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Abstract

Climate change causes changes in the flow of rivers by causing changes in temperature and
precipitation. Therefore, river flow simulation is important as a prerequisite for some
environmental and engineering issues. In the current research, the effect of climate change on the
Mahabad’s river flow in the future periods (2045-2026) was predicted using machine learning
models. First, two input scenarios were compiled, in which the first scenario included temperature
and precipitation parameters and the second scenario included temperature, precipitation, and flow
parameters one month ago. In the following, the performance of two ANN and ANN-PSO models
in estimating the flow rate in the base period (1992-2014) was compared to select the best scenario
and the best model for predicting the flow in the future period under the three scenarios SSP1.26,
SSP2.45 and SSP5.85 of the CMIP6. The results of the error evaluation criteria showed that the
ANN-PSO model makes the best estimation of the river flow using the second scenario and with
the criteria (NSE=0.77, RMSE=6.4 MCM, MAE=3.4 MCM for the test data) and it was chosen to
predict the flow in the future period (2026-2045). The results of investigating the effect of climate
change on each of the meteorological parameters showed that climate change causes an increase
in temperature and creates a fluctuating pattern in precipitation. The results of the climate change
survey on flow showed that under the SSP1.26 scenario, there will not be much changes in flow,
but in the SSP2.45 and SSP585 scenarios, there will be an increase in the discharge in December,
and in May and April, the greatest decrease in discharge will be (36.5 MCM) and (36.5 MCM)
respectively.

Keywords: Artificial neural network, Climate change, particle swarm algorithm, River
discharge, Time series prediction.
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* Artificial Neural Network

T Adaptive Neuro-Fuzzy Inference System
! Genetic Algorithm

$ Particle swarm optimization

** Grey Wolf Optimizer



W.J)‘J A.\.@&f\) a)}.k’r.ﬁ g_)‘ (.SLQ)L.‘." wﬁu DL WL”‘JLLMJ‘ .Li.); Q\J}-\ \le-\ Jl_..ﬂ )345@—.»‘))_.:.5 A_JT

ijf‘_sﬁu:.ﬁu.XM)‘J«&[}Juj&)f‘&})\ﬁa.:}.lméf)‘d.&;u

45°30'0"E 45°35'30"E 45°41'0"E 45°46'30"E 45°52'0"E
L L ! z
B)
N Fa
w @ v B
H
z
=]
g
.
i
)
A Z
=]
g
[~
b 2% o
RSl S ]
RSttt totetutaetetys X “
‘»{f,z}:o:o:'k:&.o 0563050598
5
et el
k)
SIAERI
Sttt
z ooy
=} ietetes
z 4
”"n et
b ot
2 I
e Z,
2R g
o
w
H
o
S
z
=
gl
o
i
)
A z
Mahabad Dam g
o
e
<
o
©
B
River flow direc
T T T ] T
25 5 10 Kilometers
T T T lr T
45°35'30"E 45°41'0"E 45°46'30"E 45°52'0"E

Figure 1. Characteristics of the study area
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Table 1. Summary of the statistical parameters of the data used

statistical parameter Precipitation Temperature (°C) Inlet flow to
(mm) reservoir dam the
(MCM)
Minimum 0.00 0.00 0.00
Maximum 222 28.8 58.6
Average 40.6 134 6.80
Standard deviation 43.8 9.30 104
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Figure 2. Flowchart of Study
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Table 2. Error evaluation criteria of (CMIP6) models compared to the temperature observation data

CC MAE RMSE Models CC MAE RMSE Models
0.99 7.31 7.44 FGOALS-g3 0.99 4.67 4.84 ACCESS-CM2
0.99 2.30 2.72 FIO-ESM-2-0 0.99 5.60 591 AWI-CM-1-1-MR
0.99 4.58 4.68 HadGEM3-GC31-LL 0.99 1.42 1.63 BCC-CSM2-MR
0.99 3.02 345 IPSL-CM6A-LR 0.99 2.82 2.94 CESM2
0.99 10.24 11.02 MIROC6 0.99 2.52 2.86 CNRM-CM6-1
0.99 1.54 1.76 MRI-ESM2-0 0.99 2.41 3.00 EC-Earth3-AerChem
0.99 3.09 3.79 NESM3 0.99 2.47 2.81 EC-Earth3-CC

' Root Mean Square Error
" Mean Absolute Error
" Nash-Sutcliffe Efficiency Coefficient




Table 3. Error evaluation criteria of (CMIP6) models compared to the precipitation observation data

CC MAE RMSE Models CC MAE RMSE Models
0.40 14.29 19.01  HadGEM3-GC31-LL 0.58 52.47 62.98 MRI-ESM2-0
0.59 41.33 51.81 IPSL-CM6A-LR 0.68 19.37 22.55 FIO-ESM-2-0
0.48 16.38 20.08 CanESM5 0.61 12.75 16.78 FGOALS-g3
0.52 13.02 16.99 MIROC6 0.51 19.44 24.08 EC-Earth3-Veg-LR
0.48 25.61 29.73 BCC-CSM2-MR 0.37 27.40 33.58 _EC-Earth3-AerChem
0.54 26.60 33.59 AWI-CM-1-1-MR 0.43 54.24 67.48 CNRM-CM6
0.46 16.50 22.19 ACCESS-CM2 0.61 22.96 27.29 CESM?2
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Figure 4. Temperature changes under different scenarios in the future (2026-2045)
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Figure 5. precipitation changes under different scenarios in the future (2026-2045)
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Table 4. The results of scenarios and machine learning models in the prediction of inflow to the reservoir
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Scenario 2

Simulated

Observation

48!
601
L 901
€01
001
L6
¥6
- 16
88
]
4

a)

6L
- 9L
€L
0L
L9
9
L 19
8¢
99
[43
(44
F oY
197
or
LE
143
L 1€
8¢C
94
[44
61
L 91

180 ~

160 1

140 +
120 +
100 -

(WOW)O

80 A

60 1

40 A

20 -

Month



180 1
160 -
140 A
120 1

QMCM)
S

b)

— <> O n O A
—— = =

v 0 —
AN A N

<t o o
cnoen < <

o
<

(=)
<

[Nl
v

vy 0 —
v N O

Month

Observation

< S N o A
o L e L e o)

94

[ v o0 —
Ne) 0 00 O\

——

e Simulated

—— —

Figure 7. Time series diagram of observed and simulated test data using ANN-PSO model. a) Scenario 1 b)
Scenario 2.

Ogaee S5 Jast Jm Je 53 31 eslanal Lol (ilaand 5 JSlaalin O3] glaesls SAS| s s sed (W) IS s

)bd\fRz g,.“:\)..chJeJuJ:erS\ﬁ d):—wjf)-]a?'d‘)? LS):-‘:":‘ L;J,S‘ﬂbuebtbgbjgadudg.&&ljaﬁC,_.ﬂ‘o.k..l:c\jb\
L aSyl odle baesls S 5 J,u);bpuﬂjz.zj\zuea\;w&gM}\QUA«S@\~/O\ N GO S sl

ANN- dJﬂ)‘L}Jb-LSLGAJ‘)JJ)‘))‘P-JJJQJ&YLM\_,.Lj.ho)‘c.b‘@ﬁ)‘}dx—.ﬁﬁ)bd‘;b‘)bd%é\ﬁ

120
100
80
60

Simulated

40
20

a)

R>=0.4804

Observation

LJ
LJ
L]
100 150

200

Simulated

120 b) R?=0.5096
.
100
80 .
°0 D%, 00t
ee8 e
40 r 2..'
S .
20 e®
0 - .
0 50 100

Observation

150



140 -

140
R?>=0.7645 ] R2=0.7
120 . 120 1 q) v
e 100 A
3 100 . 9 PR b
< 80 e .. = 80 4
= . o 5 ° 0
= . |
E ¥ Eol  gee
n - 201e x
20
20 “‘ .
0 T T ) 0 T T T )
100 150 200 0 50 100 150 200
Observation Observation

Figure 8. Scatter plot of observed and simulated test data around the regression line using ANN and ANN-
PSO models. a) Scenario (1) ANN- b) Scenario (2) ANN- ¢) Scenario (1) ANN-PSO - d) Scenario (2) ANN-PS.

S e aabse fb;b b elae s eslanal 4l HJfLi;)'\ sliial 5590 6o gl 5 adie e anslin (¢l

adls O o o S50 5 s 3 S es (il andls (L RMSD 5V Sven o3l 505 Slhalin gbaesls 4
o 5 Tl G55 Slalline glaesls 4 (63555 sobow 33 Sleslinal b oS 5 Jde Comd ge (A) S8 e .ol
RMSD ltis .ol ke (ANN-PSO, 82) (5] s +/4) 550> B (ANNPSO, S1) (5l +/AQ 55 51 a0 (slaosls Siuas
OlaS 4 G353 ANN Jus (6l s Sl cpl aS b= 53 (sl VY (MCM) 350 (65355 (S0 5bes 35 8 53 5 oS 5 Je (6l
)‘@O)ﬁ%c@\bi‘}ﬁ‘)‘\&ﬁ)t‘ﬂ@w‘s%@u*ﬁ‘)h..ﬂéuj:ﬁ\)b: S-S, 4 53 ANN Jue .ol V0 sus
wslial 3590 6l g sbs g ladie 5 Cl Camdly pl Lse 50 Slalin glaesls 4 SKs 5 JE’U?}‘}MV-:%
55 onl 5l els 3 65 oml RMSD Je ol K5 G b 5l 5 sladis e 51 2 (ANN -PSO, S2) _Kiees oy i

~3ﬁ@9w‘fﬁﬁ)bjd~hbbiﬁQf}bﬁ)t«w)ANANN-PSO wsj.? Jde

c
9
=
3 :
F fol et : S .
(] . o . ."'-.__ A . '-__ ;
I Y Y A A Py
B0 ihis /g S
g | )ig s ANN-PSOSH T 8 - 0.95
[/2] rrros s s ~7 T T .t
I I A AR B ANN_PQ Sy
Niiis s A ;,,A'I\P\ PEE}’{SQ)’
SViiigsrs A .~ ~ 4 =y Lo -
irsr e po e L T Q7 0.99
Hirre szl o7 et Y ~""ﬁ"'b_;"_-#- |
Ay S SRS
g//gé::-’jf;.--w—""*?”' ; =)
oEE=—— " I: : e 1
0 5 10 15 20 25

observation



Figure 9. Taylor diagram for comparison between input models and scenarios.
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Figure 10. Changes in flow rate under different scenarios in the future (2026-2045).
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