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O ABSTRACT 0O

Rainfall _ Runoff relationship (R-R) is one of the most complex hydrological
phenomena because of its nonlinear nature, due to the large spatial and temporal
variability of the watershed characteristics and rainfall patterns, It also plays an important
role in predicting the extreme events (floods and droughts), and it contributes to a good
management for water resources development projects. This study aims at modeling the
relationship between rainfall and runoff in Al-Abrash catchment using Artificial Neural
Networks technology (ANN), and depending on the daily data of rainfall, evaporation,
water level in Al-Bassil lake, as well as data of the previous runoff for the rainy months
between (2009-2013) using Matlab program. The results showed that ANN (11-10-1) gave
the best performance with a correlation coefficient equals 98.15%, and a root mean square
error equals 1.3721 m®/s for testing data set, The study proved that artificial neural
network technology offers good results in modeling the Rainfall_ Runoff relationship for
research area.
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Model Input Variables
Model_1 Q(t)=f{ Rt}
Model_2 Q)=F{ R(t),E(1)}
Model_3 QM)=F{ R(t),L(1)}
Model_4 Q)=f{ R(t),E(t),L(1)}
Model_5 Q)=f{ R(t), R(t-1)}
Model_6 Q()=F{ R(t),E(t),L(t), R(t-1)}
Model_7 Q()=F{ R(t),E(t),L(t), R(t-1), R(t-2) }
Model_8 Q)=f{ R(t),E(t),L(t), R(t-1),E(t-1),L(t-1), R(t-2),E(t-2), L(t-2)}
Model 9 QM)=f{ R(t), R(t-1), R(t-2), R(t-3) }
Model_10 Q()=f{ R(t),E(t),L(t), R(tl)Elift3§)left3§)} R(t-2),E(t-2), L(t-2), R(t-3),

R (t): Rainfall at a specified time(mm).

E (t): Evaporation at a specified time(mm/day).

L (t): water Level in the dam lake at a specified time(m).

Q (1): the runoff at a specified time(m®s).
Rt-1; Rt-2; Rt-3;....: Rainfall at t-1; t-2; t-3;....respectively.
siad ded s R LY delad a8 lef el 5 2350 JS0 Jund¥) 2l a1 50 &
Sle Jlay) dade b cgal Al z3lall G (2)dsand) b Al sl cipelsl RMSE Uadll oy Jaisie
A DAl ) Gl el o Al (50 cidline G Al (Qpmial Rl (gl Jlagll) ity
Spics COAM 9 sgal G 5 (9-10-1) LSl Model-8  zisall ael i dam ol dass
. RMSE=2.28 m®/s &y ,lua¥) dlaye DA Uhall daf sl (sl dadall & clispac
Gl gl Olsadl @lily dila) 38 z ikl Ja8Y RMSE 5 R ad (2)Jssa)

Training set Validation set Testing set
Network

Model R RMSE R RMSE R RMSE

structure 5 5 3
@) | (%) | (@) | (%) | @) | (m%)
Model_1 1-8-1 45.35 7.1096 41.09 7.4436 47.86 5.4118
Model_2 2-20-1 55.67 6.6575 48.44 7.2158 30.67 5.9771
Model_3 2-20-1 70.05 5.1831 85.09 5.4460 78.41 4.7931
Model_4 3-14-1 72.68 70.37 70.37 5.6271 75.86 4.0322
Model_5 2-16-1 66.51 5.9695 73.29 5.4752 67.74 4.8636
Model_6 4-10-1 79.97 74.37 74.37 4.5210 84.00 4.1079
Model_7 3-16-1 83.46 4.3024 84.92 4.2633 88.15 3.4604
Model_8 9-10-1 94.41 2.5298 94.04 2.5245 96.59 2.2839
Model_9 4-19-1 79.10 62.88 74.91 5.0435 | 5.1702 | 4.2723
Model_10 | 12-13-1 93.60 94.14 95.00 2.7154 | 2.9028 | 2.6874
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Model Input Variables
Model_11 Q(t)={ R(t).E(t), R(t-1), Q(t-1)}
Model_12 Q(t)=f R(t), L(t).E(t), E(t-1),R(t-1), Q(t-1)}
Model 13 Q(t)=f{ R(t), R(t-1), R(t-2),Q(t-1),Q(t-2) }
Model_14 Q(t)=f{ R(t),E(t), L(t), E(t-1), L(t-1), R(t-1), R(t-2),Q(t-1),Q(t-2)}
Model 15 Q(t)=HR(t),E(t),.L(t),R(t-1),E(t-1),L(t-1),R(t=2),E(t-2),L(t-2), Q(t-1),Q(t-2) }
Model 16 Q)= R(t), E(t), R(t-1), R(t-2), R(t=3), Q(t-1),Q(t-2), Q(t-3) }
Model_17 Q(t)=f{ R(t), E(t), L(t), R(t-1), R(t-2), R(t-3), Q(t-1),Q(t-2), Q(t-3) }
Model_18 | f{ R(t), E(t), E(t-1), E(t-2), E(t-3), R(t-1), R(t-2), R(t-3), Q(t-1), Q(t-2), Q(t-3) }
Model_19 Q(t)=f{ R(t).L(t),.L(t-1),.L(t-2), R(t-1), R(t-2), R(t-3), Q(t-1),Q(t-2), Q(t-3) }
Model 20 f{ R(Y), L(t), E(t), E(t-1), L(t-1), L(t-2), L(t-3), R(t-1), R(t-2), R(t-3),
B Q(t-1),Q(t-2), Q(t-3) }
Qt-1; Qt-2; Qt-3;....: Runoff at t-1; t-2; t-3;....respectively

3x (L1 Gind ) DU Jaball 3 5,58 3l RMSE 5 Roe IS a8 (4)ds3ad) oo

DA ) Gl el a8 Gl
(HEAI_(§iaT cup) EBEN Jalall B 8yiaall ¢ 3Laill RMSE 4R a (4)Js2ad)

Network Training set Validation set Testing set

Model structure R RMSE R RMSE R RMSE
) | m¥ | ) | ) | ) | %)

Model 11 4-14-1 94.35 | 2.5594 | 93.63 | 3.0580 | 97.81 1.4423
Model 12 6-12-1 97.89 | 1.6152 | 98.34 | 1.2543 | 98.33 | 1.5029
Model 13 5-5-1 93.77 | 2.8148 | 96.23 | 2.0761 | 96.86 | 1.4956
Model 14 9-12-1 95.86 | 2.2594 | 92.07 | 2.9949 | 98.00 | 1.4423
Model 15 |  11-10-1 98.21 1.5012 | 98.56 | 1.2641 | 98.15 | 1.3721
Model 16 8-12-1 96.54 | 2.0126 | 97.34 | 2.0696 | 97.37 | 1.5045
Model 17 9-20-1 95.49 | 2.4247 | 94.93 | 2.2949 | 98.14 | 1.4050
Model 18 |  11-21-1 95.94 | 2.2649 | 97.97 | 1.5088 | 97.82 | 1.4202
Model 19 |  10-14-1 95.70 | 2.3244 | 93.40 | 2.5807 | 98.08 | 1.4772
Model 20 |  13-11-1 96.46 | 2.1292 | 96.95 | 1.8944 | 98.34 | 1.4005

el i DALl ) el Al o8 Alia) die S UKy Gy A0 o L ) e i
G esin) @l ((7)d8a b Al (11-10-1)4d8ells. Model-15 delibanay) Luaall 40E] £350
hia ey 3l Ll olpadl iy N ALY Gipmiall Al cglaal) Jlagll ey e JA3Y) Ak
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Jalas a cilS G el Juadl cdiaal) dadall 4 cliguae 10 ey o(oas dd Giladl Gloadl ) ol
dady il e ((%98.15 ¢ %98.56 ¢ %98.21) L LS (L) _3ia3 ) EDEN Jalpall Lls Y|
sy dlsyd RMSE=1.3721m%s 11all g0 Janisia jia

4\ Custom Neural Network (view) - 0 X
Hidden Layer Output Layer
Input
"

Al a8 il delihaY) dpuanl) ASEN 4000 Juadl ¢ (7)JSa)
S (11-10-1) 2l cld dgelidaa¥) dynasl)l 2Ka) Jal o @llg cJpmitll adsil Hlidl g LS
iy ()5S fue Waaa) duanll 400 o1af Juadl &1 a6 NNtool 2sSe e alaie Yy colal Juadl cilae
(4) dsaad) B s sn LS Al Ay 253 35l (ge J<U Tan sigmoid Jueidl) 15
£) AY) Aida g 4dal) Aidal) (e IS AdliSa Jardl a6 aladin) dio Lo UhuaY) Land) A0 2137 (4) Jgaad)

FEAA FEAA R(%) RMSE(m?%s)
W zoA | Train | val Test | Total | Train | Val Test | Total
Logsig | Tansig | 96.37 | 95.97 | 93.45 | 95.98 | 2.1181 | 2.3091 | 2.3723 | 2.1874
Logsig | Purelin | 95.32 | 93.45 | 92.34 | 94.60 | 2.3326 | 3.0308 | 2.7399 | 2.5126
Tansig | Tansig | 98.21 | 98.56 | 98.15 | 98.25 | 1.5012 | 1.2641 | 1.3721 | 1.4490
Tansig | Purelin | 94.31 | 94.98 | 94.94 | 94.47 | 2.3969 | 2.3808 | 3.2566 | 2.5423
alazinly ¢l Juadl el ally (11-10-1) 43S0l < due lhaa) danll 4030 Hladl gya LS
a3l A sanad %70 amdil) Lo of (s (LWAI_ 3883 ) desane JS 3 Ul Ailide apdli cans

LAY Ao sana il (5)Jsanl mlasys cduadl) & LaaY) Ao genal %15 5 Giaill de sanal %15

Gl AR e aseall Gacad alaiiiasd 2ie LAY Ay b AeUikaY) dyuand) AS2E) £ (5) Jgaald

uh;uud\ 2 Train | Validation Test = TEStRMSE
Galliahl g (%) (%) (%) %) (ms)
10 70 15 15 98.15 1.3721
10 70 20 10 95.65 2.9429
10 75 10 15 91.99 3.0919
10 80 10 10 97.22 1.6076
10 80 15 5 95.92 1.5832
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10 65 20 15 94.32 3.1087
10 65 15 20 96.25 2.0087
10 60 20 20 92.35 2.6746

¢ dgalll 5lSlas

JSal ey o LU (38a3 Cayy) O il genall e lidaa) dyuanll < o1l (8)JSall G

e hsier il (g Ak Gan Cua ¢ (11-10-1) 2Sed) <3 daitall dpuasd) A0 Al oY)
shel W (@il desaad (0.00013411) ) sl 5 s (MSE) Mean Square Error  las
% 98.56 453 5, das dc sanall s3gd Ll Jalae

Best Validation Performance is 0.00013411 atepoch 0

10

Mean Squared Error (mse)

L

Train
Validation
Test

6 Epochs
JHEAY g (g g Gu il Jal e JMA (11-10-1) ASeil) g1l Copy (8)JSEN

(11-10-1 )adel) b dynanl) A<l gy Lialls Aall all o Uadd) Jadada (9)JSA (LS
il e iy syia ¢ UadY) a8 G Laadls
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Training: R=0.98208 Validation: R=0,985668
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