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Abstract: Wind speed prediction is rapidly becoming
one of the most noteworthy parts in wind power
integration and operation. In the paper we compare
the prediction accuracy of 28 different adaptive
models, trained on five wind speed data sets, in order
to decide which model is the most appropriate for each
data set. We are using real world data collected from
five different Romanian cities and presenting detailed
experimental results. This research work continues
our previous investigations published at ESREL 2013
international conference, where we have proposed a
simple and efficient adaptive model for wind speed
prediction.
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NOTATIONS

LR - Linear Regression

MLP — Multi-layer Perceptron

TLRNN - Time-leg Recurrent Neural Network
TDNN - Time Delay Neural Network

ANM - National Meteorology Administration
DDR3 - Double Data Rate 3

MSE — Mean Square Error

MAE - Mean Absolute Error

RAM - Random Access Memory

FIR - finite impulse response digital

PE — Processing Elements

X = input vector for a layer

W=weight vector

U = input vector for the network, the initial input
n = time index

k = tap index

M = the feedback parameter

H = Hessian matrix

J = Jacobian matrix

I = identity matrix

¢ =1s always positive, called combination coefficient
e = training error

1. INTRODUCTION

Wind power prediction has a remarkable significance to
optimize and increase renewable wind power generation
[1]. The most involved problem is to develop more
precise prediction models. BP (Backward Propagation)

neural networks have been studied comprehensively in
order to build wind power prediction models, but results
have shown relatively slow convergence rates [2]. Very
precise short-term wind speed forecasting is indispensable
to reliable power system operations. A very recent study
integrates unscented Kalman filter (UKF) with support
vector regression (SVR) based state-space model in order
to precisely update the short-term estimation of wind
speed sequence [3].

2. CONTRIBUTIONS

To improve the reliability of wind power at the small
windmill farms and increase predicting accuracy of wind
speed, this paper shows a comparative study,
implemented and tested on real-world data sets, collected
from five different Roumanian cities. The author’s
contribution of this research work is a study of solutions.
For each Romanian city, we investigate which model is
the optimal prediction solution, comparing 28 different
adaptive models. The 28 models studied here cover
almost all classic prediction solutions offered by literature
until now. From our knowledge, a comparative study like
this was never done before in Romania.

3. METHODOLOGY

To implement, train and test the proposed adaptive
models, we made use of Neuro Solutions 6.21 [64 bit]
installed on a system with the following parameters: Intel
Core 17 2-2.8 GHz processor, 4 GB of DDR3 RAM and
500 GB hard disk. The adaptive models investigated in
this study have two inputs, the minimum wind speed and
the average wind speed and the desired output used for
training is the maximum wind speed. In other words we
try to predict the maximum wind speed in the next day
based on minimum and average wind speeds recorded in
the recent past.

4. EXPERIMENTS AND RESULTS

To train the adaptive models we have collected five data
sets from the ANM web site. Each data set contains wind
speed values from a different Romanian city. The five
cities investigated in this study are: Arad, Cluj, Constanta,
Sulina, and Tulcea [4]. For each of the five cities, the data
set consists of three wind speed values: minimum,
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average and maximum. These values were collected every
day, starting with 01.01.2013 to 25.02.2013. Because of
limited space reasons, just a sample of the data set in
presented in table 1:

Table 1. Sample of data

Data Minimum Average wind Maximum wind
wind speed speed [m/s] speed [m/s]
[m/s]
01.02.2013 -1 2.5 6
02.02.2013 1 2.7 4
03.02.2013 -1 2.5 7
04.02.2013 -1 1.5 4
05.02.02013 1 1.7 3

Each of the 28 adaptive models compared in this study
has a name that respect the following syntax:

(Mean Absolute Error). Since the literature recommends
MAE for prediction problems, in our study we have
considered MAE as the primary criterion.

As we can see in (fig. 1), Neuro Solutions for Excel
selected TLRN-1-O-M (Time-leg Recurrent Neural
Network) as the best adaptive model for ARAD data set.
The columns from (fig. 1) show that the data set was
divided in three parts: training, testing and cross-
validation. The training data set is obviously used for
training, the cross-validation data set tests the model in
the training phase and determines when the training is
stopped, while the testing data set is utilized to investigate
the prediction accuracy of the model when it receives
unseen samples at the input. The most studied TLRN
network is the gamma model. The gamma model is
characterized by a memory structure that is a cascade of
leaky integrators, an extension of the context unit of the
Jordan and Elman networks.

Table 2. Performance metrics of TLRN-1-O-M

. Trainin Cross Testin
Topology_name - number_of_hidden_layers - g Val g
learning_rule - input projection_algorithm :
& Pt projection. 2. 8 # of Rows 56 18 10
For example, the adaptive model named: MLP-1-LM-
SOMIP is a Multi-Layer Perceptron with only one hidden MSE 0.361936  0.969825 0.531712
layer, trained using Levenberg-Marquardt learning rule Correlation (r)  0.891943  0.652769  0.865755
and Self Organizing Map Input Projection algorithm. The :
g g Viap Ihput F1oj gorithm. Min Absolute  0.001272 8.46E-06  0.00848
first comparison was performed on the data set with wind
speed values collected from Arad. The summary of all Error
. . Max Absolute  1.702931 3.304567 1.276013
networks is presented in (fig. 1) and the performance
metrics of the best adaptive model are shown in table 2. Error
T . Mean 0.469851 0.647543 0.601772
As we can see, the criteria utilized to determine the best Absolute E
- solute Error
adaptive model are: MSE (Mean Square Error) and MAE
(MAE)
y ot All s
Performance Metrics
Model Name MSE r MAE MSE r - MAE
MLP-1-0-M [Muftiayer Penceptron 0.470855 | 0.855888 | 0.563344 0.790675| 0.734817 1.154233| 0.758852 | 0.738196)
LR-0-B-M [Linear Reg; on 0.45725| 0.5455568| 0.545523 0.658923 | 0.775358 0.804385| 0.822532 | 0.555458)
LR-0-8-L [Linear Regressio: 0.561259| 0.509174 0.735563 | 0.757267 1.152162| 0.798659| 0.77635
MLP-1-8-L [Mutiayer Fesceptron 1| 0.579076| 0.474042 0.567324| 0.780302 1.0385902| 0.775745| 0.585109|
PNN-C-N-N [Probab sTic Neura Network 0.891886| 0.41518| 0.784823| 0.737131 1.264352| 0.675254 | 0.854777|
REF-1-8-L [Radial Basis Function 7| 0.87903| 0.479735) 0.896721| 0.708584 2| 0.656874| 0.950483
GFF-1-8-L [Generalized Feedforward 1| 0.572219| 0.452175 0.801588| 0.72777 0.975585| 0.784857| 0.671811
MLPPCA-1-B-L [MLF with PCA 0.744552| 0.54808| 0.566852 | 0.815589| 0.523178 0.950034| 0.756784 | 0.733353
SWM-O-N-N [ClassFication SVM 0.812148| 0.719712| 0.73654 1.506078| 0.338511| 0.571484 2.444554| 0.214201 | 1.33435%|
TDMNN-1-8-L [Time-Delay Network 0.838273| 0.702819| 0.654443 0.882335| 0.667637| 0.701326] 0.64557| 0.897669| 0.72197|
TLRAN-1-B-L [Time-Lag Recurment Network 0.362248| 0.891655| 0.483577| 0.684315| 0.5142%4| 0.652191 1.200417| 0.752488| 0.784715
RN-1-8-L [Recurment Network 0.78355| 0.750532| 0.645762 1.251884| 0.562371| 0.704598: 1.135174| 0.728657 | 0.543499|
MLP-2-8-L {(Mu'Tiayer Perceptron 0.330527| 0.8584583 | 0.450538 0.823522 2 0.655445 1.3186828| 0.748375| 0.75401
MLP-1-8-M [MuTT aye” PeCepton 0.560445| 0.520917| 0.566461 0.754581 0.620067 0.800343 | 0.822247| 0.663178
MLP-2-O-M [MuTT ayer Pecepton 0.360845]| 0.554124) 0.463824 0.779533 0.637454 1.367921| 0.717919| 0.759553
MLP-2-B-M [Mu'tiayer Perceptron 0.545317| 0.585798 0.529519| 0.712564) 0.635804 0.989578| 0.78835) 0.747482
MLPPCA-1-C-M (M th PCA 0.74084% | 0.683852 0.557352 | 0.8525813 | 0.553458 0.526451| 0.752952 | 0.585645|
MLPPCA-1-B-M [MLP with PCA 0.428474| 0. BBE5T3 1.058838| 0.557318| 0.813377 0.958152| 0.85315| 0.515533
GFF-1-C-M (Generafired Feedforward 0.879288| 0.624558| 0.806808| 0.755608) O 1.158381| 0.774116| 0.805129|
GFF-1-8-M [Generalized Feedforward 0.853682| 0.534553 0.709851| 0.76255| 0 0.920785| 0.790042| 0.69851)
RBF-1-0-M [Radial Basis Function 1| 0.654557| 0.771552| 1.042351] 0.544291| 0 0.724154 | 0.847595|
RBF-1-8-M [Radial Basis Function 0.540308 | 0577454 0.98631| 0.65322 0.501526 | 0.555607|
TDNN-1-C-M (Time-Delay Network 0.35425%| 0.853585 | 0444155 0.587135| 0.650357 0.734582 | 0.730702
TDNN-1-8-M [Time-Delay Network 0.301595| 0.90828| 0.433832 0.83899| 0.71609 0.77019] 0.739
AN-1-O-M [Recurment Network 0.664057| 0.796076 | 0.612935| 0.888743| 0.711748 0.737658| 0.799171
RN-1-8~-M [Recurrent Network 0.758471| 0.759961 | 0.658513 1.434116] 0.5556421| 0.955433 0.584572 | 0.831053
TLAN-1-0-M (Time-lag Recurrent Network] | 0.361936| 0.891943 | 0.469851 0.9659825 | 0.6527659 | 0.647543 0.531712| 0.B65755| 0.601772|
TLRAN-1-8-M [Time-Lag Recurent Network 0.852397| 0.721801 | 0.733078] 0.934476| 0.568368| 0.687153 0.752033 | 0.54803% | 0.715548]
Fig. 1. Performance of all networks using ARAD data set
The signal at the taps of the gamma memory can be Xo(n) = U(n) )]

represented by:
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Xi(n) = (1- ) Xu(n-1) + Y X\ (n-1) 2

The signal at tap k is a smoothed version of the input,
which holds the value of a past event, creating a memory.
The point in time where the response has a peak is

approximately given by k/ H , where H is the feedback
parameter. This means that the neural network can control
the depth of the memory by changing the value of the
feedback parameter, instead of changing the number of

inputs. The parameter M can be adapted using gradient
descent procedures just like the other parameters in the

5 y of All Networks

neural network. But since this it is recursive, a more
powerful learning rule needs to be applied [5].

For the data set that have wind seed values collected from
Cluj, the comparison results are illustrated in (fig. 2).
Neuro Solutions for Excel elected as the best model: LR-
0-B-M (Linear regression). This is a simple linear
regression model that uses backpropagation, have no
hidden layers and as gradient search implements
Momentum learning rule. The performance metrics for
this model are show in table 3.

Performance Metrics

Model Name MSE r MAE

MLP-1-C-M (Mutigyer Perceptron| | 0.291354| 0.927473] 0.437001

LR-0-8-M {Linear Regression) | 0.377658| 0.903431| 0.471285]

LR-0-8-L (Unear Regression] | 0.377658| 0.903431 C.#?LES‘EI

MSE r MAE MSE r MAE
0.913002| 0.85757| 0.768063 0.335668] 0.2099392 0.51555'
0.850436 | 0.848009 0.725777] 0.169143| 0.963028| 0.34783
0.860436| 0.84800%| 0.725777 0.165143| 0.953028| 0.34783

MLP-1-B-L (Mutiayer Perceptron| | 0.432524| 0.921034 | 0.567995

0.691481| 0.857928| 0.689626 0.293285] 0.901155| 0.517027

PNN-O-N-N [Probabistic Neural Network) | 0.245826| 0.938298| 0.385995

0.900003 | 0.525054 | 0.754557 0.401615] 0.934735| 0.519524

RBF-1-B-L (Radial Bas's Function) | 0.279936] 0.925414| 0.433264]

1.020915| 0.793964 | 0.852345) 0.384881 | 0.881373 | 0.558801

GFF-1-B-L [Genealiized Feedforward] | 0.555645| 0.887964 | 0.756366]

0.373719| 0.897878| 0.509261 0.336108| 0.559965| 0.433084

MLPPCA-1-B-L [MLP with PCA] | 0.457573| 0.905489 C.Eljd-iél

0.54472| 0.547805) 0.521045 0.358809| 0.88739| 0.507324

SVM-0-N-N [Cassification SWM| | 1.227773| 0.683702| Q. 501555'

1569235| 0.425102| 0.83703 0.902589| 0.781962 | 0.805056]

TDNN-1-B-L [Time-De‘ay Network] | 0.118187 0.975681 C.ZSZT’JZI

0.39888| 0.935576| 0.533662 139934| 0.500233| 0.841544

TLAN-1-B-L (Time-Lag Recurment Network) | 1.512188| 0.745517 C.90«17"55I

1.513954| 0.563109| 0.957502 1.659247] 0.198837| 0.965334,

RN-1-8-L [Recurrent Network) | 1.228872] 0.783223 C.BTEB'.".'I

1.448323| 0.718377| 1.009929 0.918262| 0.749768| 0.741375{

MLP-2-B- (Muitiayer Perceptron) | 1.033122| 0.51835 C.BG&E@SI

0.627483| 0.82172| 0.651073 1.455324| 0.147843 1.132556'

MLP-1-5-M (Mu'tiayer Perceptron) | 0.304155 0.524245 C.-\lZ'MBGI

0.540362| 0.561785| 0.773774 0.340007| 0.514752 D.EIS'-".’SI

MLP-2-C-M [Muitizyer Perceptron) | 0.251507| 0.929504 C.-\lZS!SSI

0.9545877| 0.830521| 0.500451 0.474553| 0.90557 O.EED@I.SI

MLP-2-8-M [Mu'tizyer Perceptron) | 0.350257| 0.912451 C.ASZ?EZI

0.574547| 0.52855| 0.514855{ 0.343288| 0.58443 D.SJS?EEI

MLPFCA-1-0-M (MLP with Pca) | 1444055 0.620847] 0.530035]

2.233457| 0.04343 1.0505731 0557551 | 0.534351 | 0.8472a3]

MLPPCA-1-B-M [MLP with PCA] | 1.802235| 0.423662| 0.983731

2.068622| -0.22086 1.071555] 0.958832] 0.735147| 0.904575

GFF-1-0-M [Geneaized Feedforward) | 0.303255| 0.925963| 0.449353

0.523745| 0.558747/ 0.732828) 0.286527] 0.915454| 0.451263

GFF-1-B-M [Geneaized Feedforward] | 0.301337) 0.924356| 0.431485

1.084256| 0.5443358| 0.813354 0.429533| 0.594367] 0.571855{

RBF-1-C-M (Radial Bas's Function] | 0.279761| 0.930442| 0.425005]

1.427645| 0.639126) 0.948323 0.185361 0.932681 0.3”535'

RBF-1-8-M (Radial Basis Function) | 0.721656| 0.860931 C.'5-4943"5|

1.065352| 0.708081| 0.741785 0.831233] 0.823835 0.75035?I

TDNN-1-C-M [Time-Delay Network] | 0.267697| 0.941022 | 0.404348

0.654515| 0.805813| 0.612141 0.345722| 0.553425 0.50&329'

TDNN-1-8-M (Time-Delay Network) | 0.226249| 0.944535| 0.3594145

1300158 0.654605| 0.915531. 0.507202| 0.577993 0.555555'

RN-1-C-M [Recurrent Network) | 0.288124| 0.928407| 0.427171

1.037005] 0.794807| 0.779463 0.30243| 0.909014 | 0.451555

RN-1-8-M (Recurrent Network) | 0.314132| 0.924132] 0.45417§]

1.0813458| 0.758565| 0.7593158) 0.280805| 0.937965| 0.442383

TLAN-1-C-M (Time-Lag Recurment Network) | 0.202407] 0.950307 C.3693‘."‘.-‘|

1.202375| 0.784936| 0.821395 0.352245] 0.9158315| 0.4581177

TLRN-1-8-M (Time-Lag Recurrent Network) | 0.207426) 0.948973 C.S'-"-’S-%I

1.042457| 0.803607] 0.843072 0.52066| 0.865843| 0.552044

Fig. 2. Performance of all networks using CLUJ data set

Table 3. Performance metrics of LR-0-B-M

Training  Cross Val. Testing
# of Rows 56 18 10
MSE 0.377658 0.860436 0.169143
Correlation (r)  0.903431 0.848009 0.963028
Min Absolute 0.017079 0.028946  0.017079
Error
Max Absolute  2.235209 2.401678 0.632078
Error
Mean 0.471286 0.725777 0.34783
Absolute Error
(MAE)

The image below, (fig. 3) shows the comparison results
for the data set collected from Constanta. As we can

observe, the best network chosen by Neuro Solution for
Excel in this case, is LR-0-B-L, an adaptive model very
similar to the one chosen for the CLUJ data set. The only
difference between the two networks is the learning rule,
LR-0-B-L implementing Levenberg-Marquardt instead of
Momentum. In order to make sure that the approximated
Hessian matrix is invertible, Levenberg—Marquardt
algorithm introduces another approximation to Hessian
matrix [6, 7]:

H=J"T+cl 3)

The update rule of Levenberg—Marquardt algorithm can
be presented as:

W1 = Wi — U + ¢l) Jeer “4)
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Summary of All Networks

Performance Metrics

MLE-1-0-M [Mutiayer Percepron) | 0.840813( 0.88193 0.729555]

LA-0-B-M (Unear Regression] | 1.227843 | 0576385 | 0906167

LRe0-B-L {Linear Regression] | 0858835 0.576488| 0.722724]

MLP-1-5-L (Mutiayer Perceptron] | 0.93316) 0.858776) 0.763105

FNN-O-N-N |Frobabstic Neural Network) | 0.765158 0821081 | 0.657074)

RBF-1-B-L (Radial Basis Function| | 0.882785/ 0.676538| 0.758156

GFF-1-8-L {Generaiized Feedforward) | 0.794475 0.520135 0.584161)

MLPPCA-1-8-L (MLP with PCA| | 2.413661| 0.722774| 1.294232

SVM-0-N-N (Classification SVM) | 2.138482 0.674453| 1.09817)

TONN-1-8-L [T'me-De‘ay Network) | 1.354806 0.845517 | 0.580261)

TURN-1-B-L (Time-Lag Recurrent Network] | 1.234385| 0.874381) 0.508714

RN-1-B-L |Recuent Network) | 1.434513| 0808248 0.843337

MLP-2-8-L [Muitiayer Perceptron) | 1.459135) 0.544535| 1.018365]

MLP-1-B-M Mutiayer Perceptron) | 2.13443( 0.791567| 1.213215

MLP-2-C-M (Muttiayer Perceptron) | 0.954972| 0.863277| 0.506853]

MLP-2-B-M [Mu'tiayer perceptron] | 0.94392 0.856145 0764507

MLPPCA-1-O-M (MLP with PCA) | 2,00527) 0.728985  1.141168]

MLPPCA-1-6-M [MLP with PCA] | 2727538 0552434 L.SSESTGI

GFF-10-M [Generaized Feedforward) | 0.877584 0.878383 0 804173

GFF-1-8-M (Generaized Feedforward] | 1.327002] 0.888845] 0522514

RBF-1-0-M [Radial Basis Function) | 1875352 0.733566 1114323

RBF-1-B-M (Radial Bas's Function) | 2.295388| 0.62998] 1.198521)

TONN-1-0-M (Time-Defay Network) | 0.851695| 0.93872) 0.717345]

TONN-1-8-M (Time-Deiay Network] | 0.688549| 0.905778 0.5819?5'

RN-1-0-M [Recument Network) | 0.985474] 0.854308] 0.794798]

RN-1-8-M [Recurent Network) | 2.958813 | 0.4671528 1.4129«5'

TLRN-1-0-M (Time-Lag Recurent Network) | 0.789173 0.593415) 0.671885

TLRN-1-E-M (Time-Lag Recument Network) | 0.841571 0.884151] 0.710035

Modelname | MSE  r M MSE o MAE MSE  r  MAE
0515084 0750527 0.52887) 0.654888| 0.52418] 0850312
0.425082| 0.681412 0.545138] 0.572642 | 0.536779| 0.780718|
0.65224| 0.650773 Q.Glﬁﬂl 0.430363| 0.838511| 0.48281
0.521001]0.718307| 0.57421 0.814225 0.548835| 0.500822
0.549537) 0.718815) 0.64798] 052015 0833703 0 528858
0.861352] 0.76778 061757 0.651008] 0535804 0 543813
0.642621 | 0701087 0.60857¢] 0695152 0.845435 0881308}
0531851 0.492367] 0.551419] 2.143274| 0.581508| 1.229517
067882 0.491251 0,038 2367443 | 0330241 1. 148138
0.540114| 0.831252 | 0.628888) 0.62311 0.832648| 0508734
0.881261 | 0.547868| 0.753843 0.728211 ] 0.745183| 0.657437
2007022 0.555478 1.239804] 0.858472| 085508 0.584588
0.514524| 053437] 0.510838] 1185195 0.752502 0 528438
0585735 0.550554 0.507274 2.012111| 0.678528 1 204854
0578052 0.709473| 0.589841] 0648633 | 0.825258 0.681272
069368 0.595003 0.63482 0.457523| 0.835738 0.538485
0955508 0511342 0. 704303 1.935988)| 0.582078| 114009
0.993652 | 0.261545| 0.752025, 1.801071) 0.335221| 1.075747
0623421 0.720858 0 632455 0.788585 | 0 818828 | 0 738878
0558154 0.581061 | 0.595403 0.573173 0.51857s] 0.5153%4)
0.995385 0.434544 0.835374 1.085512| 0.525727] 0.720878]
1.058997| 0.308951 | 0.5642225 0.85235| 0.761515 0758423
1270191 | 0.616732| 0 943837 1.437119] 0753907 1 on144]
0525102 0.585005 | 0 527373 0.545082| 0.790864] 0 1545
0.770113| 0.758528 0.750783 0.533885| 0.515085 0.554043)
0557143 0.438828| 0.78103 1380883 0.588903 | 0.323132
0.583765| 0.677009| 0.554703 0.545768| 0.795295| 0.628051,
0.438202| 0.750505| 0.498083 0.523408 0.784944] 0.591088]

Fig. 3. Performance of all networks using CONSTANTA data set

Levenberg—Marquardt learning rule is a combination
between steepest descent algorithm and the Gauss—Newton
procedure. When the combination coefficient is very small
the Gauss—Newton algorithm is used while when c is very
large the steepest descent method is utilized. Table 4
presets performance metrics of LR-0-B-L.

The data set collected from Sulina offers a new network
architecture as the leader of predictors (fig. 4). In the
Time Delay Neural Network (TDNN) the memory is a tap
delay line, in other words a set of memory locations that
store the past of the input. Self-recurrent connections
(connections that feed the output of a PE to the input)
have also been used as memory, and these are named
context units. In Neuro Solutions the time delay line is
implemented using TDNNAxon, the fundamental element
of all FIR filters.

Table 4. Performance metrics of LR-0-B-L

Training  Cross Val. Testing
# of Rows 56 17 11
MSE 0.858896 0.69224  0.430363
Correlation (r)  0.876488 0.690773 0.838611
Min Absolute 0.006393 0.016528 0.016528
Error
Max Absolute  2.830761 1.722337 1.146318
Error
Mean 0.722724 0.616194  0.46281
Absolute Error
(MAE)

ISSN 2067-5534 © 2013 JSE



JOURNAL OF SUSTAINABLE ENERGY VOL. 4, NO. 4, DECEMBER, 2013

T ——

PNN-O-N-N [Probabiistic Neural Network) | 1.016258| 0.965459 | 0. 700625

TLRN-1-8-L (Time-Lag Recurrent Network) | 2.503624| 0.50261| 1.255754

TLAN-1-O-M (Time-Lag Recurrent Network] § 2.321407| 0.921752| 1135865

TLRN-1-B-M (Time-Lag Recurment Network) | 2.459183 | 0.915668| 1.268825

| e [ cowvedesen | [

model Name MSE r MAE MSE r MAE MSE r MAE
MLP-1-0-M [Muitiayer Perceptron) | 3.000725| 0.595302 | 1.220143 1.912208| 0.903033 | 1.089103 0.396539| 0.9655885| 0.453714
LR-0-B8-M [Lnear Regression) 5.561779| 0.865354 | 1525075 2.074573| 0.909588| 1.111523 0.571259| 0.954953| 0.535185
LR-0-B-L [Linear Regression) 3.63446| 0855844 | 1.301185 2.074137)] 0.826455| 1 242181 0.8135645| 0.843513 | 0.757934
MLP-1-8-1 [Mu'tiayer Perceptron) 2. 568582| 0.912022| 1.222145 2.141731| 0.883862| 1.128651 0.46608| 0.951872| 0.51552
2.588425) 0.860394| 1.376233 0.525704| 0.95422) 0.787575)
RBF-1-8-L [Radial Basis Function) 3.13411| 0.885345| 1238312 2.611959| 0.8578955| 1.421122 0.517955| 0.964997 | 0.534225
GFF-1-B-L [Generalized Feedforward) | 35.10585| -0.2184| 3.355408| 22.76563| -0.52256| 2.975835 3.S08858| 0.229545] 1.284732
MLPPCA-1-8-L (MLF with PCA) | B.016757| 0.730952 | 1. 705468 4.064554| 0.735087| 1 567829 0.745666| 0.850405| 0.733104
SWM-0-N-N [Classification swm) | 13.27735| 0.58747| 2.951395 5.41593 | 0.242274| 2.554103 3.459648| 0.B08393| 1.62795
TDNN-1-8-L [Time-Delay Network) | 3.1586411 | 0.594055 | 1.1329054] 1.90455| 0.905003 | 1 157383 2.0506| 0.526293 | 1306275
3.515452| 0.857742| 1 555282 1575013 | 0.530483 ] 1.234747|
RN-1-8-L [Recurment Network) | 25.85835| 0.375432| 3.702135 20.9888%| 0.315755| 3.301455| 21.78104| 0.093128| 3.215154
MLP-2-8-L [Mu'tiayer Perceptron) 1.860002| 0.542517| 1.043849)| 1.783593 0.9642| 1.092797 0.80767| 0.907092 | 0.773532]
MLP-1-B-M [Muftizyer Perceptron) | 2.724851| 0.90505| 1.195574) 1.95578| 0.910864| 1120574 0.598553 | 0.966145) 0.586501
MLP-2-0-M [MuTiayer Perceptron) 2.749905 | 0.907557 | 1237555 2.206815| 0.5588801 | 1.155502) 0.513584| 0.951747| 0.55095)
MLP-2-B-M [Mu‘tiayer Perceptron) 3.54089| 0.87655| 1.318931 2.355818| 0.9020835| 1300953 0.98928 | 0.936363 | 0.797S56)
MLPPCA-1-C-M [MLF with PCA) B.ADETES| 0.595477| 1.7B117T 3.28359 0.7981| 1.428885 0.81024 ) 0.879961| 0.732531
MLPPCA-1-B-M [MLP with PCA) | 1185553 | 0.553675| 2.104960| 4.743858| 0.701785| 1. 576027 1.228874| 0.77833] 0.59629
GFF-1-C-M [Genera zed Feedforward) 3.107995| 0.584714| 1.25535 1.736447| 0.909552| 1.006773) 0.471589| 0.951078 )| 0.553075)
GFF-1-8-M [Generalired Feedforward) | 3.228554| 0.857485| 1.284352 2.149598| 0.907521| 1.20845| 0.535015| 0.54097] 0.741718
RBF-1-O-M (Radial Basis Function) 2.604545| 0.912313 ) 1.153721 S OOE1E4| 0537245 1 473224 0.653931| 0.52575) 0.545841]
RBF-1-B-M (Radial Bass Function] | 9.253256| 0.654214] 2.063249 7.361943) 0.562924| 2 487833 5.873758| 0.702582) 2.138351
TONN-1-O-M {Time-Delay } | 1310303 | 0.958354 | 0.793823 1525373 | 0.9142065 | 0.951953 0.319383 | 0.965135| 0.4234953)
TDNN-1-8-M [Time-Delay Network) | 2.951105| 0.897669| 1.27837| 2.435855| 0.885287| 1347085 1.100131| 0.828514| 0.950357|
RN-1-0-M [Recurment Network) | 3.527438| 0.852874 | 1 448745 2.748358| 0.850527| 1328545 1.482558| 0.73213%| 0.527005
RN-1-B-M [Recurrent Network] | 9.407158| 0.654875| 2.26765 2.15993 | 0.878757| 1.211926] 1.367519| 0.729473 | 1.067837|
2.131802 | 0.887402| 1318534 1.114821| 0.78814) 0.953812
2.848234] 0.838155) 1.4534658] | 1103826 0.808208| 0.883058]

Fig. 4. Performance of all networks using SULINA data set

The performance metrics of TDNN-1-O-M are shown in
table 5. This network had one hidden layer implemented
in Neuro Solutions with the TanhAxon that has as
activation function the hyperbolic tangent. The learning
rule of this adaptive model is Momentum with a
Momentum rate of 0.7 and a step size of 0.1 that is
bumped with 10%.

Table 5. Performance metrics of TDNN-1-O-M
Training Cross Val.  Testing

# of Rows 68 10 8
MSE 1.310303 1.525373 0.319383

Correlation (r) 0.958354  0.914065 0.965135
Min Absolute Error ~ 0.013522 0.14901 0.015912
Max Absolute Error  4.463786  2.938686 0.953851

Mean Absolute 0.793823  0.951953 0.444953

Error MAE)
The last data set investigated in this study was collected
from Tulcea. The prediction accuracy of each model is
shown in (fig. 5). For this data set, Neuro Solutions for
Excel elects as the best predictor the MLP-2-B-M (Multi-
layer perceptron). Table 6 illustrates its prediction
performance.

MLP-1-0-M [Muitiayer Perceptron) | 1.176855

LA-0-B-M [Lnear Regression) 1 0OB5808

LR-0-B-L [Unear Regression) 0.997553

MLP-1-B-L [MuT aye Perceptron) 0.911965

PNN-O-N-N [Probabiistic Neural Network) 0.475203

RBF-1-B-L (Radial Basis Function) 0.922155

GFF-1-8-L [Generalized Feedforward) | 0.958247

MLPPCA-1-B-L [MLP with PCA) 2323332

SWM-O-N-N [C'assTication SvM) 2356222

TDNN-1-8-L (Time-Deiay Network) 1.201599

TLRN-1-B-L (Time-Lag Recurment Network) 0.79503

RN-1-8-L [Recurment Network) 3.80681

MLP-2-B-L [Mu't ayer Perceptron) 0.668221

MLP-1-B-M (Mutiayer Perceptron) 1.3515681

MLP-2-C-M [Muitiayer Perceptron) | 1.418628

Model Name MSE r MAE MSE r MAE MSE r MAE
BE65348| 0.8561871 1.515028]| 0.901817| 102717 0.57408] 0.826158| 0.660319|
B57751| 0.817322 1 534578]| 0.91045| 1 011798 0.535017| 0.837283 | 0.534185|
876214| 0.B08703 1.76384| 0.576123| 1.131792 0.756978| 0.761013 | 0.722196)
S01857| O.78904 0.978893 | 0.926689| 0.732642 0.977829| 0.783854 | 0.835319
S43215| 0.540957) 1.771578| 0.884125| 1157254 1.082572| 0.722652| 0.504532
SS52038| 0.755402 2.365035] 0.511924| 1228931 0.666982 | 0.807232| 0.709196
BOBASS| 0.776763 1.138775] 0.909108| 0.932376] 1 46831]| 0.734275| 1 004249
751345] 1. 270617 3.120054] 0.765524| 1 4TS108] 1 458864| 0.739555| 1 O77388]
718377| 1.1S0815§ 5.107775| 0.50482| 2.069731 1.43256| 0.416952 | 0.S41559)
858408 | 0.588254 3.094965 | 0.758999| 1426656 2.843435| 0.277093 | 1. 531555
B82995| 0.775036] 2.254505| ©.8390%| 1325557 1.399053| 0.531545| 0.923877
S44552| 1. 485809 3.480825] 0.5522285| 1.455511 0.951003 | 0.722455| 0.732285|
523513] 0.572524 2.727871| 0.857493 | 1 265699 0.884373] 0.731663 | 0.741058]
8501s82| 0.501343 1.175613| 0.9215897| 0.7741595) 0.55042 | 0.554545 | 0.584155
868341] 0.970813/ 1.195534| 0.918543 | 0.595458| 0.870132| 0.863361 | 0.841757|

MLP-2-8-M | 1172599
MLPPCA-1-O-M [MLP with pca) | 5.552728

MLPPCA-1-B-M [MLF with PCA) 4.082472

GFF-1-C~-M |Gene a zed Feedforward) 1.379024

GFF-1-B-M [Generalized Feedforward) 1.056817

RBF-1-C-M [Radial Basis Function) 1.027105

RBF-1-B8-M (Radial Basis Function) 2010855

TDNN-1-C-M [Time-Delay Network) 1.831142

TDNN-1-B-M [Time-Delay Network) | 1384211

RN-1-C-M [Recurrent Network) 1.702169

RN-1-B-M [Recurment Network) 1.974542

ololololefefefefe[elefefo{e]e]e]e]o]o]o]o]alalo]o]o]o

TLRN-1-C-M [Time-Lag Recurment Network ) 1.169548

TLRN-1-8-M [Time-L3g Recument Network) 1.015435| O.57542)| 0.747145

S54004 | 0. 0.906155 | 0.928171] 0.458585| 0.84734)| 0.634727|
TO46B2| 1.632263 2.3541565| 0.511437 1.3083 2.15769%| 0.761428 1.30621]
371325| 1.61595 5.585568| 0.461186| 2.15133 1.366578| 0.597585 | 0.954125|
B71085| 0.958955 1.303215] 0.908345| 0.957334] 0.E73105| 0.540333 | 0.B35771
574213 | 0504054 1.3713564] 0.910135| 0.955386 0.540773 | 0.831536| 0.535422
B77975| 0.769159 3.943622| 0.75262| 1.80958] 0.780703 | 0.764803 | 0.758283
764535| 1.073741 3.777971| 0.742582 | 1 550088 0.915701 | 0.713576| 0.767031
775601 | 0.978717| 1.699147| 0.857595| 1.036382 1.037897| 0.762664 | 0.699225
B836329| 0.916558] 1 524044 | 0.557442) 1 238243 0.9147%| 0.737984| 0.671014
TES545| 0.950854) 1.475733]| 0.551451| 0.55545] 1.55375| 0.591578| 0.913003
TA4S007| 1.073489 1.655618] 0.8625634| 0.947s91 1.222681]| 0.712586| 0.82154
B50764 | 0.800959 1.463061| 0.883737| 0.957165 0.88161 | 0.768546| 06596658

1337325] 0.902557] 0.518553) 0.7687145] 0.752993 | 0.538072)

Fig. 5. Performance of all networks using TULCEA data set
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Table 6. Performance metrics of MLP-2-B-M

Training  Cross Val.  Testing
# of Rows 56 11 18
MSE 1.172599 1.352827 0.498589
Correlation (r) 0.864004 0.906156 0.84734
Min Absolute Error 0.021147 0.190774 0.136042
Max Absolute Error 2.78608 2.804189 1.190774
Mean Absolute Error 0.855954 0.928171 0.634727

(MAE)

Regularly, for static pattern classification, the MLP with
two hidden layers is a widespread classifier. In other
words, the discriminant functions can take any shape, as
required by the input data clusters. Additionally, when the
weights are appropriately normalized and the output
values are in [0, 1], the MLP have the maximum
performance. In terms of mapping aptitudes, the MLP is
supposed to be able to approximate random functions [5].

5. CONCLUSIONS

In this research work we have compared 28 adaptive
models in order to find the best wind speed predictor for a
particular data set. In our experiments we made use of
data sets that have wind speed values collected from five
Romanian cities. The results strengthen the theory that the
prediction accuracy of each model is strongly depended
upon the data set on which it was trained. Linear
Regression networks seems to be well-suited for
predicting wind speed from Constanta and Cluj cities
while recurrent models like Time Delay Networks and
Time-leg Recurrent Networks are the optimal solutions
for cities like Sulina and Arad. Multi-layer perceptron
with two hidden layers appears the top predictor for the
Tulcea wind speeds data set. As future research we plan
to develop an adaptive models ensemble that integrates

the networks, shown in this study as optimal for each data
set.
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