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Figure 1. Location of Kherkherehchiy river basin and Santeh hydrometric station.
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Figure 2. Observed time series of Kherkherehchiy river flow in the Santeh station.
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Table 1. The results of Shapiro-Wilk and Kolmogorov-Smirnov test for observed and normalized data.
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Figure 5. ACF diagram of normalized monthly

river flow in the santeh station.
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Figure 6. PACF diagram of normalized monthly
river flow in the santeh station.
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Table 2. Input combinations of each model specified based on ACF and PACF.
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Figure 8. Data classification using support vector machine with three kernel functions a) linear b) radial basis c¢) polynomial.

1- Karush-Kuhn-Tucker
2- Margin Support Vector
3- Error Support Vector
4- Radial Basis Function
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Table 3. Characteristics of time series models used in the study.
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Functions

S G ke
Time series Model

p
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1- Thomas
2- Fiering

3- Yevjevich
4- Box

5- Jenkins
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Table 4. Evaluation of SVM model performance in prediction of Kherkherehchiy monthly river flow in the

Santeh station.
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Figure 9. Correlation coefficient (CC) and root mean square errors (RMSE) changes according to the increase
in number of inputs to the SVM model with polynomial kernel function.
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Figure 10. Observed and predicted river flow by the SVM model in the training (a and b) and testing periods
(p and t).

AY



Oy Ko g 835 cmms doo

slie 5 amls eysn L3 YAY(MY/S) 5 +/0)
(s 0535 (S FIEV(MY/S) 5 +/FY /AY
Aol 0L b S Gl G Je 0 e
Sl yarls olie anslis b ail e az ool o
5 AR(D) ldae oo o5 bl
Jde oS Aoy 4= cpl 4 Ol o ARMAEY)
RMSE 5 CC ls,axls sl L AR(1)
o505 S L VAR(MYS) 5 VP Ll e
Sl Ol wot o JsSE o3
Sb U5 3OS pade cpl o el iy
oY ol sy S o s> PACF
5SI ¢y RMSE(mYs) 5 CC & <ol S3
o,s5 5> ARIMA ; ARMA AR laJde
Sl ol Jlae Jseas en 4 SUop el
e ool Clys Guohn Sex Jbe e
Al e s o33 D edel Cawday =
AR(Y) Gladis @l g odel casas Loy, 5 3 Shae
sledaly 5 0 Jsd> 5 o 5o ARMAGY) 5

Kok 65,51 YF 5 VY

3 Oleebl Jpam g 185 5 sladde i
Sl s sldae PACF 5 ACF ol il
L ARMA(p,q) Jas 10 L) sla b L AR(D)
L ARIMA(p,d,q) Jus 5 g 5 p —ilos jslis
e il gl Jols 5 S e S0ke b
Jle AV L wlssgy 0L wlad cpl a4 S
IS oSl 5 0l fo i Slos (5 Al
oxlitl b i 5 el laoyss 3 Lo
RMSE(m’/s) 5 NS (CC bl sla_asls
Lles S ol S5 BB 3 S S5 sl e
ok Jbo s laesls glal ds)s VO SVM Jus
skile 3L Lo)s YO 5 ladde  ealy Cgr OL >
R I R L
3o ol s el eapsl bl laasls
4 oeldmote Jup O bl bS5
Lol Arsloes 0 i 315 Ob o (slaesls
A e 3V ARMAGY) due sl ol mls
Sl axls olie Lol a3 S e Jloj (6 e
/WYLl e e RMSE 5 NS (CC (g bl

A oKt 53 Glme - b g KAl 0L mesd ;3 ARMAQLY) 5 AR(Y) sladis 5 Shas ob 5,1 -0 gt
Table 5. Evaluation of AR (1) and ARMA(6,2) models performance in prediction of Kherkherehchiy monthly

river flow in the Santeh station.
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Figure 11. Observed and predicted river flow by the ARMA(6,2) model in the training (a and b) and testing

periods (c and d).
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Table 6. Assessment of SVM and ARMA models performance in prediction of Kherkherehchiy monthly river

flow in the Santeh station.
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Figure 12. Scatter of predicted river flow using SVM and ARMA models and observed values in the testing

period for three ranges of discharge.

e 0> ARMAGY) Jube & Cod 5 5
oS eagdme a3 K e s albabe 0L
2 53 SVM Jus sl aS (g sbas .ol Hlay 50
SYCB A 5 S Ol gl ¥
PV /2Y L il a5l 58
ARMAGY) o 5| 508 by oo TV 5

RE

Ao

JJJSGUQSVI\/I&L«&J,L«JKJL&H{Q-)SQ

PL ARMA(?LY) 9 S29009 V¥ LS\J\A" 6\41.«.7—.,\,\2_-
AK )\ )3&)5 Ul—l)" ob_}.,bu:v)_s QLL)} U"'“"J
Lol & b e s & Ll 0L 55 ) Sslize
Ji.sLE.a L}’"L"J\ B NG00 B 4 05))1 \ d}.b- B
ol 53 sl RMSE 5 CC (g,bl la asls
S35l Glader ks B S @UL.,SVM Jde oJ g



1190 (F) )l dTF) dls S 5 f clis gla yidg}s s puls

Wi oL 53 (Q) ULz 5ls e ;3 SVM g ARMA Couin sladie &35 b5, -V Jga

Table 7. Evaluation of SVM and ARMA models accuracy in prediction of monthly river flow in three ranges of

discharge.
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Abstract

Background and Objectives: Accurate prediction of river flow has an important role in the
optimum management of available water resources. In recent years, support vector machine (SVM)
that is one of the most important data-driven models, has been considered in this regards. This model
is a useful learning system based on constrained optimization theory that uses induction of structural
error minimization principle and results a general optimized answer. Such as other data mining
models, the SVM model can also be used for runoff simulation when the only available data is
runoff (autoregressive simulation). Typically, three kernel functions, namely, radial basis,
polynomial of degree d and linear are applied in SVM that use of each function with various
parameters for river flow estimation may have different results. Therefore, it is necessary to evaluate
the accuracy of each of these functions and select the appropriate kernel function for runoff
simulation. Since time series models, namely, AR, ARMA and ARIMA are the main models for
autoregressive simulation of runoff, relative accuracy of kernel functions can be investigated by
comparing their performance with these models. Therefore, assessment of the accuracy of kernel
functions for monthly river flow simulation and comparison of their performance with time series
models is main aim of this study.

Materials and Methods: In this study Kherkherehchiy river basin was selected as the study area and
observed monthly river flow of this basin in the Santeh gauging station were applied for calibration and
validation of models. For this purpose, first 75 percent of monthly river flow data (1367-1384) were
selected to calibrate models and 25 percent of data (1385-1390) were used to validate models. Next,
probability distribution of monthly river flow data in Santeh station were studies based on
Kolmogorov-Smirnov and Shapiro-Wilk test and then normalization of data distribution were done.
After optimization of parameters for each kernel functions the monthly flow values were predicted in
Santeh station and the performance of these functions were evaluated using root mean square errors
(RMSE) and the correlation coefficient (CC).

Results: The investigations of this study indicated that although there is no significant difference in
the results of three kernel functions, but the polynomial kernel function of degree
4 with CC and RMSE values of 0.86 and 5.88 (m’/sec) respectively in the testing period, has high
accuracy and better performance in prediction of monthly flow in comparison to other kernel
functions. Also the results showed that ARMA(6,2) with CC and RMSE values of 0.82 and 6.47
(m’/sec) respectively in the testing period, has good performance in prediction of Kherkherehchiy
monthly flow compared to the other time series models.

Conclusion: Finally, the predicted monthly river flow using polynomial kernel function of degree 4 (as
a representative of SVM model) was compared with the results of ARMA(6,2) (as a representative of
time series model) and this conclusion was obtained that the SVM model has a better performance than
time series models in the monthly river flow prediction of the Kherkherehchiy basin.

Keywords: Kernel functions, Kherkherehchiy river basin, River flow prediction, Support vector
machine, Time series models
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