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The industrialized stretch of Kanpur is considered to be one of the most polluted stretches of the Ganga River, with untreated sewage, industrial discharge, and agricultural runoff. Risk assessment studies on water quality for future scenarios are limited for this stretch of the river. In this study, we assess the effect of climate change on water quality, the risk of eutrophication, and fish kill for the mid and end of the twenty-first century for this river stretch. The water quality parameters considered are dissolved oxygen (DO), biochemical oxygen demand (BOD), ammonia, nitrate, total nitrogen (TN), organic-, inorganic- and total phosphorous (TP), and fecal coliform (FC). The risk of eutrophication and fish kill are quantified using simulated concentrations of nutrients and DO, respectively. Downscaled climate change projections for two climate change scenarios (RCP4.5 and RCP8.5) are used to drive a hydrological model coupled to a water quality simulation model. Our simulations indicate a potential deterioration of water quality in this stretch in the mid-twenty-first century, with a potential increase in pollutant concentration by more than 50% due to climate change alone. However, a slight improvement is simulated by the end of the century relative to the mid-twenty-first century which can be attributed to increased streamflow during low-flow periods due to increased summer mean precipitation. The risk of reduced dissolved oxygen and increased organic and nutrient pollution, and the risk of eutrophication and fish kill increase with warming due to the rise in the frequency of low-flow events and a reduction in streamflow during low-flow events. However, the risk of nitrate and microbial pollution is reduced because of an increased denitrification rate and pathogen decay rate with warming. The risk of eutrophication and fish kill is found to increase by 43.5 and 15% due to climate change alone by mid-twenty-first century. Our findings could be helpful to planners in water resource management to take necessary actions to improve the water quality of the Ganga River in this century.
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Introduction

The Ganga River pollution is a significant environmental issue in India. Due to its high religious importance, a clean Ganga River is a dream for many Indians. Large quantities of untreated sewage, industrial discharge, and agricultural runoff have led to deterioration of the Ganga water quality [(Consortium of 7 “Indian Institute of Technology” s (IITs), 2013)]. The Ganga Action Plan (GAP) was initiated in 1986 to improve the Ganga water quality to Bathing standards (National River Conservation Directorate Ministry of Environment Forests, 2009): however, this goal has not been reached for the entire river stretch so far. As per the Central Pollution Control Board (CPCB) statistics of 2011, more than 60% of industrial pollutants are from the industrial city of Kanpur, and hence Kanpur is identified as the pollution hotspot of the river (Central Pollution Control Board, 2013). The ongoing climate change can aggravate the water pollution, especially when the pollutant loadings to the river, such as industrial discharge, municipal sewage, and agricultural runoff are large. Therefore, it is essential to study the impact of climate change on Ganga water quality and its associated risk in this highly industrialized stretch for developing or modifying any policy for a cleaner Ganga in the future.

Climate change could affect water quality by changing the stream temperature and streamflow, mainly driven by air temperature and precipitation (Rehana and Mujumdar, 2011). Previous studies (Carmichael et al., 1996; Caruso, 2002; Ducharne et al., 2006; Cox and Whitehead, 2009; Bharati et al., 2011; Ficklin et al., 2013; Whitehead et al., 2015b; Javadinejad et al., 2021) show that an increase in stream temperature and reduced streamflow during the dry season under climate change could lead to reduced water quality in terms of dissolved oxygen, electrical conductivity, sediment concentration. The water quality projections are also affected by land use land cover change, mainly the expansion of agricultural land, which can lead to an increased nutrient concentration (Gyawali et al., 2013; Ostad-Ali-Askari et al., 2017; Permatasari et al., 2017; Davids et al., 2018; Jacobs et al., 2018; Namugizea et al., 2018; Santy et al., 2020; Shayannejad et al., 2022). Population growth and industrial activities could lead to increased water demand and sewage (Khattiyavong and Lee, 2019; Ostad-Ali-Askari, 2022) and consequently deterioration in water quality (Khan et al., 2017).

Some past studies have identified climate change as a more influential factor than land use or socio-economic factors for the Ganga river water balance (Jain and Singh, 2018; Saha and Ghosh, 2020), and hence it is valuable to study the isolated effects of climate change on the Ganga water quality. A previous study on climate and land use land cover impact on Ganga River (Santy et al., 2020) using hypothetical scenarios and a stand-alone water quality model showed an increase in organic and nutrient pollution and a decrease in dissolved oxygen (DO) and microbial pollution due to warming and reduction in low flows. The increase in nutrient pollution and reduction in DO can lead to eutrophication and fish kill, respectively. In contrast, some studies on Ganga River have shown an increase in monsoon flows (Whitehead et al., 2015a) and improvement in water quality with respect to nitrogen and phosphorous concentrations for sustainable socio-economic scenario with climate change (Jin et al., 2015; Whitehead et al., 2015a,b).

Risk assessment in water quality studies is very limited and is typically quantified using statistical or stochastic methods such as multiple logistic regression, non-linear model, and fuzzy techniques (Mujumdar and Sasikumar, 2002; Rehana and Mujumdar, 2012; Liu et al., 2018). Recently, however, risk assessment of water supply under warming is analyzed using a coupled hydrological model and water quality model simulations, where turbidity and phosphorous concentration are considered (Mortazavi-Naeini et al., 2019). One of the critical effects of warming on surface water is eutrophication—the excess plant growth in fresh water due to enrichment of nutrients. The eutrophication is high in spring and summer seasons (plant growing season) due to more light levels and low flow, resulting in larger nutrient residence time, which accelerates algal growth (Nazari-Sharabian et al., 2018).

Several past studies have assessed the impact of climate change on nutrients (Bouraoui et al., 2002; Zweimuller et al., 2008; Dyer et al., 2014; Wang et al., 2018; Xu et al., 2020); however, these assessments have not quantified the effects of climate change on eutrophication and the associated risk. There are also several previous studies on eutrophication under warming (Peperzak, 2003; Edwards et al., 2006; Johnk et al., 2008; Kosten et al., 2011; Wells et al., 2015; Gittings et al., 2018), where the harmful algal blooms or phytoplankton are considered. However, these studies do not directly link nutrients to eutrophication and its associated risk under warming. In past studies, the risk of eutrophication is quantified using the chlorophyll a value (Walker, 1979; Carlson, 1991; Matthews et al., 2002; Adamovich et al., 2019), for which data is not readily available. In this study, we use an empirical equation to estimate chlorophyll a from nutrients and thus calculate the risk of eutrophication due to climate change.

Another risk associated with warming is fish kill, but studies on this are limited (Kibria, 2014). Freshwater fishes are more sensitive to an increase in water temperature than changes in flow characteristics (Barbarossa et al., 2021), and thus climate change can affect the growth, migration and even lead to the extinction of some fish species (Perry et al., 2005; Xenopoulos et al., 2005; Yan et al., 2011; Tedesco et al., 2013; Ding et al., 2016; Tao et al., 2018). Fish kill occurs due to reduced dissolved oxygen (DO) caused mainly by increased organic, nutrient, and microbial pollutant loads and eutrophication (Austin, 1998; Hansson and Brönmark, 2009; Dodds and Whiles, 2020). Several previous studies have assessed the change in DO with warming (Cox and Whitehead, 2009; Rehana and Mujumdar, 2011; Ficklin et al., 2013; Chapra et al., 2021); however, such studies have not linked DO with the fish kill. Predicting fish kill from dissolved oxygen can be an effective tool, as DO values of the river are readily available.

This study focuses only on isolating the effects of climate change on water quality and its associated risk and keeps the other factors such as point and non-point loads, land use, population, and industries unchanged for the future. The impact of other factors will be the subject of our future studies. The risk of reduced water quality, eutrophication, and fish kill is quantified using dynamic simulations with a coupled modeling framework. This framework can simulate the physical, chemical and biological processes with warming (Chapra and Pelletier, 2003), and hence is likely to provide reliable results. Further, the risk of eutrophication and fish kill is calculated from chlorophyll a and simulated DO values. The nine water quality parameters considered for the study are dissolved oxygen (DO), Biochemical oxygen demand (BOD), ammonia, nitrate, total nitrogen (TN), organic-, inorganic- and total phosphorous (TP), and fecal coliform (FC).

Thus, the main objectives of our study are (i) to assess the change in water quality for future climate change scenario and (ii) to quantify the risk of reduced water quality, eutrophication and fish kill using a comprehensive coupled hydrological and water quality modeling framework (Figure 1). The novelty of the work lies in the quantification of the individual contribution of climate change to the risk of reduced water quality, eutrophication and fish kill for a highly polluted stretch of Ganga River. The study area, data, models and methodology for the risk assessment are provided in Sections Study area and data and Methodology. Results are discussed in Section Results and discussion and conclusions are provided in Section Conclusion.
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FIGURE 1
 Overview of the work presented in this paper.




Study area and data

The Ganga River, the largest river basin in India, lies between 73°2'E to 89°5'E longitudes and 21°6'N to 31°21'N latitudes. The total length and the catchment area of the basin are 2,500 km and 8,61,404 sq. km, respectively. Ganga river has its origin in the great Himalayas. It flows through north India, Nepal, and Bangladesh, with 71% of the basin area in India covering the states Uttarakhand, Uttar Pradesh, Madhya Pradesh, Rajasthan, Haryana, Himachal Pradesh, Chhattisgarh, Jharkhand, Bihar, West Bengal, and Delhi, and finally empties into the Bay of Bengal. Ganga river basin has a varied topology with a wide range of elevation in the Upper Ganga basin up to Shahzadpur ranging from 29 to 7,796 m. The basin receives an average annual rainfall of 300–2,000 mm, with the bulk of rainfall occurring in the summer monsoon months. The low flow period is observed during the dry period of November to May (Whitehead et al., 2015b; Santy et al., 2020). The average temperature of the basin varies from a maximum of 30.3°C in the summer months to a minimum of 6.4°C in winter (Central Water Commission and National Remote Sensing Centre, 2014). Eutric Cambisols, which are suitable for cultivation, are the predominant soil type in the basin's lower part. Tannery, sugar and distillery, pulp and paper mills are the major industries discharging pollution to the Ganga River, with a high pollution load of BOD, Chemical oxygen demand (COD), solids, TN, chromium, sulfate, sulfide and chloride.

The highly industrialized stretch of Ganga River, 238 km from Ankinghat to Shahzadpur, passing through Kanpur, is considered as the study area for this paper. Figure 2 shows the study area with point loads and diffuse loads joining the river stretch, and Table 1 shows the details of the data used in the study and the data source. The drains from Kanpur, Jajmau, Unnao, and Pandu River join this stretch and its effluent characteristics is given in Supplementary Table S1. The Kanpur drains (KD) include Ranighat drain (KD1), Sisamau nala (KD2), Bhagwatdas nala (KD3), Golaghat nala (KD4), Satti chaura (KD5), Permiya drain (KD6), and Muir mill drain (KD7) with high ammonia and fecal coliform loading and low nitrate loading. Unnao drain (UD) consists of Loni drain (UD1) and City Jail drain (UD2), which carries high BOD and fecal coliform loading. Jajamu drains (JD) include Shetla bazar (JD1), Wazidpur drain (JD2) and Bhurighat drain (JD3), and carries high BOD, ammonia, nitrate, phosphorous and fecal coliform loading. Pandu river drains (PD) include Panki Thermal Power Plant drain (PD1), ICI drain (PD2), Ganda nalla (PD3), COD nalla (PD4), and Halwa Khanda nalla (PD5) carrying high BOD, ammonia and fecal coliform loading and moderate nitrate loading.
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FIGURE 2
 (A) Ganga basin with study area Ankinghat to Shahzadpur highlighted as a red box. Figure on right shows DEM of Ankinghat to Shahzadpur catchment with locations of Ankinghat, Kanpur and Shahzadpur marked; (B) Schematic diagram of pollutant loading in the study area, with drains from Kanpur (KD), Jajmau (JD), Unnao (UD) and Pandu river drains (PR), and non-point source pollution (NPS).



TABLE 1 Data used and its source.
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Methodology


The hydrological model

The Hydrologic Engineering Center—Hydrologic Modeling System (HEC-HMS 4.3) (U. S. Army Corps of Engineers Hydrologic Engineering Center, 2000) (Supplementary Section S1), is used to simulate the streamflow at Ankinghat, the headwater for the water quality simulation. The HEC-HMS model has been found to perform well for streamflow simulation compared to other hydrological models (Sahu et al., 2020). Also, the HEC-HMS model is an open access software, and computational time required is less in comparison with other models. Hence, we have adopted the HEC-HMS model for the present study. Major components of the model are a basin model, meteorological models, control specification, and a time-series data manager (U. S. Army Corps of Engineers Hydrologic Engineering Center, 2000). The basin model is prepared using the HEC-GeoHMS module of ArcGIS, and the processed data is imported to the HEC-HMS model. This processing mainly consists of digital elevation model (DEM) processing, delineating streams and watershed characteristics, terrain processing, and basin processing.

The basin model has 45 subbasins. Seven temperature gauges and 139 precipitation gauges are created for the basin, and the time series data at a daily timescale is given as input to the model. The grid point data obtained from IMD is considered as gauge points. The precipitation for each subbasin is specified using the gauge weight method. The gauge points falling inside the sub-basin are given a weightage of 1, and the gauge points outside the sub-basin are given a weightage of 0.25. The meteorological model is created with Bristow-Campbell calculation for short wave radiation (Bristow and Campbell, 1984), gauge weight method for precipitation (Chow et al., 1988), and Priestley Taylor method for evapotranspiration (Chow et al., 1988). The default values of transmittance (0.7) and exponent (2.4) are used for the Bristow-Campbell Shortwave calculation. Each month's mean temperature range is also provided (U. S. Army Corps of Engineers Hydrologic Engineering Center, 2000). A dryness coefficient value of 1.3 is considered for the Priestley Taylor evapotranspiration method. Simple Canopy, Simple Surface, Deficit and Constant method, SCS Unit Hydrograph, Constant Monthly Baseflow, and Muskingum are the methods used for canopy, surface, loss, transform, baseflow, and routing, respectively.

The model is calibrated for the years 1977–2000 and validated for the years 2001–2012. An R2-value of 0.6 is obtained for both calibration and validation. The soil information is obtained from FAO, and the range of loss rates proposed by Skaggs and Khaleel (1982); SCS (1986), and U. S. Army Corps of Engineers Hydrologic Engineering Center (2000) is adopted (Supplementary Table S3). The maximum surface storage is obtained from the basin slope proposed by Bennett (1998) and Fleming (2002). The catchment has a very steep slope in the upstream portion due to the presence of the Himalayas, a gentle slope in the mid-stream, and flat, furrowed land downstream. Similarly, canopy interception is obtained from vegetation. The calibrated parameters are shown in Supplementary Table S4 and Supplementary Figure S1.

The calibration is performed with a normalized flow. The basin has major diversions such as Upper Ganga Canal, Middle Ganga Canal, East Ganga Canal, and Lower Ganga Canal, which abstract a significant amount of flow. As discharge data of these abstractions is the only data available, it is not modeled in HEC-HMS. Instead, the actual observed flow is added to the canal flows, which is the normalized flow, with which calibration is carried out.

Normalized flow = Actual flow at Ankinghat + flow at the diversions (Upper Ganga Canal, Middle Ganga canal, East Ganga Canal, and Lower Ganga Canal).

The calibration is performed with a combination of manual calibration and the model's optimization module. The parameters are optimized to minimize the root mean square error. The time series plot of streamflow calibration and validation is shown in Supplementary Figures S2a,b, and the flow duration curves for calibration and validation along with the flow statistics such as mean, median, standard deviation, MAM30, Q5, Q95, and R2 are shown in Supplementary Figures S2c,d. The results show good agreement for low flows (Q95 and MAM30); thus, the calibrated model is found to be suitable for climate change simulations.

The calibrated model is then used to simulate RCP 4.5 and RCP 8.5 climate change scenarios for 2040–60 and 2080–2100. The temperature and precipitation data are bias-corrected using the Quantile mapping method (Salvi et al., 2011). The daily bias-corrected precipitation, temperature, and monthly temperature corresponding to each climate change scenario are given as input to the model, keeping the model parameters canopy, surface, loss, transform, baseflow and routing kept unchanged. From the simulated daily streamflow values, the design low flow value of 30-day low flow with a return period of 10 years (30Q10) is calculated for each time slice and used as headwater streamflow input to the water quality simulation model, which is described next.



The water quality simulation model

QUAL2K is the water quality simulation model (Chapra and Pelletier, 2003) used for the study (Supplementary Section S2). QUAL2K is an open access software and has been used in many previous studies (Rehana and Mujumdar, 2012; Yang, 2013; Chaudhary et al., 2019). It can be driven by climatic inputs such as dew point temperature, wind speed, cloud cover and solar radiation to simulate water quality, and it is also a computationally efficient model. The inputs to the model are flow, stream temperature, water quality at the headwater, hydro geometric characteristics of the river reach such as width, depth, channel slope, side slope, manning's n, meteorological data such as air temperature, dew point temperature, wind speed, evaporation, cloud cover; point loads and diffuse loads. The point loads include industrial and domestic sewage discharge. Sewage is drained through major drains from Kanpur, Unnao, Jajmau, and Pandu River, and the flow and effluent characteristics of these drains are given as the point source input to the model. The non-point source is calculated using an export coefficient method (Santy et al., 2020) (Supplementary Section S3), wherein the diffuse load is calculated from land use land cover data. This method is chosen as it can quantify the diffuse source pollution from all land use types. The export coefficient developed for this study area in Santy et al. (2020) is adopted here (Supplementary Table S5). The water quality parameters considered are dissolved oxygen, biochemical oxygen demand (BOD), fecal coliform (FC), ammonia, nitrate, total nitrogen (TN), organic, inorganic, and total phosphorous (TP).

The model is calibrated for the year 2016 and validated for 2012–2015. The calibration involves minimizing the root mean square error between observed and simulated water quality concentration. The land use land cover, flow, and water quality data of 2005–2016 are used to set up an export coefficient model to quantify the non-point source pollution. The point load data (Supplementary Table S1) with all water quality parameters are available for 2016 only. All the analysis is carried out, keeping the point loads unchanged. Because of Ganga Action Plan, point loads have been reduced drastically from 2011 to 2016 (from CPCB reports). Hence, for validation, only the 4 years prior to 2016 (2012–2015) are considered. Supplementary Figures S3–S5 show the calibration and validation results of the model with respect to DO, BOD, FC, Nitrate, and TP. R2-value (across all parameters) of 0.9 and 0.6 is obtained for calibration and validation, respectively. The respective R2-values for DO, BOD, FC, Nitrate, and TP are 0.9, 1.0, 0.77, 0.9, and 1.0 for calibration and 0.7, 0.6, 0.5, 0.6, and 0.5 for validation (Supplementary Table S7).

The water quality simulation with 30Q10 (Supplementary Section S4) flow and average stream temperature is considered as the baseline. The 30Q10 value for the RCP scenarios is calculated from the HEC-HMS simulated flows for the future. The diffuse flow is calculated from the head water Ankinghat flow (Supplementary Section S3). The non-point source concentration is recalculated for the new diffuse flow for each climate change simulation. The stream temperature at the headwater is calculated using the air-water temperature regression model, WT = 0.8523 × AT + 1.1368 (Santy et al., 2020), where WT and AT corresponds to water and air temperature at Ankinghat, respectively. The point loads are kept the same to study the impact of climate change alone on water quality.



Risk assessment methodology
 
Risk of reduced water quality

The risk assessment can be an effective tool for understanding the quantum of the impact caused by climate change on pollution. The risk of reduced water quality defined by Mujumdar and Sasikumar (2002) for DO is modified to incorporate other water quality parameters such as BOD, ammonia, nitrate, total nitrogen, total phosphorous and fecal coliform:

[image: image]

where, Cl is the concentration of water quality parameter at location l and Cmin, and Cmax corresponds to the minimum and maximum limits for their concentration; P (Cl<Cmin) represents the probability of DO concentration at location l dropping below a minimum or threshold Cmin value and P (Cl >Cmax) represents the probability of the concentration of a water quality pollutant concentration at location l exceeding the maximum or threshold limits Cmax. The risk calculation uses the criterion “less than a threshold” for DO and “greater than a threshold” for other water quality parameters because a lower value of DO and a higher value of other pollutants indicate a greater water pollution. The probabilities are calculated by frequency analysis of the water quality data in the baseline and the future climate change scenarios. The Cmin value adopted for DO is 4 and 5 mg L−1, which corresponds to aquatic life and bathing class limits, respectively (IS 10500). Cmax for BOD is 3 mg L−1, the bathing class limit for BOD (IS 2296, 1982). The threshold is selected based on the bathing class limits for DO and BOD. In the absence of standard limits, the extreme value statistics (99th percentile value) and the median in the baseline period are adopted as the threshold for risk calculation for the other water quality parameters ammonia, nitrate, total nitrogen, total phosphorous and fecal coliform. The maximum values of the pollutant concentration in the historical period are often used as design values for wastewater treatment units (Ahmad and Schroeder, 2003; Chouinarda et al., 2014; Berkessa et al., 2019), and hence the extreme value statistics (99th percentile) of historic period is adopted as the threshold for risk calculation.

The risk ratio is computed as follows,

[image: image]

where RRi, j is the risk ratio of ith water quality parameter for the future climate change scenario j; (Risk)i, j is the risk of reduced water quality calculated using Equation (1) for the ith water quality parameter for future climate change scenario j and (Risk)i, baseline period is the risk calculated for ith water quality parameter for the baseline period. A risk ratio >1 implies an increase in risk, and <1 indicates a reduced risk.

The water quality is simulated on a monthly scale for 2040–60 and 2080–2100 for the two climate change scenarios considered (RCP 4.5 and RCP 8.5) and the corresponding risk and risk ratios are calculated for individual water quality parameters, DO, BOD, ammonia, nitrate, total nitrogen, total phosphorous, and fecal coliform. The exceedance probability is calculated from a frequency analysis of the time series of respective water quality parameters that exceed the threshold limit (Figure 1).



Risk of eutrophication

The risk of eutrophication is calculated as the probability of exceeding a threshold chlorophyll a concentration. Because of the lack of field chlorophyll a value, an empirical equation proposed by Bartsch and Gakstatter (1978) and (Chapra, 1997) is used to simulate chlorophyll a from simulated total phosphorous concentration:
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where Chla denotes chlorophyll a concentration (μg/L) and p denotes total P concentration (μg/L).

Chlorophyll a concentration >10 μg/L corresponds to Eutrophic state. Eutrophication is predominant in low flow periods (Yang et al., 2008), and low flow occurs in pre-monsoon months for Ganga River (Santy et al., 2020); hence we calculate the risk of eutrophication during the pre-monsoon season. It should be noted that the proposed equation for chlorophyll a is derived for lakes and reservoir, but we apply the same to the river during low flow periods because rivers with low velocity could have a small horizontal transport resulting in a lake like system.



Risk of fish kill

The risk of fish kill is calculated as the probability of events with DO <4 mgL−1. The minimum dissolved oxygen limit for fish culture is 4 mg L−1 (IS 2296, 1982), and fish is likely to die at DO values less than this threshold. The risk is calculated using Equation (1), giving DO threshold as 4 mgL−1 for the baseline and future climate change scenario simulations.





Results and discussion


Driving variables under warming-air temperature and precipitation

The ensemble mean surface air temperature anomaly and percentage change in ensemble annual precipitation of RCP 4.5 and RCP 8.5 relative to the Historical period (1975–2005) for the Ankinghat catchment is shown in Figures 3A,B, respectively. We find an increase in air temperature in the future with the largest increase corresponding to RCP 8.5 (Figure 3A). The precipitation anomaly plot shows an increase in median precipitation with time in the future scenarios, with a larger increase in RCP 8.5 (Figure 3B). The increase in annual mean precipitation for future can be attributed to an increase in water vapor holding capacity of atmosphere with warming (Held and Soden, 2006; Ueda et al., 2006). The model wise comparison and monthly comparison plots of air temperature and precipitation (Supplementary Figures S6, S7) shows larger variability. Hence, we use the ensemble mean of GCMs for the analysis. The monthly plots of precipitation show an increased precipitation during the southwest summer monsoon (June–September) and reduced precipitation during the pre-monsoon months (March–May). The increase in air temperature (Figure 3A; Supplementary Figure S6) and reduction in pre-monsoon precipitation (Supplementary Figure S6) can have a negative impact on streamflow, with more drought and low flow events.
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FIGURE 3
 (A) Air temperature anomaly and (B) percentage change in annual precipitation relative to the historical period (1975–2005) for Ankinghat catchment (The horizontal bounding lines of box in box and whisker plot represents the lower and higher quartile and the line inside box represents median) (C) Stream temperature and (D) 30Q10 flow simulated at Ankinghat for climate change scenarios (RCP 4.5 and RCP 8.5) during 2040–2060 and 2080–2100, and the Baseline period (1977–2012).




Stream temperature under warming

The stream temperature simulated for future climate change scenarios from Air-water regression model developed by Santy et al. (2020) for Ankinghat is shown in Figure 3C. The stream temperature increases in the future with time, with a larger increase in temperature corresponding to a larger warming scenario RCP 8.5. The observed increase in river temperature can have an implication on aquatic life, as some organisms won't be able to adapt to the higher temperature (Hari et al., 2006).



Streamflow under warming

The annual and monthly mean streamflow and 30Q10 value for each climate change scenario from the HEC-HMS model are shown in Figure 3D and Supplementary Figure S8. The mean simulated streamflow is not found to vary much for mid-century, while it increases at the end of the twenty-first century (Supplementary Figure S8a). With more warming (in RCP 8.5), streamflow is simulated to rise at the end of the century. The median flow is found to decrease during mid-century in the RCP 8.5 scenario (Supplementary Figure S8a). The median flow is less than the historical flow, and the lowest median flow is simulated for the RCP 8.5 scenario during 2040–60. Peak flow is simulated to increase in future scenarios, with a higher peak flow at the end of the twenty-first century (Supplementary Figure S8a).

The monthly plot of streamflow shows an increase in flows in June and July from the historical period (1977–2012) and a slight increase in January and May months (Supplementary Figure S8b). However, there is a reduction in streamflow in March, April, November, and December. Even though the Ganga River is snow-fed, the barrages constructed upstream nullify the impact of snowmelt on streamflow at Ankinghat, thus having low flows during summer. The lowest flow is observed in March month (Supplementary Figure S8b). The reduction in pre-monsoon flows can reduce the dilution volume for the industrial, municipal sewage, and agricultural pollutant load and hence could lead to a reduction in water quality.

The 30Q10 shows a decline in mid-century, and the lowest 30Q10 is simulated in the RCP 8.5 scenario (Figure 3D). The 30Q10 value increases in the RCP 8.5 scenario at the end of the century. However, all values are less than the historical 30Q10 flow.



Water quality under warming

The water quality parameters are simulated for future climate change scenarios and compared with the baseline period. The water quality profile of (a) DO, (b) BOD, (c) ammonia, (d) nitrate, (e) organic phosphorous, (f) inorganic phosphorous, (g) total nitrogen, (h) total phosphorous, and (i) FC for climate change scenarios RCP 4.5 and RCP 8.5 during 2040–60 and 2080–2100 is shown in Figure 4. The DO is reduced downstream of drain confluence points due to high pollutant concentration inflow to the river (Figure 4A). The DO value decreases with increased pollutant concentration, with the highest sensitivity for BOD, nitrate, and lastly for fecal coliform. The DO concentration is reduced in mid-century, followed by an increase by the end of the twenty-first century for both RCP 4.5 and RCP 8.5 scenarios (Figure 4A). It can also be noticed that DO levels for all scenarios are lower than the baseline value in the mid and end of the twenty-first century. The DO value of Jajmau downstream (critical point) decreases from 5 mg/L in the baseline to 3.8 mg/L for RCP 8.5 2040–60 (Figure 4A). This is because the low flow increases due to increased precipitation in the RCP 8.5 scenario for the end of the twenty-first century. Also, higher temperature yields better reaction kinetics, leading to improved water quality. The least value of DO is simulated in the RCP 8.5 scenario during 2040–60. DO values reach below 4 mgL−1 for ~40 km reach of Kanpur drains downstream in both scenarios, RCP 4.5 and RCP 8.5, making the stretch unfit for aquatic life. A similar reduction of DO with warming is also found in other studies (Cox and Whitehead, 2009; Rehana and Mujumdar, 2012). The increase in stream temperature (Figure 3A) reduces the solubility of oxygen in water and can lead to low values for DO. The increase in stream temperature can also lead to an increased growth rate of phytoplankton and algae, leading to further depletion of DO (Whitehead and Hornberger, 1984; Wade et al., 2002).
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FIGURE 4
 Water quality profile plots of (A) dissolved oxygen (DO), (B) biochemical oxygen demand (BOD), (C) Ammonia, (D) Nitrate, (E) organic-, (F) inorganic phosphorous, (G) Total nitrogen (TN), (H) total phosphorous (TP), and (I) Fecal coliform (FC) for climate change scenarios. The x-axis shows the reach length from Ankinghat (238 km) to Shahzadpur (0 km). Results correspond to low flow events. The lowest values in DO and highest values in BOD, ammonia, nitrate, organic P, inorganic P, TN, TP, and FC correspond to Kanpur, Unnao, Jajmau drains and Pandu river confluence points (Figure 2B). Blue color represents Baseline period; light green and dark green represent the RCP 4.5 scenario during 2040–60 and 2080–2100, respectively, Red and Maroon represent the RCP 8.5 scenario during 2040–60 and 2080–2100, respectively.


Figure 4B shows the BOD profile for RCP 4.5 and RCP 8.5 scenarios. The peaks correspond to the point loads entering the stream. The BOD increases with warming in the mid-century with a higher concentration corresponding to RCP8.5 scenario than in RCP 4.5. The RCP 8.5 scenario shows a low 30Q10, causing an increase in BOD concentration. An increase in BOD of 18–49 mg/L is simulated for Jajmau (highest value) for RCP 8.5 during 2040–60 relative to the baseline (Figure 4B). For mid-century, BOD increases in the RCP 8.5 scenario are larger than in RCP 4.5, while it varies in reverse order for the end of the twenty-first century. The entire river stretch is not fit for bathing, as the BOD value exceeds the prescribed limit of 3 mgL−1. An increase in stream temperature causes an increase in deoxygenation and reaeration rate, with the former dominating the latter downstream of loading points (Santy et al., 2020). The rising stream temperature can also reduce the river's ability to assimilate pollutant loads (Chapra et al., 2021); hence, an increase in BOD is simulated with warming and is confirmed in other studies (Rehana and Mujumdar, 2012; Chapra et al., 2021).

The nutrients considered in the study are ammonia nitrogen, nitrate nitrogen, total nitrogen, organic-, inorganic- and total phosphorous. The nutrient pollution is found to increase with warming in the mid-twenty-first century, while it is found to improve by the end of the twenty-first century compared to the mid-century (Figures 4C–H) following the positive trend in stream flow during low flows. The peaks in the ammonia profile graph and small dips in nitrate correspond to the drain confluence points. Ammonia gets converted to nitrate, and the nitrification process consumes oxygen, leading to depletion of dissolved oxygen in the water (Chapra, 1997). For the climate change scenarios, the highest ammonia concentration of 19.6 mg/L (Figure 4C) is simulated at Kanpur in the RCP 8.5 scenario during 2040–60. Unlike other nutrients, only a slight change in nitrate (0.2–0.6 mg/L rise) (Figure 4D) is simulated with warming because of higher denitrification rate in the Ankinghat-Kanpur stretch (Supplementary Table S6). This result is consistent with Jin et al. (2015), which showed reduced nitrate concentration with climate change in the Thames River. The primary source of nutrient pollution is non-point pollution (Supplementary Tables S1, S8), such as agricultural runoff; however, significant nitrogen compounds are also present in sewage and industrial wastewater reaching the river (Supplementary Table S1).

The concentration of organic phosphorous, inorganic phosphorous, and total phosphorous are shown in Figures 4E,F,H. P concentration increases significantly with warming, with a peak in RCP 8.5 during 2040–60, corresponding to low flow and less dilution volume. Unlike other pollutants, the primary source of phosphorous pollution is non-point sources (Supplementary Tables S1, S8), mainly fertilizers. The only P load-carrying drain is the Jajmau drain (Supplementary Table S1). The loading is highest in the Ankinghat to Kanpur reach. A reduction in P concentration is found at drain confluence due to the absence of P concentration from drains which acts as dilution water. The organic P, inorganic P, and TP concentration vary with warming in the same order as other water quality parameters considered here. The total phosphorus concentration is found to increase from 1.8 mg/L in the baseline to 4.5 mg/L in the RCP 8.5 scenario during 2040–60 (Figure 4H). Phosphorus concentration is also found to increase in the future in another study on the Ganga river with a business as usual scenario (Jin et al., 2015). There is an increase in river pollution in future climate change scenarios, mainly due to the rise in stream temperature and reduction in low flows, which affect the kinetics and dilution factors. The entire stretch falls in the trophic state 'Eutrophic' as total phosphorous concentration exceeds the limits of 20 μgP/L throughout the stretch (Chapra, 1997). Low flows can enhance the chances of eutrophication in rivers due to a reduction of DO (Bocaniov et al., 2016). The rise in population and agriculture can lead to more P loading in the future. However, our study focuses only on isolating the effects of climate change on water quality; therefore, other factors such as point loads, agricultural runoff, population, and industrialization will remain unchanged.

Figure 4I shows the fecal coliform (FC) profile for RCP 4.5 and 8.5 scenarios. The high concentration of FC throughout the stretch shows the presence of raw sewage without treatment in the river. The peaks in the plot correspond to Jajmau drains d/s and Pandu River confluence d/s, where a high FC load joins the river. The entire stretch is not suitable for bathing as it exceeds its limit of 500 MPN/100 mL. This high concentration of FC indicates the need for more sewage treatment plants for the stretch. The FC is found to decrease in the RCP 4.5 scenario for both time slices, while it increases in RCP 8.5. Highest FC concentration (9,91,139 MPN/100 mL) at Jajmau is simulated in RCP 8.5 during 2040–60 (Figure 4I). Jajmau and Fatehpur are the most affected checkpoints for FC. There is a slight reduction in FC concentration for the downstream stretch of Pandu River confluence from mid to end of the twenty-first century in RCP 4.5, while there is a drastic reduction in RCP 8.5. This reduction can be attributed to higher reaction kinetics in warmer conditions. At Kanpur and Shahzadpur also, similar patterns are simulated. The lowermost FC value for the stretch is at headwater (3,300 MPN/100 mL). FC is gradually increasing up to Kanpur drains due to non-point source pollution, but we can see that FC pollution from drains is high (~102 times) compared to non-point source pollution (Supplementary Tables S1, S8). The varied trend of FC with climate change at different locations is due to the varied sensitivity of FC to temperature and streamflow throughout the stretch (Santy et al., 2020). A reduction of fecal coliform with warming has been also simulated for Lis River, Portugal in a past study (Fonseca et al., 2014).

The pollution hotspots identified in the stretch are Kanpur and Jajmau (Figure 4), and the percentage change for each water quality parameter for the worst-case climate change scenario (RCP 8.5 during 2040–60) is shown in Figure 5A and for other scenarios in Supplementary Figure S9. The water quality parameter most affected by future climate change scenarios simulated is BOD and ammonia nitrogen; however, all parameters considered have a significant change due to warming.
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FIGURE 5
 Hotspot identification, eutrophication profile and risk plots. (A) Percentage change in water quality parameters for the critical climate change scenario (RCP 8.5 40–60) from Baseline period; (B) Risk of low water quality in terms of all parameters at Kanpur. Circle, triangle, diamond, square, minus and plus symbols represent dissolved oxygen, biochemical oxygen demand, ammonia, nitrate, total phosphorous and fecal coliform, respectively; Two thresholds are adopted for risk calculation, with smaller threshold shown in green color and higher threshold in red color (Table 2). The numbers written in square bracket represents the percentile value of Baseline period considered; (C) Risk of fish kill (blue) and eutrophication (orange) at critical location Jajmau; (D) Chlorophyll a profile for all scenarios considered during low flow; (E) Risk ratio of DO (with aquatic and bathing limits), BOD, fecal coliform, nitrate, and total nitrogen for the future climate change scenarios; (F) Risk ratio of ammonia and total phosphorous for future climate change scenarios.




Risk of reduced water quality

A boxplot of water quality for the entire period of the Baseline, RCP 4.5 2040–2060, RCP 8.5 2040–2060, RCP 4.5 2080–2100, and RCP 8.5 2080–2100 scenarios is shown in Supplementary Figure S10. The thresholds selected for the risk analysis are listed in Table 2. The maximum values of pollutant concentration in the historical period are often used as design values for water quality studies (Ahmad and Schroeder, 2003; Chouinarda et al., 2014; Berkessa et al., 2019). Hence extreme water quality statistics (99th percentile values) of the water quality parameters in the baseline period are selected as the thresholds for BOD, ammonia, total nitrogen, and total phosphorous. The median of the baseline period is also considered as another threshold to analyze the changes in median concentration for future. The risk of low water quality for individual water quality parameters, DO, BOD, ammonia, nitrate, total nitrogen, total phosphorous, and fecal coliform calculated from the frequency analysis of time series data for each scenario is shown in Figure 5B.


TABLE 2 Thresholds adopted for risk calculation (Percentile calculation is carried out from Baseline data).

[image: Table 2]

The risk of low DO, with two thresholds, 4 mg L−1 (aquatic life limits) and 5 mg L−1 (bathing class limits), indicates that river is unfit for aquatic life and bathing for a more extended period in the future than in the baseline period. The risk of low DO concentration with bathing class limit increases from 8% in baseline to 28% in RCP 8.5 during 2040–60 (Figure 5B). Both the frequency and intensity of low DO events increase in future due to warming, which can be attributed to more low flow or droughts in future (Supplementary Figure S11). Reduced saturation DO, and less dilution volume with the same point loads and non-point loads result in reduced DO during low-flow periods in the future. Thus, increasing the frequency and duration of the low-flow periods in a warmer world could increase the risk of reduced water quality.

The increase in risk of high BOD for future shows the intensification of organic pollution in the future (Figure 4B). The risk of BOD > 3 mg L−1 (the bathing class limit) has increased from 65 to 100% in the future indicating the river is highly polluted with warming. The risk of BOD > 40 mg L−1 is calculated to highlight the intensification of magnitude and the trend. The risk peaks during the 2040–60 period and then slightly decrease in 2080–2100. Here we see a contradicting trend with warming scenarios for BOD, where the risk is more in RCP 4.5 scenario (Figure 5B) despite higher BOD in the RCP 8.5 scenario in low flow events (Figure 4B). This shows that organic pollution is critical not only in low flow events but also in high flows.

The risk of microbial pollution has slightly reduced with warming (Figure 5B) because of larger pathogen decay rates at higher temperatures; however, the concentration is very high than the bathing limits. The risk of microbial pollution reduces from 50% in baseline to 42% in RCP 8.5 2040–60 (Figure 5B). The risk of nutrient pollution (TN and TP) increases in the mid-twenty-first century and then reduces by the end of the century following the reduction in the frequency of low-flows events. The nitrogen components show a mixed response, with an increased risk of ammonia and decreased risk of nitrate in the future (Figure 5B). The risk of ammonia pollution increases from 1% in baseline to 59% in RCP 8.5 during 2040–60 (Figure 5B). Nitrate concentration shows a slight (decrease in RCP 8.5 during 2080–2100 and increase for other scenarios) change even in the critical low flow period for the future, and for other flows with high dilution volume, nitrate concentration decreases, resulting in the reduction of its risk in the future.

The risk of extreme nitrate pollution in the future is found to be reduced to zero from 15% in the baseline (Figure 5B). The risk of nitrate pollution reduces with warming, especially at the end of the twenty-first century because, even for the critical low flow period, there is small reduction in the nitrate concentration of the river (Figure 4D). For other flows with high dilution volume, nitrate concentration decreases (Supplementary Figure S10d), resulting in reducing its risk in the future. Overall reduction of nitrate has also been found with warming in other studies (Whitehead et al., 2015b). Further, we find that total phosphorous risk increases with warming due to an increased frequency of low flow periods simulated for the future. An increase in extreme total phosphorus risk from 0.7% in baseline to 12% in RCP 8.5 during 2040–60 is simulated (Figure 5B). The increased risk of nutrient pollution can lead to increased eutrophication (Figure 5C) due to a higher chlorophyll a value in the future (Figure 5D).

The risk ratio calculated for the future climate change scenarios is shown in Figures 5E,F. The water quality parameters FC and nitrate have an RR value below 1 for all scenarios indicating a decreased risk for the future. The RR value of total nitrogen is near 1 for mid-century, while it falls below one at the end of the century following a reduction in nitrate concentration with warming. The RR value for DO, BOD, ammonia and total phosphorous is >1, indicating an increased risk for the future (Figure 5E; Supplementary Figure S12).



Risk of eutrophication

The risk of eutrophication calculated from the chlorophyll a value for the hotspot Jajmau is shown in Figure 5C. The entire stretch is eutrophic for the Baseline; hence the 95th percentile chlorophyll a value is taken as the threshold for risk calculation. A significant increase in eutrophication is found at Jajmau with warming increased TP concentration. An increase in risk of eutrophication from 6.5% in baseline to 50% in the mid-twenty-first century is simulated with climate change (Figure 5C). The reduction in summer flow rates could increase residence time and, hence, enhance algae growth. Also, increased residence time could reduce the turbidity, allowing sedimentation, increased light penetration, and increased algae growth (Whitehead and Hornberger, 1984; Whitehead et al., 2009). Land use land cover would also play a role in eutrophication due to changes in agricultural runoff. In this study, we have assumed the non-point source load to remain constant, as our objective is to quantify the individual contribution of climate change to eutrophication. Risk of eutrophication peaks for RCP 8.5 during 2040–60, which corresponds to the scenario with more low flow events. However, the change from mid-century to the end of the century is not significant.



Risk of fish kill

The risk of fish kill calculated from DO of the river at the hotspot location shows an increased risk (Figure 5C) in future due to more low DO events in future. In the baseline period, DO is above 4 mg L−1 even at critical locations, while for climate change scenarios DO falls below 4 mg L−1 in the low flow period due to warming (Figure 4A). An increase in risk of fish kill from 3% in baseline to 18% in mid-twenty-first century is simulated with climate change (Figure 5C). The occurrence of low DO associated with low flow events are more frequent in the future, and hence fish kill is more likely to happen with future warming. The largest risk corresponds to the RCP8.5 scenario during 2040–60. Thus, the trend of fish kill also follows the same trend of DO with warming, with most critical value in mid-century which improves by the end of century. A large number of fish death have also been reported with increased warming in previous studies (Gunn, 2002).




Conclusion

After launching the Ganga Action Plan in 1986 (Environment Forests Division Water Resources Division Planning Commission Government of India, 2009), the Indian government is currently taking measures to clean up the Ganga River. In this paper, an investigation is carried out to analyze the isolated effects of climate change on water quality and to calculate the risk of reduced water quality, eutrophication and fish kill using a coupled hydrological (HEC-HMS) and water quality simulation model (QUAL2K). Statistically downscaled climate projections are used to drive coupled HEC-HMS—QUAL2K model framework.

It is found that water quality is likely to be reduced in the mid-twenty-first century (2040–2060), with a slight improvement by the end of twenty-first century (2080–2100). The projected increase in pre-monsoon precipitation would result in an increase in low flows in the 2080–2100 compared to 2040–60, hence, relatively better water quality is simulated toward the end of twenty-first century in association with an increase in dilution volume. The pollution hotspots identified in the reach stretch considered in this study are Kanpur and Jajmau, due to large upstream pollution load from Kanpur, Unnao and Jajmau drain. The most affected water quality parameters with warming are BOD and ammonia nitrogen. The entire stretch of the study area is simulated to be eutrophic from large total phosphorous and chlorophyll a which are already near the limits in the baseline period. The concentrations of phosphorous and chlorophyll a further increase with warming. It is found that climate change alone can result in a deterioration of water quality in the future with a percentage increase in nutrients and BOD by more than 50% from baseline.

The frequency analysis approach shows an increased risk of reduced DO and increased risk of enhanced organic (BOD), ammonia and nutrient (total nitrogen and total phosphorous) pollution in the future with warming. However, reduced risk of nitrate and microbial pollution is simulated for the future with an overall reduction in nitrate and fecal coliform concentration due to increased nitrate denitrification rate and pathogen decay rate with temperature. The risk of eutrophication for low flow periods calculated from chlorophyll a concentration significantly increases with warming. The increased risk of eutrophication is due to an increase in total phosphorous because of a reduction of low flows, which causes less dilution. The risk of fish kill is calculated from the river's dissolved oxygen by taking Indian standard DO limits for maintenance of aquatic life as the threshold. The risk is likely to increase in the future, with peaks in mid-century and a slight reduction in risk by the end of the century. The increase in risk from baseline is due to more low DO events associated with more low flows simulated for the future. The risk of eutrophication and fish kill is likely to increase by 43.5 and 15% by the mid twenty-first century due to climate change alone.

Our study is likely to be beneficial for policy makers and governing authorities for taking appropriate actions to control Ganga River pollution. However, there are some limitations to our study. For instance, the risk of eutrophication is calculated based on chlorophyll a value calculated using an empirical equation. As this equation is not initially developed for Indian conditions, its application here likely introduces some uncertainty. The risk of fish kill is quantified by taking threshold of DO at 4 mg L−1, the limits given by pollution control board, India. However, the threshold of DO for different fish species differ (Hoff, 1967) and hence if the risk of fish kill of a particular species is needed, the corresponding thresholds should be adopted. The point loads from drains are assumed to be constant in the future, however, this is subjected to change in the future due to the steps taken by the government in cleaning Ganga River. Further, model uncertainty and parameter uncertainty bring in some amount of uncertainty to our results which could be narrowed down by performing similar risk estimates using various hydrological and water quality models. The risk of reduced water quality with other pollution drivers such as land use and land cover change, enhanced agricultural and industrial activities, population growth, and the corresponding growth in sewage treatment facilities would be the subject of a future study. Quantification of water quality changes during the monsoon season and extreme flow events for this stretch of the Ganga River also merits investigation in the future.
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