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ABSTRACT

Today, river flow forecasting is one of the important topics in hydrology and water resources, water structures
management, and flood forecasting. In this research, the performance of a combined model consisting of the slime
mold optimizer algorithm and the support vector regression simulator algorithm (SVR-SMA) was evaluated in
forecasting the average monthly discharge of the Volga River at the Volgograd hydrometric station during the
statistical period of 1980-2020. In this research, various combinations of climatic observation data, including
minimum temperature, maximum temperature, average rainfall, and sunshine hours, were used as input patterns to
predict flow rate. The results obtained from this research indicate the better performance of the combined slime mold—
support vector regression model, with a coefficient of determination equal to 0.80 (R2 = 0.80), a root mean square
error equal to 7.19 (RMSE = 7.19), and a mean absolute error equal to 0.56 (MAE = 0.56) in the validation stage for
forecasting the monthly discharge of the Volga River at the Volgograd station, in comparison with genetic algorithms,
artificial neural networks, and support vector regression alone. Therefore, the findings of this research indicate that
the use of the slime mold algorithm together with the support vector regression algorithm has been able to improve its
speed and accuracy.
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1. INTRODUCTION

The Volga River is the main supplier of the Caspian Sea. It provides 90% of the water entering the Caspian Sea
(Kalugin, 2022), which is of great importance for water resources and environmental studies. Therefore, predicting
the discharge of the Volga River is one of the important topics of the hydrology of this basin, which needs more
research and studies. The purpose of this research is to investigate the effectiveness of new solutions by combining
the slime mold algorithm and support vector regression as a new model in predicting the monthly river discharge and
finally comparing the results of other models and providing a suitable and accurate method.
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2. MATERIALS AND METHODS

The Slime Mold Optimizer (SMA) is a new population-based meta-heuristic algorithm inspired by the intelligent
behavior of a type of mold called slime mold. The mold has intelligent behavior and can perform very fast, without
error. The Support Vector Machine (SVM) is an efficient learning system based on the theory of constrained
optimization that uses the inductive principle of structural error minimization and leads to an overall optimal solution
(Vapnik et al., 1996). Support vector machines include two categories: the support vector classifier and support vector
regression. A support vector machine algorithm seeks a decision plane that separates data of different classes. In some
cases, a complex and non-linear structure is needed for data separation, in which the support vector machine maps and
recovers the original data in a new space by using a set of mathematical functions called kernel functions. In this
research, the optimal values of hyper-parameters required by the model were obtained by trial and error. Often, data
models are evaluated based on the correlation coefficient (Coefficient of Determination, R?), Root Mean Squared
Error (RMSE), and Mean Absolute Error. In this study, the average daily rainfall data for 41 years from the VVolgograd
hydrometric station and the climate parameters of the VVolgograd synoptic station were used between 1980 and 2020.
From a total of 492 data points from the monthly hydrometric station and climatic parameters of the synoptic station,
369 data points were used for training and the remaining 123 data points were used for testing.

3. RESULTS

In this research, eight different models for predicting river discharge at the Volgograd hydrometric station were
investigated. The evaluated models are based on the combination of parameters affecting the hydrometric station of
Volgograd. The meteorological parameters used for modeling are: average monthly maximum temperature (Tmax),
average monthly minimum temperature (Tmin), average monthly temperature (Tmean), average total monthly
precipitation (P), and average total monthly sunshine hours (Rad). In this research, the slime mold algorithm was used
as an optimization algorithm and the support vector regression algorithm was used as a simulation algorithm to predict
the Volga River discharge.

4. DISCUSSION AND CONCLUSION

In this research, the performance of the combination of the slime mold optimizer and the support vector regression
simulator was investigated in forecasting the monthly flow of the VVolga River in the Caspian Sea catchment. In this
regard, the average monthly discharge data of the VVolgograd hydrometric station between 1980 and 2020 have been
used. Different rainfall forecasting patterns with the influence of climatic variables were used for modeling. In the
models used in this research, the best performance was related to the scenario of total rainfall, maximum and minimum
temperatures, and monthly solar radiation using the RBF kernel. Also, the results of this research show that the use of
the slime mold algorithm has been able to improve the speed and accuracy of the results of the support vector
regression algorithm in predicting the monthly flow of the Volga River. The results of this research showed that the
IHACRES model has good abilities in simulating the monthly discharge of the river, but the accuracy of data mining
models was better than that of this model.
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yi- (wi.xi + b)< e+¢&,i=123,..m§& =0
fG) = (WmK(xx)) +b

lx — x;]
2y?

K(x,x;) = exp <— ),i =1,23,..m

K(xpx) = (xx + 1)

(xfx + 1)P

’(xiTxi)(ijxj)

K(xi,xj) = exp (—Y|xi - xj|2)

K(xi%;) =

)
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Slive 2 06l)lS (650 i G (SVM) iy jlop omile
sl iloanes il Jol Jl & cul dde (iluoding: )95
BF K e Sl S ey WS edlil gyl le
aiod 9> Jold luis by slacpale (Vapnik et al., 1996)
gl G it Glestly S (g )S) 9 Qlistidy )l oS Adb
b sleodlhy &S Conl puonsd doas JLod & olaids jhbp ceile
ol Sl b s d)lge (S g 50 S SSE o1 1) calisee gla WIS
P2 bl eBlge 3 5l 5 Loodls (gilolie (sl o i 5
&S u‘”l") @ly 5l ‘5|4.€-94.>.m d)tf)lfd\g L, ghol sosls uw
bl g cuils sas slas 3 1)l b (Kernel Functions) 5,
CHge & (Syw k Cygo & L)")?“’i dLho.)l.) )f‘ .\45@
Lly) &gty dogpe (g3l (a3 @b sidl (Xk, Vi), oo (Xis Vi)
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Dolee > b lahs e dbe) gles L3l ) Wl e
wloyehb leaigXi D w a5 cusl Sl BB p5 (ol
Shahingjad ) cusl sus Jlae! Clysul 5 55 & 5 035 (10) ol
.(@and Dehghani, 2017
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R? = 121(Xo — Xo)(Xp — Xp)

JE o = X B, 08— Ko)?

Z?:1(XO B XP)Z
n

_ Z?:1|X0 - XP|
n

RMSE =

MAE

Slale Ladlil cbaodls gy byl 4 olo W3 45 5 lon
ol (o] el g (45)b (uSke ¢ pShis (slos « JBlus (clod)
2 318580y Sz alble 23] 55 5 315580y ulidlyn SKetsten
pLsl JIS =y o 09951 50505 b VWYY (Sloj ol
Z polis dimd oo i (F) 5 (V) o JSi gols a5 a5 jlon 1030 )5
uly )8 =V/AF B +V/A% 05l 10 (3uins opl )0 odlatwl 3y50 (glaosld
1 slazel CublB 5 009y g, 18 Mo yd AD sleiel pdaw jd (plpls

oSl odBl sl el)lb lpy o yolie
2l .l osds 1)1 (V) Jgdo 5o 3aid ol 50 ool 550 (auwliiilen
el 093 Jsbo corendy il (39 cunlio ouimplis Jp ol
Cuolie odimdylis Jodo cpl zobs sl oS! opl Sy sy
Syg0 S0alSi] Sloj s o 0399 b Corenil o 5
ol o0\l

o) > 2l o e Car cilitie Jae cutis i ol 50
208 bl s dde 28)S 5 (awyp 3590 31,558y (6 yiag e
2255805 (s ytogen oSl (2l 1 50 (slajal)ly oS 5 ol
ol 0ads 1)) o o Slasuie (V) Jodo 5o a8 Cuwl o 43 5 Jlas
Sle ke gl a5 ond odlitus] uslidlon colKiuy) la el
Slale diaS slod Lawgio (Trmax) Slale dinins slod Lawgio 3l
(P) aleale bl paons Lt (T il (5lo> bogio (Tr)
s s ol 5 (Rad) bl T clebs gamme bawgio
B GgesS) sl g Sl piysNl plgis 4 (ble S5
Wy alag) (mal it e o dand o2ysSl Glsis 4 oty
2 odlatwl dyg0 gy pdlie 35 g Phe eyl Aleld L3S el
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ole Hi» (Coefficient of Determination, R?) Siwwes
Gllo Sl 5 (RooOt Mean Squared Error, RMSE) las clsy yo
(VF) Laslgy 3508 0 418 oLl 3,50 (Mean Absolute Error) Uas
S e Ui Ty Baios o)y ool 3y90 by slayline (YE) b
QSJL.OX_O oloj led jd 0dds i 00l pamlie 0dly yolde X
0l gy sloedly polie 1Sl Xp  lialin slaodly yolis
Karamouz and ) susb e (awyp dys0 slesdly slas 1y

[(Araghinejad, 2005
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2oy YO IS job 4y 103,5 edlitl Jae (9050 (6lp oaileudls ool
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S (V) gtz 5 213568y ol wlale 0> ()bl slajzl)l
3 e Ghigel 0399 5 (20 Sk Jpix ol s Bullas bl S
3ol 0393 31 1S Uajael 0)93 53 (> Sl (gl (903l 09
ssbaieds (90]] 2y50 sloodly (ln o gsse ol Cusl 039
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Table 1- Monthly statistical data of VVolga River flow at VVolgograd station (1980-2020)
Stage Numbe_r of Mean Maximum Minimum Star_1de_1rd Coefficient of Skewness
name statistical (m3/s) (m3/s) (m3/s) deviation variation (%o) (m3/s)
data (m3/s)
Test 369 21.68 69.1 10.2 11.47 0.53 2.04
Train 123 19.07 52.8 10.8 9.86 0.52 1.95
Yy
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Fig. 3- Mann-Kendall Test results: (a) Volgograd Hydrometric Station monthly discharge, (b) Volgograd
Synoptic Station average maximum monthly temperature
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Fig. 4- Mann-Kendall Test results for Volgograd Synoptic Station: a) average minimum monthly
temperature, b) average monthly precipitation
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Table 2- Hurst coefficient of the climatic parameters of the used synoptic stations

. Monthly Monthly sun Monthly maximum Monthly minimum Monthly

Sstation name o - discharge
precipitation time temperature (m3/s) temperature (m3/s) (m3s)
Volgograd 0.723 0.693 0.615 0.672 .
synoptic
Volgograd ) _ ) )
hydrometry 0.639
Yy
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Table 3- Different models studied to predict the Volgograd Hydrometric Station monthly discharge

No. Model structure

1 e =f{P®), Tnax(®), Tmin(t) , Rad(t) }

2 Q(t) = f {P(t - 1) ’ Tmax(t - 1) ’ Tmin(t) ’ Tmin(t - 1) /Rad(t - 1)}

3 Q(t) = f {P(t) ’ P(t - 1) ’, Tmax(t) ’ Tmax(t - 1) ’ Tmin(t) ’ Tmin(t - 1): Rad(t) ’ Rad(t - 1)}

4 Q(t) = f {P(t) ’ P(t - 1) ’, Tmax(t) ’ Tmax(t - 1) ’ Tmin(t) ’ Tmin(t - 1)}

5 Q(t) = f {P(t) ’ P(t - 1) ’ Tmax(t) ’ Tmax(t - 1) ’ Tmin(t) ’ Tmin(t - 1) ’ Rad(t)}

6 Q(t) = f {P(t) ’, P(t - 1) ’ Tmax(t) ’, Tmax(t - 1) ’ Tmin(t) ’ Tmin(t - 1) ’ Rad(t - 1)}

7 Q(t) = f {P(t) ’, Tmax (t) ’ Tmax(t - 1) ’ Tmin(t) ’ Tmin(t - 1) ’ Rad(t) ’ Rad(t - 1)}

8 e)=f {P(t), Tnax(®) ) Tinax(t = 1), Tipin (t) , Typin (t — 1), Rad(t — 1)}

bl K8 ok 58] i (sl 3o £ Joao
Table 4- Optimal parameter values of the slime mold algorithm

No. Parameter variation range Optimal values
1 Z Parameter 0-0.01 0.008
Initial society size 10-500 100
maximum algorithm iterations 1000 1000

2 Wy 6lidg, anl Gty (Silwdse lp Qs J13 5 oaw 5 ) i 981 13 g0 Syl pls it 3lie g alols -0 Jgar
31,5 4509 0l5unns!
Table 5- The range and optimal values of the effective hyperparameters in the support vector regression
algorithm for the modeling of the Volga River discharge prediction at VVolgograd Station

No SVR algorithm hyperparameters values
d € Y C
variation range 1-4 0-1.5 0.1-5 10-40
Optimal values 1.5 0.18 3.2 16

0391 olatol 350 (o i) 5 o Juo ol e 13 3 Sas it (4l
8 Fag et oSl wlinle (o] oty sl b e Olsied 5
Ll S3STy Jlagas (8) ojlads JSib el 02,8 ll 31,850,
A o i |y Wbl G G Jde cpping g Slelie glaedls
Jio €85 85 sl 590 ul 035 135 (F) s)lod JS5 peizmon
Mo G955 5 (bbre S8 iy oS (S 5 > oy 38 b sl

Y'Y

Cadidy el o 0315 (L (V) 9 (7) Jghis o uls &S aisS lan

05555 syt oSl (a] nihn o Gl (5ol
ooy 3l odliel b gl (2| b & cosl 48,5 18 ) 590
ol pletdy oy gme)S) 5 (bl S Sl (oS 5
N-Y RZ = oV L oy Jolye 3 0 oylad Joo oS amd oo
= oA b iwcoms dsge 3 3 MAE = ./5\ s RMSE =
RBF JiS jl c»Sope b MAE = -/o5  RMSE = v/a R?
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Sriag e oSiugl (aul uihn 3 (SVR-SMA) lazdy )by
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(Sohae (mas b wyelll (pixen g (GA) S sl
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Table 6- Statistical judgment criteria to select the best flow prediction model for Volgograd Hydrometric
Station using the SVR-SMA model (calibration stage)

Kernel type

No. RBF kernel Poly kernel Line kernel
MAE R? RMSE MAE R? RMSE MAE R? RMSE
1 0.85 0.73 9.19 1.43 0.6 10.08 3.22 0.35 29.6
2 0.71 0.74 9.04 2.32 0.45 15.49 411 0.23 37.16
3 0.65 0.78 8.11 1.50 0.59 11.72 3.20 0.35 29.52
4 0.73 0.74 9.08 1.67 0.53 12.34 4.00 0.28 33.05
5 0.61 0.79 8.02 1.56 0.55 11.68 1.51 0.58 11.81
6 0.63 0.79 8.06 1.57 0.55 11.97 3.47 0.28 33.11
7 0.70 0.78 8.15 0.79 0.76 9.11 3.27 0.35 29.47
8 0.71 0.76 8.86 1.02 0.70 9.86 3.50 0.28 32.97

S (o555 w2 591 51 0alimw] b 31,5 9809 (g phag i 8lkms] (33 (S piey S o2yl QLRS! (65l igliaB (gl ylume - Jouo

(s Al yo ) Gluindy 412 31 (gm0 55 5 9 bLo
Table 7- Statistical judgment criteria to select the best flow prediction model for Volgograd Hydrometric
station using the SVR-SMA model (validation stage)

Kernel type

N RBF kernel Poly kernel Line kernel
0.
MAE R? RMSE MAE R? RMSE MAE R? RMSE
1 1.06 0.78 8.77 1.13 0.77 9.17 4.1 0.42 21.75
Yo
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2 1.04 0.78 8.54 2.35 0.062 13.01 6.36 0.031 35.86
3 1.03 0.79 8.06 1.79 0.76 9.28 3.69 0.056 17.11
4 1.03 0.79 8 141 0.71 9.89 3.84 0.51 20.85
5 0.56 0.8 7.19 0.98 0.79 7.23 1.76 0.7 10.81
6 0.93 0.79 7.75 1.34 0.72 9.64 4.39 0.4 24.88
7 1.02 0.79 7.93 1.09 0.77 8.93 5.74 0.39 25.31
8 1.03 0.79 8.07 1.01 0.79 7.69 6.06 0.36 28.04
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Fig.5- Scatter diagram of the observed and the best prediction model data points at Volgograd Hydrometric
Station: a) calibration stage, b) validation stage
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Fig. 6- Comparative simulation diagram of the monthly flow in Volgograd Hydrometric Station: a)
calibration stage, b) validation stage
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Table 8- Comparison of the performance of the best SVR-SMA model with some other data-based discharge
prediction methods of VVolgograd Hydrometric Station

calibration stage

validation stage

Model
MAE R? RMSE MAE R? RMSE
SVR-SMA 0.56 0.8 7.19 0.61 0.79 8.02
SVR 0.84 0.77 9.23 1.94 0.72 10.86
ANN 1.61 0.71 11.03 2.15 0.7 11.49
GA 0.71 0.78 8.37 1.85 0.73 10.15
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