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Abstract

:

Effective management of water quality in watersheds is crucial because it is directly linked to the sustainability of aquatic ecosystems. In conventional watershed management, best management practices (BMPs) have been instrumental in addressing deteriorating water quality issues caused by non-point source pollution. Greenhouse gas (GHG) emissions have emerged as a global concern, necessitating immediate and diverse environmental actions to mitigate their impacts. This study aims to explore BMPs that maximize total phosphorus (TP) load removal efficiencies, while minimizing costs and GHG emissions within watersheds, using the Soil and Water Assessment Tool (SWAT) and non-dominated sorting genetic algorithm III (NSGA-III). The Yeongsan River Watershed between 2012 and 2021 was selected as the study area. Hydrological and BMP data were analyzed. Applying identical BMPs to the watershed showed that the BMPs with high TP removal efficiency may not be effective in terms of cost and GHG emissions. Therefore, the optimal combination of BMPs for the Yeongsan River Watershed was determined using NSGA-III considering TP removal efficiency, cost, and GHG emissions. This study is the first to consider GHG emissions at the watershed level when applying BMPs and is expected to contribute to the development of BMP implementation incorporating GHG emissions.
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1. Introduction


Clean water is a fundamental resource vital for sustaining life, and its impact on human life and the environment is significant. Securing water resources and maintaining their purity are the first steps toward sustaining ecological health. However, accelerated industrialization and urbanization have led to the degradation of watershed water quality [1,2,3]. Efforts have been made to maintain watershed water quality through various methodologies, including establishing wastewater treatment systems and managing pollutants [4]. Despite these efforts, non-point source pollution in urban and agricultural areas continues to be a major factor contributing to the degradation of watershed water quality [5,6].



The increasing impact of climate change, along with rising greenhouse gas (GHG) emissions, is emerging as a significant factor accelerating watershed water pollution [7,8]. Urban drainage systems in many cities globally are designed based on historical observations of precipitation amounts and patterns [9,10]. However, with the changing climate, precipitation patterns have also shifted. Notably, the occurrence of concentrated heavy rainfall differs significantly from past patterns [11]. This shift poses challenges in effectively responding to precipitation and flooding, leading to water pollution incidents that adversely affect humans and aquatic ecosystems [11]. Therefore, reducing GHG emissions to combat climate change is a critical imperative that is directly linked to maintaining ecosystem sustainability.



South Korea has set the objective of achieving carbon neutrality by 2050, as outlined in the ‘2050 National Carbon Neutrality Scenario’ introduced in 2021 [12]. The agriculture, forestry, and fisheries sectors aim to reduce their emissions from 24.7 million tons of CO2 eq. in 2018 to 15.4 million tons CO2 eq. by 2050, thereby achieving a reduction of 62.3% [12]. One proposed strategy to achieve this objective involves reducing the utilization of chemical fertilizers. Such reduction could lead to decreased energy consumption during production and lowered emissions of greenhouse gases from transportation and distribution processes [13,14]. Moreover, reducing the usage of chemical fertilizer may help to mitigate the influx of nutrients such as phosphorus into water bodies during rainfall events. Phosphorus serves as a primary contributor to algal blooms in inland waters. Consequently, reducing chemical fertilizer application may lower the phosphorus concentration entering lakes, potentially resulting in a reduction in algal blooms [14,15]. Nevertheless, according to Jeong et al., the use of chemical fertilizers increased by 13.3% in 2019 compared to 2011, with an annual average rise of 1.8% per hectare thereafter [16]. Thus, curbing chemical fertilizer usage emerges as a critical measure capable of concurrently reducing nutrient runoff in agricultural practices and mitigating GHG emissions during fertilizer production, highlighting the necessity of addressing both nutrient and GHG reduction in agricultural practices.



Best management practices (BMPs) improve the water quality of watersheds while minimizing their impact on the surrounding environment [6]. Many researchers have proposed policies to improve watershed water quality via the application of BMPs and have provided examples of cases demonstrating improvements in water quality [17,18]. When applying new water quality improvement measures, such as BMPs, it is necessary to consider trade-offs such as the effectiveness of BMPs in improving water quality, expected costs, and familiarity of the stakeholders with the BMPs [18]. Therefore, many researchers have applied methodologies specializing in multi-objective optimization to address these complex problems and resolve the tradeoff problems attributed to the application of BMPs [19,20,21,22,23,24,25]. Pyo et al. [20] conducted a study on the application of BMPs for the Lake Erie watershed, considering total phosphorus (TP) removal efficiency, stakeholder familiarity with BMPs, and costs. Similarly, Jeon [21] conducted a study on the Yeongsan River Watershed by applying climate change scenarios and analyzing the efficiency of TP removal and associated costs in relation to the implementation of BMPs.



In the context of watershed pollution exacerbated by climate change, which makes watershed management increasingly challenging, GHG emissions should be considered a critical factor. When applying BMPs, it is essential to consider not only the TP removal efficiency and expected costs but also GHG emissions. Although previous studies have evaluated the cost and water quality improvement effects associated with BMP application at the watershed level, studies assessing GHG emissions are lacking. Therefore, this study aimed to perform a multi-objective optimization, considering factors such as costs and GHG emissions when applying BMPs to reduce TP loads at the study site. The specific objectives were to (1) evaluate the effects of BMPs applied to watershed management using a watershed model, and (2) derive optimal BMP scenarios that simultaneously optimize water quality improvement effects, costs, and GHG emissions, using a multi-objective optimization algorithm.




2. Materials and Methods


2.1. Study Site


The Yeongsan River, originating in Damyang County, Jeollanam-do, and flowing to Mokpo City, Jeollanam-do, is a national river that serves as a vital water resource for the Jeollanam-do and Gwangju metropolitan city (Figure 1). The Yeongsan River watershed is located in southwestern part of South Korea (N 34°40′16″–35°29′01″, E 126°26′12″–127°06′07″). Historically, the Honam region, where the Yeongsan River is located, has been a key agricultural hub on the Korean Peninsula, with a relatively high emphasis on farming activities compared with other regions. Consequently, the Yeongsan River watershed has encountered significant non-point source pollution damage from agricultural activities, surpassing other major river watersheds in Korea [9,26].



In this study, we focused on the upper watershed of the Yeongsan River (Figure 1). Given its combination of urban and agricultural zones, it is necessary to consider the various sources of water pollution from urban and agricultural areas. The target area, spanning from Yong-myeon in Damyang County to Mareuk-dong in Seo-gu, Gwangju City, covers approximately 714.8 km2. As of 2021, the agricultural area within this watershed was approximately 139.2 km2, accounting for 19.5% of the total watershed area. Of this, rice farming occupies 75.9 km2 (10.6% of the watershed), and field farming covers 63.3 km2 (8.9% of the watershed). The annual rainfall in the watershed is 1380.6 mm, which is predominantly concentrated in the summer.




2.2. Soil and Water Assessment Tool (SWAT)


SWAT, a watershed model developed by the United States Department of Agriculture, was used to simulate the behavior of streamflow, nutrients, and sediments within the watershed [27,28]. SWAT is predominantly used for simulating areas with a high agricultural presence or regions where agricultural and urban areas are intermixed.



Watershed modeling encompasses an initial phase of delineating the watershed using tools such as a digital elevation model (DEM), land-use map, and soil map. This procedure subdivides the watershed into multiple sub-basins, each subsequently classified into hydrological response units (HRUs) [29]. Following watershed delineation, meteorological data is incorporated to simulate the atmospheric conditions. The SWAT model also integrates data pertaining to point sources, dam releases, and agricultural practices to replicate real-world conditions. Then, the parameters of the SWAT undergo calibration and validation.



The SWAT model requires various types of data for watershed modeling [28], and the following data were obtained in this study: the DEM was acquired from the National Spatial Information Portal, the land-use map from the Environmental Spatial Information Service, and the soil map from the Soil Information System of the Rural Development Administration. Meteorological data were obtained from the Korean Meteorological Administration, and discharge data for the wastewater treatment plant were obtained from the Water Emission Management System of the National Institute of Environmental Research, Korea.




2.3. Non-Dominated Sorting Genetic Algorithm III (NSGA-III)


The genetic algorithm (GA) is an optimization algorithm inspired by natural selection and genetics and is used to find solutions or optimize given problems [30]. NSGA-III is one of the GAs particularly suited to solving multi-objective optimization problems [31,32]. NSGA-III, an improved version of NSGA-II, aims to balance various optimization objectives using a non-dominated sorting mechanism and a reference point approach [25,31,33].



The multi-objective optimization process utilizing NSGA-III was initiated by generating an initial population. Each individual within this population was assessed based on fitness values. The subsequent steps involved the selection of individual parents that undergo crossover and mutation operations, leading to the creation of new offspring. The algorithm evaluated these individuals via processes such as non-dominated sorting and crowding distance calculations, ensuring a balance between Pareto optimality and population diversity. This iterative process continued, governed by hyperparameters such as population size, crossover rate, and mutation rate, until preset termination criteria, such as the number of generations or convergence threshold, were met. Upon completion of these steps, NSGA-III facilitated the execution of multi-objective optimization on the selected criteria, effectively balancing multiple conflicting objectives.




2.4. Description of BMPs


The Yeongsan River watershed is a region with a high proportion of agricultural activities, such as paddy and soybean fields [9,26]. Therefore, it was anticipated that addressing non-point source pollution from agricultural activities would be crucial for reducing TP loads in this area. Consequently, BMPs that could improve watershed water quality in response to agricultural activities were selected for adaptation. The selected BMPs are listed in Table 1.



HRUs are the basic units used to simulate the behavior of materials within a watershed in the SWAT model [29]. Therefore, when applying BMPs, it is necessary to implement them at the HRU level. This requires adjusting the parameter values for the HRUs corresponding to the agricultural areas. In this study, we focused on paddy and soybean fields, which are representative agricultural types in the Yeongsan River watershed [41]. The parameters that require adjustment for the application of BMPs to the HRUs of paddy and soybean fields are listed in Table 1.



To apply the BMPs presented in Table 1 to research studies, it is necessary to categorize them into individual scenarios, as shown in Table 2. The BMP scenarios were divided into 18 fields, including 7 paddy fields and 11 soybean fields. Specifically, conservation tillage (CT), detention pond (DP), and reduction of fertilizer (RF) were applied to the paddy fields, and CT, no-tillage (NT), DP, RF, and riparian buffer (RB) were applied to the soybean fields. The costs and GHG emissions for each BMP scenario are summarized in Table 2. NT is considered unsuitable for paddy fields because rice farming necessitates tilling [41]. Furthermore, RB was not utilized because runoff from paddy fields typically flows directly into drainage channels, leading to rivers bypassing RBs [41]. Therefore, NT and RB do not apply to paddy fields.




2.5. Methodology for Exploring the Optimal BMPs for the Yeongsan River Watershed


Figure 2 shows the schematic diagram for exploring the optimal BMPs. First, the necessary input data for constructing the SWAT model were secured, and the SWAT model for the Yeongsan River watershed was constructed. Following the model construction, calibration and validation of the SWAT model were conducted using the SWAT Calibration and Uncertainty Program (SWAT-CUP) [42]. The modeling period encompassed 2012–2021, with 2012–2016 as the setup period, 2017–2019 as the calibration period, and 2020–2021 as the validation period. After calibration and validation of the SWAT model, the TP removal efficiency was simulated by applying individual BMP scenarios via the adjustment of the SWAT parameters (Table 1). Concurrently, the costs and GHG emissions associated with BMP applications were also estimated. Based on these results, the NSGA-III algorithm was used as an optimization methodology across the three factors.



For this optimization process, hyperparameters within the NSGA-III algorithm were meticulously tuned using a random search method [43]. This fine-tuning of hyperparameters established the foundation for generating an initial population, comprising a diverse array of feasible solutions. Each solution within this population represents a unique combination of TP removal efficiency, cost, and GHG emissions. Individuals within the population were evaluated and selected based on their fitness, which reflects the equilibrium between TP removal efficiency, cost, and minimal GHG emissions. Through iterative cycles of selection, crossover, mutation, and ranking via non-dominated sorting, the process continued until reaching the predetermined number of iterations or convergence. The outcome yielded a set of optimal solutions from the non-dominated front, delineating effective BMP scenarios that optimize the competing objectives of efficiency, cost, and emissions within the watershed management strategy.





3. Results and Discussion


3.1. Calibration and Validation of the SWAT Model


The SWAT model constructed for the Yeongsan River watershed comprised 52 sub-basins. In total, 965 HRUs were delineated, with 150 corresponding to paddy fields and 75 corresponding to soybean fields. The proportion of HRUs for paddy fields was approximately 12.48%, and HRUs for soybean fields accounted for approximately 4.77%. The status of the HRUs for the paddy and soybean fields is shown in Figure 3.



After constructing the SWAT model for the Yeongsan River watershed, parameter calibration and validation were performed. The SWAT calibration and uncertainty programming (SWAT-CUP) method was used to calibrate and validate the streamflow, sediment, and TP load parameters, and the results are shown in Figure 4. The performance evaluation of SWAT was based on R2 and root-mean-squared error (RMSE). The calibration for streamflow showed an R2 value of 0.81 and RMSE of 12.93 m3/day during the calibration period, and an R2 of 0.75 and RMSE of 9.23 m3/day during the validation period. For sediments, the calibration period results showed an R2 value of 0.61 and RMSE of 0.08 tons/day, whereas the validation period had an R2 of 0.40 and RMSE of 0.04 tons/day. The model exhibited an R2 value of 0.76 and RMSE of 1.06 tons/day during calibration for TP. Subsequently, during validation, the R2 value was 0.35 and RMSE was 1.44 tons/day. The results demonstrated that the SWAT model generally reflected the observed pattern; however, instances of overestimation or underestimation were noted compared with the observed values, particularly during monsoon periods, for streamflow, sediment, and TP load. Despite these discrepancies, the SWAT model exhibited sufficient predictive accuracy to simulate the behavior of these variables, enabling the subsequent evaluation of BMPs.




3.2. Effects of Application of BMP Scenarios


A total of 18 BMP scenarios, presented in Table 2, were applied to evaluate TP removal efficiency, costs, and GHG emissions. The TP removal efficiencies of the BMP scenarios are shown in Figure 5a and Table 3. The costs associated with the implementation of BMPs depicted in Figure 5a and Table 3 were computed by multiplying the area of the HRUs corresponding to paddy and soybean fields by the cost per unit area associated with each BMP. Jeon [41] reported that, in the Yeongsan River watershed, a 50% reduction in fertilizer and a 5 m RB are the most effective methodologies in terms of TP removal efficiency. Pyo et al. [20] indicated that in the Lake Erie watershed, RB and contour cropping were the most effective methodologies, whereas NT and nutrient management were relatively less effective. In this study, for paddy fields BMP7 showed the highest efficiency, at 26.87%, whereas BMP2 displayed the lowest efficiency, at 0.53%. In soybean fields, BMP18 exhibited the highest reduction efficiency of 7.17%, whereas BMP9 showed the lowest efficiency of 0.04%. This indicates that to maximize TP removal efficiency in the Yeongsan River watershed, a 50% reduction in fertilizer application for paddy fields and the establishment of a 5 m RB zone for soybean fields is the most effective strategy.



The costs incurred from the application of the BMP scenarios can be examined using Figure 5b and Table 3. Pyo et al. [20] reported that CT, NT, and contour cropping methods are the most cost-effective methodologies for the Lake Erie watershed. In this study, for the BMP scenarios applied to paddy fields, BMP2 required the highest cost of 1.09 million dollars, whereas BMP1 had no associated costs. In the case of BMP scenarios for soybean fields, BMP10 incurred the highest cost at 0.16 million dollars, and the BMP8 application did not necessitate any costs. Researchers in previous studies have indicated that the cost of implementing CT was considered as zero because farmers were already utilizing this method and it was deemed feasible to adopt without requiring additional subsidies. This rationale was also adopted for use in the current study [44].



The anticipated GHG emissions from the BMP scenarios are shown in Figure 5c and Table 3. Similar to the cost calculations, the GHG emissions presented in Figure 5c and Table 3 were calculated by multiplying the GHG emissions per unit area associated with the BMPs by the area of HRUs corresponding to paddy and soybean fields. For paddy fields, BMP1 showed the highest emissions at 60.49 kt CO2 eq., and BMP7 showed the lowest at 7.44 kt CO2 eq. For soybean fields, BMP10 showed the highest emissions at 9.13 kt CO2 eq., and BMP15 showed the lowest emissions at 1.13 kt CO2 eq. As presented in Table 2, the GHG emissions of the CT and DP were higher than those of the other BMPs. Given the larger area of paddy fields compared with soybean fields, it is expected that the application of BMP1 and BMP2 would result in higher GHG emissions. As mentioned previously, BMP1 is effective in terms of TP removal efficiency and cost; however, its application may require careful consideration because of the significant amount of GHG emissions recorded upon application.



We found that the optimal BMP scenarios differed in terms of TP removal efficiency, cost, and GHG emissions during application. To maximize the TP removal efficiency, BMP7 was optimal in paddy fields, and BMP18 was optimal in soybean fields. BMP1 and BMP8 were the most effective methods for reducing costs in both paddy and soybean fields. To minimize GHG emissions, BMP7 and BMP18 were the most effective in both paddy and soybean fields. However, implementing a 50% reduction in fertilizer usage may not be the most cost-effective BMP application. Drastically cutting fertilizer usage by such a margin may indeed improve water quality and GHG emissions, but it could also potentially decrease agricultural production. Consequently, unilaterally reducing fertilizer usage could lead to conflicts among stakeholders. Pyo et al. [20] has shown that while contour cropping may excel in terms of cost-effectiveness, it may also result in a perception gap among stakeholders, indicating the presence of tradeoffs that need to be carefully considered. Therefore, instead of applying a single BMP with high efficiency throughout the entire watershed, this study determined that it is necessary to identify the optimal BMPs by comprehensively considering TP removal efficiency, cost, and GHG emissions. Through this approach, the research aimed to explore a combination of optimized BMP scenarios across the entire watershed.




3.3. Exploration of the Optimal BMPs for the Yeongsan River Watershed


The TP removal efficiency, cost, and GHG emissions were evaluated for individual BMP scenarios. Uniform application of the same BMPs across an entire watershed can lead to suboptimal TP removal efficiency, cost, and GHG emissions. Hence, multi-objective optimization using NSGA-III was employed in this study. For this optimization, the hyperparameters embedded in the algorithm were fine-tuned [45]. Hyperparameter values were explored using the random search method [38]. The optimized hyperparameters, discernible in Table 4, were determined to be a population size of 210, a total of 524 iterations, a crossover rate of 0.5631, and a mutation rate of 0.2083.



The results of the multi-objective optimization for TP removal efficiency, cost, and GHG emissions using the NSGA-III algorithm based on optimized hyperparameters are shown in Figure 6. These results represent the simultaneous optimization of the TP removal efficiency, cost, and GHG emissions for the Yeongsan River watershed. Among the solutions obtained through the NSGA-III algorithm, the best solution indicated a TP load of 781.1 tons, a cost of 0.2 million dollars, and GHG emissions of 4.8 kt CO2 eq. This reflects a reduction of 21.3% in the TP load compared to the original discharge amount for the watershed.



The results of the multi-objective optimization for the TP removal efficiency, expected cost, and expected GHG emissions are represented in 2D in Figure 7. Figure 7a illustrates the relationship between the TP removal efficiency and cost. An increase in the TP removal efficiency corresponded to an increase in cost, and vice versa. Figure 7b shows the relationship between the TP removal efficiency and GHG emissions, wherein an increase in the TP removal efficiency led to higher GHG emissions and a decrease in efficiency resulted in lower emissions. Figure 7c shows the correlation between cost and GHG emissions, indicating that increases in GHG emissions were accompanied by rising costs and reductions in GHG emissions led to lower costs.



Figure 8 shows the exploration results of the optimal BMP scenarios for the Yeongsan River watershed. Our findings identified BMP7 and BMP18 as the most effective strategies for enhancing TP removal efficiency, whereas BMP1 and BMP8 emerged as the most cost-efficient approaches. In addition, BMP7 and BMP15 demonstrated superior performance in minimizing GHG emissions. Upon optimizing the BMP scenarios for the watershed, BMP7 constituted approximately 62.5% of the paddy fields, followed by BMP1 (37.5%). BMP18 and BMP17 were predominant in soybean fields, accounting for 29.4% and 27.5%, respectively. The analysis of the best BMP scenarios for the Yeongsan River watershed revealed that BMP scenarios showing high efficiency individually did not necessarily perform best when considering the TP removal efficiency, cost, and GHG emissions comprehensively. This highlights that a comprehensive approach that considers all three factors simultaneously is more important than an individual approach that focuses on each factor. In particular, BMP1 was associated with significant GHG emissions when applied. However, the optimized BMP scenario showed that 37.5% of BMPs were utilized in paddy fields. Therefore, we found that it is important to consider the evaluation factors comprehensively when applying BMPs at the watershed level, rather than adopting a singular approach.




3.4. Recommendations for Future Research


In this study, we sought to determine the optimal BMP scenarios that would simultaneously reduce the cost and GHG emissions of TP removal in the Yeongsan River watershed. This study represents the first attempt to consider GHG emissions at the watershed level when applying BMPs, suggesting that this methodology could be used to find optimal, region-specific BMPs in other watersheds that also consider GHG emissions. Although this study focused on TP load reduction, other water quality factors, such as total nitrate load or sediment, could also be considered. Additionally, exploring parameters, such as water usage and soil health indicators, along with water quality improvement, could potentially lead to more sophisticated applications of BMPs.



Future studies should consider incorporating actual watershed conditions when approaching costs and GHG emissions. In this study, the numerical data regarding the cost and GHG emissions were derived from previous studies. These data, which reflect the environment and circumstances specific to the researchers, may differ from the actual conditions in the Yeongsan River watershed. Therefore, future research could benefit from utilizing data derived from actual watershed conditions.





4. Conclusions


Ensuring the sustainability of aquatic ecosystems hinges on maintaining watershed water quality, with BMPs serving as pivotal tools to enhance water quality while mitigating environmental impacts. This study leveraged the SWAT model alongside the NSGA-III multi-objective optimization algorithm to concurrently optimize water quality improvement, cost, and GHG emission reduction through BMP application at the watershed scale. Notably, this research represents the first endeavor at the watershed level to integrate GHG emissions alongside TP removal efficiency and cost considerations in BMP application. The findings revealed an optimal BMP configuration, enhancing water quality by 21.3% relative to baseline conditions, incurring a cost of 0.2 million dollars, and resulting in 4.8 kt CO2 eq. of GHG emissions. This delicate balance between cost and environmental impact underscores the economic and sustainable viability of BMPs in watershed management, offering crucial insights for stakeholders and decision-makers engaged in resource management.



While this study focused on enhancing TP removal efficiency, it provides a foundation for future research to assess improvements in water quality concerning total nitrogen load and sediment dynamics. Such endeavors promise a more comprehensive evaluation of the impacts of agricultural practices on aquatic ecosystems, facilitating the formulation of tailored management strategies specific to watershed requirements. Furthermore, by integrating additional environmental indicators such as water usage and soil health in subsequent investigations, optimal solutions spanning a broader spectrum of factors can be explored, culminating in more efficacious watershed management outcomes. This holistic approach not only aids in regulatory compliance but also fosters stakeholder engagement by elucidating the trade-offs and synergies between diverse management alternatives.



Through this study, we underscore the value of integrating cost, TP removal efficiency, and GHG emission considerations into BMP application decision-making processes, aligning with overarching environmental sustainability objectives. Such an approach promotes collaborative and informed decision-making among stakeholders, potentially fostering increased community involvement and support for sustainable agricultural and environmental policies.
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Figure 1. Description of the Yeongsan River Watershed. 
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Figure 2. Schematic diagram of this study. 






Figure 2. Schematic diagram of this study.



[image: Agronomy 14 00906 g002]







[image: Agronomy 14 00906 g003] 





Figure 3. Status of HRUs for paddy and soybean fields in the Yeongsan River watershed. 
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Figure 4. Results of calibration and validation of the SWAT model. 
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Figure 5. Comparative analysis of TP removal efficiency, cost, and GHG emissions when applying individual BMP scenarios: (a) expected TP removal efficiencies, (b) expected cost, (c) expected GHG emissions when applying individual BMP scenarios. 
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Figure 6. Multi-objective optimization results using NSGA-III (3D). 
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Figure 7. Multi-objective optimization results using NSGA-III (2D). (a) TP removal efficiency vs. cost; (b) TP removal efficiency vs. GHG emissions; (c) cost vs. GHG emissions. 
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Figure 8. Optimized BMP implementation for the Yeongsan River watershed. 
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Table 1. Overview of BMP parameters and values.
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Types of BMPs

	
Description

	
Parameters

	
Values

	
Sources






	
Conservation Tillage (CT)

	
An agricultural management approach that emphasizes minimizing the frequency or intensity of tillage operations to promote various economic and environmental benefits

	
CN2

	
−3

	
[23,34,35]




	
OV_N

	
0.30




	
TILL_ID

	
Conservation tillage




	
No Tillage (NT)

	
An agricultural management approach wherein the soil is not distributed between harvesting and planting

	
CN_2

	
−2

	
[23,34,35]




	
OV_N

	
0.30




	
TILL_ID

	
No tillage




	
Detention Pond (DP)

	
An engineered structure designed to manage excess stormwater and reduce pollution from runoff

	
PND_K

	
0

	
[22,36,37]




	
PND_FR

	
0.75




	
PND_ESA

	
0.01




	
Reduction of Fertilizer (RF)

	
Optimization of fertilizer application to minimize its excessive use, thereby reducing the environmental impact, particularly in terms of water pollution and eutrophication in water bodies

	
Fertilizer application

	
−10~−50%

	
[37,38]




	
Riparian Buffer (RB)

	
Vegetated areas near rivers and streams that play a critical role in maintaining the health of aquatic ecosystems

	
FILTERW

	
10

	
[24,39,40]











 





Table 2. Comparative analysis of BMP scenarios with respect to cost and GHG emissions.
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BMP Scenarios

	
Description

	
Cost ($/ha)

	
GHG Emissions (kg CO2 eq./ha)

	
Cultivation






	
BMP1: CT_rice

	
Conservation tillage

	
0 [34]

	
5514.80 [35]

	
Rice




	
BMP2: DP_rice

	
Detention pond

	
99 [22]

	
5480.00 [37]




	
BMP3: RF 10_rice

	
10% reduction of fertilizer usage

	
92.17 [41]

	
1221.61 [38]




	
BMP4: RF 20_rice

	
20% reduction of fertilizer usage

	
81.93 [41]

	
1085.87 [38]




	
BMP5: RF 30_rice

	
30% reduction of fertilizer usage

	
71.69 [41]

	
950.14 [38]




	
BMP6: RF 40_rice

	
40% reduction of fertilizer usage

	
61.45 [41]

	
814.40 [38]




	
BMP7: RF 50_rice

	
50% reduction of fertilizer usage

	
51.20 [41]

	
678.67 [38]




	
BMP8: CT_soybean

	
Conservation tillage

	
0 [34]

	
5514.80 [35]

	
Soybean




	
BMP9: NT_soybean

	
No tillage

	
17.25 [34]

	
3827.92 [35]




	
BMP10: DP_soybean

	
Detention pond

	
99.00 [22]

	
5480.00 [37]




	
BMP11: RF 10_soybean

	
10% reduction of fertilizer usage

	
68.83 [41]

	
1221.61 [38]




	
BMP12: RF 20_soybean

	
20% reduction of fertilizer usage

	
61.18 [41]

	
1085.87 [38]




	
BMP13: RF 30_soybean

	
30% reduction of fertilizer usage

	
53.53 [41]

	
950.14 [38]




	
BMP14: RF 40_soybean

	
40% reduction of fertilizer usage

	
45.89 [41]

	
814.40 [38]




	
BMP15: RF 50_soybean

	
50% reduction of fertilizer usage

	
38.24 [41]

	
678.67 [38]




	
BMP16: RB 1_soybean

	
Width of riparian buffer zone: 1 m

	
29.00 [39]

	
778.00 [40]




	
BMP17: RB 3_soybean

	
Width of riparian buffer zone: 3 m

	
32.00 [39]

	
1556.00 [40]




	
BMP18: RB 5_soybean

	
Width of riparian buffer zone: 5 m

	
35.00 [39]

	
2334.00 [40]











 





Table 3. Expected effects when applying BMP scenarios.
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	BMP Scenarios
	TP Removal Efficiency (%)
	Costs (Million Dollars)
	GHG Emissions (kt CO2 eq.)





	BMP1: CT_rice
	2.36
	0.00
	60.49



	BMP2: DP_rice
	0.53
	1.09
	60.11



	BMP3: RF 10_rice
	5.36
	1.01
	13.40



	BMP4: RF 20_rice
	10.73
	0.90
	11.91



	BMP5: RF 30_rice
	15.98
	0.79
	10.42



	BMP6: RF 40_rice
	21.43
	0.67
	8.93



	BMP7: RF 50_rice
	26.87
	0.56
	7.44



	BMP8: CT_soybean
	0.21
	0.00
	9.18



	BMP9: NT_soybean
	0.04
	0.03
	6.38



	BMP10: DP_soybean
	0.34
	0.16
	9.13



	BMP11: RF 10_soybean
	0.22
	0.11
	2.03



	BMP12: RF 20_soybean
	0.45
	0.10
	1.81



	BMP13: RF 30_soybean
	0.66
	0.09
	1.58



	BMP14: RF 40_soybean
	0.88
	0.08
	1.36



	BMP15: RF 50_soybean
	1.09
	0.06
	1.13



	BMP16: RB 1_soybean
	4.45
	0.05
	1.30



	BMP17: RB 3_soybean
	6.17
	0.05
	2.59



	BMP18: RB 5_soybean
	7.17
	0.06
	3.89










 





Table 4. Results of optimal hyperparameter search for NSGA-III [45].
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	No.
	Hyperparameters
	Description
	Minimum Value
	Maximum Value
	Optimized Value





	1
	Population_size
	Number of solutions in a single generation
	50
	1000
	210



	2
	Num_iteration
	Total number of generations of iterations
	500
	1000
	524



	3
	Crossover_rate
	Fraction of genetic information passed from parents to offspring during reproduction
	0.1
	0.9
	0.5631



	4
	Mutation_rate
	Frequency of random alterations in the genetic information of solutions
	0.1
	1.0
	0.2083
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