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5. Numerical Weather Prediction
6. Mean Square Error
7. Auto Regressive Moving Average
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5. Auto Regressive Integrated Moving Average
6.Time lag recurrent network

7. Kalman Filter (KF)

8. Empirical Mode Decomposition

9. Alnino

10. Matsuyama

11. Dyadic wavelet

12. Conches

13. sub-signals
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1. Artificial Intelligent

2. Artificial Neural Network

3. Active Neuro-Fuzzy Inference System
4. Wavlet
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8. Calibration
9. Evaluation
10. verification
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1. a trous

2. discrete dyadic wavelet transform
3. feed forward

4. Noisy

5. Brazil

6. Tyvan

7. Multilayer Percepetron

Ol ool pwaigs g pgle



3955 4Y

Input layer

Oleiz Y
Hidden layer

T 4y

Output layer

oo s 4K 63 S 5 S £ b ) S

Figure 1. A schematic of a typical wavelet neural network
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6. inverse continuous wavelet
7. gradient descent
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1. dilation

2. translation
3. scale

4. position
5. conjugate
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4. learning rate

5. Epoch

6. Momentum

7. Local minimum

8. Mean squar Error

9. Root Mean Squar Error

10. Mean Absolute Error

11. mean absolute percentage error
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1. Levenberg-Marquardt
2. Back propagation
3. Daubechies
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Table 1. The result of prediction wind speed by ANN and ANFIS in the testing phase

MAE RMSE MAPE v Jte S350 S 5 S 5 eled
Model Conbine input No. combine

0.81 0.97 0.11 0.74 ANFIS T, -T..-W 1

0.75 0.97 0.01 0.74 ANFIS T,.-T.,-H-W 2

0.86 1.05 0.17 0.73 ANFIS T, . -T., -HEW 3

0.82 1.00 0.02 0.65 MLP T, -T.-W 4

0.83 1.05 0.10 0.74 MLP T, T, -H-W 5

0.81 1.01 0.04 0.73 MLP T,.-T,. -HE-W, 6
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Graph 1. Comparison between observed and simulated wead speed in combination (2) ANFIS
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Graph 2. Comparison between observed and simulated wead speed in combination (6) ANN
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Table 1. The result of prediction wind speed by WANN and WANFIS

MAE RMSE MAPE r Jae S2a5 S5 S5 ekt
Model Conbine input No. combine
0.45 0.52 0.08 0.96 WANFIS T.-T -W \
0.24 0.31 0.02 0.96 WANFIS T,.-T  -H-W, Y
0.33 0.41 0.03 0.97 WANEFIS T, -T -H-E-W, v
0.50 0.61 0.01 0.98 WNN T -T -W, ¢
0.50 0.60 0.10 0.98 WNN T, -T -H-W, 0
0.33 0.40 0.02 0.98 WNN T, -T  -H-E-W 1
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Abstract

Investigation of the Feasibility of Wind Speed Prediction Using Hybrid Model of Neural
Networks, Neural -Fuzzy Networks and Wavelet (Case Study: Station of Yazd)

H. Afkhami', A. Talebi?>, M. Mohammadi?®, F. Fotouhi*
Received: 2013/07/15  Accepted: 2015/05/12

Prediction of wind components (like wind speed) is considered one of the important factor, especially
in relation to evaporation in a watershed. In this paper, in order to increase the efficiency of artificial
intelligence models, for predicting wind speed, two neural network and neuro-fuzzy models combined
with wavelet and two new hybrid models were presented. This research was carried out by some climatic
parameters in Yazd synoptic station including wind speed, mean temperature, maximum temperature,
relative humidity and evaporation. Then, efficiency of wavelet neural network and wavelet neural —fuzzy
models were compared with the neural network and neuro-fuzzy to predict the wind speed for next 12
months. Finally, in order to confirm the efficiency of the best model, wind speed in 2005 was predicted
using effective climatic parameters in 2004. The obtained results showed higher efficiency of the wavelet
neural network and wavelet neural — fuzzy than the neural network and neuro-fuzzy. Verification of hybrid

models confirmed the efficiency of wavelet neural — fuzzy in comparing to the other models.

Keywords: Prediction, Wind Speed, Wavelet, Wavelet neural Network, Wavelet Neural —Fuzzy
Networks
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