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Abstract

Power produced from renewable energy sources carbon negative and promises

an increased reliability for grid integration. Wind energy sector globally has an

installed capacity of over 650 GW and promises to grow substantially. In this

work, wind power ramp events that arise from sudden change in wind power are

studied. Forecasting wind power ramp events is an important problem state-

ment in the current wind power industry. Wind power integration to utility

grid is impacted by the forecast accuracy. To improve the reliability and se-

curity, wind speed and power forecasts are extensively studied. Ramp events

are predicted in this manuscript using hybrid techniques employing wavelet de-

composition transform in tandem with convolutional neural network and twin

support vector machines. Wind speed datasets from Spain, Germany and Ar-

gentina are considered and error metrics are computed. It is observed that CNN

based method is 28.76% and 26.43% superior from wavelet based random forest

and TSVR method.
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1. Introduction

Rapid development in modern infrastructure has resulted in increased energy1

demands [1, 2]. Coal-based power plants have resulted in a severe environmen-2

tal deterioration in the form of greenhouse emissions. Wind energy has received3

genuine interest from investors looking into the benefits of negligible fuel cost4

among renewables. Globally, wind energy installations have crossed more than5

650 GW [3]. Although wind energy systems offer several advantages, the inher-6

ent randomness in its flow results in an increased generation cost and marginal7

power system reliability [4]. The randomness in wind speed can further intro-8

duce complexities in optimal power dispatch and lead to congestion problems9

in interconnected systems. Therefore, it is essential to study and incorporate10

accurate wind speed forecasting for enhanced power system stability. Forecast-11

ing studies in wind energy systems pertain to three broad aspects: wind power12

(and ramp) forecasting, and uncertainty analysis. Wind forecasting’s essence is13

in the critical weather information available via numerical weather prediction14

(NWP) data. The advancements in statistical and data-driven models have15

become significantly handy for power forecasting at different time horizons.16

Among statistical models, the prominent ones in usage include (i) autoregres-17

sive (AR) models [5], (ii) autoregressive integrated moving average (ARIMA),18

and (iii) autoregressive conditional heteroscedastic (ARCH) models. Data-19

driven models essentially rely on the availability of a large amount of histor-20

ical data where machine learning methods like Support vector regression (SVR)21

[6, 7], Artificial neural networks [8, 9]. Extreme learning machine [10] are ac-22

tively used. Neural networks also find usage in wind forecasting with diverse23

configurations explored in terms of the layers [11, 12]. Further, Long short-term24

memory (LSTM) and Elman neural network (ENN) based deep learning models25

are useful with signal processing methods like Fourier transform, wavelet trans-26

form, and empirical mode decomposition [13]. Overall, a broad spectrum of27

forecasting is available, but the current trends are focused on increased short-28

term accuracy [14].29
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In this manuscript, we focus on the prediction of wind power ramps using30

wavelet transform (WT) based convolutional neural network and twin support31

vector regression. The ability of WT to decompose the time-series results in32

fine-tuned features, helping the training process. The ramp events modeled33

for a wind farm using a classification and regression-based approach. In the34

classification-based method, we predict the label corresponding to a class of35

ramp events. In a regression-based system, we forecast the wind time-series36

corresponding to a wind farm site and the ramp event occurrence based on the37

set threshold. Wind power ramps are defined as sudden changes in wind power38

production, and mathematically, expressed as39

|Pt+∆t − Pt| > Pthreshold, (1)

where ∆t is the time interval considered for ramp events and Pt denotes the40

power production at time t. Ramp event definition is also affected by the41

threshold level (Pthreshold). Usually in large wind farms this threshold varies42

from 5%-15% of the installed capacity. Ramp-up events occur when there is a43

sudden increase in wind power and ramp-down occurs when there is sudden fall44

in the wind power produced. The fundamental concept of time-series is applica-45

ble to wind power as well where the non-stationary wind speed ensure that the46

standard statistical methods like ARMA and ARIMA fail. In [15], various time-47

series based multivariate and univariate methods are discussed for wind power48

ramp events. A data-mining based approach is used where SVM outperformed49

MLP, random forest [16, 17, 18] and decision tree. To improve the prediction50

performance, various decomposition algorithms such as empirical mode decom-51

position (EMD) [19], variational mode decomposition (VMD) [20] are actively52

used. In [21], authors have explored the effect of training data on machine53

learning and deep learning algorithms. The wind speed and ramp events are54

forecasted based on random forest technique and compared with TSVR. In [22],55

authors use EMD and VMD to decompose wind power time-series to various56

intrinsic mode functions (IMFs). Convolutional neural network and Long short-57

term memory networks are used to extract features and the predicted sub-series58
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is aggregated to arrive at final predictions. In [23], detection and statistical59

analysis of ramp events is discussed. For optimal detection of ramp events,60

algorithms like dynamic programming, trend fitting, ramp score function, and61

sliding window approaches are discussed. In [24], statistical models are wind62

power ramp events are discussed where the probabilistic approach is leveraged63

to model the ramp scenarios. Wind power data from Bonneville Power Adminis-64

tration (BPA) is collected for 2 years (Jan 01, 2005-Dec 31, 2006) sampled at 3065

second interval. In [25], auto-regressive hidden Markov model based short-term66

wind speed and ramp event forecasts for time horizon 0.5-6 hours is carried out.67

In [26], a regime-switching neural network (RS-NN) is proposed that decides68

the neural network architecture based on the wind power regime under consid-69

eration. During ramp-down events, it is observed that RS-NN outperformed70

standard neural network by a percent.71

Wang et al. developed a short-term wind speed forecasting using CNN72

model which is based on data collected by 3 neighbouring wind farms in China.73

Transfer learning is also applied to resolve the issue of data shortage of newly74

constructed wind farms and in medical image analysis [27]. Transfer CNN has75

given better results compared to KRR, SVR and simple CNN [28]. Zhen et76

al. proposed a hybrid deep learning wind forecasting model based on temporal-77

Spatial feature selection. Bi-LSTM-CNN has a best accuracy of 0.9929 even78

with frequently changing wind power, and CNN has the highest average com-79

putation speed of 0.0741 [29]. Jaseena et al. developed a decomposition-based80

forecasting model using bidirectional LSTM networks which outperforms other81

models. However, the model works on univariate LSTM networks, while ex-82

cluding the correlated features in the input features [30]. Shahid et al. have83

proposed a novel genetic long short term memory (GLSTM) framework which in-84

cludes long short term memory and genetic algorithm (GA). Results shows that85

comparison of GSLSTM give comparable more accuracy as there is less compu-86

tational complexity [31]. Wu et al. have proposed a novel correlation model for87

ultra-short-term prediction (STCM) based on convolutional neural networks-88

long short-term memory (CNN-LSTM) evaluated using MAE, MAPE, RMSE89
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and NRMSE. Results indicate more reliability over traditional structure models90

[32]. In [33], the authors discuss an advanced deep learning framework based91

on characterizing the probability distribution function (PDF) of a wind farm92

site. The proposed method is compared with CNN+GRU, CNN-GRU+KDE93

for wind farm sites in England and Iran. Results reveal a median MAPE of ap-94

proximately 8% for both wind farm sites. In [34], authors discuss an ensemble95

of deep learning LSTM architecture on the input wind speed time-series. This96

ensemble architecture is followed by a final layer of SVR where the hyperpa-97

rameters of SVR are optimized via external optimization, and the forecasting98

results are validated for a site in China.99

The main objective of this manuscript is to understand and an-100

alyze the ramp event prediction based on hybrid wavelet-CNN and101

wavelet-TSVR based regression techniques. The size of the training102

data is varied to check the best possible regressor among the tested103

ones. Consider the significance of historical data in wind speed fore-104

casting. Henceforth in wind power ramp events, the length of the105

training data is varied to assess the best regression technique. Since106

a significant autocorrelation exists in the wind speed time series, the107

dependency on the historical data is vital for formulating the fore-108

casting task. Further, for two signal pre-processing techniques, the109

inherent randomness is checked by determining the log-energy en-110

tropy.111

The remaining sections of this work are as follows: Section 2 presents machine-112

learning and deep-learning based regression. In Section 3, the datasets and113

methodology is explained followed by results and discussion in Section 4. Con-114

clusions are presented in Section 5.115

2. Methods for Wind Power Ramp Prediction116

For a training set T = {(xi, yi) : xi ∈ Rn, yi ∈ R, i = 1, 2..., l}, SVR117

models minimize a linear combination of the loss function and regularization118
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term, f(x) : wTx + b, w ∈ Rn, b ∈ R. Nonlinear function estimation uses119

f(x) : K(xT , AT )u+ b with the Kernel K fulfilling the Mercer criterion [35].120

The ε-SVR model minimizes a C-insensitive loss function ignoring an error

up to ε, along with the 1
2w

Tw regularization to solve the optimization problem

min
w,b

1

2
wTw + C

l∑
i=1

|yi − f(xi)|ε, (2)

where |yi − f(xi)|ε = max(0, |yi − f(xi)| − ε) is the loss function. Solving the121

ε-SVR problem (2) with slack variables κi and κ∗i for i = 1, 2, . . . , l, as122

min
w,b,κ,κ∗

1

2
‖w‖2 + C

l∑
i=1

(κi + κ∗i )

subject to

yi − (Aiw + b) ≤ ε+ κi, (Aiw + b)− yi ≤ ε+ κ∗i , κi, κ
∗
i ≥ 0. (3)

Twin Support Vector Regression (TSVR) [36] derives two non-parallel hyper-123

planes close to one of the classes and farthest as possible from each other. TSVR124

solves two QPPs with a reduced computation time and complexity compared125

to quadratic programming problems (QPP). The mathematical formulation is126

min
1

2
(Y − eεi − (Awi + ebi))

T (Y − eεi − (Awi + ebi)) + Cie
T vi (4)

s.t. Y − (Awi + ebi) ≥ eεi − vi, vi ≥ 0, i = 1, 2,

for parameters Ci, εi ≥ 0 and slack variables vi. More details of the dual QPPs127

and KKT conditions are available [36]. In non-linear regressions, kernel tech-128

nique helps solve the QPP by determining the average of K(xT , AT )w1 +b1 and129

K(xT , AT )w2 + b2.130

Long Short-Term Memory Recurrent Neural Networks contains cyclic con-131

nections that make them more proficient than an ordinary feed-forward neural132

network [37]. The LSTM contains a special block known as the memory blocking133

the recurrent hidden layer. These blocks contain memory cells capable of stor-134

ing the time-related condition of the system in addition to a special unit called135

gates to control the progression of data. Each memory block has an input and136

an output gate. The input gate runs the information stream enactment into the137
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memory cell. The output gate runs the output information stream enactment138

towards the remainder of the LSTM. The forget gate entryway scales the inside139

condition of the cell before contributing it as a contribution to the cell through140

the self-intermittent association of the cell, thereby adaptively overlooking or141

resetting the cells’ memory. LSTM networks are appropriate for classification,142

processing, and generating empirical results based on time-series data since143

there can be slacks of the obscure term between significant occasions in time-144

arrangement information. Deep LSTM RNN’s are built by stacking numerous145

LSTM layers. This explicitly implies that the input of the network at a given146

timestamp propagates through many LSTM layers. Deep LSTM RNNs have an147

edge over the normal LSTM RNN, they can improve the use of boundaries by148

circulating them over the space through various layers. Instead of expanding the149

memory size of the standard model by a factor of two, one can have four layers150

around a similar number of boundaries. These outcomes in input experiencing151

more non-straight activities per time steps.152

3. Datasets & Framework of prediction models153

The terrain is a significant factor in wind speed variation in wind farms.154

The wind farms typically facilitates a logarithmic wind speed profile in terms155

of height. In this study, all the turbines have a hub height of 90 meters and a156

rotor diameter of 120 meters. The surface roughness length(z0) for onshore and157

offshore and hilly terrains are 0.005m, 0.0002m, and 1m, respectively. A com-158

bination of wavelet transform technique (for time-series defragmentation into159

appropriate sub-signals) and machine learning/deep learning algorithms fortify160

the existing hybrid prediction model. The collection of wind speed datasets hap-161

pens at three different periods, i.e., three months, 12 months, and 36 months162

at the height of 10m over 10 minutes. Use of logarithmic law [38] for trans-163

forming the available wind speed to a 90m hub height would be desirable to164

get accurate wind power ramp events. Table 1 depicts the site coordinates and165

statistical parameters for datasets of Sotavento (onshore), Veja Mate (offshore),166
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and Madryn. The choice of datasets for wind speed is based on the different167

topological features of the farm site. It is well established fact that wind speed168

changes with terrain and so as to validate the proposed wavelet-based CNN and169

TSVR model, the wind farm sites are therefore from onshore, offshore and hilly170

terrain.171

Table 1: Wind speed statistics for farm sites

Dataset Mean value Standard deviation

Sotavento, Spain (A) 3.245 1.781

Veja Mate, Germany (B) 3.433 2.182

Madryn, Argentina (C) 3.651 2.238

Denoting a ramp threshold βth% of the rated wind power (Prated), we get172

∆P rampw =

+ βth% of Prated = Pu,

− βth% of Prated = P d,
(5)

where Pu and P d threshold levels depict up and down ramp events respectively.173

With a threshold level of 10%, we consider rated (12m/sec) wind speed. We174

find the wind power for the given datasets for a suitable ramp forecast when P d175

or Pu get violated. The performance metrics for the testing samples are176

RMSE =

[
1

n

n∑
i=1

(p̂i − pi)2

]1/2

(6)

U1 =

√
1
n ×

∑n
i=1 (p̂i − pi)2(√

1
n ×

∑n
i=1 p

2
i +

√
1
n ×

∑n
i=1 p̂

2
i

) (7)

U2 =

√
1
n ×

∑n
i=1 ((pi+1 − p̂i+1) /pi)

2√
1
n ×

∑n
i=1 ((pi+1 − p̂i) /pi)2

, (8)

where p̂i, pi, p̄ are the forecasted, measured and average values. Fourier trans-177

form, Wavelet transforms (WT), and Wavelet packet decomposition methods178

find widespread usage. A wavelet filter named Daubechies 4 decomposes wind179

speed time-series into low and high frequency components using Wavelet trans-180
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form [1]. Out of these, all the five detail signals along with 5th approximate181

signal is input.182

Literature suggests that hybrid methods yield superior forecasting perfor-183

mance compared to benchmark models [39]. Signal processing techniques, along184

with machine learning methods, improve forecast accuracy by eliminating stochas-185

tic variations. When used in wind speed decomposition, signal transforms like186

Fourier transform cause loss of information concerning time scale and gets over-187

come by WT that captures signal information both in frequency and time scale.188

Figure 1 shows the WT process involving five levels of decomposed approxi-189

mation signals (low-frequency parts). The other signals at each decomposition190

stage are detail signals (D1, D2, . . . , D5) with high-frequencies) constituting the191

feature vector for each of sampled wind speed shown in Figure 2 as the target192

value for the forecasting algorithms (SVR and its variants).193
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Wind speed time-series

A1 D1

A2
D2

A3 D3

Level 1

Level 2

Level 3

A4 D4

A5 D5

Level 4

Level 5

Figure 1: DWT representation [39]
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Figure 2: Normalized features for dataset A

Figure 3 illustrates WT-based ramp event prediction and depicts the pro-194

cedure to quantify wind ramp randomness using log-energy entropy. The wind195

speed data is collected in form of a time-series and is checked thoroughly for any196

potential missing value. This stage is known as data cleaning where all the fea-197

ture variables are also normalized in the range [0,1]. After this, the wind power198

is computed using the available wind speed and a ramp threshold of β0 = 10%199

is set. The wind power is then compared with the set thresholds (upper and200

lower) as per equation (5). If the condition as mentioned in flowchart is satis-201

fied, the instance is counted as a ramp event. The sign of ∆PRampw indicates the202

type of ramp event where the positive sign means ramp-up event and negative203

sign means ramp-down. The event prediction is carried out for two sampling204

intervals, that is, ∆t=10 minutes and ∆t=1 hour. The errors for the respec-205

tive ramp events are calculated based on different types of forecasting methods206
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as discussed in next section. Common error metrics used in wind speed fore-207

casting include Root mean squared error (RMSE), Mean squared error (MSE).208

However, for predicting ramp-up and ramp-down events, we have used Rup and209

Rdown which are basically the absolute errors at the respective ramp events.210

The individual error metrics are used to establish a common ground for com-211

paring different forecasting models. Algorithm 1 refers to a psuedocode of the212

proposed algorithm employing wavelet-CNN method.

Data: Detect and predict ramp events in wind farms

Result: Prediction of ramp-up and ramp-down events

initialization set ramp threshold β, calculate wind power P = 1
2
ρAv3;

while Scan for each wind speed sample in series Xi = [x1, x2, . . . , xN ] where

i = 1, 2, . . . , N do

instructions;

if ∆P = P (i+ 1) − P (i) ≥ Pthreshold then

Ramp-up event detected;

end

if ∆P = P (i+ 1) − P (i) ≤ Pthreshold then

Ramp-down event detected;

end

Apply wavelet transform with Daubechies 4 filter and 5-level

decomposition;

Pass the approximate and detail signals to the CNN algorithm for

prediction;

end

Algorithm 1: Wavelet-CNN algorithm for ramp event prediction

213

Further, the inherent stochasticity or randomness in wind power time-series214

is also computed using log-energy entropy. Log-energy entropy is often used215

to determine the randomness in a signal. In this manuscript, we have used216

the concept of log-energy entropy to address the decomposition effectiveness217

of wavelet transform and empirical mode decomposition. Both of the signal218

decomposition techniques are widely used in data pre-processing for building219
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machine learning and deep learning models.220

Collect wind speed
time-series

Data cleaning

Determine wind
power for

corresponding site

 

Evaluate upper and
lower power
thresholds

Evaluate wind power ramp signal

Check if 

Determine ramp
event instances

Predict wind power
using hybrid DWT-

TSVR, RFR and CNN

Evaluate error
metrics such as
RMSE, MAE and

MAPE

Decompose the ramp event signal
using discrete wavelet transform and

empirical mode decomposition

Calculate the ramp
event signal from

predicted wind powers
Compute randomness using log-

energy entropy

Figure 3: Block diagram for wind power ramp event prediction using wavelet transform

4. Results and Discussions221

The prediction performance for methods like convolutional neural networks,222

random forest, and twin support vector machines is discussed. Wind speed223

datasets from Spain, Germany, and Argentina are considered. First, the time-224

series is converted into wind power series. The ramp events (up and down) are225

deciphered with a 10% threshold of the turbine-rated power. Wind power is226

calculated considering a wind turbine diameter of 112 meters at 90 meters of227

hub height. Wind power prediction is carried out by dividing the available data228

into two sets: training (80%) and testing (20%). Further, to avoid data-leakage,229

the training data is subjected to 10-fold cross-validation. The hyper-parameter230

tuning enhances the prediction performance. For this purpose, the bandwidth231
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of kernel function and regularization parameter C of TSVR is tuned in the232

set [2−10, 2−9, ...29, 210] using a grid-search method. Similarly, for the random233

forest, we perform the tuning in a range of (1− 1000) number of trees. In case234

of wavelet-CNN, after wavelet decomposition of the wind power ramp235

signal, two convolution layers with 64 filters each and a kernel size of236

3 is used followed by one max-pooling layer and one drop-out layer.237

This means that convolutional layers helps in extracting meaningful238

and new features. While the pooling layer reduces the dimensions239

of incoming feature vector. In case of our work, we have tuned the240

hyper-parameters such as epochs and batch size in the range (0-300)241

and (2-30) respectively.242

In this analysis, the wind speed datasets are sampled at 10-minute intervals.243

The prediction performance is depicted in Table 2 for training data of 12 months244

and 36 months for wind farm sites in Spain and Germany. The inputs are the245

decomposed signals obtained from WT. Discrete WT with Daubechies filter246

(db4) is used, and the resultant approximate and detail signals are used as247

feature variables in the prediction process. The features are the column vectors248

in this analysis. The benefit of using discrete WT is its ability to capture249

the information in frequency and time scale. It is observed that wavelet-CNN250

outperforms wavelet-RF and wavelet-TSVR in terms of error metrics such as251

RMSE. Further, the ramp events for each wind farm site are analyzed separately.252

For each type of event, the wavelet-CNN-based method provides higher ac-253

curacy when the length of training data is 36 months. Figure 4 illustrates the254

forecasting diagram for wind farm site in Spain. Wavelet-CNN based hybrid255

method outperforms the SVR and TSVR based hybrid method. In terms of the256

prediction performance, TSVR based method outperforms RF and CNN for all257

the datasets when the training data length is 3 months. In Figure 5, the ramp-258

event signal for the wind farm site in Germany is visualized. The ramp signal259

shows the variation in wind power produced for three different time frame of260

data. It is worthwhile to note that the variation is minimal for a 3-month data261

and is maximum for 36-month data. The input given to the prediction model262
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when given for a larger training data is seen evidently in the prediction perfor-263

mance for wavelet-CNN model. Further, with increase in the training data size264

to 36 months, CNN based method outperforms TSVR and RF methods.265

Table 2: Performance metrics for wind farm sites

Dataset Months Model RMSE (%) MSE Rup Rdown U1 U2 CPU time

(sec)

3 0.12625 0.0159 0.09532 0.11112 0.01605 0.00081 152.5

12 TSVR 0.1375 0.01890 0.23726 0.14012 0.00027 0.0.002325 266

36 0.09832 0.0096 0.14063 0.10375 0.000065 0.0009 864.75

3 0.2825 0.07980 0.21632 0.24552 0.0000525 0.000325 280.25

A 12 RFR 0.2925 0.08555 0.2625 0.2955 0.01827 0.25 517.75

36 0.3025 0.09150 0.28077 0.329 0.011325 0.3451 801.75

3 0.9725 0.9457 0.3287 0.35052 0.000525 0.00575 257.5

12 CNN 0.5975 0.3570 0.35262 0.3977 0.000075 0.00115 475.25

36 0.275 0.0756 0.2578 0.27877 0.001 0.01587 751.75

3 0.1925 0.0370 0.2227 0.2303 0.01835 0.2692 307.75

12 TSVR 0.2275 0.05175 0.2481 0.2754 0.00575 0.2187 557.75

36 0.23 0.0529 0.25795 0.2990 0.003225 0.1713 938.5

3 0.2425 0.0588 0.2403 0.2480 0.001175 0.00635 282.75

B 12 RFR 0.2925 0.0855 0.2528 0.2755 0.01467 0.16667 504.25

36 0.32 0.1024 0.2907 0.29842 0.007425 0.1316 775

3 1.995 3.9800 0.3051 0.3290 0.000775 0.036 258.25

12 CNN 0.1525 0.0232 0.24335 0.2279 0.00035 0.01222 480.25

36 0.1375 0.01890 0.2479 0.268025 0.000005 0.0021 776.25

3 0.1775 0.03150 0.2227 0.2303 0.000235 0.03427 287.75

12 TSVR 0.185 0.03422 0.2418 0.2542 0.001025 0.1604 525.25

36 0.155 0.02402 0.25795 0.2990 0.00065 0.1291 778.75

3 0.2775 0.0770 0.2381 0.24575 0.00025 0.00121 298

C 12 RFR 0.3625 0.1314 0.2803 0.3278 0.004125 0.0031 502.25

36 0.405 0.1640 0.2684 0.27065 0.00392 0.00285 825.25

3 0.2125 0.04515 0.2369 0.2390 0.0000325 0.02227 246.75

12 CNN 0.1575 0.0248 0.24677 0.24462 0.0000275 0.02065 519.25

36 0.085 0.0072 0.2053 0.2295 0.0000025 0.01962 751.5

The CPU time is calculated for three algorithms for variety of dataset sizes.266

From this analysis, it is observed that TSVR, Random Forest and Wavelet-CNN267

take approximately comparable time on CPU for training data of size 12 months268

and 24 months. However, when the training data for 36 months is considered,269

wavelet-CNN outperforms TSVR and RFR in terms of CPU time. Although the270

training time for CNN based prediction model is higher in case of 12 months271
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and 24 months of training data seize, but the trade-off obtained in terms of272

a low RMSE is commendable. These algorithms can also be used in tandem273

with the NWP models to improve the prediction accuracy. The analysis is also274

carried out for sampling interval ∆t =1 hour.275
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For an Argentinian site, the proposed wavelet-based techniques are compared276

with Persistence and classical SVR methods. The error metrics RMSE and MAE277

are computed with 10-fold CV and results are within bounds. Wavelet-CNN is278

28.76% and 26.43% effective than wavelet-RF and wavelet-TSVR methods in279

terms of RMSE. For ramp-up event, CNN yields the minimum error followed280

by TSVR and RF as depicted in Table 3. It is worthwhile to note that for wind281

speed forecasting as well as for ramp event prediction, the amount of training282

data available governs the prediction performance. With a large training data,283

the superiority of deep-learning models like CNN and LSTM can be examined.284

The ability of these algorithms to extract meaningful features from the input285

data makes the entire prediction process efficient and thus eliminates the need286

for explicit feature extraction and reduction techniques.287
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Table 3: Performance metrics for ∆t=1 hour for wind farm site in Argentina

Method RMSE MAE Rup Rdown CPU (secs)

TSVR 2.141 ± 0.11 1.314 ± 0.12 0.7921 0.8988 1243

RF 2.211 ± 0.37 1.511 ± 2.01 0.8121 0.9138 1250

CNN 1.575 ± 0.11 1.016 ± 0.25 0.4911 0.8101 1513

SVR 2.071 ± 1.89 1.126 ± 2.91 0.8961 0.9502 1346

Persistence 3.041 ± 2.21 2.017 ± 0.31 0.9015 0.9929 1411

RNN [40] 1.141 ± 1.11 1.214 ± 1.12 1.7921 1.8988 1495

LSTM [41] 1.121 ± 1.07 1.114 ± 1.01 0.4121 0.8138 1205

Bi-LSTM 1.275 ± 1.09 1.116 ± 1.05 1.0911 0.8101 1513

Further, we have compered deep learning-based methods like RNN,288

LSTM, and Bi-LSTM with the proposed wavelet-CNN. Results re-289

veal that LSTM yields a minimum RMSE and MAE for ramp event290

forecasts. The ability of LSTM to extract deep and meaningful fea-291

tures from the underlying time-series makes it an excellent candidate292

for forecasting wind speed ramp event. The parameters of LSTM293

network include a learning rate of 0.0001 and a batch size of 128.294

For RNN, the RMSE is reported is 1.141 compared to 1,275 with295

Bi-LSTM model. The improvement in LSTM and Bi-LSTM over296

RNN is due to the presence of time-dependent states which solve297

the problem of vanishing gradient as experienced in RNNs. Further,298

the prediction performance of wavelet-LSTM is found 28.8% better299

than wavelet-CNN model in terms of RMSE. Compared to TSVR300

model, LSTM performs 47.64% better in terms of RMSE. A common301

observation that error in ramp-down events is more compared to302

ramp-up events.303

The prediction framework of ramp events is further extended by304

testing the residuals of wavelet-CNN model. The test for heteroscedas-305

ticity is performed by plotting the residuals with the fitted values.306
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Heteroscedasticity refers to a situation where the residuals of a fore-307

casting model have a non-constant variance. Figure 6 illustrates the308

test for heteroscedasticity where the normalized residuals are plotted309

against the normalized forecasted values (based on wavelet-CNN) of310

dataset A. Since the plot does not take a funnel shape, we can con-311

firm that the given residuals do not suffer from heteroscedasticity.312

Adverse effect of heteroscedasticity include large error in estimation313

of confidence and prediction intervals.314

Figure 6: Residual analysis for ramp event forecasting. (a) Test for heteroscedasticity of

residuals, and (b) distribution of normalized residuals as probability density function.

In this work, ramp prediction with a 10 minute sampling interval is con-315

sidered. By using advanced algorithms like an SVR variant, random forest316

regression, and deep learning models like CNN, we extend the ramp event pre-317

diction study. In cases of ramp events for 3 and 12 months, TSVR results in a318

minimum error. Log-energy entropy based randomness for a time-series f(t) is319

E{f(t)} =

T∑
t=0

log(f(t)2). (9)

The concept of entropy in general is used to describe the information content in320
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a given signal. Some of the popular entropy types like Shannon and Log-energy321

are used to estimate the randomness. For this purpose, Log-energy entropy322

can also be used as a feature vector in classification task. With respect to the323

wind energy domain, the same can also be utilized for classification of ramp324

events into their distinct states. In the current context, we have leveraged Log-325

energy entropy to estimate randomness in the ramp signal. Table 4 depicts the326

log-energy entropy to assess the randomness.327

Table 4: Log-energy entropy in wind power ramps

Site Technique Randomness

WT EMD

TSVR 2.2795×103 3.6546×103

A RFR 2.6210×103 3.2311×103

CNN 2.6212×103 3.4645×103

TSVR 4.1295×103 3.6396×103

B RFR 4.6120×103 3.2287×103

CNN 4.3112×103 3.4721×103

TSVR 1.4397×103 2.8913×103

C RFR 1.3764×103 2.1321×103

CNN 1.7204×103 2.5127×103

For the considered wind farm sites, the log-energy entropy calculated us-328

ing WT and EMD indicates that randomness is lower when the time-series is329

decomposed via WT than EMD for all the datasets. The industrial impor-330

tance of this research problem is based on the ability of machine learning and331

deep learning techniques to forecast ramp events. Significant ramp events cause332

power reversal which hamper wind power integration in terms of reliability and333

security. Furthermore, these large power reversals cannot be stored in energy334

storage systems due to SoC constraints. Hence, it helps predict such significant335

events to plan power dispatch optimally.336
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5. Conclusions337

In this manuscript, ramp events are studied from a regression point of view.338

Wind speed datasets from Spain, Germany, and Argentina are considered with339

10 minute and 1 hour sampling duration. Wavelet transforms as a signal pre-340

processing technique helps improve the ramp event prediction efficacy. More-341

over, the ramp event prediction is also made considering a larger size of training342

data in the form of 3, 12, and 36 months. Wavelet filter named Daubechies 4 de-343

composes the time-series into low and high-frequencies. Machine learning (ML)344

techniques such as SVR, RF, and TSVR are tested and compared with deep345

learning (DL) techniques such as the CNN. Results reveal that the wavelet-346

CNN-based prediction method for ramp events is superior to ML techniques347

when the training data length is 36 months. The randomness in wind speed is348

assessed by measuring the log-energy entropy. Quantitatively, wavelet-CNN is349

28.76% and 26.43% effective than wavelet-RF and wavelet-TSVR methods in350

terms of RMSE.351
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Transactions on Industrial Electronics 2018;65(5):4392–400. doi:10.1109/473

tie.2017.2764844.474

[35] Vapnik VN. The Nature of Statistical Learning Theory. Springer New475

York; 2000.476

[36] Peng X. TSVR: An efficient twin support vector machine for regression.477

Neural Networks 2010;23(3):365–72.478

[37] Malhotra P, Ramakrishnan A, Anand G, Vig L, Agarwal P, Shroff GM.479

Lstm-based encoder-decoder for multi-sensor anomaly detection. CoRR480

2016;abs/1607.00148. arXiv:1607.00148.481

[38] Irwin JS. A theoretical variation of the wind profile power-law exponent482

as a function of surface roughness and stability. Atmospheric Environment483

(1967) 1979;13(1):191–4.484

[39] Dhiman H, Deb D, Balas VE. Supervised Machine Learning in Wind485

Forecasting and Ramp Event Prediction. Elsevier; 2020. doi:10.1016/486

c2019-0-03735-1.487

[40] Shabbir N, Kutt L, Jawad M, Amadiahanger R, Iqbal MN, Rosin488

A. Wind energy forecasting using recurrent neural networks. In:489

2019 Big Data, Knowledge and Control Systems Engineering (Bd-490

KCSE). IEEE; 2019,URL: https://doi.org/10.1109/bdkcse48644.491

2019.9010593. doi:10.1109/bdkcse48644.2019.9010593.492

[41] Araya IA, Valle C, Allende H. LSTM-based multi-scale model for wind493

speed forecasting. In: Progress in Pattern Recognition, Image Analy-494

sis, Computer Vision, and Applications. Springer International Publishing;495

2019, p. 38–45. URL: https://doi.org/10.1007/978-3-030-13469-3_5.496

doi:10.1007/978-3-030-13469-3_5.497

27

http://dx.doi.org/10.1109/tie.2017.2764844
http://dx.doi.org/10.1109/tie.2017.2764844
http://dx.doi.org/10.1109/tie.2017.2764844
http://arxiv.org/abs/1607.00148
http://dx.doi.org/10.1016/c2019-0-03735-1
http://dx.doi.org/10.1016/c2019-0-03735-1
http://dx.doi.org/10.1016/c2019-0-03735-1
https://doi.org/10.1109/bdkcse48644.2019.9010593
https://doi.org/10.1109/bdkcse48644.2019.9010593
https://doi.org/10.1109/bdkcse48644.2019.9010593
http://dx.doi.org/10.1109/bdkcse48644.2019.9010593
https://doi.org/10.1007/978-3-030-13469-3_5
http://dx.doi.org/10.1007/978-3-030-13469-3_5

	Introduction
	Methods for Wind Power Ramp Prediction
	Datasets & Framework of prediction models
	Results and Discussions
	Conclusions

