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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 in almost months, 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 (16.50 MCM) and (13.33
MCM) respectively.
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Table 1. Summary of the statistical parameters of the data used

Statistical parameter Precipitation (mm) Temperature (°C) Inlet flow to the reservoir dam (MCM)
Minimum 0.00 0.00 0.00
Maximum 222 28.8 58.6
Average 40.6 13.4 6.80

Standard deviation 43.8 9.30 10.4
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Figure 1. Characteristics of the study area
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Table 2. Error evaluation criteria of (CMIP6) models compared to the temperature observation data

Models RMSE MAE CC Models RMSE MAE CC
ACCESS-CM2 4.84 4.67 0.99 FGOALS-g3 7.44 731 0.99
AWI-CM-1-1-MR 5.91 5.60 0.99 FIO-ESM-2-0 2.72 2.30 0.99
BCC-CSM2-MR 1.63 1.42 0.99 HadGEM3-GC31-LL 4.68 458 0.99
CESM2 2.94 2.82 0.99 IPSL-CM6A-LR 3.45 3.02 0.99
CNRM-CM6-1 2.86 2.52 0.99 MIROC6 11.02 10.24 0.99
EC-Earth3-AerChem 3.00 241 0.99 MRI-ESM2-0 1.76 154 0.99
EC-Earth3-CC 2.81 2.47 0.99 NESM3 3.79 3.09 0.99

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

Models RMSE MAE CC Models RMSE MAE CC
MRI-ESM2-0 62.98 52.47 0.58 HadGEM3-GC31-LL 19.01 14.29 0.40
FIO-ESM-2-0 22.55 19.37 0.68 IPSL-CM6A-LR 51.81 41.33 0.59
FGOALS-g3 16.78 12.75 0.61 CanESM5 20.08 16.38 0.48
EC-Earth3-Veg-LR 24.08 19.44 0.51 MIROC6 16.99 13.02 0.52
EC-Earth3-AerChem 33.58 27.40 0.37 BCC-CSM2-MR 29.73 25.61 0.48
CNRM-CM6 67.48 54.24 043  AWI-CM-1-1-MR 33.59 26.60 0.54
CESM2 27.29 22.96 0.61  ACCESS-CM2 22.19 16.50 0.46
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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)

Table 4. The results of scenarios and machine learning models in the prediction of inflow to the reservoir

Error evaluation criteria

Pattern Model RMSE (MCM) MAE (MCM) NSE
Training Test Trianing Test Training Test
ANFIS 7.13 8.90 4.3 5.8 0.69 0.38
Pattern 1 ANFIS-PSO 6.03 6.60 37 43 0.78 0.60
Pattern 2 ANFIS 3.70 8.96 2.0 48 0.90 0.52
ANFIS-PSO 3.60 6.40 1.9 34 0.91 0.77
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Figure 6. Time series diagram of observed and simulated test data using ANN model.
a) Scenario 1, b) Scenario 2
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