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Text S1. Calculation method of the baseflow index (BFI) 

In this study, a digital filtering method was applied to separate baseflow 
from total runoff[S1]. The baseflow index (BFI) represents the contribution ratio 
of baseflow to total runoff. The principle of digital filtering is based on the 
different hydrological response times of various runoff components. 
Specifically, surface runoff generally has a higher frequency and shorter 
response time, whereas baseflow signals exhibit lower frequency and longer 
response times. This method is simple and effective, and its performance has 
been extensively evaluated in previous studies[S2-4]. The calculation formula 
for baseflow is as follows: 

 𝑏௞ = 𝑎𝑏௞ିଵ + ሺଵା௔ሻଶ (𝑦௞ − 𝑦௞ିଵ) (S1) 

where 𝑏௞ represents the baseflow at time k, 𝑦௞ denotes the total 
streamflow at time k, and a is the filter parameter. Previous studies based on 
catchments in Australia[S2], the United States[S3], and Türkiye[S4] have 
demonstrated that a=0.925 can achieve reliable baseflow separation. Therefore, 
a was set to 0.925 in this study. 

Text S2. Calculation method of Autocorrelation Function (ACF) 

The Autocorrelation Function (ACF) reflects the relationship between 
observations in a time series and their past values, and it is an effective tool for 
time series analysis[S5, S6]. The equation for calculating the autocorrelation 
function is as follows: 

 𝑅௞ = భಿషೖ∑ (௑೔ି௑ത)(௑೔షೖି௑ത)ಿషೖ೔సభభಿషభ∑ (௑೔ି௑ത)మ೔ಿసభ  (S2) 

where 𝑅௞  represents the autocorrelation coefficient at lag time k, 𝑋௜ 
denotes the observed value on day i, N is the total number of observations, k 
represents the lag time, and 𝑋ത is the mean value of the entire time series. 

Text S3. Calculation of HV and IGD 

(1) Hypervolume (HV):  
HV measures the volume of the region enclosed by the solution set 

generated by the algorithm and a reference point in the objective space[7]. HV 
evaluates both the convergence and diversity of the obtained solution set. It is 
calculated as follows: 

 𝐻𝑉(𝑃) = λ(⋃ ൛ℎ|𝐶(𝑝௜) < ℎ < 𝐶(𝑝௥௘௙)ൟ௣೔∈௉ ) (S3) 
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 𝑓௜௡௢௥௠ = ௙೔ି௙೔೘೔೙௙೔೘ೌೣି௙೔೘೔೙ (S4) 

where P denotes the obtained Pareto solution set, 𝑝௥௘௙ represents the reference 
point. In this study, the reference point was defined as 1.1 times the maximum 
normalized objective values derived from equation S4[8]. 𝜆  is the Lebesgue 
measure. A higher HV value indicates a Pareto front with better convergence 
and diversity. 
(2) Inverted Generational Distance (IGD): 

IGD measures the average Euclidean distance from uniformly distributed 
points on the entire Pareto front (PF) to their nearest solutions in the obtained 
solution set. IGD evaluates the convergence performance and coverage of the 
obtained PF. It is calculated as follows: 

 𝐼𝐺𝐷(𝑃,𝑃௧௥௨௘) = ∑ ௗ(௉೔೟ೝೠ೐,௉)|ು೟ೝೠ೐|೔సభ |௉೟ೝೠ೐|  (S5) 

where 𝑃௧௥௨௘  represents a set of points uniformly distributed along the true 
Pareto front in the objective space, and P denotes the approximate PF obtained 
by the algorithm. 𝑑(𝑃௜௧௥௨௘ ,𝑃)  represents the minimum Euclidean distance 
between 𝑃௜௧௥௨௘ and the obtained solution set P. A lower IGD value indicates 
that the algorithm has achieved better performance. 
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Table S1. Correlations among LSTM performance metrics (RMSEall, RMSEhigh, RMSElow, 

Dv, NSE, and KGE) at different lead times (1d, 3d, and 7d). 

Lead time (day) lead time RMSEall RMSEhigh RMSElow Dv NSE 

1 

RMSEhigh 0.44*     
RMSElow 0.48* -0.57*    

Dv -0.30* -0.51* 0.17   

NSE -1.00* -0.44* -0.48* 0.31*  

KGE -0.02 -0.48* 0.46* 0.04 0.03 

3 

RMSEhigh -0.12     
RMSElow 0.61* -0.85*    

Dv -0.20 -0.29* 0.10   

NSE -1.00* 0.12 -0.61* 0.20  

KGE -0.05 -0.69* 0.50* 0.24 0.04 

7 

RMSEhigh 0.34*     
RMSElow 0.08 -0.91*    

Dv -0.04 -0.03 -0.06   

NSE -1.00* -0.34* -0.08 0.03  

KGE -0.36* -0.80* 0.68* -0.02 0.36* 
* and gray-shaded cells indicate statistically significant correlations (p < 0.05). 

Figure S1. HV convergence curves of the MOPSO-LSTM model with lead times of (a) 1 
day, (b) 3 days, and (c) 7 days.

 

Figure S2. IGD convergence curves of the MOPSO-LSTM model with lead times of (a) 1 
day, (b) 3 days, and (c) 7 days.
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Figure S3. Computational time of each generation during the 100-generation MOPSO-
LSTM training process with forecast lead times of (a) 1 day, (b) 3 days, and (c) 7 days. 
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Figure S4. Partial dependence plots of LSTM hyperparameters for RMSEall under different lead times. (a) 1d, (b) 3d, (c) 7d. The X-axis represents 

hyperparameter values, and the Y-axis represents the simulated performance metric under averaged effects of other hyperparameters. 
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Figure S5. Partial dependence plots of LSTM hyperparameters for RMSEhigh under different lead times. (a) 1d, (b) 3d, (c) 7d. The X-axis represents 

hyperparameter values, and the Y-axis represents the simulated performance metric under averaged effects of other hyperparameters. 
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Figure S6. Partial dependence plots of LSTM hyperparameters for RMSElow under different lead times. (a) 1d, (b) 3d, (c) 7d. The X-axis represents 

hyperparameter values, and the Y-axis represents the simulated performance metric under averaged effects of other hyperparameters. 
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Figure S7. Partial dependence plots of LSTM hyperparameters for Dv under different lead times. (a) 1d, (b) 3d, (c) 7d. The X-axis represents 

hyperparameter values, and the Y-axis represents the simulated performance metric under averaged effects of other hyperparameters. 
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