analysis 268 

In this section, the results and simulation steps of RNN is explained to illustrate its advantages and shortcoming 269 

for computing wind speed data. First, the result of WT was set as a two-dimensional NumPy array with 600-700 270 

observations, consisting of 16 input sub-signals and 4 output signals. The training of RNN was divided into sub-271 

sequences with batch size 256. This was done to eliminate complexity for training the entire sequence and run the 272 

model with optimal CPU performance. Moreover, to cover the risk of overfitting the model, the performance of 273 

training is monitored by its weight after each epoch. In other words, the validation is done by monitoring the 274 

performance of the dataset, to stop the training in case it gets worse. Next, the gated recurrent unit (GRU) serves 275 

as the first layer of the network and requires a batch for an arbitrarily long sequence. The state size is 512 outputs 276 

for each time step. However, to match the required output vector with 4 signals, the fully connected dense layer 277 

is added to the model. After, using the scaler object the output signals were scaled between 0 and 1. To take this 278 

further, the sigmoid activation function is employed to hidden layer to limit the output of RNN to be scaled 279 

between 0 and 1 as well. On the other hand, considering the limitation of negative approximation in the sigmoid 280 

function, the last layer uses a linear activation function to take on arbitrary values. The last step is setting the lost 281 

function. The mean square error (MSE) is used to minimize the loss in matching the model's output with the 282 

original data. Consequently, the Keras model was compiled with an RMSprop optimizer. The reduce learning rate 283 

for the call back function was set for 1e-4 and patience of 0 epochs with factor 0.1. the RNN model in this study 284 

consists of 20 epochs with 100 steps per epoch. 285 

Figure 6 depicts the results of prediction analysis in autumn, winter, spring, and summer, respectively. The blue 286 

line corresponds to the original wind speed observation, and the orange line represents the forecast. The training 287 

consists of a train and warmup period that let the model learn the dynamic behaviour. The MSE is employed to 288 

match the difference between these lines as close as possible. The vertical line represents the time step of the 289 

model, where at each time step the model proceeds with experience of previous steps. Thus, the warmup period 290 

helps to ignore initial steps to minimize the noise that may mislead the model. Figure 6 illustrates that the model 291 

has learned daily oscillations of wind speed. However, it frequently misrepresents the peaks of the original 292 

distribution. Therefore, the model is capable to mimic the wind speed swings in general, however, limited to 293 

match the unexpected peaks. In conclusion, the model is limited for accuracy given the wind speed input signals. 294 
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 295 

Figure 6. WT-RNN forecasting results 296 

3.4 Discussion  297 

In previous sub-sections, this paper provides a comprehensive performance of the WT-RNN model for wind speed 298 

forecasting framework. The chaotic behaviour of wind speed requires high accuracy of prediction analysis that 299 
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should be balanced to learn the dynamic distribution by not overfitting the model. This section discusses the 300 

performance of the proposed WT-RNN model based on the wind speed dataset collected during 2020-2021. First, 301 

the dataset consists of a 500-600 sample size that is sufficient for accurate prediction (Duan et al., 2021). Hence, 302 

it is stated that a larger dataset is always a key for better performance (Hu et al., 2021). Second, the structure of 303 

training and warmup period provides additional robustness to noise and disturbances of the proposed model. This 304 

could be observed in the general result of the WT-RNN model. Third, load checkpoints in the training dataset 305 

were implemented to eliminate the curse of dimensionality in the test dataset. Fourth, the sigmoid activation 306 

function enables the model to infer the hidden pattern. This is achieved by taking the sigmoid of each element in 307 

the hidden layer to identify the pattern. On the other hand, the proposed model has shown the following limitations. 308 

The first aspect is the long computation time. Even with a defined early stop for optimal loss in 20 epochs with 309 

100 sub-epochs in each time-step, the proposed model has ended with a wall time of 26 min and 51 sec. Second, 310 

you cannot get convergence proof. The third aspect is the requirement for a large dataset. 311 

One approach to overcome the previously stated shortcoming of the data-driven wind speed forecasting model is 312 

to acquire a larger dataset. It is stated (Zhang et al., 2018) that the availability of larger weather data would lead 313 

to more accurate performance. Furthermore, to describe the approximate behaviour of dynamic systems such as 314 

wind speed, it is suggested to employ minimum and maximum range prediction rather than forecasting actual 315 

value. Another approach is to enhance the model with more advanced architecture (Wang et al., 2019).  There are 316 

limited studies that focus on this approach by incorporating physics information (Zhang and Zhao, 2021). The 317 

advantage of using a physics-based approach is stated in three aspects. First, is the incorporated definition of PDE 318 

into the model that do not require additional measurements. It is solely based on boundary conditions and initial 319 

conditions. Second, due to predefined conditions, the forecasting model is fast to compute. Third, the acquired 320 

solution is relatively easy and provides the error bounds. This is possible thanks to the contribution of researchers 321 

in evaluating the performance of partial differential algorithms through history (Barreau et al., 2021). Based on 322 

these propositions next section provides a weather forecasting model based on physics informed reservoir 323 

computing to learn chaotic atmospheric behaviour. 324 

4. Atmospheric simulation 325 

The atmospheric forecasting model was based on the Lorenz system due to its ability to describe the chaotic 326 

behaviour of the weather. This section introduces the Lorenz system and describes the architecture of the PI-ESN 327 

algorithm, its validation and sensitivity for time-series analysis. The section concludes with a discussion.  328 

4.1 Lorenz system 329 

Lorenz equation was put forward in 1963 by Edward Lorenz (Lorenz, 1963). The model aims to describe non-330 

periodic flow in deterministic systems. The application of the framework is based on the natural convection system 331 

for weather forecast, which was proposed by following PDE: 332 𝜕𝑥𝜕𝑡 = −𝜎(𝑥 − 𝑦), 𝜕𝑦𝜕𝑡 = −𝑥𝑧 + 𝑟𝑧 − 𝑦, 𝜕𝑧𝜕𝑡 = 𝑥𝑦 − 𝑏𝑧   (6) 333 

where 
𝜕𝑥𝜕𝑡  represents the intensity of the atmospheric convection motion, 

𝜕𝑦𝜕𝑡  represents a difference in horizontal 334 

temperature and 
𝜕𝑧𝜕𝑡 is a departure of the temperature when atmospheric convention does not occur. Furthermore, 335 

the dimensionless parameters are 𝜎, which denotes Prandtl number and suggested to be 10, 𝑟 equal to 28 and 336 

represent Rayleigh number, 𝑏 denoted region microclimate and assumed to be 8/3 (Zhang et al., 2018). These 337 

standard parameters of the Lorenz system will spawn the chaotic behaviour of the atmospheric system (Doan et 338 

al., 2019). The model is anticipated to learn this pattern and accurately describe the dynamic motion of a targeted 339 

system.  340 

4.2 Modelling and validation settings 341 

In this subsection, the study describes the architecture of the PI-ESN model and demonstrates its effectiveness 342 

and validity in learning the Lorenz system. The validation function is employed to identify hyperparameters. This 343 

is achieved by minimizing an MSE with respect to the spectral radius 𝜌 and input scaling 𝑥𝑖𝑛 for a fixed length of 344 

validation interval. In the study of (Racca and Magri, 2021), they proposed a chaotic version of Recycle validation 345 

(CRV) with emphasis on two main factors such as, prediction interval and signal behaviour that intended to 346 

reproduce. To elaborate this further, the authors highlight that the first objective is to predict multiple intervals in 347 
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a trajectory that expands. The second reason is an ergodic trajectory with no time dependency in the mean of the 348 

studied signal. This is explained by identical intervals generated during the process in the physical model.  349 

The CRV is used to tune the hyperparameters by exploiting information from both open and closed loops 350 

configurations and chaotic extensions were utilized for shifting the validation intervals forward by one LP (Racca 351 

and Magri, 2021). The robustness of CRV was evaluated on the Lorenz system. The time series for the Lorenz 352 

system was generated by using forward Euler and splitting the dataset into the washout, training, validation, and 353 

test. The time step between two time-instants is 𝜕𝑡 = 0.9 ∗ 10−3 Lyapunov time (LP), where LP is ≈ 1.1 (Racca 354 

and Magri, 2021). The data range for training, validation and test are 1 to 9 LTs, 9 to 12 LTs, and 12 to 15 LTs, 355 

respectively. The parameters for PI-ESN are taken to be 𝑟 = 100 neurons, 𝑠 = 97%, 𝛽 = 10−11 and 𝑏𝑖𝑛 = 1 356 

(Racca and Magri, 2021). The log10 𝑀𝑆𝐸 was used during validation to identify hyperparameters 𝑥𝑖𝑛 and 𝜌 with 357 

a given range of [0.5,5] × [0.1,1]. The reason for this range is given with an intention for spectral radius 𝜌 intends 358 

to mimic the echo state property and input scaling 𝑥𝑖𝑛 to normalize the data.  359 

Figure 7 presents the solution of PI-ESN based on the Lorenz system. The behaviour of signal distribution 360 

illustrated in the first figure consists of the strength of the atmospheric convection motion represented in the blue 361 

line, the red line represents a difference in horizontal temperature and the green line is a departure of the 362 

temperature. The second figure is the Lorenz attractor during the long run in blue and the results of forecasting 363 

are illustrated in orange. 364 

 365 

Figure 7. Atmospheric model solution. a) signal distribution b) Lorenz attractor and prediction results 366 

4.3 Sensitivity analysis 367 

The analysis of sensitivity was conducted to compare optimization results from validation and test datasets. (Racca 368 

and Magri, 2021) stated the outperformance of Bayesian optimization (BO) in identifying minimum MSE within 369 

the hyperparameter space of the validation set. BO computes objective function without the need for gradient 370 

information and employs Gaussian Process (GP) regression to incorporate knowledge of the entire search space. 371 

The reconstruction of the next objective function is achieved by the mean and standard deviation of GP, which 372 

was used to optimize the acquisition function of the following point in the enlarged dataset. This study employed 373 

a scikit-optimize Python library with BO based on 5 × 5 starting points and GP regression computed 24 points. 374 

The performance of PI-ESN was computed by MSE for both validation and test datasets. The results of the chaotic 375 

system could be observed in GP process reconstruction. Figure 8 presents a spatial illustration of MSE of GP 376 

reconstruction based on input scaling 𝑥𝑖𝑛 and spectral radius 𝜌 in validation and test datasets. The last figure 377 

represents their differences in terms of 30 grids in log10 𝑀𝑆𝐸. 378 
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 379 

Figure 8. Gaussian Process alteration for the validation dataset in (a) and test dataset in (b), and their differences 380 
in (c) 381 

4.4 Discussion 382 

This section provided PI-ESN as a prediction approach to model the chaotic behaviour of the atmospheric system. 383 

Incorporated physics informed model and reservoir computing algorithm demonstrates prediction accuracy and 384 

robustness that has been justified with analysis of sensitivity. The forecasting results suggest that the model is 385 

capable of managing physical phenomena of atmospheric motion, changes in temperature and relative factors 386 

influencing wind speed and wind power operation scenarios. Since the proposed hybrid method is a combination 387 

of physics informed model and machine learning technique, the accurate performance of PI-ESN can be appointed 388 

to seven main advantages inherited from both approaches. First, the accuracy of the model is independent of the 389 

amount of dataset. Either a small or large dataset is sufficient for accurate prediction. Second, the model is robust 390 

to noise and disturbances. Third, there is no curse of dimensionality in a reservoir. The model was tested on a high 391 

dimension Lorenz system (Champion et al., 2019). Fourth, due to the implementation of ESN, the model is capable 392 

to infer the hidden pattern. Fifth, the GP reconstruction of CRV validation and testing allows performing model 393 

tuning. Sixth, conventional RNN would require large computational time, hence the reservoir computing approach 394 

deals with it by directly learning the output with reservoir update function. The computation cost on a personal 395 

computer was 11 min and 1 sec. Seventh is the challenge of convergence proof for the optimization, whether it is 396 

an optimal solution for studied PDE. (Racca and Magri, 2021) illustrated the approximate convergence with MSE 397 

for asymptotic values in RCV validation for the Lorenz system. Therefore, adopting BO for hyperparameters 398 

results in this model achieving less stochastic output and more fast convergence. 399 

In summary, the novel PI-ESN model overcomes the previously stated challenges of conventional PIML 400 

approaches. The proposed hybrid method demonstrates accurate performance and robustness for chaotic system 401 

forecasting that outperform conventional stand-alone wind speed prediction models such as physical, statistical 402 

and machine learning algorithms. 403 

5. Conclusion 404 

Considering increasing global energy consumption and the anticipated rise of energy demand, there is a need for 405 

renewable energy sources to support sustainable advancement in major energy suppliers. Wind power is 406 

considered an environmentally sustainable source of renewable energy with less significant attention given to its 407 

utilization. The study focuses on wind power due to the potential of solar and wind power sources that is 408 

overshadowed by the exploitation of oil and gas resources in Turkmenistan, which is the major energy supplier in 409 

the Central Asian market. Based on the findings of previous studies (Bahrami et al., 2019), this research 410 

contributes with a case study conducted in Gazanjyk. The paper proposes a weather forecasting method by 411 

providing a data-driven approach for wind speed and PIML for the atmospheric model. The first model is based 412 

on seasonal wind speed data collected during 2020-2021. The WT is applied to decompose raw data into several 413 

sub-series. After the noise-free data was used as input in the RNN model. The results of the hybrid method suggest 414 

its ability to learn the general distribution of the dynamic system, however, it was limited to match unexpected 415 

peaks for accurate wind speed prediction. This leads to the second model implemented to forecast the chaotic 416 

behaviour of atmospheric motion. The Lorenz system was incorporated in PI-ESN to define boundary conditions 417 

and to control the chaotic extension of a three-dimensional model. The BO optimization of hyperparameters in 418 

CRV for validation and testing dataset illustrates the accuracy and robustness of this model. This implies the 419 
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success of the PI-ESN model in extracting the nonlinear behaviour of atmospheric systems and potential in 420 

practical use for wind power forecasting. 421 
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