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Figure 1. Location of Baranduz Chai river basin and Dizaj hydrometric station.

Yo



IYAE (1) b louds (YY) s SB 5 O Cblis gloing}s 4 i

5 S LBl Ly s se glaasly o e sl
S a5 boslgiiy EL s ke AS
sy Sl ll Ly e &L 6l
a3l o S (15) il eld e
RGP W WO S W]
Wduﬁnéu)g«smﬁ;\d\@w(\
mﬁduﬁgm};&mﬁd\.m&,ﬁw
o Al gy 5 G sl U L
Sl 2 i r e S L kb L w6 S
Wy o8 G (03,8) Ay b Lz Wip L Lae S S
(14) 13k 005 45 Wy iy 31 50
l_ﬁﬁi;ﬂw_gwb_f‘j):u,\_;{)'\é\@w("
Llsy ol Q1) eyl e 355 4 Loy alews oy
dwgas e S sl o 03l iled OIS ahewsas
On O sy pde Ll bs e a4 LUK
e S (19) Wil o s uize Jolizadl Sl e 5
x\jéuoﬁcw\am;)uuom@&ﬁ@ﬁs
OF 5l 5 5,505 0 am 0L, 45 2 S iz (6355
5 ABb e Cansy Wy o S Sl osd e ol
et gl SUSG e LOT SIS e S
sk LBl e s W slas S edasplis
Y e St X pile Coows 1S GG il
Y e o gl JIX jeiie &S Cal ipl g e
5,148 Léjx_?}fmj.:wf‘ DJSKJ:».:)\;
.(19)

e Sl oS s Ve Sl glas gomma (F
Sl ol &S AS e jasiie |y el Lol 3
S e 1 o ldiees & e e 3 b
(B) Wiy o o3ls Cans OF @ (O] cplg) dans e
:H,Q\ﬁ,;dﬁ.“ﬁuob\&és&_mﬁ

)J}J})_.LJA \_.a_i)x_? Lﬁ'\a}":' JL&J}\ c)ij’JJb

wi

SSES e S e S glaaSs
Vi 5 s iie 5l (slas sames S ol SVlozm|
Sy K ) Ams o OLE | oS ,a a bgy e
Las S 0f 53 6 ol Gl o b 5 dits SIS
Dt SlaaSns ne s dlee gla iz (S s
Aol pslas sla paze 0Ll 53 udgdee
SIS el SO w0 e Sl Sl
5N Jde b oS cl pla jane flae ol 513
b s sla iz (o alaly Sk &S cpl pesdle
ag g b pae b s LI CoeS cdas e 0L
Jlaz| 5 O e Dosen &S 5,108 o iled
Sl 2 s o2l (7)) &S e oozl a0l S 2t
il e 5 05 L andly OVl | Slils
i 655 0 Dl |y S 45t 600 )
sla e 3l anas Ol sdiasOlis oS o S golias 13 S
) il e el s S L oS dmes sl
slowl Lae, S s Bl I sbow| e s (S o

B3) 558 0

P(b
P(bla)=P(alb) x% )
P(b) @ wsliey ¢ 555 Jaz~l Pla) Ol 45 s
Laliy £ 585 Juz=| P(bla) b salie, g5 Jlox|
b=l Plalb) 5 2l oslsl Glsla S b3« b
Al eall Gl b oS b oo wa daliy 655
L
S b 5 Jamaians blos 53 oS ols e
e KBl (S L AS Sl e K e S
3 esbwdiss dlae s b e 51 ol 3l
O i e L 1 68 el 550 A ol

= AL 50 el Jlesl OVL-1 O g 5 d als



Ol Ko2 5 (saoal 3,8

Al ol jy lnee s ol S arl S SVM —¢
Ll s ol 65 S 5 LS Jdsa SYM —¢
WJds ool gl . 2d 8 15 eslinal )50 g S

Byd e i 5 ) pen e AU

N N
%W WHCY E+CHE o)
i=l i=l

19) 55,5 wnS 55 oo

Wig(x,)+b-y, <e+&
y, -WTg(x,)-b<e+&
& & 20

P

sl b s, W 2l 5 C 0l s 4S
3aS s & it s el ST
2S5 das sl LN (il o b
U Sl syye 5 oS Sledblcud bS
Slaimile Ll s 3 @ il ot i
s slal (s o bles > (sl Oliziy Sls
oS St s o ks B S w5 Gk Sl
I3 slal 5 el (glaesls > 4 SVM !,
g bl G Solea ol (Sae (S
2Ll S 350 Ot LS b bzl ol
oo sl a1y e slagsgyy ¢l 2 dijjﬂi
Jldarin 58 0l S8 g5 ler Jos
S S 55 5 S 5GBS
S OVslas ¥ Jsds 55 Ny S e a S

.,\.:\e.,\..:v 43\)\ c’b 6“&4;

1- Linear kernel

2- Polynomial kernel

3- Hyperbolic Tangent Kernel
4- Radial Base Function kernel
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Table 3. Input patterns used in the daily time scale of Baranduz Chai River.
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Figure 2. Bayesian networks conceptual model.
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Table 4. The Statistical analysis of Bayesian model results for daily river flow inputs.
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0.921 1.96 0.964 0.854 2.56 0914 M; 3
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0.911 2.19 0.949 0.830 3.45 0.900 M; 5
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Figure 3. Observed and predicted values of the Bayesian model in test phase.
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Table 5. The Statistical analysis of SVM model results for daily river flow inputs.

SVM e csle i s el

(SVM Parameters) (Train) (Train) ~ s
v c C E I(er:l/g/ssl)i R E 1({r1r\1/£/ssl)5 (Model)  (Row)

1500 020 9 0934 205 0975 0.859 281 0935 M, 1

0.859 030 10 0938 199  0.974 0.864 275 0935 M, 2

0329 010 10 0.949  1.80  0.976 0.868 277 0936 M 3

0270 0.10 10 0914 236 0975 0.849 299 0934 M, 4

0210 040 10 0931 241 0974 0.850 268 0933 M 5
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Abstract

Background and Objectives: Since the river flow forecasting is an important issue in water
resources engineering, the researchers have considered and applied different methods in this
field. In recent decades the artificial intelligence (AI) methods emerge as a powerful tool for
detecting the relationship among different variables of hydrological systems. Support Vector
Machine and Bayesian networks are two types of artificial intelligence methods which are
widely used in recent years for river flow forecasting.

Materials and Methods: In this study, Support Vector Machines (SVM) and Bayesian
networks (BNs) methods were used to forecast daily discharge of the Baranduz Chai River. The
support vector machine was a novel neural network algorithm and originally applied to pattern
recognition problems and regression. In recent years, decision support systems (DSS) have been
developed to integrate the best available knowledge for making appropriate decision. Among
the various kinds of DSS, Bayesian networks have proven quite useful since this modeling
approach can integrate quantitative information and data as well as qualitative expert
knowledge.

Results: The daily discharge data of the Baranduz Chai River measured at the Dizaj
hydrometric station during 2006 to 2010 were used for modeling, which 80% of the data were
used for training and remaining 20% used for testing of models. In order to model river flow by
SVM and BNs methods, the river flow discharge of over 5 days with daily time steps were used
and the results evaluated based on root mean square error (RMSE), correlation coefficient (R)
and Nash-Sutcllife (NS) criteria. The results showed that at first, the accuracy of models
increased with increasing of memory, as the most accuracy obtained for combination #3 of
input variables in both of the methods. Comparing the performance of SVM and BNs
models indicated that the accuracy of the SVM method with the R=0.976, RMSE=1.80 (m’/s)
and NS=0.949 was slightly more than BNs method with R=0.964, RMSE=1.96 (m’/s) and
NS=0.921.

Conclusion: According to obtained results, it can be concluded that the performance of SVM
and BNs models are close together, but both of considered models had a remarkable error in
estimating high discharge values. However, the SVM model had better performance than BNs
in forecasting average and the minimum discharge values.
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