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Abstract

:

This study was conducted in the Atwood and Tappan Lakes watersheds of the Tuscarawas basin of Ohio. The flow, total nitrogen (TN), and total phosphorus (TP) loadings were monitored with the help of local stakeholders for a few years at various locations of the watershed to develop the Soil and Water Assessment Tool (SWAT). The multi-site SWAT model calibration and validation were accomplished with a reasonable model performance. In the next step, the scenario analysis was conducted in the SWAT model using various BMPs, including vegetative filter strips, grass waterways, fertilizer reduction, crop rotation, and cover crops to evaluate their performance in reducing TN and TP from the watershed. While BMPS in many studies are decided based on researchers’ intuition, these BMPs were selected based on active consultation with the local stakeholders, who were engaged in the reduction of TN and TP loadings from the watersheds. Since the SWAT model calibration for TN and TP was not as good as the hydrologic model calibration, various scenarios of TN and TP reduction using BMPs were investigated for several years using both calibrated and uncalibrated SWAT models. We examined all the BMPs in 12 sub-watersheds of the Atwood and 10 sub-watersheds of the Tappan Lake watershed. The analysis indicated that the management practices of cover crops (rye) in combination with grass waterways with a 10% fertilizer reduction could minimize the TN and TP loading by as much as 88%, without significantly compromising the agricultural yield. However, a 10% fertilizer reduction without any BMPs could reduce TN and TP by just 9%. The cover crop (rye) including 10% fertilizer reduction with grass waterways seemed to be the most effective in reducing TN and TP, whereas the implementation of a filter strip led to a 70% reduction and was the next effective BMPs in reducing TN and TP loadings. In general, TN losses were reduced by 8% to 53%, while TP losses were reduced by 7% to 88%, depending on the BMPs used. By and large, the TN and TP reduction achieved through the calibrated model was not significantly different from the uncalibrated model, even though the reduction using the calibrated model was slightly higher for all scenarios than that of the uncalibrated model. The TN and TP loadings were highly sensitive to cattle grazing. When just 50% of the cattle were permitted to graze, the model predicted that there would be a 40% increase in total nitrogen and a 70% increase in total phosphorus in both watersheds. Our investigation revealed that monitoring the watershed at a small sub-watershed scale and calibrating the SWAT model for nitrogen and phosphorus is delicate.
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1. Introduction


Water quality problems due to total nitrogen (TN) and total phosphorus (TP) have become increasingly critical over the past few decades as a result of anthropogenic influences including point and non-point sources [1,2,3,4,5] resulting in serious water quality issues in lakes and reservoirs [6,7]. Several past studies reported that non-point sources from agricultural activities [8,9], especially due to the nutrient loading from the agricultural field, is one of the major contributors to water contamination in the United States [10,11,12]. Since farmers generally tend to increase fertilizer input in the field for high agricultural production [13,14,15], excessive use of fertilizers enriched with nitrogen (N) and phosphorus (P) has increased the amount of nutrients discharged into water bodies, thus degrading the quality of lakes and ponds [16,17,18,19].



The alarming rate of TN and TP loading entering water bodies has posed critical challenges, notably the escalating issue of eutrophication in lakes, compromising the quality of drinking water and impacting various water-related activities [20,21,22]. In order to minimize the adverse effects of nutrient pollution in water bodies, many researchers in recent studies suggested that conservation methods, also known as Best Management Practices (BMPs), including vegetative filter strips (VFS), grass waterways (GWW), fertilizer reduction (FR), crop rotation (CR), and cover crop (CC) have been widely recommended as viable mitigation measures to reduce non-point pollution and improve water quality in impaired waterbodies [23,24,25]. However, the efficacy of BMPs is case by case and mostly limited to site-specific locations. As a result, there have not been any standardized or widely approved BMPs coherent for all types of case studies [26,27,28].



Even though field experiments are ideal for assessing the effectiveness of these BMPs for a particular site, field experiments, especially on a small scale, are not feasible because of their high cost and lengthy duration [29]. One of the typical approaches to address this issue is to use a watershed model and evaluate the appropriate BMPs for the specific study. Numerous studies conducted in recent decades have investigated the effectiveness of BMPs in water quality analysis [11,30,31,32] utilizing the watershed model Soil and Water Assessment Tool (SWAT). For example, several studies reported that VFS could potentially reduce the nutrient level by 31% to 90% [33,34]. Additionally, several investigations have demonstrated that crop rotation can lead to a significant decrease in nutrient load, with reductions ranging from 15% to 32% [7,25,35]. The application of cover crops has been proven to be effective to decrease nitrogen and phosphorus by 20% to 38% [36,37]. Furthermore, research by various scientists reported that GWW could reduce nutrient concentration by 17% [38]. However, many researchers point out that addressing nutrient pollution by employing BMPs is still complex and faces immense challenges [27,39,40] partly because many BMPs are either simply not sustainable due to site conditions, and mainly because the farmers and local stakeholders have strong reservations about the implementation of such BMPs due to maintenance issues in the long run. In this context, consultation with watershed stakeholders, for instance, watershed specialists and local farmers of the study area, is crucial for the application of sustainable BMPs in the field. The models developed using the data from field monitoring along with the direct involvement of stakeholders [41] can be helpful in better understanding the water and nutrient transport processes [42,43]. Besides modeling, active stakeholder engagement from the onset of project design is equally important for sustainable water quality management to integrate the stakeholder’s perceptions of water quality problems, indigenous knowledge, expertise, and rights in the decision-making process [44,45,46]. Though several scientific tools and approaches for BMPs have been developed, very few of them are sustainable for the benefit of the community. Therefore, this study will involve coordination with various stakeholders, including agencies engaged in water quality monitoring, to obtain their potential suggestions for SWAT model development. One of the new approaches of this study is to coordinate with stakeholders in water quality monitoring and take their feedback in model development.



In summary, the major objectives of this study are to: (i) monitor the watershed, collect the sample, and analyze the TN and TP for SWAT model development; (ii) calibrate the model for flow, TN, and TP to develop various scenarios of potential TN and TP reduction in the Atwood and Tappan Lakes from the sub-watersheds using the BMPs suggested by the stakeholders.




2. Materials and Methods


2.1. Study Area


The study was conducted in the Atwood and Tappan Lake watersheds located within the Tuscarawas basin, which is geographically positioned in the northeast part of Ohio (Figure 1). The Atwood Lake watershed encompasses 181 km2, whereas the Tappan Lake watershed covers 183 km2. Both watersheds, with elevations ranging from 256 to 415 m, drain into their respective lakes and receive 1085 mm of precipitation per year. In general, each watershed is dominated by forest accounting for more than 50% of the entire watershed area. Atwood and Tappan share similar watershed characteristics in terms of land use and land cover. For example, the Atwood and Tappan watersheds are characterized by approximately 30% and 20% of agricultural land including pasture, respectively (Figure 1). These land uses are considered major sources of non-point source pollution. Though the portion of agricultural/hay area is relatively less, both lakes experience water quality impairment, including eutrophication and algal bloom. Tappan Lake provides drinking water to the town of Cadiz, while Atwood Lake serves only a small portion of Carroll County.




2.2. Soil and Water Assessment Tool (SWAT)


Globally, SWAT is one of the widely used semi-distributed watershed models to assess the impact of management practices on analyzing water quantity and quality [47,48,49]. The model is popularly used for the simulation of hydrologic analysis, erosion, nutrient cycle, and pesticide transport [50,51] in small to very large complex watersheds with varied soil and land use characteristics across the world [52,53,54].



There are typically two phases of the hydrological cycle represented in the SWAT model, including the land phase and the routing of runoff through the reaches. When simulating the land phase of a river’s flow, researchers divide the basin into smaller sections called “sub-basins,” each of which has its own unique set of land use/land cover, soil type, and slope. The water balance is then determined for additional Hydrologic Response Units (HRUs) in each sub-basin. During the routing phase, control points decide how water will flow through the stream network and discharge from the basin outlet, connecting the many sub-basin outlets [55].




2.3. SWAT Model Input


The simulation of stream flows involves inputs including digital elevation model (DEM), land use, soil, weather, etc. (Table 1). The stream networks were delineated in ArcGIS using a digital elevation model (DEM) of 30 m resolution, which was downloaded from the USGS National Elevation Dataset. This resulted in the creation of 46 subbasins following the demarcation of the watershed boundary. Moreover, the most recent land use data with a resolution of 30 m was obtained from the National Land Cover Database to appropriately represent the existing land use characteristics of the watershed. The high-resolution soil data from Soil Survey Geographic Database (SSURGO) was used as the input for the SWAT model. Since a large number of HRUS are extremely helpful for streamflow prediction [56], 761 HRUs were created after excluding the minor land uses, soils, and slopes using a threshold of 10%, 10%, and 5%, respectively.



The climate data over the past 20 years were obtained from the National Climatic Data Center (NCDC) in order to capture the spatial and temporal variability of the precipitation and temperatures as recommended by various studies [57,58]. Altogether, four precipitation and temperature stations were incorporated into the model, and the remaining climatic datasets were simulated using the SWAT built-in weather generator. Additionally, five USGS locations were used to obtain the daily flow data to accomplish multi-site calibration and validation of the stream flow. The flow chart for the entire methodology is presented in Figure 2.




2.4. Model Calibration and Validation


The application of distributed watershed models as decision-making tools in the field of water management is increasing [59]. Therefore, it is essential that these models undergo a comprehensive process of calibration and validation [60]. For this, the model was set up to calibrate and validate at multiple sites by using the SUFI-2 algorithm in SWAT Calibration and Uncertainty Program (SWAT-CUP) [61,62,63].



The SWAT model was set up from 2000 through to 2020 and run in monthly time steps after an initial 3-year warm-up period (2000–2002). Thirteen years of observed streamflow data from 2003 to 2015 at three USGS sites within the Tuscarawas watershed were used for model calibration. The SWAT-CUP was utilized to conduct sensitivity analysis to identify the most sensitive model parameters for the hydrologic simulation. Additionally, manual calibration was also undertaken following the automatic calibration to adjust the model parameters. Twenty distinct model parameters were selected for hydrological calibration (not shown) based on previous studies [53]. In the next step, the optimized model parameters were tested against the observed streamflow data from 2016 to 2020 at each site for validation using various statistical measures to evaluate the performance of the model including coefficient of determination (R2), Nash—Sutcliffe efficiency (NSE) [64], percent of bias (PBIAS), and root mean square error (RSR).




2.5. Hydrologic and Water Quality Monitoring


Since long-term and spatially distributed hydrologic and water quality data are essential for simulation studies, monitoring sites were established at various locations on the Atwood and Tappan Lake sub-watersheds. The five stations (Figure 1) were identified by consulting with the stakeholders of Carroll and Harrison Counties, which generally represent the upstream sub-watersheds. The water samples were collected using the grab sampling method at the five stations and sent to the water quality laboratory for the analysis of total nitrogen and total phosphorus concentrations. Meanwhile, stream flow data were also recorded on those stations with the help of Flow Tracker 2, which was specifically used to log the flow data at small shallow creeks.



The water quality monitoring plan [65] was adopted during the collection and analysis of water samples, whereas the EPA protocol was followed for water sample collection and delivery to the laboratory. For example, a sample bottle was rinsed three times before collecting a water sample, and then the sample was preserved with 2 mL sulfuric acid (H2SO4). Then, the samples were stored in an ice box to maintain the temperature below six degrees for laboratory analysis of total nitrogen and total phosphorus.



Since the nitrogen and phosphorus data were sporadically collected from 2015 to 2022, on average, 15 observed data were recorded for each designated monitoring station. Particularly for TN and TP simulation, we chose a manual calibration helper in the SWAT model using available observed nitrogen and phosphorus data. The most sensitive parameters (not shown) which were identified through similar studies conducted in different regions were considered in the SWAT model [8]. Since it is a general practice to use a regression-based Load Estimator (LOADEST), a software developed by USGS to generate continuous data from sporadic sets of data [66,67], this study utilized the LOADEST to interpolate observed nitrogen and phosphorus data at the five monitoring stations to generate continuous data in daily and monthly scales.




2.6. Best Management Practices Scenarios


In order to analyze the effectiveness of the BMPs on reducing nutrient pollution, such as vegetative filter strip (VFS), grass waterways (GWW), crop rotation (CR), cover crop (CC), and fertilizer reduction (FR), these BMPs were employed in the agricultural areas of both watersheds in the SWAT model to simulate TN and TP loadings. The efficacy of all BMPs was evaluated in the Atwood and Tappan Lake sub-basins by computing the reduction TN and TP yield at the outlets of respective lakes and comparing it with the baseline scenario (i.e., no BMPs). Furthermore, we evaluated the sensitivity of cattle grazing patterns in the pasture lands of both watersheds, resulting in TN and TP yields.



In this study, VFS of 1 m width were applied only for agricultural and pasture land use, which were identified in both watersheds using ArcGIS. We also experimented with a 7 m width VFS, but the agricultural area in both watersheds was relatively small; therefore, we adopted a VFS of 1 m width as a reasonable selection. Similarly, the average width of 3 m and depth of 0.5 m for GWW with other default values of parameters were considered while simulating the GWW in the model. The winter cover crop simulated in this study was rye, which has demonstrated reasonable effectiveness in lowering the nitrogen load from agricultural fields [68]. For this, we discussed with the producers and stakeholders the feasible cover crops (rye) that could potentially be used in the watersheds. The cover crop, rye, was simulated after completing the harvest and kill operation of the major crop.



Next, crop rotation is a universal farming method that lets different crops be grown in the same location at different times [69]. The water quality can be improved by changing the order of cultivation of different crops [7,16,70]. Therefore, corn-soyabean rotation was simulated in alternate years to assess TN and TP yields by consulting with stakeholders.



Likewise, in order to see the impact of TN and TP reduction, the fertilizer application rate was reduced by 10% as one of the BMPs to evaluate the TN and TP reduction and crop yield. The greater amount of TN and TP flow is one of the consequences of over-exploitation of pasture fields by cattle grazing [71,72,73]. In order to analyze the impact of cattle grazing on TN and TP yields from pasture lands, the population of cattle, grass consumption, and manure deposition were estimated based on various reports [74,75]. Since it was not possible to exactly determine the number of cattle grazing in the field in the given month, sensitivity analysis was conducted in TN and TP yield using the percentage of cattle (25%, 50%, and 100%) in the watershed possibly engaged in grazing.



Simulations were carried out over a span of several years, from 2000 to 2022, in order to better realize the effects of climate variability on the implementation of best management practices (BMPs). These simulations were conducted at intervals every seven years and compiled, which included a warm-up period of two years for each simulation. This approach of the short and equal interval of running the model was adopted to ensure that the model could produce coherent and consistent analysis for BMP implementation on the SWAT model.





3. Results and Discussion


3.1. Model Calibration


The graphical representation and statistical criteria exhibited satisfactory SWAT model performance during calibration and validation (Figure 3). The statistical parameters NSE, R2, PBIAS, and RSR that measure the monthly performance of the model are tabulated in Table 2. The NSE values ranged from 0.54 to 0.79 for monthly streamflow calibration, and from 0.50 to 0.89 for monthly streamflow validation at USGS gauge stations, which is considered good [64]. The sub-watershed response in terms of flow was consistent with the overall flow from the final outlet of the entire basin. The performance of the model for the sub-basins representing the Atwood watershed (lake outlet) and Tappan watersheds (lake outlet) show satisfactory results, though not as good as the other three stations, which were used in model calibration because the observed time series discharge of those lake outlets was limited (Figure 4). However, we experimented with various precipitation data from the stations located within the watershed boundaries and beyond to ensure that the precipitation data were more or less consistent with the observed streamflow. Our analysis suggested that the precipitation data utilized in our model analysis appropriately represented the corresponding observed streamflow of respective locations (lake outlets).




3.2. Water Quality Calibration


The graphical representation of the simulation of water quality analysis for the baseline was compared with the monitored nutrient data (Figure 5) for five different stations. However, a single station is presented in Figure 6 for the conciseness of the manuscript. The nutrient calibration in the present study was relatively less satisfactory as compared to the hydrological model calibration. This can be attributed to the fact that the available sporadic data pertaining to nutrient concentrations were limited in number, and only a few of these data sets were encompassed by the simulated datasets. The correlation between observed concentrations and simulated concentrations for five monitoring stations was compared to observe the performance of the calibrated model in predicting nutrient flow.



It is noteworthy to report that the calibration of the model for TN and TP was accomplished upstream of the lake, where the hydrodynamic influence of the lake was not experienced. This is because the SWAT model does not simulate the lake nutrient processes, and the calibration of the nutrient at the outlet is not justified unless we couple it with hydrodynamic and water quality models.



In addition, continuous daily total nitrogen and total phosphorus load (kg/d) from 2015 to 2022 was estimated with the LOADEST. In the next step, after converting the daily load to the average monthly, the estimated monthly average load was compared with the load simulated using the SWAT model. The graphical representation of the comparison is depicted in Figure 6 (Station ATW 10). The load distribution pattern appears to be comparable to the LOADEST and SWAT models, despite significant differences in peak load estimations. Specifically, the peak load estimations produced by LOADEST are significantly lower than those produced by the SWAT model except in one station (TAP6). This disparity could be due to several reasons, including a lack of sufficient observed data. One of the reasons for underestimation by the LOADEST regression could be due to the sample primarily being taken during the low and medium flows. We had to rely on our stakeholders to collect the sample and they prefer to avoid sampling when there is heavy rainfall. The water quality sampling during extremely high flows was also not physically possible due to the size of the streams. The LOADEST primarily relies on 10 available regression equations and can decide the best fitting of the observed data with simulated output based on the data pattern. While we experimented with all regression equations in the LOADEST, the regression equation automatically selected by the LOADEST was used for the analysis.




3.3. BMPs Analysis


This study used the existing practice of corn cultivation and fertilizer input as baseline scenarios to evaluate operation management strategies. Since the water quality calibration was not as good as the hydrologic calibration, the BMPs were simulated in both calibrated and uncalibrated SWAT models and the results were compared in terms of TN and TP reduction. The analysis conducted in the Atwood watershed showed that each BMPs showed a wide range of variations in TN and TP concentrations in various years in both watersheds (Figure 7). The study found that the modeled BMPs generally have small variability in total phosphorus reduction, except for a scenario in which the cover crop was implemented with a 10% fertilizer reduction (Figure 8). It is worthwhile to report that the yield was significantly reduced when the fertilizer reduction was lowered by more than 10%. Therefore, fertilizer reduction was limited to 10%, which brought a negligible change in crop yield. However, there was some variation among BMPs in terms of their efficacy in reducing total nitrogen and total phosphorus. The average reduction in total nitrogen and total phosphorus from the application of BMPs and their combinations at the outlet of both lakes is presented in Figure 9. The reduction in TN and TP was experimented with each BMP, one at a time, in both watersheds.



The simulation study conducted in the Atwood watershed using GWW suggested that the reduction of total nitrogen and total phosphorus ought to be 40% and 81%, respectively, at the outlet of the lake. The reduction indicated that the effectiveness of GWW is comparatively higher, and similar findings were also asserted by a previous study [76]. Likewise, VFS exhibited reductions of 32% for both total nitrogen and total phosphorus, which is consistent with earlier studies [77,78]. The total nitrogen and total phosphorus were reduced by 8% and 7%, respectively, with a minor decrease in agricultural yield (1%), when applying a 10% fertilizer reduction. Since rye was a predominately used cover crop, we experimented with the combination of rye, GWW, and 10% fertilizer reduction. It further reduced the total nitrogen and total phosphorus by 48% and 85%, respectively.



Since both watersheds shared similar land use/land cover characteristics and climatic features, the TN and TP reduction in Tappan watersheds showed similar reductions from BMPs at the outlet of the watershed when compared with a baseline for the entire simulation period of 2000 to 2022 (Figure 10). The analysis conducted in the Tappan watershed suggested that the effectiveness of GWW was significant. The average reduction of total nitrogen in the Tappan watershed was of 46%, whereas total phosphorus was reduced by 86% (Figure 10). In fact, the reduction of total nitrogen from the use of GWW was as low as 22% in 2012, whereas it was as high as 54% in 2004. This is not surprising because the year 2012 was a dry year with a yearly precipitation of 892 mm, whereas the year 2004 was considered a wet year with a yearly precipitation of 1370 mm, and the TN and TP simulation in the SWAT model was primarily driven by the climate as we did not vary the fertilizer application and land use/land cover each year (Figure 11). However, variation in total phosphorus reduction was less sensitive to climatic patterns. Next, a fertilizer reduction of 10% as a standalone BMP was experimented, which lowered the total nitrogen and total phosphorus by 9% and 7%, respectively, in the same simulation period. However, the removal efficiency was not significantly varied in both years, suggesting that this particular BMP is less sensitive to climatic variability. Likewise, the implementation of VFS on average reduced total nitrogen and total phosphorus by 34% and 68%, respectively, for the entire simulation period. This finding of the efficacy of VFS for TN and TP reduction was consistent with many previous studies [34]. In addition, it is interesting to report that the performance of VFS was similar to GWW for total nitrogen reduction, which was as high as 38% in the wet year of 2004 and as low as 17% in the dry year of 2012. The scenario analysis with the combination of rye, GWW, and 10% fertilizer reduction was experimented with in the model, which showed a reduction of total nitrogen and total phosphorus by 53% and 88%, respectively (Figure 12). In addition, the overall analysis of both watersheds demonstrated similar phenomena in TN and TP reduction while simulating the model for the entire simulation period of 2000–2022.



In general, when comparing the individual effect of BMPs in both watersheds, GWW showed the highest average reduction in total nitrogen, ranging from 20% to 53%, while VFS decreased the average total nitrogen load by 16% to 40%. The results indicated that percentage reductions in total nitrogen were sensitive to climatic conditions, as the watershed experienced comparatively low precipitation in 2012 and comparatively high flow in 2004. The effectiveness of GWW in the reduction of average total phosphorus varied from 82% to 87%, while VFS reduced the average total phosphorus load from 67% to 72% during the simulation period. Moreover, the analysis revealed that a fertilizer reduction of 10% reduced the total nitrogen and total phosphorus by 9% and 7%, respectively, throughout the simulation period, with small variability in reduction from year to year. It is crucial to report here that the higher reduction of TN and TP in GWW is not only because of its efficacy but also due to its application in relatively larger areas as the GWW was implemented all in agricultural and pasture areas, which covered almost 25 to 30% of the total watersheds for both Atwood and Tappan. Therefore, the efficacy of each BMPs is location-specific and true only for this particular research, meaning they are not simply transferrable to other locations as the fertilizer reduction could be more effective in a watershed where agricultural land is significant.



On the other hand, BMPs such as fertilizer reduction, cover crop, and crop rotation were not effective for reducing TN and TP as those were limited to agricultural lands, which account for a small percentage of the overall watershed area (approximately 3% for both watersheds), suggesting that the TN and TP reduction from cover crops, fertilizer reduction, and crop rotation might be significant in agriculture-dominant areas. It is important to note that the effectiveness of these practices varies on a case-by-case basis and also depends on various factors including soil type, climate, slope, etc.



Moreover, the study investigated the sensitivity of cattle grazing on TN and TP loading in the watersheds (Figure 13). The research found that the TN and TP load dramatically increased in both watersheds when all of the cattle were allowed to graze freely in the pasture areas. The Atwood Lake watershed demonstrated an increase in total nitrogen of 100% and total phosphorus of 250%, whereas Tappan Lake watershed demonstrated an increase in total nitrogen and total phosphorus, respectively, of 135% and 350%. When just 50% of the cattle were permitted to graze, the model predicted that there would be a 40% increase in total nitrogen and a 70% increase in total phosphorus in both watersheds. Likewise, when 25% of the cattle were allowed to graze, on average, there was an increase of 19% and 36% in total nitrogen and total phosphorus in both watersheds, respectively. This study suggests that controlling cattle grazing in the pasture area is essential to minimize TN and TP load in both watersheds as noted by previous studies [71,73].



While conducting BMPs analysis, it is worthwhile to report that the results in terms of TN and TP reduction with the uncalibrated model were not considerably different from the calibrated model, even though the TN and TP reduction using the calibrated model was slightly higher than that of the uncalibrated model (Figure 14). The findings of the comparison between the calibrated and uncalibrated SWAT model indicated that the calibration of the model would not have a substantial effect on BMPs analysis when ranking their effectiveness as long as the watershed area and other characteristics remain the same. These findings are in line with previous studies suggesting that the uncalibrated SWAT model can perform reasonably well [79]. More importantly, the identification of the critical sources of the area would not be significantly different, regardless of whether or not the model is calibrated [40,80,81].



Moreover, when we compared the rank of BMPs in the reduction of TN and TP loads, both calibrated and uncalibrated models depicted similar ranking patterns. For instance, a combination of GWW-cover crop-fertilizer reduction of 10% exhibited the highest reduction of total nitrogen and total phosphorus for both the calibrated and uncalibrated models. Among the BMPs that we experimented with, fertilizer reduction of 10% showed the lowest reduction of total nitrogen and total phosphorus, both in the calibrated and un-calibrated models.



For this study, we engaged stakeholders for data collection and their inputs for BMPs selection. While two-stage ditch and wetland creation were considered for analysis, these were ruled out after surveying the sites and consulting with stakeholders. We tried to calibrate and validate the model using the data collected by stakeholders, especially for nitrogen and phosphorus, which will be discussed and shared with the stakeholders.



Since watershed models are approximations of natural processes, the models may or may not capture all the underlying real-world phenomena. More importantly, uncertainties exist even in the outcome of the well-calibrated model. We truly acknowledge that TN and TP calibration was not as good as hydrologic calibration. Perhaps, the model could be improved by collecting more data in the existing locations and the improved model could be more reliable for scenario analysis. However, how much improvement we can make in the model, and, with that improvement, what would be the differences in our scenario analysis, still remain open questions. On the one hand, all models are approximations and none of them can predict with 100% accuracy. On the other hand, it is much less likely to obtain a significant difference in our analysis, even after further improvement of the model, especially in the context of our calibrated and uncalibrated results being approximately the same. We started this research with the consultation of the stakeholders, and we will end this research by sharing the outcome with our collaborators along with the open question of whether further improvement of the model via collecting more data and spending resources, time, and efforts will be meaningful if the results remain almost same, especially the rankings of BMPs being identical and independent of the model calibration. Regardless, our findings, especially the percentage reduction in TN and TP through implementing various BMPS, are expected to be a great resource for the decision making and the restoration planning of both watersheds.





4. Conclusions


This study was conducted in the Atwood and Tappan Lake watersheds, located in the Tuscarawas basin, Ohio. This study aimed to examine the effectiveness of best management practices (BMPs) in reducing TN and TP loads in both watersheds, in order to recommend management practices for the Carroll and Harrison Counties of Ohio. Various sites were monitored in the watersheds for recording flow and nutrient levels for a number of years. The sites were selected based on extensive communication with stakeholders, their active participation in data collection, and their feedback on the existing land use practices, agricultural patterns, and fertilizer inputs for the model development. The stream flow calibration and validation were accomplished in various USGS gauging stations. Similarly, various forms of nitrogen and phosphorus data were collected and analyzed, and the model was calibrated for TN and TP at various locations.



The study simulated various BMPs including GWW, VFS, cover crop, and fertilizer reduction of 10%, and their combinations, based on the input from stakeholders to assess their efficacy from 2000 to 2022 for both watersheds. The results showed that, depending on the BMP used, total nitrogen loads could be reduced by 9% to 51% and total phosphorus loads could be reduced by 7% to 87%. The individual efficacy of GWW in lowering total phosphorus was as high as 84%, whereas fertilizer reduction of 10% accounted for just 7%. Meanwhile, GWW’s efficacy in lowering total nitrogen was as high as 43%, whereas a 10% fertilizer decrease could reduce it by 9%. The model was tested with combinations of the cover crop rye, GWW, and a 10% reduction in the amount of fertilizer used, and the results showed reductions in the amount of total nitrogen and total phosphorus of 51% and 87%, respectively. Moreover, the analysis revealed that fertilizer reduction of 10% reduced the total nitrogen and total phosphorus by 9% and 7%, respectively, throughout the simulation period, with an approximate reduction of 1% in agricultural yield.



The effect of the rate of cattle grazing was also assessed. It is noteworthy to report that a significant increase in total nitrogen and total phosphorus was detected in both watersheds when cattle grazing in the pasture was considered in the model simulation, suggesting that the TN and TP loading is sensitive to cattle grazing. As the TN and TP were not adequately calibrated due to lack of sufficient data, especially during high flows, this study compared the result simulated from calibrated and uncalibrated models to evaluate the difference in the outcome. The results showed that TN and TP reduction using an uncalibrated model was not significantly different from the calibrated model, even though the calibrated model reported a slightly higher TN and TP reduction. More importantly, the rankings of the efficacy of all BMPs were unaltered regardless of whether the model was calibrated or not. From this perspective, further improvement of the model may not affect the decision-making system.



The BMPs’ application for TN and TP reduction should be carefully evaluated with due economic considerations in terms of their potential reduction versus the cost incurred for particular BMPs before implementing them on a larger scale. Further research can be conducted to assess the economic viability and practicality of BMPs while considering other implementation constraints. Regardless, the research contributes valuable insights into the efficiency of BMPs in reducing nitrogen and phosphorus loads, and these findings will help promote sustainable watershed management practices in the Carrol and Harrison Counties.
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Figure 1. Land use map of the Atwood Lake watershed and nitrogen and phosphorus monitoring stations (a), Tappan Lake watershed (b), and nitrogen and phosphorus monitoring stations within Tuscarawas basin (c). WATR: open water; WETN: emergent herbaceous wetlands; WETF: woody wetlands; URMD: urban medium density; URLD: urban low density; URHD: urban high intensity; UIDU: industrial developed; SWRN: barren land; RNGE: herbaceous; RNGB: shrub/scrub; HAY: hay/pasture; FRST: mixed forest; FRSE: evergreen forest; FRSD: deciduous forest; AGRR: cultivated crops. 
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Figure 2. Flowchart for detailed methodology. 
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Figure 3. SWAT model streamflow calibration (2003–2015), and validation (2016–2020) at 3 USGS gauge stations, namely USGS Gauge 3,129,000 (a), USGS Gauge 3,124,500 (b), and USGS Gauge 3,117,000 (c). 
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Figure 4. Additional streamflow validation at outlets of (a) Atwood Lake watershed (2016–2020) USGS gauge 3,121,500 and (b) Tappan Lake watershed (2017–2020) USGS gauge 3,128,500. 
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Figure 5. Observed TN and TP concentrations at 5 monitoring stations from 2015 to 2022) (a) total nitrogen concentrations and (b) total phosphorus concentrations. 
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Figure 6. Scatter plot of simulated and observed TN and TP at the Atwood and Tappan watershed locations. 
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Figure 7. Box plot for (a) total nitrogen concentrations and (b) total phosphorus concentration at the outlet of the Atwood watershed in various BMPs (2003–2022); BS (base scenario), CC (cover crop), CR (crop rotation), FR (fertilizer reduction), GWW (grass waterways), VFS (vegetative filter strip). 
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Figure 8. Box plot for total nitrogen concentrations (a) and total phosphorus concentrations reduction (b) at the outlet of the Atwood watershed in various BMPs from 2003 to 2022; BS (base scenario), CC (cover crop), CR (crop rotation), FR (fertilizer reduction), GWW (grass waterways), VFS (vegetative filter strip). 
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Figure 9. The average reduction in total nitrogen concentrations (a), and total phosphorus concentrations (b) at the outlet of the Atwood watershed in various BMPs from 2003 to 2022; BS (base scenario), CC (cover crop), CR (crop rotation), FR (fertilizer reduction), GWW (grass waterways), VFS (vegetative filter strip). 
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Figure 10. Box plot for total nitrogen concentrations (a) and total phosphorus concentrations (b) at the outlet of the Tappan watershed in various BMPs (2003–2022) for base scenario (BS), cover crop (CC), crop rotation (CR), fertilizer reduction (FR), grass waterways (GWW), and vegetative filter strip (VFS). 
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Figure 11. Box plot for total nitrogen concentration (a) and total phosphorus concentrations reduction (b) at the outlet of the Tappan watershed in various BMPs from 2003 to 2022 for base scenario (BS), cover crop (CC), crop rotation (CR), fertilizer reduction (FR), grass waterways (GWW), and vegetative filter strip (VFS). 
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Figure 12. Average reduction in total nitrogen concentrations (a) and total phosphorus concentrations (b) at the outlet of the Tappan watershed in various BMPs from 2003 to 2022 for base scenario (BS), cover crop (CC), crop rotation (CR), fertilizer reduction (FR), grass waterways (GWW), and vegetative filter strip (VFS). 
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Figure 13. Average increment in total nitrogen concentrations and total phosphorus concentrations at the outlet of the Atwood watershed (a) and outlet of the Tappan Lake watershed (b) in various rates of cattle grazing. Grazing 25 refers to 25% of cattle grazing in the pasture land, whereas Grazing 100 refers to 100% of cattle grazing and so forth. 
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Figure 14. Comparison of the calibrated and uncalibrated model in the Atwood watershed outlet (upper panel) for total nitrogen concentration reductions (a) and total phosphorus reduction (b), and comparison of the calibrated and uncalibrated model in the Tappan watershed outlet (lower panel) for total nitrogen concentrations reductions (c) and total phosphorus concentrations (d). Note: VFS refers to vegetative filter strip with 1 m and 10% fertilizer reduction, FR refers to 10% fertilizer reduction, CC refers to cover crop (rye) with 10% fertilizer reduction, GWW-CC-FR refers to cover crop (rye) with grass waterways and 10% fertilizer reduction. 
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Table 1. Data and their sources used in the study.
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Data Type

	
Data

	
Source






	
GIS

	
Digital Elevation Model

	
USGS, National Elevation Dataset




	
Land use Data

	
USGS, National Land Cover Dataset




	
Soil Data

	
SWAT US SSURGO Soils Database




	
Climate

	
Rainfall and Temperature

	
NOAA National Climatic Data Center




	
Hydrology

	
Stream flow

	
USGS, National Water Information System











 





Table 2. Monthly flow performance of the SWAT model.






Table 2. Monthly flow performance of the SWAT model.





	
Model Outlet

	
USGS Gage

	
Calibration (2003–2015)

	
Validation (2016–2020)




	
NSE

	
R2

	
PBIAS

	
RSR

	
NSE

	
R2

	
PBIAS

	
RSR






	
1

	
3,117,000

	
0.54

	
0.72

	
−20.87

	
0.67

	
0.63

	
0.78

	
−18.56

	
0.60




	
4

	
3,124,500

	
0.55

	
0.64

	
−10.79

	
0.67

	
0.78

	
0.83

	
19.52

	
0.47




	
42

	
3,129,000

	
0.79

	
0.80

	
−0.09

	
0.45

	
0.89

	
0.92

	
−5.11

	
0.33




	
17 *

	
3,121,500

	

	

	

	

	
0.50

	
0.52

	
11.29

	
0.71




	
27 **

	
3,128,500

	

	

	

	

	
0.56

	
0.60

	
−8.40

	
0.66








Notes: * Atwood watershed outlet. ** Tappan watershed outlet.
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