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Abstract

:

Accurate monthly streamflow prediction is crucial for effective flood mitigation and water resource management. The present study proposes an innovative similarity-derived model (SDM), developed based on the observation that similar monthly streamflow patterns recur across different years under comparable hydrological and climate conditions. The model is applied to the Lancang River Basin in China. The model performance is compared with the commonly used support vector machine (SVM) and Mean methods. Evaluation measures such as RMSE, MAPE, and NSE confirm that SDM6 with a reference period of six months achieves the best performance, improving the Mean model by 79.9 m3/s in RMSE, 6.07% in MAPE, and 8.62% in NSE, and the SVM by 53.65 m3/s, 0.24%, and 5.53%, respectively.
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1. Introduction


Streamflow prediction, especially in a long-term context, is vital in preventing or mitigating floods and optimizing water resource allocation and reservoir operations [1]. The streamflow process is well known to be influenced by several known factors, including precipitation, evaporation, and temperature, alongside various unknown factors. As a result, streamflow time series tend to be nonlinear, time-varying, and uncertain [2,3,4]. Moreover, the underlying mechanisms of a streamflow process vary significantly during periods of low, moderate, and high flow, particularly during extreme events [5]. Accurate and consistent streamflow prediction presents a challenging task, necessitating developing and utilizing robust and reliable techniques [6,7].



Over the past few decades, numerous streamflow prediction models have been developed, primarily categorized into process-driven and data-driven models [8]. Process-driven modeling methods are considered helpful in ecohydrology, land–atmosphere coupling [9,10], and providing predictions under non-stationary climate conditions, as well as for land use or land cover changes [11]. They have become increasingly important in situations involving short-term predictions of geomorphic hazards, flood dynamics, and complex feedback mechanisms (such as land–atmosphere coupling) [12,13,14] but require complex mathematical models, accurate knowledge of the physical processes of streamflow formation, large amounts of hydrological and meteorological data, and sometimes human judgment [15,16]. Applying these models is constrained by various factors, which can result in poor predictive performance and inherent uncertainties.



However, despite the inherently stochastic characteristics of hydrological processes, there is a burgeoning field of research dedicated to developing models capable of effectively characterizing these complex phenomena. Data-driven models are extensively employed in prediction tasks to fulfill the demands of high accuracy and reliability, particularly in hydropower plant and reservoir operation and management, where long-term scheduling heavily relies on monthly streamflow predictions [17].



Numerous studies have been dedicated to streamflow forecasting using time-series models, with notable examples including the autoregressive integrated moving average (ARIMA) model [18], as well as MA and AR models [19]. While these models often assume a linear relationship between inputs and outputs, the actual relationship is typically characterized by a higher degree of nonlinearity. Artificial neural networks (ANNs), recognized for their robust nonlinear mapping capabilities, have been successfully applied in various fields, including hydrology and water resources, due to their ability to capture complex relationships [20,21]. With the advancement of intelligent algorithms, many other intelligent methods have been utilized for streamflow prediction [22,23]. Chang et al. [24], for instance, applied a fuzzy neural network (CFNN) that can automatically generate rules for clustering the input data. Ni et al. [25] showcased a Genetic-Programming (GP) model for annual streamflow prediction, highlighting its potential as an alternative tool. Zhan et al. [26] introduced a variational Bayesian neural network (VBNN) model for ensemble flood forecasting, revealing its superior performance in liability over the other comparable models. Hu et al. [27] applied an ANN and long short-term memory (LSTM) network models to simulate rainfall–streamflow processes in flood events, demonstrating that LSTM exhibits superior stability and intelligence compared to ANNs. Zhao et al. [28] also demonstrated that the least squares support vector machine (LSSVM) performs well when applied to streamflow prediction. However, these intelligent methods exhibit limitations such as slow learning speed, overfitting, and the curse of dimensionality. A dynamically driven recurrent neural network (RNN) was proposed by Coulibaly and Baldwin [29] to directly forecast hydrological time series, which was proved to be a good alternative for the modeling of the complex dynamics of a hydrological system. Chu et al. [30] developed a classification-based deep belief network (DBN) to improve the performance of data-driven models in streamflow forecasting by integrating physical processes. Danandeh et al. [31] proposed Pareto-optimal moving average multigene genetic programming (MA-MGGP) to develop a parsimonious model for single-station streamflow prediction, which exhibits a noteworthy importance in being applied in practice.



In this study, a novel similarity-derived model (SDM) based on the observation that similar monthly streamflow patterns recur across different years under comparable hydrological and climate conditions is proposed, which can then be utilized to forecast monthly streamflow. The SDM is a data-driven model based on historical patterns. Through the analysis of historical hydrological data, it is evident that the deterministic variations in hydrological phenomena manifest as annual cyclic changes, while hydrological processes within the same watershed display statistical similarity and are influenced by meteorological factors. Similarly, Thomas and Fiering [32] described a linear stochastic model for simulating synthetic flow data, which also incorporates the concept of runoff similarity. However, a key distinction is that this model is linear and employs monthly continuous similarity, whereas the SDM is grounded in interannual similarity, addressing two quadratic problems. Comparable to ANNs and other intelligent algorithms, SDM employs multiple iterative optimizations during the parameter calibration process to maintain the desired objectives. The distinctive feature, however, lies in its approach to prediction, where it utilizes a time-series linear weighted method for computation. In sum, this model represents a synthesis of intelligent algorithms and traditional linear methods for problem resolution.



The present SDM involves tasks to (1) create a two-step model that consists of a similarity parameter calibration model and a similarity derivation prediction model that capture and utilize the observed similarity patterns; (2) re-sequence the historical streamflow and rainfall datasets and divide them into three segments for evaluation; (3) calibrate the reference period length parameter of the SDM using the dataset and validate it using the independent validation set; and (4) assess the predictive accuracy of the SDM by comparing it with Support Vector Machines (SVM) and Mean Annual Average Streamflow.



In the remainder of this paper, Section 2 presents the data processing details and introduces the two-step model that includes the similarity parameter calculation and derivation models and two methods for comparison. Section 3 provides a comprehensive overview of the study area and characteristics of the data, presents the calibration process of parameters using the verification set, and compares the forecast results with other models, followed by a discussion. Finally, Section 4 concludes the research and summarizes the key findings.




2. Problem Formulation and Solution Techniques


2.1. Data Processing


Traditionally, annual natural streamflow data are used as the input in prediction models without altering their original order, but the prediction model proposed in this paper requires preprocessing the streamflow data sequence. Similarly, this processing is applied to the rainfall series.



Figure 1 illustrates the procedure for processing the original streamflow data using the streamflow from consecutive years. As shown in the figure, the consecutive monthly streamflow over multiple years is rearranged into sequences of equal length, with a designated forecast-start month (m) as the reference point to divide each sequence into two parts, the reference and forecast periods, consisting of   M _   months preceding and   M ¯   months following the forecast-start month (m), respectively. The introduction of the prediction model that follows will be based on the rearranged streamflow sequences.




2.2. Similarity Parameters


The similarity derivation model is based on the correlation of the monthly streamflow processes between the reference and forecast periods, aiming to maximize the linear relationship of similarity between the two periods, which is equivalent to minimizing the difference of similarity measurement, expressed mathematically as:


    min    λ t  ,  β t  , a , b     ∑  i = 1  N     [  F i  − ( a   F ^  i  + b ) ]  2     



(1)




where, N is the number of monthly streamflow sequences rearranged; sequences of monthly streamflow are all paired and indexed for i = 1, 2, …, N; a and b are coefficients to be estimated; and     F ^  i    and    F i    represent the weighted similarity measurement of the ith pair of sequences during the forecast period and the whole sequence, respectively, with


   F i  =   ∑  t = m −  M _    m +  M ¯  − 1       λ t  ⋅   (  Q t  (  y 1  ( i ) )   −  Q t  (  y 2  ( i ) )   )  2  +  β t  ⋅   (  P t  (  y 1  ( i ) )   −  P t  (  y 2  ( i ) )   )  2      , ∀ [  y 1  ( i ) ≠  y 2  ( i ) ]  



(2)






    F ^  i  =   ∑  t = m   m +  M ¯  − 1      [  Q t  (  y 1  ( i ) )   −  Q t  (  y 2  ( i ) )   ]  2    , ∀ [  y 1  ( i ) ≠  y 2  ( i ) ]  



(3)




where, m is the forecast-start month;   M ¯   and   M _   represent the number of months in the forecast and reference periods, respectively; the ith pair has two sequences, y1(i) and y2(i) (any combination of non-equal years in the sequences); and    λ t     and     β t    are the weights assigned to the variance of streamflow (   Q t  ( y )    ) and rainfall (   P t  ( y )    ) in month t, respectively, and they also serve to standardize the units of streamflow and rainfall.



The parameters are calibrated subject to the following:




	1.

	
The base magnitude assigned to streamflow, being no more than 1.0:


   λ t  ≤ 1.0  



(4)








	2.

	
Zero-weights assigned to streamflow unknown in the forecast period:


   λ t  = 0 ,    for    m ≤ t ≤ m +  M ¯  − 1  



(5)








	3.

	
Zero-weights assigned to rainfalls unavailable in the forecast period:


   β t  = 0 ,    for    m ≤ t ≤ m +  M ¯  − 1  



(6)













For the optimization problem (1)–(6), it is typically quadratic programming (QP) that gives the optimums:    a ∗  ,  b ∗  ,  λ t ∗     and     β t ∗   .




2.3. Similarity Derivation Model


The monthly streamflow to be predicted, denoted as     Q ^  i  ( 0 )    , is derived as a weighted value of streamflow from the years that present the highest similarity to the current year,


    Q ^  t  ( 0 )   =   ∑  y = 1  Y   [  μ y ∗  ⋅  Q t  ( y )   ]      for    t = m , m + 1 , ⋯ , m +  M ¯  − 1  



(7)




where,    μ y ∗    is the weight to be calibrated and assigned to the yth year among the Y most similar years, which will be selected among all historical years based on the similarity measurement during the reference months:


   F k  =   ∑  t = m −  M _    m − 1       λ t ∗  ⋅   (  Q t  ( k )   −  Q t  ( 0 )   )  2  +  β t ∗  ⋅   (  P t  ( k )   −  P t  ( 0 )   )  2       



(8)




in which    Q t  ( 0 )     and    Q t  ( k )     are streamflow in month y in the current year and the kth year among all historical years, respectively;    P t  ( 0 )     and    P t  ( k )     are rainfalls in month y in the current year and the kth year, respectively; A smaller value of (Fk) indicates a higher similarity of the kth year to the current year.



The weights (   μ y   ) are calibrated to maximize the similarity of the weighted sequence to the current year during the reference months:


    min    μ y      ∑  t = m −  M _    m − 1       λ t ∗  ⋅   (   Q ^  t  −  Q t  ( 0 )   )  2  +  β t ∗  ⋅   (   P ^  t  −  P t  ( 0 )   )  2       



(9)




with the weighted streamflow and rainfall sequences determined as


        Q ^  t  =   ∑  y = 1  Y   [  μ y  ⋅  Q t  ( y )   ]         P ^  t  =   ∑  y = 1  Y   [  μ y  ⋅  P t  ( y )   ]        



(10)




and the weights interpreted as the contribution ratio from each year,


    ∑  y = 1  Y    μ y    = 1.0  



(11)







The optimization involving (9)–(11) is also a QP problem that can be easily solved with a commercial solver to determine the optimum:    μ y ∗   .



The SDM introduces two quadratic programming (QP) problems, both of which require solvers for resolution. The first QP problem, the construction objective of the similarity parameter model, aims to optimize the weighting coefficients for runoff and rainfall. The second QP problem, about the similarity-derived model, is focused on predicting the monthly runoff for specified months. The approach to solving the model involves first optimizing the weight parameters. Subsequently, these weight parameters are used to construct the prediction model. The prediction model is then employed for rolling calculations to produce long sequences of monthly runoff predictions.




2.4. Brief Introduction of the Methods for Comparison


This work validates the predictive accuracy by comparing the SDM with two other methods, the SVM and Mean method.



Developed by Vapnik [33], SVM is recognized as one of the most effective tools in prediction fields. Unlike traditional machine learning methods, SVM is based on statistical learning theory and utilizes a kernel function to transform complex nonlinear problems into linear ones in a higher-dimensional space, simplifying the problem-solving process. The main idea behind SVM is to establish a classification hyperplane as the decision boundary, aiming to maximize the margin of separation between positive cases and counterexamples.



Monthly mean runoffs serve as an essential indicator of the long-term streamflow trend in a watershed, offering valuable information for water resources management, particularly in small watersheds with incomplete data, and are commonly utilized for initial estimation in streamflow prediction and used as comparison methods [34].





3. Case Studies


3.1. Research Domain and Data


The model and solution presented in this work were applied to the Lancang River basin, as shown in Figure 2, which, located between 21°30′ N and 32°40′ N latitude and 94° E to 101°50′ E longitude, is part of the Lancang–Mekong River system, originating from the northeastern part of Tanggula Mountain in Qinghai Province, China. The river flows through Myanmar, Laos, Thailand, and Cambodia before reaching its mouth at the South China Sea in Ho Chi Minh City, Vietnam, making it the largest international river in Southeast Asia, with a length of 4880 km and a drainage area of 826,200 km2 [35]. The Lancang River in China is known for its mainstream length of 2161 km and drainage area of 167,487 km2. The Lancang River, traversing the Hengduan Mountains, is characterized by its north–south orientation and is separated from the Nujiang River in the west by mountain ranges such as Bangma Mountain and Nushan, including the southern part of Luoxue Mountain, and the Jinsha River and Red River in the east by mountain ranges such as Yun Ling and Wu Liangshan [36]. Significant natural environmental differences exist between the river’s upper, middle, and lower reaches. Geographically, the basin descends in a step-like manner from north to south, with the prominent landform characterized by high mountains and deep gorges. As the mountains extends southward, the distances between them gradually widen, forming a shape resembling a broom, with a tight upper portion and a sparse lower portion. The Yunnan section accounts for more than 50% of the river’s length within China.



This study utilizes monthly streamflow data from the Xiaowan Hydrological Station in the Lancang River basin from January 1954 to December 2020, obtained from the hydrologic manual. The rainfall data used in this study were provided by the Institute of Atmospheric Physics, Chinese Academy of Sciences, and they comprise observed data at a comparable scale. To account for the regulatory effects of upstream reservoirs on the inflow to the hydropower station, this study utilizes the inflow and outflow data from upstream stations and applies the cascade relationship between hydropower stations to restore the natural streamflow. The proposed model was trained using high-quality data that were continuous and had no significant gaps. In rare cases with missing or abnormal data points, this work employed linear interpolation to fill in the missing values. Table 1 gives the statistical features of the monthly streamflow at the hydrological station. Cv represents the coefficient of variation, and its magnitude reflects the variation of the river streamflow over multiple years. A small coefficient of variation for the Xiaowan station indicates that the variation between wet and dry years in the historical streamflow is relatively small. Cs represents the coefficient of skewness and is used to measure the degree of asymmetry in a series. For the Xiaowan station, the Cs coefficient is greater than 0, indicating that in the streamflow sequence, there is a smaller chance of having months with streamflow values greater than the mean compared to months with streamflow values below the mean.



The dataset spanning from January 1954 to December 2005 is utilized for calibrating the parameters of the model described in Section 2.2, while the dataset from January 2006 to December 2015 is used to verify the model presented in Section 2.3 and determine the appropriate length of the reference period, and the monthly streamflow data from January 2016 to December 2020 are employed for validation. Figure 3 and Figure 4 depict the consecutive monthly rainfalls and runoffs from Xiaowan Hydrological Station; the streamflow process exhibits relative stability, indicating the reference value of the historical streamflow process for forecasting streamflow using the similarity-derived methods discussed in this study.



Selecting one similar year every ten annual streamflow sequences on average, the SDM set the parameter Y to five by considering approximately 50 years of historical monthly streamflow for model training. This work applies the models to the seasonal forecasting task of a power company in Yunnan, where the monthly streamflow into a reservoir at the beginning of a season must be forecasted for the upcoming season. Thus, the parameter,   M ¯  , is three to represent the number of months to be predicted in a season. The SDM is configured to make runoff predictions for three months at a time, with these predictions rolling forward to cover the entire year’s monthly runoff. Therefore, the parameter m for prediction is set as 1, 4, 7, and 10 to indicate the forecast starting months of January, April, July, and October, allowing for the division of the annual monthly runoff predictions. The number of reference months will be tested as 3, 6, 9, and 12 in the verification dataset to assess its impact on the results in the next section, and then the parameters that demonstrate the best performance on the verification dataset will be selected and utilized for the subsequent validation section.



The prediction of monthly streamflow is performed using three methods for comparison purposes: the Mean method, which predicts streamflow for a given month as the average over historical months; the SDM proposed in this study; and the SVM implemented in MATLAB R2022a, where functions from the “Statistics and Machine Learning Toolbox”, including “fitcsvm” and “predict” are employed to utilize the SVM for runoff prediction.



The Gurobi 9.5.2 solver, run on a PC with an Intel(R) Core (TM) i3-8100 CPU at 3.60 GHz, is employed to solve the two quadratic problems proposed in this model.




3.2. Parameters in Calibration


Table 2 and Table 3 give the calibrated parameters    λ t ∗     and     β t ∗    with reference periods of 6 and 9 months, respectively, where the ‘m-6’ represents the 6th month proceeding the forecast-start month (m). The distribution of non-zero parameters in each month reveals that hydrological and meteorological data from the previous month of the forecast-start month play a crucial role in identifying similar years. The difference in magnitude between    λ t ∗     and     β t ∗    helps standardize the runoff and rainfall values, allowing for a consistent comparison between the two variables despite their different units.



Taking SDM6 as an example, during the process of using Gurobi for solving, the scale of the first QP problem includes 6636 constraints and 4450 variables, while the second QP problem comprises 28 constraints and 31 variables. When conducting the rolling predictions for a long sequence of monthly runoffs, the total solving time for both problems is 148.6 s.




3.3. Results in Verification


The predictive capability of the SDM is compared to that of the Mean method using data from 2006 to 2015, with the assessment of different reference periods (3, 6, 9, and 12 months) to determine the optimal choice. The SDMs, with different reference period lengths (SDM3, SDM6, SDM9, and SDM12), and the Mean method are evaluated for their predictive performance in predicting the monthly streamflow at Xiaowan, as shown in Table 4 and Figure 3.



Table 4 provides a comparison of the performance of the SDM under different reference periods. Indicating the accuracy of the predictions, the RMSE values for SDM3, SDM6, SDM9, and SDM12 are slightly lower than the Mean value of 374.47 m3/s, with SDM6 demonstrating the smallest RMSE value of 359.22 m3/s among the five methods. The Mean Absolute Percentage Error (MAPE) is employed to assess the accuracy of the model predictions in terms of relative errors, and the results indicate that the SDMs exhibit relative errors consistently more than 5% lower than the relative error of the Mean method, with SDM12 achieving the lowest of 18.3%. The Nash–Sutcliffe efficiency coefficient (NSE), a commonly used metric for evaluating the goodness of fit in hydrological model simulations, reveals that the SDMs outperform the Mean method, with SDM6 achieving the highest efficiency of 77.12%. The analysis of the results suggests that the SDMs, particularly SDM6, show better predictive ability than the monthly average values. Therefore, SDM6 was selected as the method with the best prediction accuracy and used for subsequent comparisons with other methods.



The predicted monthly streamflow and the corresponding rainfalls for the verification period from January 2006 to December 2015 are presented in Figure 5, demonstrating the good fit of the Mean and SDM methods to the observed values, with minor deviations observed in certain years.




3.4. Results in Validation


Based on the verification results in the previous section, this section compares the prediction performance of the SDM6, Mean, and SVM methods during the validation period. The evaluation results of the three methods in predicting the monthly streamflow series at Xiaowan are presented in Table 5 and Figure 6, Figure 7 and Figure 8. The SVM method was also evaluated using a reference period of 6 months and a forecast period of 3 months, consistent with SDM6.



Table 5 makes it evident that the Mean model has the lowest prediction accuracy compared to the other models, while the SVM shows improved prediction ability, with reductions of 26.25 m3/s in RMSE, 6.73% in MAPE, and an increase of 3.09% in NSE compared to the Mean model. However, SDM6 outperforms the SVM, with the RMSE and MAPE reduced by 53.65 m3/s and 0.24%, respectively, and the NSE improved by 5.53%. The results demonstrate that both the SVM and SDM6 outperform the Mean method in terms of predictive ability, with SDM6 showing the best performance overall based on the comprehensive evaluation of the RMSE, MAPE, and NSE.



Figure 6 illustrates the prediction results during the validation period at Xiaowan Station using three models and includes the corresponding monthly rainfalls used in SDM6. In general, all the models exhibited a good fit during the dry season, while the Mean model performed the worst during the flood season, and SDM6 showed better performance than the Mean model, which is consistent with the findings in Table 5.



Figure 7 presents a scatter plot of the three prediction models at Xiaowan Station, revealing that the SVM has the poorest performance, with an R-squared value of 0.8406, while the linear trend of the Mean model closely aligns with the 45-degree line, with a slope of 0.9613, and the SDM exhibits the highest R-squared value of 0.8778, indicating that both SDM6 and the Mean model outperform the SVM in terms of accuracy measurement.



Figure 8 illustrates a Taylor diagram, showcasing the performance of streamflow prediction at Xiaowan Station during the validation period by the SVM, Mean model, and SDM6. The Taylor diagram displays the contours representing the Pearson correlation coefficient (blue), standard deviation (black), and Root Mean Square Deviation (RMSD in green), indicating the performance of streamflow prediction at Xiaowan Station by the SVM, Mean model, and SDM6 during the validation period. The results suggest that the SVM exhibits the lowest correlation coefficient, the highest standard deviation, and the largest difference in RMSD value from 1.0, indicating that it has the poorest performance compared to the Mean model and SDM6. SDM6 exhibits superior performance compared to the Mean model and SVM, as evidenced by its smallest RMSD value, largest correlation coefficient, and similar standard deviation levels close to 1.0, making it the best-performing model among the three.



To sum up, Figure 6, Figure 7 and Figure 8 present similar results, all indicating that the SDM prediction model demonstrates favorable fitting outcomes. Meanwhile, Table 5, which presents statistical metrics, indicates that the proposed SDM performs better in predicting the monthly streamflow at Xiaowan Station than the other two methods, with the highest NSE and smallest errors (RMSE and MAPE). The analysis demonstrates that the SDM can be effectively applied to monthly runoff forecasting.





4. Conclusions


This study presents an SDM that utilizes historical streamflow and rainfall sequences to identify similar patterns during a reference period preceding the forecast-start month and calculate predicted values for coming months. The model incorporates an analysis of patterns and underlying physical processes, making it a robust prediction method.



The SDM is compared with the SVM and Mean methods for streamflow prediction in case studies on the Lancang River, and the following results are obtained:




	
The assessment during a verification period on different reference periods (3, 6, 9, and 12) reveals that SDM6 with a reference period of six months demonstrates the best performance.



	
SDM6 during a validation period achieves 261.97 m3/s in RMSE, 16.01% in MAPE, and 87.74% in NSE, improving the Mean model by 79.9 m3/s in RMSE, 6.07% in MAPE, and 8.62% in NSE, and the SVM by 53.65 m3/s, 0.24%, and 5.53%, respectively.








The results above indicate that, despite utilizing data feature extraction and pattern recognition for runoff prediction, the Mean method effectively captures the general patterns in monthly runoff for this watershed. It performs well during low-flow months when water inflow is relatively stable but may struggle to predict the runoff during periods of unusually high or low water flow. Furthermore, the SVM relies on historical runoff patterns for prediction. However, its performance diminishes during years with non-stationary runoff processes, as it tends to predict relatively stable runoffs and may not effectively handle exceptional conditions. In contrast, the SDM utilizes historical runoff and rainfall data for pattern learning, enabling it to make predictions based on the watershed’s historical characteristics. It results in runoff predictions that align more closely with the actual conditions, better fitting the observed runoff processes.



There are some limitations of the SDM in applications, including the following:




	(1)

	
The model requires relatively long historical runoff data, making it unsuitable for basins with short or discontinuous data records.




	(2)

	
The model’s solving process requires multiple calls to the solver, leading to slower computation speed.









Still, there are numerous issues with this model that require further investigation. The future research directions for the model will include the following:




	(1)

	
Future work can explore optimizing additional variables, including the number of similar years and forecast months, to further investigate the model’s performance.




	(2)

	
Further investigation is warranted to understand the influence of historical rainfall on identifying the similar years used to derive the forecast streamflow.




	(3)

	
The model and procedures may also be extended to encompass daily, weekly, and annual streamflow predictions.
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Figure 1. Pre-processing the monthly streamflow and rainfall over multiple years. 
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Figure 2. The Lancang River Basin. 






Figure 2. The Lancang River Basin.



[image: Water 15 03270 g002]







[image: Water 15 03270 g003] 





Figure 3. The observed monthly rainfalls at Xiaowan Station from 1954/1 to 2020/12. 
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Figure 4. The observed monthly runoffs at Xiaowan Station from 1954/1 to 2020/12. 
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Figure 5. Comparison of monthly streamflow forecasted during the verification period. 
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Figure 6. Comparison of forecasted monthly streamflow in validation among three methods. 
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Figure 7. Scatter plot of predictions by three models at Xiaowan Station. 
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Figure 8. Taylor diagram of prediction by three models at Xiaowan Station. 
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Table 1. The statistics of monthly streamflow at Xiaowan Hydrological Station.
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	Station
	Period
	Max (m3/s)
	Min (m3/s)
	Mean (m3/s)
	Cv
	Cs





	Xiaowan
	1954–2020
	4948.0
	275.0
	1201.55
	0.73
	1.15










 





Table 2. The calibration results of parameters with a reference period of six.
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Ref (t)

	
     λ t ∗     

	
     β t ∗     




	
Jan

	
Apr

	
Jul

	
Oct

	
Jan

	
Apr

	
Jul

	
Oct






	
m-6

	
0

	
0

	
0

	
0

	
0.7

	
3296.6

	
5954

	
0




	
m-5

	
1.10 × 10−5

	
2.90 × 10−3

	
7.60 × 10−1

	
0

	
0.4

	
0

	
0

	
0




	
m-4

	
1.60 × 10−5

	
0

	
0

	
7.50 × 10−4

	
1.4

	
0

	
0

	
0




	
m-3

	
8.80 × 10−5

	
0

	
0

	
1.20 × 10−2

	
0

	
0

	
0

	
0




	
m-2

	
0

	
0

	
0

	
4.50 × 10−4

	
0

	
0

	
0

	
26.8




	
m-1

	
4.10 × 10−3

	
3.30 × 10−1

	
7.60 × 10−3

	
9.40 × 10−4

	
51.1

	
772.1

	
1401.9

	
97.4











 





Table 3. The calibration results of parameters with a reference period of nine.
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Ref (t)

	
     λ t ∗     

	
     β t ∗     




	
Jan

	
Apr

	
Jul

	
Oct

	
Jan

	
Apr

	
Jul

	
Oct






	
m-9

	
1.80 × 10−3

	
0

	
0

	
0

	
0

	
0

	
0

	
1491.6




	
m-8

	
1.00 × 10−3

	
0

	
0

	
9.90 × 10−2

	
17.2

	
0

	
0

	
1505.1




	
m-7

	
0

	
3.60 × 10−5

	
0

	
0

	
0

	
34.5

	
60,073.3

	
559




	
m-6

	
0

	
0

	
0

	
0

	
3.6

	
337.9

	
11,402.2

	
0




	
m-5

	
8.10 × 10−5

	
4.10 × 10−1

	
9.40 × 10−1

	
0

	
1.7

	
0

	
0

	
0




	
m-4

	
1.60 × 10−4

	
0

	
0

	
2.70 × 10−3

	
11.7

	
0

	
0

	
0




	
m-3

	
5.50 × 10−4

	
0

	
0

	
3.20 × 10−3

	
0

	
0

	
0

	
0




	
m-2

	
0

	
0

	
0

	
1.30 × 10−3

	
0

	
0

	
0

	
31.5




	
m-1

	
2.40 × 10−2

	
3.10 × 10−2

	
9.90 × 10−3

	
3.00 × 10−3

	
156.7

	
69

	
1804.5

	
330.9











 





Table 4. Performances of SDMs and Mean method for verification at Xiaowan Station.
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	Indicators
	MEAN
	SDM3
	SDM6
	SDM9
	SDM12





	RMSE (m3/s)
	374.47
	371.31
	359.22
	370.57
	373.14



	MAPE (%)
	23.82
	18.59
	18.46
	18.39
	18.3



	NSE (%)
	75.13
	75.55
	77.12
	75.65
	75.31










 





Table 5. The performance in validation prediction at Xiaowan Station.
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	Indicators
	Mean
	SVM
	SDM6





	RMSE (m3/s)
	341.87
	315.62
	261.97



	MAPE (%)
	22.98
	16.25
	16.01



	NSE (%)
	79.12
	82.21
	87.74
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