Comparison of Monte Carlo Method and SARIMA Time Series Models in
Forecasting Jamishan River Flow

ABSTRACT

Accurate flow forecasting plays a key role in effective water resources management, particularly in semi-arid regions like western
Iran. In this study, the flow of the Jamishan River in Kermanshah province was considered during (1989 - 2019). Flow prediction
was performed at monthly, seasonal, and annual time scales using Monte Carlo simulation and time series analysis. In the Monte
Carlo method, the optimal distribution of flow data was identified, and simulations were conducted at different scales. In the time
series method, various models were examined, and the superior models were selected based on the lowest values of the Akaike
Criterion, the corrected Akaike Criterion, and the Bayesian Information Criterion. Ultimately, The superior models for monthly,

seasonal, and annual time series were determined as SARIMA(O0,1,5)(5,1,0)2, ,0)(0,1,2)s, and

the Nash-Sutcliffe efficiency coefficient, and the coefficient of determination. At monthly scale, i ethod was
determined as the superior model with RMSE = 0.04'"?3, MAE = 0.00009%3, scale, the

3 3
at annual scale, the time series method was determined as the most effective approach, wit mT MAE = O.OSmT, NSE

=0.93, and R2=0.94. Overall, The results indicated that both Monte Carlo simulatio
in streamflow forecasting.

is we hly effective
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Introduction
A crucial task in every water resource i ting the discharge rates of river basins
from various time horizons. Despite t
models in the latter area, not much wo
evaluating the monthly, seasonally and
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Mone Carlo met
this river’s water flo

e about the validation purposes of them in
rates of river basins. Meanwhile, limited
the Monte Carlo simulations of discharge

onte Carlo methods on time series has yet to be
is aimed at filling this research gap by means of forecasting
charge rates of the Jamishan river, located in Kermanshah
dels from autoregressive integrated moving average as well as
providing a more efficient and precise mechanism for forecasting

Method
Observation e discharge rates of the Jamishan river throughout 31 years from 1989 to 2009
were collected. The observations were then converted into monthly, seasonally and yearly data in
order to be simulated with Monte Carlo and time series methods. In the Monte Carlo approach, the
most suitable distributions of the transformed time series were determined first, followed by
performing simulations based on them. In the autoregressive integrated moving average method,
after pre-processing data and fitting them with different model configurations, the optimal models
were selected based on Akaike information criteria, Akaike information criteria corrected and
Bayesian information criteria. Accordingly, the best models were determined under the
assumptions of residuals’ normality, stationarity and independence.



Results

Forecasting the Jamsihan river’s discharge rates observed from different timeframes demonstrated
the efficiency of both autoregressive integrated moving average and Monte Carlo methods.
Particularly, the seasonal autoregressive integrated moving average models for monthly,
seasonally and yearly observations were optimally configurated as SARIMA(0,1,5)(5,1,0),
SARIMA(3,1,0)(0,1,2), and SARIMA(1,1,1)(1,1,0),, respectively. Assessing the performance
diagnostics of the two methods suggest the seasonal autoregressive integrated moving average
model with RMSE of 0.04, the Monte Carlo model with RMSE of 0.14
autoregressive integrated moving average with RMSE of 0.28 as the selected f
for monthly, seasonally and yearly data, respectively. This study contributes

asting basins’ discharge rates when
imed to investigate the performance of two
Carlo methods in forecasting monthly,
flow. Both methods achieved acceptable
moving average model of monthly data

autoregressive integrated moving ave
seasonally and yearly tiﬁ series of the Ja
accuracy, where the seaSOnal autore i

with RMSE = 0.04, MAE =
seasonally data Witpg SE
autoregressive integrdted

suitability of bo
for forecasting and

.03, NS = 0.99 and R* = 0.99, and the seasonal
erage model of yearly with RMSE = 0.28, MAE = 0.03,
ated the best performance. In general, the findings suggest the
toregressive integrated moving average and Monte Carlo methods
ng the discharge rates of river basins.
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1. Autoregressive integrated moving average (ARIMA)



£ 5 4,80 S yxin 1uSile dtuandgd il 93 b 15yl sdoxio VLI p3 Gllgy cotesily i (¢l Valipour (2015)
Jbe cssls 5ol adg dlisy b mota )b o)ldl 35 lien 4 s p3) Jae SV s 4 @l (" Lad
b 4A% yesd (gly o8 g0 (g jlwand (Gharde et al., 2016) wi Jdo oy x5 do ) LSS S oo 1uS0ko diunand s> Liad
» (Baalousha, 2016) sl 03,5 3,91y cxSa yioyouaeo ADVY 1) ] )85 l5ne 45 cbody Sy B )3 nejp slac

J3e g clin,d1 g 5lg aleng, ailale b s (ol ST leMbl wile (gybxo whl p Sloj gy Jbo (xiwd Slas
b it e SARIMA(2,0,0)(3,1,3)12 pslaivad .433,5 Byme (cdisySen (g b SARIMA(3,0,2)(3.1,3)12

POV ge Canyy bl 5 edn) 03 e Jlogugcum b SARIMA(3,0,1)(3,0,1) 124 )5 b Jd
ol ¢l )lSCige o9y g LS @ je5 @b ¢ yamw )3y Juloo 5l Delgado-Ramos & Hervas-Gamez (20 SN
P YIS s Jolu dalaie SULys b &5 dwgio lp o sl coloQgilo Jse opl Y ) &S b
b gl Jae o suie 3 Slas o SCige (gilwand a5 Wdl> Lis Papalaskaris & 018) ¢ylgs (B Jlows
Sl 5 5 it slaie 4 Sl L ks ye egias (sbaodly 15 g (55lod S WE-S Bkl R 58 * 2 Oponen
(hlSan 5 i) w8 o a1y Jae cnl VL B ngngy Rl i 90 il b (S5glg i
(YA
o3lazl b \YASIYAY (gl Jls ) ioyem 3ol ads> b 9 ) ol @ i) Gheak ol

SARIMA(L,1,1)(21,0)12 slaJse cusyi 4 )b e o S 2y A bl Loy jls (Sl (g oo
g (gtenl Je)05,55 )9l SARIMA(LL,1)(1,1,1)12 o
Lo eyl S5t (pegd Mo s 3 Slos dgupo

) LSL”-’LS)-‘“’ l.» G dw d)Lu}JJA 20 (el .(2022

S gy (939)9 Ol 5 e ol (b))
Ahmad etal., ) oy pbsil 1y (53l oy e SARIM

b (had 42)lSo g 2L Ry 5l S

W o> cpl Jde cp e ol & iy 4SARIMA(0,0,0)(1,1,2)12
VY o 51 LS Bl alag, Gllyy Lgy 9 pes 455 05,8 500 al.,
O yolaie 4 Limgh ol 50 0,5 Byme kel 8 Jue |, SARIMA(L,1,1)(1,1,1)12
S a2yl Syie (1 le dturendsd Sloj (s gloJdo I (Ve FY VY 05l

o3zl (stackeNg@iM 5 CNN-GRU LSTM) rac (553l Jio 4w 5 (NAR-GMDH 5 OS-ELM NARnet) (<l

0Ly i B> iol38l jslaiedy (Al-Hashimi et al.2025).05 o (Syxo 5y Jde olgicds |y CNN-GRU Juo ol ciis
s ((XGBOOst) i ybd)S Coghs Jad e Jhe g SewdS (g)lol 5,9, 5 lgie 4 ARIMA (cla Jso | alss 5,
asd &gy by Jod sl Sho <l gy Iz ARIMA i 43 .05 Sodlaiwl addllas cpl 0 Solad ¢80 oS 5 S
ol 5 elizel dad £l3g, Hlys s pé o Sy cud (sl XGBOOSt Jio 5| ARIMAX 5 SARIMA 13565 o 03l
(El Bilali & Taleb. 2025).5)ls (5 yitg 3,Sas ¢ sadodlatnl glaJao plo b dwslio )0 o Solaics ) oS 5 Jde & oy lis

o9y 3l ecplply 60,8 odlanl aBly o (guas slaodly | anSl glaow | U ol (00 s e jolrieds dslllas pl

2. Seasonal autoregressive integrated moving average (SARIMA)
3. Akaike information criteria (AIC)
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4. Mann-Kendall
5. Autocorrelation factor

6. Partial autocorrelation factor
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7. Box-Cox

8. Akaike information corrected criteria (AICC)
9. Bayesian information criteria (BIC)

10. Mean squared error

11. Residuals’ sum of squares

12. Portmanteaux
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13. Root mean squares of error (RMSE)
14. Mean absolute of error (MAE)

15. Nash—Sutcliffe (NS)
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