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Abstract

:

The Second Songhua River Basin is located at the northern edge of the East Asian monsoon region in China. The river basin has a large interannual rainfall-runoff variation often associated with frequent droughts and floods. Therefore, the mid-long-term runoff prediction is of great significance. According to a review of the national and international literature, there are few studies on sunspots in the prediction of medium- and long-term runoff. In this study, sunspots are selected as the influencing factors of runoff based on the mechanism of astronomical factors; sensitivity analysis was used to identify the time delay of sunspots’ influence on runoff and determine the prediction factor (relative number of sunspots in January and March). The BP (backpropagation) network is used to identify the correlation between prediction factors and prediction items (monthly average inflow rate of the Fengman Reservoir and the Baishan Reservoir in the flood season), and then the prediction model is constructed. According to the test results of historical data and the actual forecast results, the forecast is working well, and the accuracy of qualitative forecasting is high.
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1. Introduction


Regional hydrological processes are a natural geographical phenomenon that is influenced by geographical factors such as the dimension, altitude, topography, landform and the relative position of sea and land, and other regional characteristics. It can only be forecasted based on identifying and understanding its influencing factors, characteristics, and laws [1]. The regional hydrological cycle is an open and complex giant system, governed by the interaction of weather systems and underlying surface conditions [2].



Solar radiation is the primary source of energy on Earth. The amount of solar energy received by the Earth is usually referred to as the total solar irradiance (TSI). TSI is affected by solar activities such as sunspots, spots, flares, spectral spots, prominence, and coronal mass ejection. Changes in both TSI and solar activity can have direct and indirect effects on the Earth’s climate, which in turn can cause fluctuations in regional climate [3]. Sunspots are one of the most basic and visible solar activity phenomena, reflecting the intensity of solar activity. They are also the most easily observed among all solar activity phenomena. Therefore, solar cycle lengths (SCL) and sunspot numbers (SSN) are used to describe the change of solar activity [4]. A study of nearly 300 years of observed data shows that the sunspot activity has periods of 11a, 22a, and 180a quasi-periodicity [5], which are in turn closely related to changes in climate and hydrology. The cyclical variation of solar activity can cause many natural disasters, especially during the peak and trough of sunspot activity, which is the period of the outbreak of many natural disasters [6]. For example, Clayton [7] mapped the annual rainfall distribution of the global solar activity peaks and valleys, with China being in the peak year rainfall region; Van Loon and Lee’s [8,9] study of sunspots and circulation shows that the Hadley circulation increases when the sunspot number is high; Scafetta [10] argued that global warming in recent years has been strongly related to solar activity, with cyclical variations in solar activity contributing at least 60% of the impact factor to global warming; Verschuren et al. [11] studied the relationship between precipitation and solar activity in East Africa, their results show that precipitation is less when solar radiation is intense and more when solar radiation is weak; Zhu [12] conducted extensive research on the relationship between climate and solar activity and concluded that the rainfall in China’s Yangtze River Basin is positively proportional to the number of sunspots, while rainfall in the Yellow River basin is inversely proportional to the number of sunspots. In summary, there is a certain cyclical relationship between solar activity and climate change, so the relationship between basin floods and solar indicators can be established based on solar activity indicators. The occurrence pattern of floods in the basin can be found in the annual variability of solar indicators.



For the change of river runoff caused by climate and meteorological anomalies, the direct cause is the continuous anomalous of atmospheric circulation. The energy sources of atmospheric and oceanic circulation are derived from solar radiation. The uneven distribution of solar radiation in the high and low latitudes of the Earth causes atmospheric and oceanic circulation. Therefore, solar activities and the Earth’s magnetic field interference caused by solar activities may cause meteorological anomalies, thus affecting the change of river runoff [13,14]. Long-term changes in the Earth’s climate and river runoff are influenced by a variety of factors, among which solar radiation is the source of energy for the climate system and the fundamental driver of the formation of all physical processes and phenomena in the atmosphere, as well as a fundamental factor in climate change and changes in river runoff [15]. Solar activity, on the other hand, directly governs changes in solar radiation, so it is of theoretical and practical significance to explore the relationship between solar activity and changes in river basin runoff.



From the runoff formation mechanism, the climate characteristics of the basin are mainly affected by solar activity, atmospheric circulation, and the natural geographical environment. These three factors have several mechanisms: solar radiation is an astronomical factor outside the hydrological cycle, and its impact on climate is cyclical; the atmospheric circulation is the dominant factor of climate situation and has seasonal variation; the natural geographical environment, as the underlying surface condition, exerts an influence on the climate and also has seasonal variation. At the same time, each influencing factor is through the influence of atmospheric circulation to achieve their respective roles, that is, atmospheric circulation provides basic conditions for different scales of weather system activities, showing random laws; the natural geographical characteristics of the basin have consistent rules of action on atmospheric circulation, reflecting the particularity and consistency of basin response [16]. Therefore, the hydroclimate of the basin is a coupled superposition of periodic and stochastic patterns, showing regularity on long time scales and stochasticity on short time scales. Studies have shown that there is a probable periodic pattern in the years of major droughts and floods in the basin runoff anomalies, e.g., the Second Songhua River has a 10-year probable periodicity for major droughts and floods with a 1-year error before and after [17].



In summary, there are direct and indirect links between the cyclical nature of the solar activity and atmospheric circulation and climate change, which further influence changes in hydrological conditions. However, few studies have established mapping relationships based on the time lag of their effects. Therefore, this paper uses a global sensitivity analysis method to identify the time lag of sunspot influence on the flood runoff in the basin, using the relative number of sunspots as a physical influence and then determining the critical influence factors. A BP (backpropagation) neural network algorithm is used to recognize the complex non-linear relationships between the forecast factors and the forecast items, and to determine the correlation between sunspot relative number and runoff, enabling medium- and long-term runoff prediction.




2. Materials and Methods


2.1. Study Area


The forecasting object was the monthly average inflow in the Baishan and Fengman Reservoirs of the Second Songhua River mainstream during the flood season (June–September). The watershed system, reservoir site, and catchment area in the Second Songhua River are shown in Figure 1.



The Second Songhua River originates from Tianchi of Mount Paektu in the highest peak of the Changbai Mountains in Northeast China, and the drainage area is 7.34 × 104 km2. The basin has a temperate monsoon climate, controlled by the Pacific monsoon in summer and the Siberian high pressure in winter. It is humid and rainy in summer, but cold and dry in winter. The annual rainfall in the basin ranges from 500 to 1080 mm, decreasing from the upper mountains to the lower reaches, and its spatial distribution is very uneven. Rainfall is also unevenly distributed in time. From an annual perspective, the average annual rainfall is about 735 mm, with an annual minimum of 495 mm and an annual maximum of 1078 mm. In the year, the rainfall is concentrated between June and September, with 60–90% of the annual rainfall, with a monthly maximum of 358 mm. As a result, the interannual distribution of runoff is also highly uneven, with a multi-year average flow of 409 m3/s, a maximum annual average flow of 765 m3/s, and a minimum annual average flow of 164 m3/s. There are 2–6 floods per year, and a process of flood generally lasts for 7–10 days, the maximum peak flow is 20,700 m3/s. The flow in winter glaciation is minimal, less than 10 m3/s. In the hydrology record of more than 70 years, the alternation between high- and low-flow years is also very uneven with low flow for eight consecutive years and high flow for six. In general, low flow occurs constantly for several years after continuous high flow for 2–3 years.




2.2. Data Sources


The long time series data of sunspot relative number are obtained from the Space Environment Prediction Center (http://www.sepc.ac.cn/, accessed on 20 August 2021) of the National Space Science Center of the Chinese Academy of Sciences. The Space Environment Prediction Center is a scientific research unit specialized in space environment research, providing space environment prediction and effect service. It is the main executing agency of the Space Environment Research and Prediction Center of the Chinese Academy of Sciences and a member of the International Space Environment Service (ISES). The monthly runoff data of the Fengman Reservoir and the Baishan Reservoir from 1956 to 2018 are provided by Jilin Hydrology and Water Resources Bureau (Jilin Water Environment Monitoring Center), which is the measured runoff data of the Baishan Reservoir and the Fengman Reservoir.




2.3. Methodology


This paper mainly adopts a global sensitivity analysis method based on the coupled action of multiple factors of BP neural network to carry out the time lag identification of the action of physical factors and determine the key influence factors; a BP neural network algorithm with genetic algorithm to optimize the initial weights is used to establish a complex non-linear mapping relationship between key factors and historical runoff and to realize the forecast of target projects.



	(1)

	
Global sensitivity (GS) analysis method based on BP neural network with multi-factor coupling







In global sensitivity analysis, the analysis of the mechanism of action of the independent variable on the dependent variable is crucial and can be described abstractly using mathematical expressions or physical models as long as the mechanism of action is clear. In most practical problems, however, there are too many independent variables and inconsistencies in the degree of action of each variable on the dependent variable, resulting in unclear mapping relationships between the independent and dependent variables. Therefore, the sensitivity analysis of independent variables is the premise and foundation of mapping the relationship between independent variables and dependent variables. Typical sensitivity analysis methods are mostly based on mathematical statistics, based on multiple regression models mapping the relationship between the independent and dependent variables, which has the limitation of linearizing the non-linear problem. When the problem under study has many influencing factors and the mechanism of action is complex, it is difficult to obtain reasonable sensitivity analysis results with a mapping relationship model based on linear regression.



In this study, the global sensitivity analysis method based on a BP neural network is used to study the influence of the common changes of each variable on the dependent variable. Considering the interaction among the variables, the zero-return disturbance of the independent variable is introduced to deduce the degree of change of the dependent variable. Thus, the sensitivity of dependent variables to independent variables is defined, and the global sensitivity analysis based on the multi-factor coupling is performed.



There are random variables  Y  based on time series as dependent variables,    X 1  ,      X 2  , ⋯ ,    X i  ,   ⋯ ⋯ ,    X n    as independent variables. The degree of  Y  change caused by the perturbation of the independent variable    X i        i = 1 ,   2 ,   3 ,   ⋯ ,   n       is the sensitivity of the dependent variable. Suppose there exists a non-linear deterministic mapping relationship   Y = f        X 1  ,    X 2  ,   ⋯ ,    X i  ,   ⋯ ⋯ ,    X n       , then the relationship expressed by the sample is as follows [18]:


         y 1  = f        x  1 , 1   ,    x  2 , 1   ,   ⋯ ,    x  n , 1              y 2  = f        x  1 , 2   ,    x  2 , 2   ,   ⋯ ,      x  n , 2            ⋯       y k  = f        x  1 , k   ,    x  2 , k   ,   ⋯ ,    x  n , k            ⋯       y m  = f        x  1 , m   ,    x  2 , m   ,   ⋯ ,    x  n , m              



(1)




where k and m are the sample size; n is the dimension of the independent variable.



According to Taylor’s median theorem, the Taylor expansion of the multivariate function is performed while retaining the second-order partial derivatives and further simplified such that     Δ  y  k → k + 1      y k    =  η k   , then    η k    is the mapping of the independent variable    x  i , k     and its increment   Δ  x  i , k → k + 1    , denoted as   g    ∗   :


   η k    =   g      x  1 , k   ,    x  2 , k   ,   ⋯ ,    x  n , k   ,   Δ  x  1 , k → k   +   1   ,   Δ  x  2 , k → k + 1   ,   ⋯ ,   Δ  x  i , k → k + 1   ,   ⋯ , Δ    x  n , k → k + 1      



(2)







For the non-linear mapping relationship of   g    *   , as long as the sample size m is large enough, a BP neural network can be used for identification. If the BP neural network completes the identification of the mapping relationship   g    *    through training, the increment of the independent variable   Δ  x  i , k → k + 1   = 0   is introduced into the zero-return disturbance, so as to calculate the influence of ignoring the increment of the independent variable    x i    on the dependent variable. Then,


   η  i , k  ’  = g      x  1 , k   ,  x  2 , k   , ⋯ ,  x  i , k   , ⋯ ,  x  n , k   , Δ  x  1 , k → k + 1   , Δ  x  2 , k → k   +   1   , ⋯ , Δ  x  i − 1 , k → k   +   1   , 0 , Δ  x  i   +   1 , k → k   +   1   , ⋯ , Δ  x  n , k → k   +   1      



(3)







The resulting perturbation of the dependent variable is    β  i , k     =    η  i , k   −  η  i , k  ’    and the overall perturbation effect for all samples is the sensitivity:


   β i  =    ∑  k   =   1  m     β  i , k      m   



(4)







	(2)

	
Genetic algorithm to optimize the initial weights of BP neural network







The BP (backpropagation) neural network, a concept introduced in 1986 by scientists led by Rumelhart and McClelland, is a multilayer feed-forward neural network trained according to an error backpropagation algorithm and is one of the most widely used neural network models [19].



A BP neural network is composed of a large number of neurons connected with each other, which is used to simulate the complex network system of the human brain’s thinking mode. It has attracted widespread attention due to its excellent properties such as parallel distribution processing, self-organization, self-adaptation, self-learning, and fault tolerance [20]. The artificial neural network can make full use of historical data to represent the complex relationship between system input and output. The theory, analysis technology, and algorithm of the artificial neural network are introduced into the field of hydrology and water resources to establish an applicable artificial neural network model, which is expected to solve the complex problems that are difficult to handle [21].



By using the genetic algorithm to optimize the initial weights of the network, the genetic algorithm and the BP algorithm are organically combined to achieve complementary advantages. The initial weights of the network are first optimized using the genetic algorithm, and then the BP algorithm is used to finalize the network training. The main elements of the genetic algorithm to optimize the initial weights of the network are the expression of chromosomes, the definition of the objective and fitness functions, the construction of evolutionary and genetic operators, etc. Some studies have been well applied in the research on how to improve the accuracy of intelligent flood forecasting, especially to improve the accuracy of flood forecasting [22].



The network training adopts the improved BP algorithm based on the genetic algorithm to optimize the initial weight of the network and the limited supervision and adjustment of the learning rate [23]. The transfer function is an S-type logsig function, and the network initialization weight is randomly generated in the [−1, +1] interval. According to multiple trial calculations, the hidden layer was determined to be 2, with nodes of 50 and 30 respectively. Because the sample inputs belong to different physical quantities with different dimensions and large differences in orders of magnitude, they are normalized by transforming the range of values to the interval 0.1–0.9, the relevant parameters are shown in Table 1.





3. Results


3.1. Analysis of Runoff Influencing Factors


The sunspot relative number is an index of the degree of sunspot activity, which was proposed by Wolfe of the Zurich Observatory in 1849. At present, the regularly published global sunspot number is a daily estimate of the sunspot number over the entire solar surface based on the development curve of the sunspot population and using the visibility function. It is not affected by the geometric factors of the day and the Earth and does not show a 27 d period. It can well describe the state of solar activity. Therefore, the sunspot number is commonly used as an astronomical factor for extreme climate prediction. For example, there are relevant research results in eastern China [24,25], central China [26], western China [27,28,29], and Japan [6]. Solar activities are directly related to drought and flood in the Second Songhua River Basin, and the flood years are concentrated in three phases: peak (M year), post-peak (M + 2, M + 3 years), and valley (m − 1, m years) [30]. At the same time, there is a 10-year alternation cycle of drought and flood, that is, years 1, 4, and 6 are flood years, years 0, 3, 5, and 7 are normal, and years 2, 8, and 9 are drought years, which is close to the average 11-year cycle of sunspot activity. The reasonable explanation is that solar activity leads to this rule. Therefore, this article selects the sunspot relative number as the forecast physical factor to have the scientific basis and practical significance.




3.2. Recognition of Runoff Forecast Factors


3.2.1. Recognition of Time Lag Caused by Solar Activity


Solar activity affects solar radiation, leading to changes in atmospheric (land surface) temperature and humidity, thus causing atmospheric circulation. Atmospheric circulation influences water vapor through monsoons, air pressure, and wind bands to produce precipitation, and the precipitation finally produces runoff in the land hydrological process, that is, the astronomical factors have a time lag effect on the runoff of the basin. Therefore, identifying the time delay of astronomical factors is the key to determining the forecast factor. The global sensitivity analysis method based on the coupling effect of multiple factors is used to identify the monthly sunspot relative number with a large correlation in the early stage. The training samples are shown in Table 2.



The results of the sensitivity analysis show that the influence time lag of sunspot relative number is 2–3 months, that is, the sunspot relative number 2 or 3 months ago has a good correlation with the current month’s runoff (Figure 2). It can be considered that the sunspot relative number in the first three months has the greatest impact on the runoff in the study area. Before that, the effect is gradually weakened, and after that, the effect is gradually increased.




3.2.2. Determination of Runoff Forecast Factors


According to the results of sensitivity analysis, the higher sensitivity of the month of sunspot relative number to June, July, August, and September of runoff is March, April, May, and July. Jilin Province Hydrology and Water Resources Bureau (Jilin Province Water Environment Monitoring Center) releases annual flood season (June–September) inflow forecast in mid-April. Therefore, considering the factors of the foreseeable period, two groups of schemes are set up by taking into account the months of sunspot relative number, and the foreseeable period is shown in Table 3.



The improved BP network [31,32] was used to simulate the mapping relationship between the relevant month of sunspot relative number and each month of runoff in the flood season. The sunspot relative number for January, February, March, and April (Scheme 1), and the sunspot relative number for January, February, and March (Scheme 2) was used as network inputs, and the monthly runoff in June, July, August, and September in the Baishan and Fengman Reservoirs was used as network outputs. Monthly average runoff from 1956 to 2006 was used as training samples, and monthly average runoff from 2007 to 2015 was used as validation. The simulation results were tested with relative errors. The relative error can reflect the reliability of the simulated value, and its calculation formula is:


  R E =     μ − x    μ  × 100 %  



(5)




where μ is the measured value, m3/s; x is the simulated value, m3/s.



The process of runoff for September in the Baishan and Fengman Reservoirs is shown in Figure 3 and Figure 4, and the relative errors of the simulation results for each month of runoff are shown in Table 4 and Table 5.



According to the results of the relative error of the simulated monthly runoff of the two schemes, the relative error of the monthly runoff in 2012 is larger in the nine years, and the relative error of the September runoff is larger in the four months for the Baishan Reservoir and the Fengman Reservoir. Comparing the results of the two schemes, the mean values of the relative errors of the two schemes for Baishan Reservoir are 0.21 and 0.23, respectively, and the differences between the two schemes are not significant. The mean values of the relative errors for the two schemes for the Fengman Reservoir are 0.30 and 0.25, respectively, which shows that Scheme 2 is better than Scheme 1. Therefore, the forecast factors for runoff were determined to be the sunspot relative number in January, February, and March.





3.3. Application of the Forecast Model


Construction and Testing of Forecast Model



Based on the BP algorithm, the forecasting model was constructed by using the determined runoff forecast factors. The average runoff of the Baishan and Fengman Reservoirs in the flood season (June–September) from 1956 to 2006 was used as training samples, and the average runoff of flood season (June–September) from 2007 to 2016 was used as validation samples. The goodness of fit (R2) and Nash–Sutcliffe efficiency coefficient (NSE) are used to evaluate the fitting, and the calculation formulas are as follows:



	(1)

	
Coefficient of determination









   R 2    =      ∑  i   =   1  n        y ^  i  −  y ¯     2     ∑  i   =   1  n       y i  −  y ¯     2     



(6)




where    y i    is the measured value;     y ^  i    is the simulated value, and   y ¯   is the measured average value.



The coefficient of determination (R2) is the fitting degree of the regression line to the observation value. The value range is [0, 1], the closer the value of R2 is to 1, the better the fitting degree of the regression analysis to the observation value, and vice versa.



	(2)

	
Nash–Sutcliffe efficiency coefficient









  N S E   =   1 −    ∑  i   =   1  n       Q i  −  Q i ’     2     ∑  i   =   1  n       Q i  −   Q ¯  i     2     



(7)




where    Q i    is the measured value,    Q i ’    is the simulated value, and     Q ¯  i    is the measured average value.



The Nash–Sutcliffe efficiency coefficient (NSE) is a statistical parameter that describes the fitting accuracy of the calculated value to the target value. The value range is −∞ to 1. The closer the value is to 1, the better the simulation effect is. The simulation effect close to 0 is close to the average level of the measured value, and the simulation effect less than 0 is poor.



The process of the runoff in the flood season (June to September) for the Baishan and Fengman Reservoirs are shown in Figure 5 and Figure 6. The evaluation results of forecast results are shown in Table 6.



According to the results of the monthly average inflow process forecasts for the Baishan and Fengman Reservoirs during the flood season (June–September), it can be seen that the flood season average inflow forecasts for the Baishan Reservoir are very good, while the flood season average inflow forecasts for the Fengman Reservoir meet the accuracy requirements, but worse than the Baishan Reservoir forecast results. Among them, the errors in 2010 and 2012 were relatively large, which exceeded 20% of the medium- and long-term forecast allowable errors. The reason was that human activities in the Fengman River Basin had a great influence. In the year of extraordinary flood in 2010, the superposition of flood discharge in the basin was large, and only 728 floods superimposed nearly 700 million cubic meters, and 805 pre-discharge superimposed nearly 1 billion cubic meters, so the forecast value was small. The year 2012 is the second year in a row of dry years, and it is an extremely dry year. The reservoir in the basin has less water storage and a serious interception, so the forecast value is large. Therefore, the qualitative forecast for 2010 is accurate and the qualitative forecast for 2012 is incorrect.





4. Discussion


4.1. Forecast Practice and Evaluation in 2017


By completing and training the intelligent network, the monthly average runoff in the flood season (June–September) of 2017 was forecast as follows:



In 2017, for the Baishan Reservoir, the monthly average inflow in June–September was forecast to be 655 m3/s, and the average for many years is 390 m3/s. Using the specification of “Forecasting norm for hydrology intelligence (GB/T 22482-2008)” (Table 7), 2017 in the Second Songhua River Basin was qualitatively forecast as a high-flow year.



In 2017, the actual monthly average inflow in the flood season was 324 m3/s in the Baishan Reservoir, and the anomaly was −17. Thus, the flood season was a low-flow year. The monthly average inflow is 224 m3/s over the full year and is 228 m3/s over many years. The anomaly was −2, indicating a normal flow year. Thus, in 2017, the qualitative forecast of inflow was incorrect for the Baishan Reservoir.




4.2. Forecast Practice and Evaluation in 2018


In 2018, the samples were trained based on the classification in the Baishan Reservoir; that is, the monthly average runoff in June–September was ranked into two groups: <500 m3/s and >500 m3/s for training. The corresponding forecast results were 400 and 404 m3/s.



The average was taken from two groups, giving a forecast result of 402 m3/s in 2018, and an anomaly of 3. This indicated that 2018 was a normal flow year.



In the Baishan Reservoir, the actual monthly average inflow was 411 m3/s in the flood season of 2018, and the anomaly was 5, indicating that 2018 was a normal flow year. Thus, the quantitative forecasts in 2018 were correct in the Baishan Reservoir.





5. Conclusions


By the sensitivity analysis method, the mechanism of solar activity effect on runoff in the catchment area of the Fengman and Baishan Reservoirs in the Second Songhua River Basin was determined. For the runoff in June–September, the sensitivity indexes of SSN in the first 3 months and the runoff in the current month were at a maximum. This indicated a time lag of 3 months for solar activity to runoff in the Fengman and Baishan Reservoirs. Thus, SSN in January, February, and March served as forecast factors, and the average runoff in June–September was the forecast item, so the forecast model was constructed.



In combination with the long series historical data, by the non-linear relationship between the forecast factor and the forecast item simulated by BP network, from the perspective of forecast verification of previous inflow the forecast results in most years were good, with the exceptions of special years of high flow in 2010 and continuous low flow in 2012. The reason for the larger forecast errors in the high-flow and low-flow years was that the Fengman Basin was greatly affected by human activity. Many small reservoirs, dams, and pools have been formed upstream. This was the key factor causing the inaccurate quantitative forecasts in the high-flow and low-flow years. However, the qualitative forecast always could stray away from this influence. Thus, in the practical forecast, quantitative forecast and qualitative analysis should be combined to guarantee the reliability of the forecast result.



For the Baishan Reservoir, the qualitative and quantitative forecasts were both incorrect in 2017. In 2018, the qualitative and quantitative forecasts were correct for the Baishan Reservoirs. The reason for the forecast result by the classification was that the training principle of the BP network was the minimum overall error. Therefore, the network acquired more medium values but had insufficient mapping ability for large and small values. Through the classification and grouping of the samples, the BP network model overcame the problem and thereby acquired the ideal forecast result.



From a macroscopic view, astronomical factors influence basin runoff through atmospheric circulation, which ultimately has a combined effect on basin runoff together with the underlying surface. Therefore, forecasts should introduce influencing and restriction factors that can reflect the underlying conditions. It is supposed that sea temperature may be an index that can reflect such influences and possess better stability, and this is a research direction for future work.
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Figure 1. Reservoir sites and catchment area for the Second Songhua River. 
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Figure 2. Sensitivity of the previous period sunspot relative number to the current month’s runoff. 
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Figure 3. Runoff simulation process of September in Baishan Reservoir. 
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Figure 4. Runoff simulation process of September in the Fengman Reservoir. 
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Figure 5. Forecast runoff process of the Baishan Reservoir in flood season. 
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Figure 6. Forecast runoff process of the Fengman Reservoir in flood season. 
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Table 1. Main training parameters of BP algorithm.
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GS’s Parameters

	
BP’s Parameters




	
Parameters

	
Values

	
Parameters

	
Values






	
Population size

	
12,000

	
Normalized maximum

	
0.90




	
Selection rate

	
0.05

	
Normalized minimum

	
0.10




	
Crossover rate

	
0.10

	
Momentum coefficient

	
0.80




	
Variation rate

	
0.05

	
Learning rate adjustment factor

	
0.80




	
Initial interval

	
[−1, 1]

	
Initial learning rate

	
0.01




	
Evolutionary algebra

	
30

	
Number of iterations

	
10,000
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Table 2. Training samples.






Table 2. Training samples.





	
Network Input/Sunspot Relative Number

	
Network Output/Runoff (m3/s)






	
T (3)

	
T (2)

	
T (1)

	
T (0)

	
R (3)




	
March

	
April

	
May

	
June

	
June




	
April

	
May

	
June

	
July

	
July




	
May

	
June

	
July

	
August

	
August




	
June

	
July

	
August

	
September

	
September








Note: T (0) is the current month, T (1) is the previous 1st month, T (2) is the previous 2nd month, T (3) is the previous 3rd month.
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Table 3. Schemes of monthly runoff of forecast factors in flood season.
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Month of Sunspot Relative Number

	
Runoff (m3/s)

	
Forecast Period (Month)






	
Scheme 1

	
January

	
February

	
March

	
April

	
June

	

	

	

	
1




	
January

	
February

	
March

	
April

	

	
July

	

	

	
2




	
January

	
February

	
March

	
April

	

	

	
August

	

	
3




	
January

	
February

	
March

	
April

	

	

	

	
September

	
4




	
Scheme 2

	
January

	
February

	
March

	

	
June

	

	

	

	
2




	
January

	
February

	
March

	

	

	
July

	

	

	
3




	
January

	
February

	
March

	

	

	

	
August

	

	
4




	
January

	
February

	
March

	

	

	

	

	
September

	
5
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Table 4. Relative error of runoff simulation results for Baishan Reservoir.
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Year

	
June

	
July

	
August

	
September




	
Scheme 1

	
Scheme 2

	
Scheme 1

	
Scheme 2

	
Scheme 1

	
Scheme 2

	
Scheme 1

	
Scheme 2






	
2007

	
0.32

	
0.00

	
0.00

	
0.00

	
0.00

	
0.00

	
0.59

	
0.76




	
2008

	
0.19

	
0.06

	
0.00

	
0.48

	
0.60

	
0.60

	
0.38

	
0.14




	
2009

	
0.04

	
0.00

	
0.19

	
0.23

	
0.00

	
0.10

	
0.35

	
0.00




	
2010

	
0.33

	
0.15

	
0.00

	
0.00

	
0.00

	
0.01

	
0.01

	
0.58




	
2011

	
0.34

	
0.34

	
0.00

	
0.00

	
0.03

	
0.13

	
0.00

	
0.00




	
2012

	
0.00

	
0.00

	
0.65

	
0.65

	
0.19

	
1.21

	
0.84

	
0.53




	
2013

	
0.29

	
0.29

	
0.00

	
0.00

	
0.00

	
0.00

	
0.00

	
0.00




	
2014

	
0.00

	
0.00

	
0.00

	
0.00

	
0.00

	
0.01

	
0.00

	
0.00




	
2015

	
0.00

	
0.00

	
0.76

	
0.76

	
0.79

	
0.79

	
0.71

	
0.71
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Table 5. Relative error of runoff simulation results for the Fengman Reservoir.
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Year

	
June

	
July

	
August

	
September




	
Scheme 1

	
Scheme 2

	
Scheme 1

	
Scheme 2

	
Scheme 1

	
Scheme 2

	
Scheme 1

	
Scheme 2






	
2007

	
0.00

	
0.00

	
0.00

	
0.00

	
0.18

	
0.07

	
0.12

	
0.13




	
2008

	
0.62

	
0.62

	
0.44

	
0.44

	
0.00

	
0.00

	
0.01

	
0.22




	
2009

	
0.55

	
0.02

	
0.00

	
0.01

	
0.00

	
0.00

	
0.31

	
0.01




	
2010

	
0.00

	
0.52

	
0.06

	
0.00

	
0.00

	
0.00

	
0.01

	
0.01




	
2011

	
0.00

	
0.49

	
0.00

	
0.00

	
0.00

	
0.01

	
0.21

	
0.30




	
2012

	
0.29

	
0.39

	
1.04

	
0.66

	
0.71

	
0.34

	
0.62

	
1.22




	
2013

	
0.53

	
0.28

	
0.00

	
0.00

	
0.00

	
0.00

	
0.26

	
0.00




	
2014

	
0.00

	
0.65

	
0.21

	
0.22

	
0.01

	
0.00

	
3.52

	
0.00




	
2015

	
0.01

	
0.00

	
0.00

	
0.00

	
0.77

	
0.77

	
0.39

	
1.85
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Table 6. Results of the evaluation of the forecast runoff in the Baishan and Fengman Reservoirs.
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	Evaluation Indicators
	Baishan Reservoir
	Fengman Reservoir





	R2
	0.896
	0.639



	NSE
	0.895
	0.613
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Table 7. Runoff qualitative classification standard.
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	Classification
	Low-Flow Year
	Lower Flow Year
	Normal Flow Year
	Higher Flow Year
	High-Flow Year





	Anomaly
	Anomaly < −20
	−20 ≤ Anomaly < −10
	−10 ≤ Anomaly < 10
	10 ≤ Anomaly < 20
	Anomaly ≥ 20







Note: in the Fengman Reservoir, the average monthly runoff volume in the flood season is 390 m3/s over many years, and the monthly average all year round is 228 m3/s.
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