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O ABSTRACT 0O

Weather forecasting (especially rainfall) is one of the most important and challenging
operational tasks carried out by meteorological services all over the world. Itis furthermore
a complicated procedure that requires multiple specialized fields of expertise.

In this paper, a model based on artificial neural networks (ANNSs) and wavelet Trans-
form is proposed as tool to predict consecutive monthly rainfalls (1933-2009) taken of
Homs Meteorological Station on accounts of the preceding events of rainfall data.

The feed-forward neural network with back-propagation Algorithm is used in the
learning and forecasting, where the time series of rain that detailed transactions and the
approximate three levels of analysis using a Discrete wavelet transform (DWT).

The study found that the neural network WNN structured (5-8-8-8-1), able to predict
the monthly rainfall in Homs station on the long-term correlation of determination and root
mean squared-errors (0.98, 7.74mm), respectively.

Wavelet Transform technique provides a useful feature based on the analysis of the
data, which improves the performance of the model and applied this technique in ANNmo-
dels for rain because it is simple, as this technique can be applied to other models.

Keywords: Rainfall, Prediction, Artificial Neural Network, Discrete WaveletTrans-
form.
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P - P(mi
Pom) = — 2 ...(5)
p(max) - p(min)
LAdRae A u...aﬁi :p(max)e:di&.o PN ‘;ui p(mln) cddaadll (uﬂ\ :p(norm) c:\:\Lasf\ H&S\ H (RHGITEN
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RMSE clhaa¥l cilayye Jaussia Hda Lie ddlide yulas adaid 4l JoadV) oY1 o 8ail) (1 32
3¢l Jalaa s (Coefficient Of Determination)R2 aail) Jalaag ¢(Root Mean Squared Error)
:(8) 5 (7) 5 (6) 4dlally Luzly, a3 Al (Coefficient OF Efficiency)COE

N
Z (Pobs - I:)pre)z

COE=1-fF+35 .. (8)
= \2
|:Z (Pobs Pobs) :|
t=1
ol S sia Bllad) (e Aailill 5wl 2 Ppre (Alall cilaaliall af :Popg tdua
x1,7| ANN1
. . X2» ANN2 S A
/ Wavelet \ . \  Output(
Input (x} | \ , Vutputly
p—”—h decomposition 3 . Z l'—l'
ANN4

ilagsall Jlad o alaieVl Dbl Land) 452 (5) s

Lt Ay g Lnand) 42520 oL B

¢lid Matlab iy & NN=Tool Box cufsa¥) deia duuhyll oda 4 Caediin (i) dglec ¢lia) 2ay
Back Propagation Algorithm LM i lss o adied 3l ¢ £dsal) dgelel Lniiall Luasll A
Cligally (liguanll 2o 23a WS A (i o W 400 sl e Jsaall ((Levenberg Marquardt)
Jss ol Aaalsa Cundlh e A ) ligaas e i oy Cun Ladlly Agladll PR e 211
MSE ¢Uai¥) cilagpe Jowsgial dad Jil e Jpanll Jin (A0 cul€uill Qe

e 3-edland dighl liguac 5 ](5-8-8-8-1) Lniall Lnaall 43N L ) Jeagill 5 33
V) Jead) s coptiel AU [ lapad) dadal asly suac — (Rids JS 8 Gliguac 8) 4al) il
oo Wilsie azlanl 2y Al o(Validation) sl de genal daitisall ¢ 0aaY) Cilagye dad e Tolaic
lly AN Wil JAal Ul 73 paill Caypet (Sary (3 beall GlL) (0 %15 ) $pbaall Cilily de sana
tlaaly,

Ry = f{RIRLIR IR iR}
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Jasn Alae el aay Aeltl) HUaedl) Al dsa)l Judlad) caardiiad (Gulaill o AY) culall 4
cdlaad) e s WNN - =asail gl JSl) 18 cimiuall Lnaal) 48080 A0S clilull cilay sal
3 5 0smac 20 Jad Gliguac e muad 20 IS0 4ed Judle 4 5 gne ANND 6 doriiodl
A Osmae 15 it Gliguac

o aaill ¢ HLaaY s splaall ilage 8 WNN S ANN 2300 18V ddlian) 43)lie (2) Jeaad) o
(6) gl b Aoyl claaliall pe g Gl 2l bl asills (3) 9 (2) Jssad) (o oy 7 35alll Ao
Aallee Apals a3 ANNIE] sl Gl e B8aWNN 735l (35585 ¢ ansiiall cad saill DS
gaal) caly A Aia)l) ALl 3 el sy (M s & daldy adaiall Cilaysal) Jyeaity culilyll
il il coloalisal) o o (7) JSAN 3 jiesall Jadadial) (g (WNN 2 3 gatd dpnailly Ul 45l Ll
alasiv) (Ke alies ¢(R™=0.98 ) waat delaay Gandl lpmny (o il (l& JEWNN =350 alasinly L
e Ayl saaly Ladie el (mes Adana g3 Ayl HUaaVL 5l WNN £l 73 el

¢(Calibration ) &uleall lase A 4 il JUadd) all Apilas) 43)a (2) Jsaad)
WNN 3 ANN Cislui JM& (1 (Predicted) g isaill daua ¢ (38ailly

Model  Calibration predicted

RMSE R? COE(%) RMSE R? COE(%)
ANN 34.96 0.509 0.509 34.29 0.521 0.519
WNN 10.08 0.959 0.959 7.74 0.977 0.976

WNN and ANN model during predicted

T —=a— observed
T
! ------------- ANN modeld
Yo "E ~——a-—- WNN modeled
|

Rainfall (mm)

L0

~ X < - ? N < ™~ L
\\‘ \\‘ \¢ \¢ \\* \\« \\‘\ \\( \\(
month

WNN SANN alaiidy 54l Uaadll gy Gial) asilly claalial) ab (6)JS
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WNN 5 ANN aigai (38 g boiial) asilly Ll Uaed) o (3) Jaal

o [ [ ST s [ e o
g Lagal Tigadll 0 Tisadl oo BYPL- Y PR ZTisadl &0 | Zigadll e

WNN ANN WNN ANN
01/2001 121.4 61.5 114.8 07/2005 0 1.2 8.7
02/2001 24.6 58.7 20.3 0872005 9.1 4.4 8.6
03/2001 18.1 66.3 22.5 09/2005 19.7 26.5 24.4
04/2001 11.1 4.7 6.3 10/2005 42.8 30.5 57.2
05/2001 0 1.6 0.7 1172005 69.7 58.4 85.1
06/2001 0 1.2 0.7 12/2005 125.6 127.6 78.7
07/2001 0 8.8 1.0 01/2006 49.2 47.0 80.8
08/2001 0 13.1 2.3 02/2006 21 20.5 67.3
09/2001 28 22.0 28.3 03/2006 59.4 49.2 22.9
10/2001 54.4 51.0 54.0 04/2006 0.3 5.0 2.2
11/2001 61.7 86.9 63.4 05/2006 0 1.5 1.5
12/2001 110.6 80.2 104.3 06/2006 0 1.9 3.7
0172002 30.9 82.1 39.8 0772006 0 0.5 6.8
02/2002 74.4 46.0 62.4 0872006 3.8 2.6 3.2
03/2002 10.4 26.9 21.5 09/2006 29.7 32.5 42.1
0472002 17.2 3.6 8.4 10/2006 31.2 31.7 56.1
05/2002 0 1.6 1.0 11/2006 47.2 48.6 84.6
06/2002 0 3.9 0.7 12/2006 59.9 60.8 82.4
0772002 0 2.1 0.3 01/2007 47.5 49.6 58.7
08/2002 0.3 17.6 1.6 02/2007 23.9 20.1 30.9
09/2002 13.6 15.9 12.9 03/2007 56.4 41.0 22.8
10/2002 37.3 45.6 38.3 04/2007 39.1 25.3 6.5
11/2002 191.5 73.0 181.2 05/2007 0 5.5 5.6
1272002 141.4 132.0 141.0 06/2007 0 2.7 9.5
0172003 288 129.8 248.2 a7/2007 0 2.2 5.9
02/2003 94.2 22.7 72.3 0872007 (4] 3.7 2.7
03/2003 19.7 99.1 24.9 09/2007 14.5 9.3 6.2
04/2003 1 51.1 3.5 10/2007 47 45.3 45.7
05/2003 0 1.4 0.1 11/2007 59.1 52.6 78.4
06/2003 0 2.9 0.1 12/2007 68.9 64.7 83.3
07/2003 0 1.5 0.1 01/2008 58.1 60.6 72.4
0872003 1 13.9 0.5 02/2008 29 20.4 43.5
a9/2003 41.9 39.8 62.3 03/2008 1 14.7 18.6
10/2003 16.8 59.5 10.8 04/2008 15.4 10.9 2.4
11/2003 68 85.0 74.6 05/2008 (3] 2.0 1.9
12/2003 182.2 86.6 179.5 06/2008 0 1.0 2.6
01/2004 145.4 110.6 148.5 07/2008 0 0.9 9.0
02/2004 7 29.5 7.5 08/2008 23 9.1 30.1
03/2004 16.5 60.7 11.8 09/2008 14.3 14.8 18.1
0472004 3.6 2.1 3.1 10/2008 16.6 33.1 71.6
0572004 0 1.2 0.2 11/2008 80.9 81.3 81.7
06/2004 0 1.1 0.5 12/2008 35.5 32.6 72.8
07/2004 0 21.4 0.3 01/2009 81 67.0 37.6
08/2004 0 15.7 0.2 02/2009 110.9 118.6 54.5
09/2004 2.8 33.8 14.2 03/2009 47.3 45.2 54.2
10/2004 125.6 42.6 125.3 04/2009 0 3.5 33.2
11/2004 27.4 98.4 36.6 05/2009 0 1.0 21.0
12/2004 91.3 77.5 97.6 06/2009 0 0.8 1.4
0172005 131.5 87.4 132.6 07/2009 0 0.2 1.2
02/2005 22.2 73.8 22.5 0872009 10.7 1.5 4.6
03/2005 28.2 44.1 22.4 09/2009 28.2 12.1 44.5
04/2005 9.5 23.2 7.9 10/2009 46.5 35.8 64.1
05/2005 0 1.4 0.7 11/2009 98.8 114.6 87.1
06/2005 0 1.2 0.7 12/2009 109 110.5 82.3
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Coefficient of determination WNN model during predicted

A
Yo, 4 a
Y. E

R*=0.977

WNN model

observed

WNN 7 3gail 4,0l jUaadld gy Gitad) ailly cilaalial) ad (s apaail) Jalaa (7)Js

Gluagilly claliiigy)

~8-8-1  iplena) Lasll el jLimy) cld 0l dualel Zmisall Lmal) AT ool 327 o
Cum caen Aana b Uaadl 4l bl Jial b ladsal WNNGlagsall Qigad e adiaalls ¢(5-8
Il ae Alaally 7 3lall ool gl Teadiond) Afliany) suleall A (e ela] Juzadl 23501l 138 238
oyliie] (Says ASN A0 Jd bl Aalles 8 5ame 31 g Cilaygal) Jyend (8 gley (Al uaal)
Apanll AN A e Teda

ddase & Apedll JladY) ady 5l & el sa (o BUWNN 235l of dal) mobll coplal o
skl sad) e ladyl

il sailly L Aysall e Capeilly oY) Latiad) Salslall duhal cilagsall Jisat pladind (Ko @
zsall A e alghall Aulyys chagsall S Casll lastinl Ky WS clayilis 4l sdial) o UadY) 4y sinas
. eahud)
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