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Wind energy scenario around the world

The Paris Agreement (Accord de Paris) [2]

o UNFCCC - dealing with greenhouse gas emissions mitigation,
adaptation and finance
@ 160 of which have ratified out of 195 UNFCCC members
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Figure 1: Global carbon dioxide emissions by jurisdiction [3]
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Figure 2: Global annual installed wind capacity 2001-2016 [4]

e To improve energy security
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GLOBAL CUMULATIVE INSTALLED WIND CAPACITY 2001-2016
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Figure 3: Global cumulative installed wind capacity 2001-2016 [4]

@ Reduce the greenhouse gas emissions
@ Wind power forecasting reflects on energy balance and thereby the

cost of integration.
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Figure 4: Top 10 new installed capacity JAN-DEC 2016 [4]

@ China then followed by the USA and Germany are the three leading

nations.
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Introduction

Introduction

@ Wind Forecasting: Forecasting of wind is an estimation from
expected power production of the wind turbines in the future.
This power production is expressed in kW or MW depending
on the nominal capacity of the wind farm.

Table 1: Time horizon Classification of Forecasting Techniques

Time-scale Range Applications
Very short-term | Few seconds to 30 minutes - Grid stability operations
ahead - Regulation actions
Short-term 30 minutes to 6 hours - Economic load dispatch planning
ahead - Load increment or decrement
decisions
Medium-term 6 hours to 1 day ahead - Operational security in day-ahead
electricity market
Long-term 1 day to week-ahead - Unit commitment decisions
- Maintainance scheduling to
acquire optimal operating cost
- Reserve power management
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Methodology

Persistence method [5]

@ Basic reference model
@ The accuracy is very high for very short-term forecasts

o Persistence method: The wind speed at future time step is Prys¢
will be equal to the observations of the current time step P;

Pt+6t = 'Dt (1)

Where P; is the measured power at time t, which represents the
average power over the previous time period.
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Methodology

@ Neural networks alone may not give accurate forecasting.

@ This motivated to develop new hybrid forecasting tool using, neural
networks in combination with wavelets.
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Methodology

Adaptive Wavelet Neural Network (AWNN)

@ Wind time series data was collected from site located in Pampa city,
Texas, USA as 5 min. samples of wind time series data [1].

Figure 5: NREL wind anemometer tower ’
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Methodology

Adaptive Wavelet Neural Network (AWNN)

Surnmary Since 00:00 Value Time
Meximum Peak Gust_| 234 mph (132 mjs) | 17:22
High Temperature | 56.6°F (137°C) | 1355
Low Temperature B/HF (21°C) | 2303
Max Relative Huridity 940% 0454
Min. Reelafive Humiei 223% 1533
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Figure 6: "Live” Graphical Display [1]
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Methodology

The Main |dea of this method

@ Input wind series data is applied to Mexican hat wavelet filter of
scaling level-8.

@ Then the wind series data first decomposed in to detailed signal and
smooth signal. This is called wavelet based Multi Resolution
Analysis.

@ These detailed and smooth signals are individually applied to AWNN
model to forecast the day-ahead wind speed.
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Methodology

Data utilized for this work

@ Performed validation and also processing the wind data was done i.e.
converting into suitable form.
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Figure 7: Real wind speed data series [1]
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Methodology

Fourier Transform

A+ A=A
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Methodology

WAVELET TRANSFORMS

Wavelets
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Methodology

WAVELET TRANSFORMS

@ Wavelet: It is a small wave which grows and decays essentially in
limited time period.

@ Wavelets can be better adoptable to time varying frequency analysis.

@ Mexican hat wavelet: It is the second derivative of Gaussian function
and is represented by

P(x) = (1 — x?)e 0 (2)

Mexicanhat Wavelet function
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Methodology

MULTI RESOLUTION ANALYSIS

@ Input wind series data is applied to Mexican hat wavelet filter of
scaling level-8.

@ Then the wind series data first decomposed in to detailed signal and
smooth signal.
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Methodology

MULTI RESOLUTION ANALYSIS
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Methodology

ADAPTIVE WAVELET NEURAL NETWORK (AWNN)

@ It is almost similar to the Feed Forward Neural Network (FFNN).

@ This AWNN structure consist input layer, hidden layer with Mexican
hat as mother wavelet and output layer.

@ These detailed and smooth signals are individually applied to AWNN
model to forecast the day-ahead wind speed.

Hidden Layer

Input Layc[_.-"‘-

Figure 8: Structure diagram of AWNN [6]
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Methodology

Parameters of AWNN
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Number of input nodes (Wind samples) (n)= 30
Number of hidden nodes (m)= 45

Number of output nodes=1

Training patterns = 80

Momentum factor = 0.2

Learning rate = 0.8
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Methodology

AWNN ALGORITHM WITH MEXICAN HAT WAVELET

e The input pattern vector to train AWNN is U = [uy, tp, ......... Up
where n is no. of wind speed samples.
e Mexican hat wavelet is the second derivative of Gaussian function is
represented by
2\ ,—0.5x*

P(x) = (1—-x%)e (3)
e The wavelet family can be generated over the entire input space by
translating and dilating the mother wavelet. It is given by

Yap(uj) = (1 - (ui a_ b)2> e,o‘k—,(u%b)z (4)

ien; a, beR;a > 0

e The output z; of hidden layer can be found as the tensor product of all
1-D wavelets

2 = [ [ ¥y, (1) (5)
i=1
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Methodology

AWNN ALGORITHM...

e The ouput of AWNN can be calculated as

y = ZV"JZ+ZVI“I+g (6)

Jj=1

where w; is the connecting weight between jt wavelon and output
neuron, v; is connecting weight between i*" input neuron and output
neuron, and g is bias signal at output neuron.

e The main aim of the training is to minimize the Mean Square Error
(MSE) which acts as a cost function

= LS lelo)r? (7)
2N

Where e(p) = y(p) — y(p) and y(p) is the forecasted output and y?(p)
is actual output for the p™ input pattern.

21/34



Methodology

e A free parameter can be updated as follows

f(p+1) = f(p) + nAf(p) + aAf(p— 1) (8)
OE
Af = 9)

Where 1 and « are the learning rate and momentum factors respectively.
e Then the changes in the free parameters can be found as

Aw; = ez (10)

AV,' = €euj (11)
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Methodology

OE

Aaj = _3a,j (12)
2 2 Xj bU 2
SOl
aU aU aU
OE
Ab: — ——— 14

17[x — by xi — by]?] —os[i3n }
aU aU aU
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Analytical Study

Analytical Study

@ Predicted the day-ahead wind speed by employing Multi Resolution
Analysis (MRA) of wind series data based on AWNN( Adaptive
Wavelet Neural Network) and compared the results with actual wind
speed.

@ To evaluate the forecasting efficiency by all statistical measures such

as
¢ Mean Absolute Percentage Error (MAPE)
¢ Mean Absolute Error (MAE)
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Analytical Study

Table 2: APE and MAPE for persistence, FFNN and AWNN

Absolute Percentage Error
Hour | PERSISTENCE [5] FFNN AWNN
01 01.8349 02.2353 02.2864
02 14.8413 01.8688 01.1228
03 04.3022 08.2465 04.7617
04 01.3715 03.0626 01.3175
05 11.1041 15.5795 09.1359
06 15.7189 07.9450 07.7814
07 11.5077 10.6538 09.4737
08 13.9447 05.2489 04.0444
09 03.8537 05.6036 05.3063
10 05.0569 19.8259 16.5456
11 09.9527 05.0188 03.3083
12 08.7661 25.9308 20.5913
13 17.0070 18.8296 10.4662
14 09.0313 04.9861 04.5110
15 03.0549 07.2114 06.3814
16 18.5554 03.8427 03.9962
17 27.0842 10.1374 06.6726
18 13.4440 10.1306 11.2727
19 26.4965 19.4745 24.1844
20 13.1355 11.1650 10.0436
21 13.9424 12.4433 14.2117
22 14.6525 12.2321 10.8989
23 02.1921 10.2252 09.2766
24 02.3555 00.4861 00.4885
MAPE 10.9669 09.6826 08.2533
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Analytical Study

Day ahead Hourly Predicted Speed using FFNN
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Analytical Study

Day ahead Hourly Predicted Speed using AWNN
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Analytical Study

Table 3: APE and MAPE using MRA based AWNN and MRA based

FFNN Models
Absolute Percentage Error
Hour FFNN(MRA) AWNN(MRA)
01 00.8823 00.5605
02 00.6615 00.3099
03 03.3152 01.0940
04 00.7035 00.4988
05 05.3454 01.5550
06 05.1497 02.5179
07 06.5391 03.6045
08 02.9298 00.7006
09 02.9911 01.0233
10 08.0329 03.1685
11 01.9712 00.6341
12 10.4108 03.1391
13 07.0628 00.2560
14 02.9630 01.4150
15 03.1908 02.7122
16 01.9130 01.0201
17 04.5025 02.3324
18 05.6377 00.5662
19 08.9974 03.4749
20 04.2562 00.2772
21 10.9146 01.0231
22 07.6926 00.6386
23 03.6317 02.3773
24 00.2959 00.1349
MAPE 045830 | _ 014973 28/34




Analytical Study

Day ahead Hourly Predicted Speed using MRA based
FFNN
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Analytical Study

Day ahead Hourly Predicted Speed using MRA based
AWNN
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Analytical Study

Comparison of Statistical measures

@ To calculate the performance of forecasting the following statistical
parameters are considered: Absolute Percentage Error

AWS — PWS
APE = ‘AWS‘ (16)
Mean Absolute Percentage Error
1| AWS — PWS
MAPE = — ——— %100 17
n ; AWS ’ * (17)
Table 4: Comparison of Statistical measures
Statistical Persistence FFNN AWNN FFNN(MRA) | AWNN(MRA)

measure
MAPE 10.9669 9.6826 8.2533 4.5830 1.4973
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Conclusion

CONCLUSION

@ Wind series is decomposed in to detailed and smooth signals using
Mexican hat Wavelet filter based on the MRA.

@ Each decomposed signal is applied to AWNN in order to predict
day-ahead wind speed.

@ The results thus obtained are compared with other models to
estimate the performance of the proposed model.

@ With the results, this MRA based AWNN model outperformed the
other benchmark models.

32/34



SUGGESTIONS!!

THANK YOU
FOR KIND ATTENTION...

33/34



References

References |

[1] www.nrel.gov. .
[2] Paris agreement, united nations treaty collection. 8 july 2016. .

[3] EDGARv4.3.2. European commission, joint research centre (jrc), pbl
netherlands environmental assessment agency. emission database for
global atmospheric research (edgar), release version 4.3.2.

[4] GWEC. Global wind report, annual market update, 2016. report,
global wind energy council, 2016.

[5] T.S. Nielsen, A. Joensen, H. Madsen, L. Landberg, and G. Giebel. A
new reference for wind power forecasting. Wind energy, 1(1):29-34,
1998.

[6] N. Pindoriya and S. Singh. An adaptive wavelet neural network-

based energy price forecasting in electricity markets. 23(3):
1423-1432, Aug. 2008.

34/34



	Wind energy scenario around the world
	Introduction
	Methodology
	Analytical Study
	Conclusion

