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Various pollutants are collected into rivers through runoff when rainstorms occur, which can harm the aquatic ecological environment, therefore, strengthening the analysis of river pollution sources before and after rainstorms can reduce the impact of rainstorm runoff periods in regard to the risk from river water pollutants. In this study, the water pollutant differential characteristics and pollution source identification in the Henan section in the Huaihe River Basin were explored before and after the extreme rainfall event, and the monitoring data for nine water quality indicators in the monitoring sections were selected. The changing and differential characteristics and processes of the water quality indicators in the Huaihe River Basin before and after the rainstorm were analyzed by using statistical analytical methods and the comprehensive water quality identification index (IWq), and the absolute contribution rates of pollution sources were calculated by the absolute principal components-multiple linear regression model (APCS-MLR). The results showed that the values of pH, DO (Dissolved oxygen) and EC (Electrical conductance) after the rainstorm were lower than those before the rainstorm, while the turbidity, CODMn (Permanganate index), NH3−N (Ammonia nitrogen), TP (Total phosphorus) and TN (Total nitrogen) increased after the rainstorm. The correlations between pH and DO and other water quality indicators increased after the rainstorm, while the correlations between WT (Water temperature), turbidity, CODMn, NH3−N, TP and TN decreased significantly after the rainstorm. The water pollution of each monitoring section increased after the rainstorm; for example, the water quality conditions at Zhoukou Kangdian (ZKKD), Xihua Zhifang (XHZF) and Suixian Banqiao (SXBQ) increased by 42.11, 36.84 and 25.73% to Class V of the environmental quality standards for surface water in China, respectively. The absolute contribution rates of the PC1 to CODMn and TP were 33.86 and 41.11% before the rainstorm, respectively. The absolute contribution rates of the PC2 to DO and TN were 50.77 and 60.26% after the rainstorm, respectively.
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INTRODUCTION
In recent years, extreme weather such as rainstorms, high temperatures and droughts, have gradually attracted people’s attention with the continuous warming of the global climate (Zhai et al., 2018; Che et al., 2019). Relevant studies have shown that the frequency and intensity of extreme precipitation events around the world are gradually increasing (Ali and Mishra, 2018; Dookie et al., 2019; Liang et al., 2020; Gan et al., 2021; Wang et al., 2021; Xu and Zhang, 2021). Extreme precipitation not only affects the development of economic and social stability but also endangers the regional ecological environment, such as rainstorms in Beijing on 21 July 2012; Wuhan on 23 July 2015; Henan on 20 July 2021; and New York on 1 September 2021.
Domestic garbage, agricultural non-point source pollutants, livestock and poultry breeding pollutants are collected into rivers through the runoff when rainstorms occur, which affects the river water ecological environment. Rainstorm runoff is one of the main factors affecting the deterioration of river water quality, and pollutants are carried and released from point and non-point sources to the water bodies of the rivers (Ma et al., 2015). Rainstorm events could drive the export of organic carbon and inorganic nutrients, and a number of studies have examined the complex linkage between rainstorms and nutrients (Yoon and Raymond, 2012; Parr et al., 2015; Fasching et al., 2016; Lee et al., 2019). Recent studies have shown that the water quality of the Dongjiang River has been affected by extreme rainstorm events for the last 38 years (Che et al., 2019). Rainstorm events could flush large amounts of terrestrial organic-rich material into lakes that are used for drinking water (Zhou et al., 2020), and the infiltration process of rainfall-runoff with different intensities and its impact on thermal stratification and water quality of the Jinpen Reservoir in Xi’an were explored (Hua et al., 2021; Huang et al., 2021). The comprehensive influence of different planting patterns on the water quality and rate of pollutant contribution by irrigation ditches in the rainy season in the western Erhai Basin were revealed (Xie et al., 2020), and the impacts of rainstorms on water quality upstream of the North Canal were systematically analyzed (Xin et al., 2021). The above studies mainly analyzed the changing characteristics of the water quality in rivers or reservoirs caused by rainstorms, while the comparative analysis of the contribution rates of water pollution sources before and after rainstorms was relatively limited.
At present, the methods of river water quality assessment mainly include the single factor index assessment method (Liu et al., 2019a), water quality index method (Tang and Wang 2019; Ustaoğlu et al., 2020; Aydin et al., 2021; Ustaoğlu et al., 2021), fuzzy mathematics assessment method (Li et al., 2016), artificial neural network method (Cha et al., 2018), and comprehensive water quality identification index (Liu et al., 2021). The comprehensive water quality identification index method (IWq) is the index evaluation method of the new evaluation method, which is characterized by both quantitative analysis of water quality and qualitative description of whether the comprehensive water quality reaches the standard, such as the variation characteristics of water quality in the Qingshui River, Ningxia section of the Yellow River and the middle and lower reaches of the Hanjiang River were evaluated (Ma et al., 2020; Ning and Li, 2020). The discharge inventory method, watershed model method and statistical method are commonly used to analyze river water pollution sources; for example, the main pollution sources and spatial differences in Niulanjiang River were identified by hierarchical cluster analysis and self-organizing feature mapping (Li et al., 2013), and the sources of nitrogen pollutants in the Muli River Basin in the Guangdong-Hong Kong-Macao Greater Bay Area were identified by ammonium isotope tracer technology and multiple linear mixing models (Qi et al., 2020), and the temporal and spatial differentiation characteristics and pollution sources of water quality in the Heihe River Basin, Huangshui River Basin, Wushui River Basin, and Ebinur Lake Basin in Xinjiang, offshore central Turkey, low-lying areas in northern Germany and Pazarsuyu Stream in Turkey were analyzed (Kowalkowski, et al., 2006; Lam et al., 2012; Qiu et al., 2017; Ren et al., 2017; Zhu et al., 2018; Wang et al., 2019a; Ustaoğlu and Tepe 2019).
In recent years, the APCS-MLR method has been widely used in the analysis of water pollution sources in surface water, groundwater and sediment; however, there have been few studies on the analysis of river water pollution sources before and after rainstorms, and the contribution rates of water pollution sources before and after a rainstorm were calculated and compared in this study. For example, the sources and main contributions of the surface water pollutants were quantitatively analyzed in the Tuohe River Basin, Caohai and Waihai in Dianchi Lake, upstream of the Yangtze River, three major rivers in South Florida, the Min River Basin and the coastal water in Hong Kong (Gholizadeh et al., 2016; Liu et al., 2019b; Zhang et al., 2020b; Cheng et al., 2020; Du et al., 2020; Hou et al., 2021). The groundwater pollution sources were identified and analyzed in the Hunhe River alluvial fan, Limin Development Zone of Harbin City, Tongchuan City, the typical mixed land-use area in southwestern China (Meng et al., 2017; Meng et al., 2018; Zhang et al., 2020a; Li et al., 2021). The sources of heavy metals in the surface sediments of the Baoxiang River in Dianchi Lake were analyzed by the APCS-MLR (Shi et al., 2020), the sources of N and P pollution were identified, and the contributions of each potential pollution source were apportioned in lowland urban rivers located on the northern Hangzhou-Jiaxing-Huzhou Plain in northern Zhejiang Province (Shen et al., 2021).
The non-point source pollution caused by rainstorm is typical, but the impact of non-point source pollution caused by sudden rainstorm on the water quality differentiation characteristics and contributions of source pollution are not clear. Therefore, to explore the water quality differential characteristics and pollution source identification of rivers before and after rainstorms, the 7.20 Henan rainstorm in 2021 was utilized as an opportunity, and the changing characteristics, differences and processes of river water quality indices in the Huaihe River Basin before and after rainstorm were analyzed by using statistical analytical methods and a comprehensive water quality identification index, and the absolute contribution rates of pollution sources were calculated by using the APCS-MLR. The research results could provide a reference for the planning and evaluation of water resources and the control and treatment of water pollution under extreme weather in the Huaihe River Basin.
MATERIALS AND METHODS
Overview of the 7.20 henan rainstorm
There was a large-scale rainstorm event in central and northern Henan Province of China from July 17 to July 22 in 2021, mainly involving Zhengzhou city, Kaifeng city, Zhoukou city, Xinxiang city, Luohe city, Pingdingshan city, Xuchang city, Hebi city, Anyang city, Jiaozuo city, etc (Shi et al., 2021; Zhang et al., 2021; Dorina et al., 2022). According to statistics, there were 43 meteorological stations with precipitation exceeding 400 mm, 154 meteorological stations exceeding 300 mm, 467 meteorological stations exceeding 200 mm, and 1 426 meteorological stations exceeding 100 mm in Henan Province from 8:00 on July 18 to 12:00 on 20 July 2021. The accumulated precipitation of 73 meteorological stations in Zhengzhou city exceeded 500 mm, and the maximum cumulative precipitation was 875 mm at the Baizhai meteorological station in Xinmi County from 18:00 on July 18 to 0:00 on 21 July 2021. The daily precipitation at the meteorological stations in Zhengzhou, Dengfeng, Xinmi, Xingyang, and Gongyi exceeded the extreme value from the meteorological records. The precipitation at Zhengzhou meteorological station reached 201.9 mm at 16:00-17:00 on July 20 (Figure 1), exceeding the extreme value of hourly precipitation on land in China (http://data.cma.cn).
[image: Figure 1]FIGURE 1 | The 7.20 precipitation hydrograph of Zhengzhou City, Henan Province.
The study area
The Huaihe River Basin in Henan Province mainly includes the Shayinghe River system and the Guohe River system (Figure 2). The Shayinghe River is the largest tributary in the Huaihe River Basin, which has a length of 418 km in Henan Province and a drainage area of 28 800 km2 and mainly includes the Shahe River, Yinghe River and Jialuhe River. The Guohe River, which is located on the northern bank of the mid-reach of the Huaihe River, is the second-largest tributary in the Huaihe River Basin, with a total main-stream length of 423 km and a drainage area of 15 900 km2. The Huijihe River is the largest tributary of the Guohe River. The Huaihe River Basin in Henan Province is an important source of water for navigation and agricultural irrigation and an important grain production base and central plains economic zone. In addition, the Huaihe River system is also the main drainage channel for the cities in Henan Province, which plays an important role in the occurrence of flood disasters (He et al., 2019; Luo and Zuo, 2019; Zhang Y. et al., 2020).
[image: Figure 2]FIGURE 2 | Water system map of the Huaihe River Basin in Henan Province and distribution of monitoring stations.
Data description
The data mainly came from the China National Environmental Monitoring Center (http://www.cnemc.cn) in this study, and the monitoring sections and water quality indicators were selected in the Huaihe River Basin in Henan Province before and after the rainstorm (Table 1; Figure 2). The data of water quality indicators were mainly collected from November 2020 to early July 2021 before the rainstorm, which were collected once a month. The monitoring dates of water quality indicators were from July 20 to August 7 in 2021 after the rainstorm, which reflected the changing process of the water quality condition after the rainstorm. The monitoring data of water quality indicators were analyzed by using the environmental quality standards for surface water (GB 3838-2002) (China’s State Environmental Protection Administration, 2002). In addition, the statistical analyzes and figures made of the monitoring data were used by the Excel 2016, IBM SPSS Statistics 19, and OriginPro 9.0.
TABLE 1 | Basic information of the monitoring sections and water quality indicators.
[image: Table 1]Research methods
Spearman rank correlation coefficient
Spearman rank correlation coefficient method is a non-parametric index to measure the dependence of two variables, mainly using monotone equation to evaluate the correlation of two statistical variables. If there are no duplicate values in the two parameter index data, and when the two variables are completely monotonously correlated, the Spearman correlation rank coefficient is +1 or −1. The principle is to arrange the order of the sample values of the two parameters from small to large, and calculate the order of the sample values of each parameter instead of the actual data (Karthikeyan et al., 2017; Wang Y. L. et al., 2019).
[image: image]
where Xi and Yi are the data series values of the two parameters from small to large respectively; n is the number of data series; r is Spearman rank correlation coefficient.
Comprehensive water quality identification index
The IWq can completely identify the water quality category and water quality situation and whether the target value of the water environmental function zone has been achieved. The water quality identification index method mainly includes three steps: calculation of the single-factor water quality identification index, calculation of the comprehensive water quality identification index and determination of the water quality category (Xu 2005; Zhang et al., 2017; Yang et al., 2020; Liu et al., 2021). Generally, the identification index consists of integer digits and 3 or 4 decimal places, and the structure is:
[image: image]
where X1. X2 is obtained by calculation, and X3 and X4 are obtained according to the comparison result. X1 is the overall comprehensive water quality category of the river; X2 is the position of the comprehensive water quality in the X1 water quality change interval, so as to realize the comparison of water quality in similar water; X3 is the number of individual indicators that are inferior to the target of the water environment function zone among the water quality indicators participating in the comprehensive water quality evaluation; X4 is the comparison result of the comprehensive water quality category and the water body functional area category, one or two significant figures depending on the pollution degree of the comprehensive water quality. In this study, the Huaihe River system is mostly used for fishery, industrial and agricultural purposes, and its water function zone targets are mainly Class III or IV.
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where m is the number of individual water quality indicators participating in the comprehensive water quality evaluation; P1, P2, Pm are the single-factor water quality indexes of the first, second, and m water quality factors respectively, which are the integer and the first digit after the decimal point in the corresponding single-factor water quality identification index (X1. X2 in the single-factor water quality identification index).
Through the comprehensive water quality identification index X1. X2, the water quality category and pollution degree of water body can be judged: the water quality condition is Class I when 1.0 ≤ X1. X2 ≤ 2.0; the water quality condition is Class II when 2.0 < X1. X2 ≤ 3.0; the water quality condition is Class III when 3.0 < X1. X2 ≤ 4.0; the water quality condition is Class IV when 4.0 < X1. X2 ≤ 5.0; the water quality condition is Class V when 5.0 < X1. X2 ≤ 6.0; the water quality condition is inferior to Class V when 6.0 < X1. X2 ≤ 7.0, but not black and smelly; the water quality condition is inferior to Class V and black and smelly when X1. X2 > 7.0. According to the environmental quality standards for surface water (GB 3838-2002), Class I is mainly applicable to the source water and China national nature reserves; Class II is mainly applicable to the primary protected area of surface water sources for centralized drinking water, rare aquatic habitats, spawning grounds for fish and shrimp, feeding ground for larvae and juveniles, etc.; Class III is mainly applicable to the secondary protected area of surface water sources for centralized drinking water, wintering ground for fish and shrimp, migration routes, aquaculture area, and swimming area; Class IV is mainly applicable to the general industrial water area and recreational water area without direct contact with human body; and Class V is mainly applicable to the agricultural water area and general landscape requirements waters.
Absolute principal components-multiple linear regression model
The APCS-MLR method is to obtain the absolute true score of the factors based on factor analysis after standardizing the original data, and then the contribution rates of common factors to the water indicators are calculated by multiple linear regression model, which is a reverse traceability method that is no need to construct component spectrum of pollution sources and the contribution rates of each pollution sources can be quantified (Zhou et al., 2007; Cheng et al., 2020).
Identification of pollution sources
First, the APCS-MLR should extract the principal components of water quality indicators and further serve as the basis for the discrimination and quantification of pollution sources (Meng et al., 2017; Du et al., 2020; Shi et al., 2020; Hou et al., 2021). The principal component score is calculated as follows:
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where [image: image] is the score value of the principal component; [image: image] is the factor coefficient of the j principal component; [image: image] is the standardized concentration of the water pollutant at the k monitoring section, [image: image] is the extracted principal component serial number, [image: image] is the water pollutant concentration at the k monitoring section, [image: image] is the average concentration of the water pollutant, [image: image] is the standard deviation of the water pollutant.
The original contribution of principal components cannot be calculated directly because [image: image] is a standardized value, therefore the standardized factor score must be transformed into nonstandardized absolute principal components (APCS) for the analysis of the principal component contributions to water pollutants. The absolute principal components are calculated as follows:
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Where i is the serial number of water quality indicator factor, [image: image] is the score value of the principal component when the water pollutant concentration is zero; [image: image] is the factor score coefficient, and [image: image] is the standardized water pollutant concentration when that is zero at the monitoring section.
Contribution rates of pollution sources
The equation of multiple linear regression takes the measured concentration (C) of the water quality indicator as the dependent variable and the APCS as the independent variable (Gholizadeh et al., 2016; Liu et al., 2019b; Zhang et al., 2020a; Zhang et al., 2020b; Cheng et al., 2020). The linear relationship between the measured concentration (Cj) of water pollutants and pollution sources (k) is as follows:
[image: image]
where [image: image] is the regression coefficient of the pollution source (k) to the water pollutant (j); [image: image] is the contribution of the pollution source (k) to the concentration of water pollution indicator (Cj), and [image: image] is the constant of the multiple linear regression.
The contribution rates of pollution source (k) to the water pollutant (j) could be expressed by the following formula:
[image: image]
The contribution rates of the unidentified sources could be expressed by the following formula:
[image: image]
where [image: image] is the average factor scores of the absolute principal components of all samples for the water pollutant (j).
RESULTS AND ANALYSIS
Statistical characteristics of water quality indicators
The statistical characteristics of the water quality indicators in the Henan section in the Huaihe River Basin before and after the rainstorm are shown in Table 2. The results showed that the minimum turbidity and CODMn values were 0.60 NTU and 1.22 mg L−1 at each monitoring section before the rainstorm, and the minimum values of pH, DO, EC and TN were 7.12, 0.64 mg L−1, 208.00 μS cm−1, and 0.05 mg L−1 after the rainstorm, respectively. The minimum values of NH3−N and TP were 0.03 mg L−1 and 0.01 mg L−1 before and after the rainstorm, respectively. The maximum variances of the WT and TN were 71.62 and 6.70 before the rainstorm, respectively, which indicated that the monitoring data of WT and TN had a greater degree of dispersion before the rainstorm. The maximum variances of pH, DO, EC, turbidity, CODMn, NH3−N and TP were 0.20, 11.83, 201 273.96, 34271.50, 9.93, 0.78 and 0.04 after the rainstorm, respectively, which indicated that the data of the water quality indicators had a greater degree of dispersion after the rainstorm.
TABLE 2 | Statistical description of water quality indicators before and after the rainstorm.
[image: Table 2]The pH, DO, and EC decreased after the rainstorm compared to before the rainstorm, and the average changing rates (ACRs) were −2.35%, −35.40% and −29.23%, respectively; which because the oxygen-consuming pollutants were carried into the rivers by the runoff after the rainstorm, and intensified the consumption of DO, therefore, the mass concentrations of DO showed an obvious decreasing trend after the rainstorm. The values of pH decreased by dilution and neutralization with increasing runoff (Figure 3).
[image: Figure 3]FIGURE 3 | The changing rates of water quality indicators at each monitoring section before and after the rainstorm.
This study showed that the turbidity significantly increased after the rainstorm because of the large amount of particulate matter carried by rainstorm runoff, which could more intuitively reflect the specific situation of runoff flowing into the river after the rainstorm. A large amount of pollutants was carried into the river by rainstorm runoff, which increased the mass concentrations of CODMn, NH3−N, TP and TN, which was consistent with related research results (Li et al., 2015; Xin et al., 2021). The turbidity, CODMn, NH3−N, TP and TN increased after the rainstorm compared to before the rainstorm, and the average changing rates were 592.88, 41.01, 90.58, 203.97 and 49.35%, respectively (Figure 3).
Correlation characteristics of water quality indicators before and after rainstorm
In Figure 4, the WT showed a significant negative correlation with DO and TN before the rainstorm, with correlation coefficients of −0.52 and −0.35, respectively. There was a significant positive correlation between pH and DO before and after the rainstorm with correlation coefficients of 0.68 and 0.84, respectively, and the correlation increased after the rainstorm. The DO showed a smaller correlation with CODMn and TN before the rainstorm, but there was a significant negative correlation after the rainstorm with correlation coefficients of −0.37 and −0.32, respectively. There was a significant positive correlation between EC and CODMn before and after the rainstorm with correlation coefficients of 0.49 and 0.56, respectively, and the correlation increased after the rainstorm. The correlations between turbidity and NH3−N before and after the rainstorm were 0.62 and 0.63, respectively. The CODMn showed a significant positive correlation with NH3-N and TP before and after the rainstorm, and the correlation increased after the rainstorm. Before the rainstorm, NH3−N showed a significant positive correlation with TP and TN, but the correlation decreased after the rainstorm; TP and TN showed the significant positive correlation before the rainstorm, but the correlation decreased after the rainstorm.
[image: Figure 4]FIGURE 4 | Correlation coefficients of water quality indicators in the Huaihe River Basin before and after the rainstorm. Note: the upper right corner is the correlation coefficients between the water quality indicators before the rainstorm, and the lower left corner is the correlation coefficients between the water quality indicators after the rainstorm.
On the whole, this study showed that the correlations of water quality indicators were affected by the rainstorm and the correlations between pH and DO and other water quality indices increased after the rainstorm, while the correlations between WT, turbidity, CODMn, NH3−N, TP and TN decreased significantly after the rainstorm, which indicated that the closeness between pH, DO and other water quality indicators was enhanced, while the closeness between other water quality indicators was weakened.
In summary, the correlations of water quality indicators were affected by the rainstorm to a certain extent in the Henan section in the Huaihe River Basin, indicating that a large number of pollutants were washed and eroded into the river water body through runoff when rainstorms occur, which had a greater impact on the river water quality indicators. Therefore, to make timely pollution control and prevention measures, the water quality indicators should be monitored for sudden rainstorms.
Changes in water quality indicators before and after the rainstorm
The water quality indicators of each monitoring section showed obvious fluctuations before and after the rainstorm; the pH, DO and EC decreased significantly after the rainstorm, and the turbidity, CODMn, NH3−N, TP and TN increased significantly after the rainstorm (Figure 5). The water quality indicators could be adjusted and restored through the water body’s own functions after the rainstorm. The time for each water quality indicator to reach the minimum or maximum value at each monitoring section was different after the rainstorm because of the influence of rainfall and runoff. For example, the turbidity reached its minimum value on July 24, July 20, July 21, July 21, July 22, July 25, July 25 and July 20 at JGR, BGSR, BSR, WYMW, ZKKD, XHZF, TXDG, SXBQ and LYFQ, respectively, which were 6.78, 5.99, 4.01, 1.08, 1.27, 1.40, 4.88, 0.85 and 4.54 NTU, respectively (Figure 5D). The mass concentrations of NH3−N reached their maximum values on July 24, July 23, July 21, July 21, July 23, July 20, July 23, July 22 and July 24 at JGR, BGSR, BSR, WYMW, ZKKD, XHZF, TXDG, SXBQ and LYFQ, respectively, which were 0.315 mg L−1, 0.032 mg L−1, 0.678 mg L−1, 1.050 mg L−1, 6.189 mg L−1, 1.500 mg L−1, 2.441 mg L−1, 1.960 mg L−1 and 0.110 mg L−1, respectively (Figure 5F).
[image: Figure 5]FIGURE 5 | The change process of the pH (A), DO (B), EC (C), Turbidity (D), CODMn (E), NH3−N (F), TP (G), and TN (H) at different monitoring stations before and after the rainstorm. The heat maps show the trend of water quality indicators at each monitoring station before and after the rainstorm, which could intuitively see the time for each water quality indicator to reach the maximum or minimum value.
Differential characteristics of water quality indicators before and after the rainstorm
For pH, there was basically a decreasing trend at each monitoring section after the rainstorm, while there was a slight increasing trend at JGR and BSR. TXDG had the greatest difference before and after the rainstorm, with a decreasing range of 7.80% (Figure 6A). The mass concentration of DO after the rainstorm was basically lower than that before the rainstorm, and the reductions in the mass concentration of DO were more than 50% at XHZF, TXDG and SXBQ, which were significant differences before and after the rainstorm (Figure 6B). There were obvious differences at BSR and TXDG before and after the rainstorm, and the reduction rates reached 51.95 and 44.81%, respectively (Figure 6C). The turbidity at WYMW, ZKKD and XHZF increased by 1318.71, 1368.39 and 1392.06% after the rainstorm, respectively (Figure 6D). After the rainstorm, the mass concentrations of CODMn increased by 57.01, 68.90, 75.25 and 63.20% at BGSR, ZKKD, XHZF and SXBQ, respectively, with obvious differences (Figure 6E). The mass concentrations of NH3−N increased by 284.53 and 214.39% at ZKKD and TXDG, respectively, after the rainstorm, while the mass concentration of NH3−N decreased by 50.92% at LYFQ, respectively (Figure 6F). The mass concentrations of TP increased by more than 300% at BGSR, WYMW and XHZF after the rainstorm, while the mass concentration of TP increased by 46.93% at BSR (Figure 6G). For TN, the mass concentration of TN increased by 356.24% at BSR, while the mass concentration of TN decreased by 44.66% at TXDG (Figure 6H). In general, the water quality indicators had different degrees of differences before and after the rainstorm at each monitoring section; and differences in pH were the smallest, while differences in turbidity, NH3−N and TP were relatively large.
[image: Figure 6]FIGURE 6 | The differences of the pH (A), DO (B), EC (C), Turbidity (D), CODMn (E), NH3−N (F), TP (G), and TN (H) at each monitoring station before and after the rainstorm. Boxplots show the maximum, upper-quartile, median, lower-quartile, and minimum of the distribution across sites.
Comprehensive evaluation of water pollutants before and after rainstorm
According to the spatial cluster analytical results of the IWq before and after the rainstorm (Figure 7), the IWq could be divided into three groups before the rainstorm: Group A included JGR and BGSR; Group B included BSR, LYFQ, WYMW, XHZF and TXDG; and Group C included ZKKD and SXBQ. The IWq could also be divided into three groups after the rainstorm: Group A included JGR, BGSR and LYFQ; Group B included BSR, WYMW and TXDG; and Group C included ZKKD, XHZF and SXBQ. The results showed that the degree of water pollution basically ranked as Group C > Group B > Group A, and the degree of water pollution in each group increased after the rainstorm.
[image: Figure 7]FIGURE 7 | Spatial scale cluster analysis of the comprehensive water quality identification index before rainstorm (A) and after rainstorm (B). The spatial differences of the comprehensive water quality identification index at each monitoring station before and after the rainstorm according to the dendrogram using Average Linkage (Between Groups) Rescaled Distance Cluster Combine.
The IWq distribution in the monitoring section before and after the rainstorm was analyzed (Figure 8). The results showed that the water quality condition at BSR increased by 36.84% to Class IV, and the water quality condition in Class IV and Class V increased by 42.11 and 5.26%, respectively, at WYMW. The water quality condition at ZKKD increased by 42.11 and 15.79% to Class V and Inferior Class V, respectively, and the water quality condition of Class IV, Class V and Inferior Class V increased by 26.32, 36.84 and 10.53%, respectively, at XHZF. The water quality condition at TXDG increased by 52.63 and 10.53% to Class IV and Class V, respectively. The water quality condition at SXBQ increased by 25.73 and 36.84% to Class V and Inferior Class V, respectively. After the rainstorm, the water pollution of each monitoring section increased, indicating that the rainstorm had a greater impact on river water pollution. The water quality of the reservoir was better, indicating that the larger the water area was, the smaller the impact of the rainstorm on water pollution.
[image: Figure 8]FIGURE 8 | The distribution of the IWq of each monitoring section before and after the rainstorm.
Contribution rates of pollution sources before and after rainstorm
According to the principal component analysis, the Kaiser-Meyer-Olkin (KMO) values were 0.566 and 0.686 before and after the rainstorm, respectively, indicating that the data series of the water quality indicators before and after the rainstorm was suitable for principal component analysis. The eigenvalues of the main components and the contribution rates of variances were obtained in the Henan section in the Huaihe River Basin before and after the rainstorm (Table 3), and the components with eigenvalues greater than 1 were identified as their principal components according to relevant studies (Zhang et al., 2017). Therefore, three principal components were extracted before and after the rainstorm, and the contribution rates of cumulative variance reached 72.361 and 72.75%, respectively.
TABLE 3 | Total variance in the interpretation of the main components of water quality indicators in the Huaihe River Basin before and after rainstorm.
[image: Table 3]Before the rainstorm (Figure 9A), the eigenvalue of the first principal component (PC1) extracted before the rainstorm was 3.391, and the contribution rate of variance was 37.680%. The main load water quality indicators were EC, turbidity, CODMn, NH3−N, TP and TN. The eigenvalue of the second principal component (PC2) was 1.972, and the contribution rate of variance was 21.911%. The main load water quality indicators were pH and DO. The eigenvalue of the third principal component (PC3) was 1.149, and the contribution rate of variance was 12.770%. The main load water quality indicator was WT. After the rainstorm (Figure 9B), the eigenvalue of the first principal component (PC1) extracted was 3.741, and the contribution rate of variance was 41.568%. The main load water quality indicators were turbidity, CODMn, NH3−N, TP and TN. The eigenvalue of the second principal component (PC2) was 1.607, and the contribution rate of variance was 17.857%. The main load water quality indicators were WT, pH and DO. The eigenvalue of the third principal component (PC3) was 1.199, and the contribution rate of variance was 13.325%. The main load water quality indicator was EC.
[image: Figure 9]FIGURE 9 | The rotation factor load of water quality indicators before rainstorm (A) and after rainstorm (B) in the Huaihe River Basin. The sample data passed the test of the Kaiser-Meyer-Olkin (KMO) and Bartlett, the principal components were identified by the eigenvalues greater than 1.
The linear fitting results of the predictive values and measured values of water pollutants before and after the rainstorm are shown in Figure 10. The results indicated that the R2 values of the linear fitting were all above 0.50 between the predicted values and measured values of DO, TP and TN before and after the rainstorm. The R2 values of the linear fitting was 0.1856 between the predicted values and measured values of CODMn before the rainstorm but was 0.7613 after the rainstorm. The R2 values of the linear fitting was approximately 0.47 between the predicted values and measured values of NH3−N before and after the rainstorm. Overall, the APCS-MLR was basically reliable, and the calculation results were more reliable.
[image: Figure 10]FIGURE 10 | Comparison between the measured value and predicted value of the DO (A), CODMn (C), NH3−N (E), TP (G), and TN (I) before rainstorm, and the DO (B), CODMn (D), NH3−N (F), TP (H), and TN (J) before rainstorm. The functional relationships between each principal component and water pollutants were established, and the water pollutants were predicted before and after the rainstorm.
In Figure 11, the absolute contribution rate of DO from the PC2 before the rainstorm was 56.29%, and the absolute contribution rates of the PC2 and unidentified pollution sources were 50.77 and 47.35% after the rainstorm, respectively. The impact of the PC2 on DO decreased after the rainstorm, while the impact of unidentified pollution sources on DO increased. The absolute contribution rates of CODMn form the PC1 and unidentified pollution sources were 33.86 and 38.04% before the rainstorm, respectively. The absolute contribution rate of unidentified pollution sources was 43.12% after the rainstorm, and the impact of the PC3 and unidentified pollution sources on CODMn increased. The absolute contribution rates of NH3−N form the PC2 and unidentified pollution sources were 39.09 and 37.01% before the rainstorm, respectively, while the absolute contribution rates of NH3−N increased after the rainstorm, which were 45.09 and 51.62%, respectively. The absolute contribution rates of TP form the PC1 and the PC2 were 41.11 and 45.59% before the rainstorm, respectively. The absolute contribution rates of TP from the PC2 and unidentified pollution sources were 45.43 and 47.51%, respectively, after the rainstorm, and the impact of the unidentified pollution sources on TP increased. The absolute contribution rates of TN from the PC1 and the PC2 were 31.05 and 35.79% before the rainstorm, respectively. The absolute contribution rates of TN from the PC2 and unidentified pollution sources increased after the rainstorm, which were 60.26 and 34.77%, respectively.
[image: Figure 11]FIGURE 11 | The contribution rates for water pollutants before rainstorm (A) and after rainstorm (B). The absolute contribution rates of pollution sources (PC1, PC2, PC3, and unidentified pollution sources) to water pollutants were calculated based on absolute principal components-multiple linear regression model.
DISCUSSION
The behavior of pollutants in the process of rainstorm runoff was more complex, which mainly included the source of pollutants and the pollutants migration transformation rule and so on. In this study, the sources and characteristics of pollutants in urban rainfall runoff, sources and characteristics of agricultural non-point source pollutants under rainfall conditions and driving mechanism of rainstorm runoff process on river water environment are discussed.
Sources and characteristics of pollutants in urban rainfall runoff
Urban rainfall runoff pollutants are an important source of river pollutants (Han et al., 2020; Huang et al., 2020). Urban rainfall runoff pollution is a water pollution phenomenon in which the pollutants are carried into the receiving water through scouring and leaching of the surface runoff, and the surface accumulation of the suspended solids (SSs), organic compounds, N, P, metal ions, bacteria and viruses flows into the river by urban rainfall runoff, which indicates that urban rainfall runoff pollution has become the main pollution source of rivers (Pan et al., 2022). The relevant studies have shown that particulate TN, COD and TP in urban rainfall runoff account for 65, 58 and 92% of the total concentration, respectively (Zhao et al., 2007; Li et al., 2010). The initial 30% rainstorm runoff could basically carry more than 50% of the load of TSS, COD, TN and TP respectively (Li et al., 2007). The concentrations of COD and SS in the water of urban rainfall runoff were much higher than that of domestic sewage (Chen et al., 2011).
In addition, the influencing factors of the pollutant concentration level in the urban rainfall runoff are very complex because in regional differences of the air pollution status, climate characteristics, wind speed and human activity intensity. Relevant studies have found that the rainfall intensity and previous drought period were the main factors affecting the pollutant concentrations of urban road rainfall runoff (Lee et al., 2011), and the concentrations of pollutants would be higher if the previous drought periods were longer and the rainfall intensity was greater (Huang et al., 2007). The pollutant concentrations of rainstorm runoff on steep roads were most significantly affected by the rainfall intensity, which might be the result of the dual influences of road slope and rainfall intensity and indicated that the rainstorm runoff from roads in mountain cities might contain more prominent pollution intensity (Yan et al., 2011). Studies on the pollution characteristics of rainfall runoff pollution in different regions showed that the underlying surface type had a significant impact on the characteristics of rainfall and runoff pollution and the initial scouring effect (Chen et al., 2017). The initial scouring effect of rainfall runoff on pollutants in different urban functional areas was different, but had an obvious scouring effect on TSS, TN, TP and COD (Geonha et al., 2007; Ma et al., 2021).
On the whole, the above research results were consistent with the increase of the turbidity, CODMn and NH3−N mass concentrations after rainstorm in this study. Therefore, exploring the source and distribution characteristics of urban rainfall runoff pollutants was helpful to understand the migration process of urban rainfall runoff pollutants into the river, and provide data basis and scientific decision-making basis for urban runoff pollution prevention and control.
Sources and characteristics of agricultural non-point source pollutants under rainfall conditions
The agricultural non-point source pollution is composed of soil sediment particles, pesticides and other harmful substances; nutrients such as nitrogen and phosphorus; and agricultural production wastes, and the river water ecological environment deteriorates because of the increasing or decreasing transport of surface runoff and sediment in the basin (Yang and Wu, 2018; Ji et al., 2020). Relevant studies showed that the rainfall intensity had a significant impact on nitrogen and phosphorus emissions in the Fengyu River in the Erhai Basin (Li et al., 2019), the total amount of TN lost to the Huaihe River Basin by rainfall runoff reached 1.4433 million t (Wang et al., 2017). The concentrations of the water quality indices increased after rainfall in the Shahe Reservoir, and agricultural non-point source pollution was the main factor affecting that affected the water quality of the North Canal in the flood season (Jing et al., 2013; Xin et al., 2021). The length and gradient of slope, vegetation coverage and rainfall characteristics were the main influencing factors for reducing runoff nitrogen and phosphorus pollution in the riparian zone (Zhu et al., 2022).
In addition, the different land use configurations could change the impact of rainfall on nitrogen loss, and land cover could reduce the impact of rain on the surface reducing the nitrogen form the soil in runoff through rain water. Different land use patterns have an impact on the nitrogen content of surface runoff and groundwater (Wu et al., 2012; Chen et al., 2016; Oliveira et al., 2016). The concentration of TN at the site of traditional agriculture was greater than that of the agroforestry-water complex in the process of runoff nitrogen loss in secondary rainfall (Luo et al., 2021). The nitrogen and phosphorus leaching loss showed different characteristics under different rainfall intensities because of the runoff yield model and production flow (Ren et al., 2013). Results showed that the concentration of nitrogen in the runoff was higher in the early stage of runoff production and then decayed rapidly, and the output of soluble nitrogen in the runoff was primarily nitrate nitrogen, accounting for 71.0–99.7% of the cumulative loss (Guan et al., 2020). The TN discharge could be effectively reduced by controlling the field ditch water level, and the reduction rates under 10, 15 and 25 mm h−1 rainfall intensities were 100.00, 63.56 and 33.98%, respectively (Wang et al., 2019b).
Overall, the above research results were consistent with the increase of TP and TN mass concentrations after rainstorm in this study. Therefore, the analysis of the sources and characteristics of agricultural non-point source pollutants under rainfall conditions could provide the scientific basis for ecological environment protection and agricultural non-point source pollution control in the watershed.
Driving mechanism of rainstorm runoff processes on river water environments
Relevant scholars have carried out a large number of studies from the perspectives of runoff generation and flood formation, soil erosion and sediment transport, and water pollutant migration with the increase in extreme precipitation frequency and intensity. The results showed that extreme precipitation events could have a large impact on river water quality risk, especially in areas affected by non-point source pollution (Zhong et al., 2017; Xie et al., 2018). A large amount of domestic garbage, sediment particles, and agricultural non-point source pollutants could flow into the river along with the surface runoff when a rainstorm occurred, which would have a negative impact on the river water body within a certain period of time (Wang et al., 2011; Yang et al., 2016). The water quality indicators significantly decreased or increased during a period of time after the rainstorm and gradually recovered to the level of the water quality indicators before the rainstorm, which indicated that the river water body had a certain purification effect through self-regulation after the rainstorm.
The surface runoff carried a large amount of pollution from urban pollution sources and agricultural non-point sources pollutions into the river after the rainstorm, and the rainstorm process accelerated the water velocity and enhanced the scouring action of sediments, which increased the absolute contribution rates of the unidentified pollution sources regarding water pollutants and enhanced the influence of internal sources in sediment on the water pollutants and physical characteristics (Xu et al., 2012; Dou et al., 2016; Xin et al., 2021). At present, the analysis of pollution sources has a certain subjectivity through the use of statistical methods that enhance the accuracy of pollution source analysis, which is necessary to improve the monitoring data series and carry out relevant research based on the component characteristics of pollution sources, and to improve the accuracy of results by combining various pollution source analytical models.
In summary, extreme rainstorms not only affect human life and economic and social development, but also bring large challenges to the aquatic ecological environment. Revealing the differing characteristics of water pollutants before and after rainstorms and identifying pollution sources could provide a theoretical basis for protecting and managing the aquatic ecological environment in the future.
CONCLUSION
In this study, the water pollutant differential characteristics and pollution source identification in the Henan section in the Huaihe River Basin before and after a rainstorm were explored, and the following conclusions were drawn:
1) The pH, DO, and EC decreased after the rainstorm compared to before the rainstorm, and the average rates were −2.35%, −35.40% and −29.23%, respectively. The turbidity, CODMn, NH3−N, TP and TN increased after the rainstorm compared to before the rainstorm, and the average rates were 592.88, 41.01, 90.58, 203.97 and 49.35%, respectively.
2) The correlations of water quality indicators were affected by the rainstorm, and the correlations between pH and DO and other water quality indices increased after the rainstorm, while the correlations between WT, turbidity, CODMn, NH3−N, TP and TN decreased significantly after the rainstorm.
3) The water quality indicators of each monitoring section were obviously different before and after the rainstorm, and the difference in pH value was the smallest, while the differences in turbidity, NH3−N and TP were relatively larger. The water pollution of each monitoring section increased after the rainstorm, for example, the water quality conditions at WYMW, ZKKD, XHZF, TXDG and SXBQ increased by 5.26, 42.11, 36.84, 10.53 and 25.73% to Class V, respectively, and the water quality conditions at ZKKD, XHZF and SXBQ increased by 15.79, 10.53 and 36.84% to Inferior Class V, respectively.
4) The impact of unidentified pollution sources on water pollutants increased. Before the rainstorm, the absolute contribution rates of the PC2 to DO, NH3−N, TP and TN were 56.29, 39.09, 45.59 and 35.79%, respectively. The absolute contribution rate of unidentified pollution sources to CODMn was 38.04%. After the rainstorm, the absolute contribution rates of the PC2 to DO and TN were 50.77 and 60.26%, respectively. The absolute contribution rates of unidentified pollution sources to CODMn, NH3−N and TP were 43.12, 51.62 and 47.51%, respectively.
5) It is suggested to strengthen the initial rainwater treatment to reduce the impact of rainstorm runoff period on water quality risks, strengthen the tracking and monitoring of water quality in the watershed to finely control water quality, and improve the water quality monitoring data series to improve the accuracy of pollution source analysis results.
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