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PES = MSE x sigmoid (MSE) (9)
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Statistic

Slope Z Slope V4 Slope V4 Slope 4 Slope V4
P (mm) -0.210 0.020 -0.190 -1.000 0.010 0.560 -0.140 -0.060 0.110 -0.130
Runoff depth (mm) -1.770 -1.270 -0.270 -1.670 -0.950 -1.500 -0.630 -0.530 0.070 0.370
Temperature (°C) 0.018" 4.710° 0.024° 2.710° 0.021* 4.180° 0.010 -0.650 0.017° 3.430°
Evp (mm) -3.960° -4.910° -0.610° -2.350° -0.410 -1.330 -2.100° -5.150° -0.840° -3.460°
D (P>0mm) -0.208 -2.080° -0.057 -1.640 -0.086 -2.340° 0.059 -0.200 -0.125 -2.460°
D (P> 25 mm) -0.029 -1.560 0.003 -4.570° 0.002 -0.890 -0.025 -2.500° -0.010 -5.290°
D (P> 50 mm) -0.002 -1.580 0.000 0.000 0.001 -2.810° -0.005 -2.830° 0.000 0.000
P -0.250 -0.960 0.035 0.390 -0.116 -0.400 0.013 0.200 -0.044 -0.980

max

Z means the statistic value derived from the Mann—Kendall test method.

% indicate that the variable has a significant change at the significance level of 0.01 (2.58) and 0.05 (1.96), respectively.
Evp: pan evaporation; D (P> 0 mm), D (P > 25 mm), and D (P > 50 mm) represent the number of days with daily precipitation large than 0, 25, and 50 mm, re-

spectively; P__: maximum daily precipitation.

max



R2 PERERIR L 1987 48 3 2016 4R 1) LR AR AL B4R B (km?)

1987
2016 Waterbody Forest Residential area Farmland Bare land Total

Water body 110.786 2.4710 28.621 78.196 0.077 220.151
Forest 4.497 1446.7000 1.844 1091.665 0.001 2544.707
Residential area 3.656 17.74530 76.751 575.269 0.073 673.494
Farmland 48.270 294.1500 386.876 5594.016 0.329 6323.641
Bare land 0.843 1.1574 2.159 52.247 0.024 56.430
Total 168.052 1762.2240 496.251 7391.393 0.504 9865.830
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Data driven models LSTM (PES) 91.7 24.80 59.29 0.18 92.3 87.3
LSTM (PET) 92.4 21.03 56.82 -0.14 84.6 86.3
LSTM (MSE) 91.7 17.73 52.92 0.07 77.8 74.7
SVR 86.9 28.78 74.35 0.15 50.0 83.8
ANN 89.8 25.33 65.74 -0.05 53.8 86.7
GRU 90.4 24.35 63.87 0.16 69.2 85.8

Lumped hydrologic models AWBM 55.9 48.43 136.69 0.05 41.7 28.7
Sacramento 67.4 51.95 117.52 -0.12 66.7 68.8
SimHyd 56.1 55.26 136.38 0.07 25 38.0
Tank Model 57.7 48.70 133.84 0.30 25 32.0
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All the results have a significant change at the significance level of 0.01.
MSE, PET, and PES represent the different loss functions used in the en-
hanced LSTM model. The data in bold indicate the strongest correlations.
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