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Abstract:



In the United States, pathogens are the leading cause for rivers and streams to exceed water quality standards. The Spatially Explicit Load Enrichment Calculation Tool (SELECT) was developed to estimate bacterially contaminated water bodies based on spatial factors such as land use, soil, and population density. SELECT was originally automated using Visual Basics for Applications (VBA), which is no longer supported by the current version of ArcGIS. The aim of this research was to develop a new SELECT interface, pySELECT, using the Python programming language and to incorporate a rainfall-runoff E. coli transport module to simulate E. coli loads resulting from urban sources, such as dogs and on-site wastewater treatment systems. The pySELECT tool was applied to Lavon Lake, a semi urban study watershed in Northeast Texas. The highest potential E. coli loads were in the areas closest to the Dallas-Fort Worth metroplex, and the highest transported loads were located downstream from those identified hotspots or where the most runoff was generated. Watershed managers can use pySELECT to develop best management practices on the specific areas and fecal sources that contribute fecal contamination into a waterbody.
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1. Introduction


In the United States, 54% of assessed rivers and streams are considered impaired, exceeding regulatory standards for contaminants. Among these impaired rivers and streams, pathogens are the leading cause of impairment [1]. To address bacterial impairment, several models and tools have been developed to assess contaminated water bodies, such as the Spatially Explicit Load Enrichment Calculation Tool (SELECT). Complex mechanistic models such as Hydrologic Simulation Program Fortran (HSPF) and Soil Water Assessment Tool (SWAT) simulate the fate and transport of bacteria. However, these models require large amounts of input data, which is difficult in areas with limited monitoring records [2,3,4,5]. In lieu of complex mechanistic models, SELECT was developed as an estimation tool to inform watershed management decisions



SELECT was developed to characterize E. coli sources based on spatial factors such as land use, source population density, and soil [6]. SELECT has been used to assess potential hotspots and sources of bacterial contamination in watersheds as part of watershed protection plan and total maximum daily load projects [6,7,8,9,10,11,12,13]. SELECT was originally automated within Geographic Information Systems (GIS) using Visual Basics for Applications (VBA). Users could parameterize specific water bodies using a Graphical User Interface (GUI) [7].



However, VBA is not supported by the current version of ArcGIS. Also, the VBA coded version of SELECT, hereafter referred to as SELECT VBA, uses data that are not publicly available or difficult to obtain for many watersheds. SELECT VBA does not account for bacterial transport into waterbodies. When estimating E. coli loads, pollutant connectivity to the waterbody should be included. Fate and transport of non-point source fecal microbes is driven by hydrology [4]. Therefore, an ideal microbial model should include land use, climate, topography, and hydrology [14,15]. To account for the transport of E. coli and estimate concentrations, a rainfall-runoff model utilizing the curve number method was applied within SELECT [8]. This methodology can be applied to identify potential hotspots and determine whether they contribute to the bacteria load in the waterbody [8].



Failing on-site wastewater treatment systems (OWTS) and dog feces deposited on the land surface pose a risk to human health by potentially contaminating surface waters. Approximately 23% of all homes in the United States use OWTS to treat their household sewage, typically individual buildings or small clusters of buildings that serve fewer than 20 people [16]. OWTS typically consist of a septic tank and a soil absorption field [16]. Most material settles in the septic tank, and then the remaining effluent is partially treated through the anaerobic digestion of organic matter. Once discharged to the soil absorption field, the effluent is further treated through various biological processes in the soil [16]. The United States Environmental Protection Agency (USEPA) estimates that 10% to 20% of OWTS are failing due to age, hydraulic overloading, or problems with design, installation, and maintenance [16]. In Texas, approximately 1.5 million (13%) OWTS are considered to be chronically malfunctioning which is consistent with what is happening nationally [17]. Dogs are considered a major non-point source of fecal pollution in urban and suburban areas [18]. Failing OWTS and dogs are significant domestic sources contributing to fecal contamination in waterbodies.



The objective of this research was to (1) implement a modeling scheme that applied the SELECT methodology for use in the current version of ArcGIS using Python; (2) develop a GUI for domestic fecal sources using publically accessible data; and (3) apply an E. coli transport model using the curve number method. To estimate potential and transported E. coli loads, Map Algebra and Spatial Analyst functions were incorporated into a new tool: pySELECT.




2. Materials and Methods


PySELECT is written in Python and uses the ArcPy package to access the geoprocessing functions in ArcGIS. Python (www.python.org) is an open-source, interpreted, objected-oriented programming language that has simple and easy to read syntax [19,20]. Because Python is open-source, there are thousands of Python packages that the user can use to perform specialized functions including linking code written in a different programming language into Python [20]. PySELECT is integrated into ArcGIS (10.3 and 10.4) using an ArcToolset with the modules attached as individual scripts. Four modules are included in pySELECT: Rainfall runoff (USDA-NRCS curve number), E. coli transport, and potential E. coli load (dogs and OWTS).



2.1. Spatial Data Layers


The previous VBA version of SELECT required input data layers that were difficult to obtain for areas lacking a governmental GIS department. Therefore, pySELECT was developed using free and publicly available information (Table 1).



Table 1. Required input spatial data layers.







	
Input Data Layers

	
Name of Source

	
Format

	
Source






	
Land Use

	
NLCD

	
Shapefile

	
[21]




	
Soil

	
SSURGO

	
Shapefile

	
[22]




	
Census Blocks

	

	
Shapefile

	
[23]




	
Sewer Service Areas

	
CCN

	
Shapefile

	
[24]




	
Subwatersheds

	
HUC 12

	
Shapefile

	
[25]




	
Digital Elevation Model

	
NED

	
Raster (30 m)

	
[26]











2.2. Graphical User Interface


The pySELECT GUI contains four individual forms connected to the Python script modules (Figure 1). These forms allow the user to select and customize the input data layers. The GUI interacts with ArcGIS by showing the available layers from the map document. The output raster files are input into the map document as part of the python script. Output from the E. coli load modules (dogs and OWTS) provide inputs to the E. coli transport module. The interface was developed with these modules as a standalone script.


Figure 1. Example of pySELECT graphical user interface (GUI) for the OWTS module.
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2.3. Potential E. coli Load Module: Dogs


The number of dogs in the watershed are estimated using the number of households and the number of dogs per household. The household density within each census block was calculated per 900 m2 to match the raster cell size during conversion. The dog population density is estimated by multiplying the household density by the number of dogs per household (Figure 2). Potential E. coli load from dogs is calculated by multiplying the dog population density by the dog fecal production rate and the fecal coliform to E. coli conversion factor (Figure 2). The potential E. coli load resulting from dogs per grid cell is then converted into a raster file (DogEC) and inserted into the map document (Figure 2). Default values for the dog fecal production rate (5 × 109 fecal coliforms/dog/day) and the fecal coliform to E. coli conversion factor (0.63) can be adjusted by the user [27]. The conversion factor was based on the historical USEPA regulatory standards for fecal coliform and E. coli in recreational waters: 200 CFU/100 mL and 126 CFU/100 mL, respectively [28].


Figure 2. Calculation of potential E. coli loads, resulting from dogs (dashed line) and OWTS (solid line), in pySELECT.



[image: Water 09 00665 g002]






To compare with the original SELECT VBA results, the potential E. coli load sum per subwatershed was calculated. The DogEC raster is used as the value raster input when performing a zonal sum using the subwatershed shapefile as the zone field. The resulting raster provides the potential E. coli load resulting from dogs per subwatershed which is more useful for visually comparing areas that contribute bacterial contamination. The potential E. coli load sum per subwatershed (DogLD) is added to the map document (Figure 2).




2.4. Potential E. coli Load Module: OWTS


To estimate the potential E. coli load resulting from OWTS, the areas without OWTS were removed from the census blocks. The certificate of convenience and necessity (CCN) is a shapefile containing polygons for areas that are serviced by wastewater treatment plants [24]. The census blocks within areas serviced by sewer, determined by the CCN, were deselected so that the remaining census blocks presumably used OWTS (Figure 2). The population density within each census block was calculated per 900 m2 to match the raster cell size during conversion. The population density raster was then multiplied by the raw sewage fecal production rate and the fecal coliform to E. coli conversion factor to estimate the E. coli load per grid cell of raw sewage per day (Figure 2). The default value for the raw sewage fecal production rate (2.65 × 1010 fecal coliforms/person/day) can be modified by the user. The default fecal production rate was calculated by multiplying the fecal coliform concentration (up to 105 fecal coliforms/mL per USEPA) in raw sewage [27] by the volume of wastewater produced per person per day (265 L/person/day) [7].



A failure rate was then applied to the E. coli load of raw sewage because every OWTS in the watershed is not failing simultaneously. The failure rate was estimated using the drainfield limitation class field in the soils shapefile. The drainfield limitation class indicates the suitability for use in septic tank absorption fields based on the soil’s properties. The soils are rated based on the hazard or risk associated with a particular use: “not limited” poses little to no risk and “very limited” has high risk [29]. The failure rate was classified for not rated, very limited, somewhat limited, and not limited classes as 8, 15, 10, and 5%, respectively. The soils shapefile was then converted to a raster (30 m × 30 m) using the failure rate as the value field. The potential E. coli load for OWTS per grid cell (OwtsEC) was calculated by multiplying the failure rate by the E. coli load of raw sewage.



Similar to the potential E. coli load module for dogs, the potential E. coli load per subwatershed (OwtsLD) is calculated using the OwtsEC raster and the subwatershed shapefile.




2.5. Rainfall-Runoff and E. coli Transport


The curve number module uses the USDA-NRCS curve number look-up table [30] and assumes antecedent moisture condition (AMC) II. The USDA-NRCS curve number look-up table is hardcoded into the curve number module, therefore the input land use data layer must be NLCD land use or a shapefile that uses the same classification scheme. The soil input layer must have the hydrologic soil groups labeled as A, B, C, and D. The land use and soils shapefiles are overlaid to create polygons with unique land use and soil hydrologic soil groups (Figure 3). The curve number is calculated for each unique polygon and then converted to raster (30 m × 30 m).


Figure 3. Rainfall-Runoff Module (blue) and E. coli Transport Module (green) processes in pySELECT.
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Runoff is estimated using the soil conservation service (SCS) curve number method [30,31]. The maximum soil water retention parameter is calculated as:


[image: there is no content]








where S is the maximum soil water retention parameter (mm) and CN is the curve number. The runoff volume was calculated as:


[image: there is no content]








where Q is the runoff volume (mm × m2), P is the precipitation (mm), S is the maximum soil water retention parameter (mm), and A is the area of the grid cell (m2).



The runoff volume is estimated per grid cell using map algebra. Precipitation is input by the user and uniformly applied to the watershed. If the watershed is large (with rain gauge data for multiple stations), the rain gauges average could be used. Otherwise, the watershed area could be delineated first, and then pySELECT applied to separate subwatersheds. After runoff volume is calculated as a raster, it is used as the weight raster to calculate runoff accumulation. The flow accumulation tool requires an input of flow direction and an optional weight raster input. The accumulated flow is the accumulated weight of all cells flowing into each downslope of the output raster [32]. The flow direction input raster is created from a digital elevation model (DEM), bare earth elevation map, using the DEM fill tool followed by the flow direction tool [26]. The resulting accumulation output raster (AccRunoff) provides runoff volumes for each grid cell. The AccRunoff output raster is added to the map document once it was created (Figure 3).



The accumulated E. coli output raster is estimated by first calculating the runoff volume per grid cell. The runoff volumes per grid cell are then converted into a binary runoff grid (0 or 1). If any runoff occurs on that cell, it is assigned a value of 1. Otherwise, runoff does not occur and it is assigned a value of zero.



The OwtsEC or DogEC raster calculated using the potential E. coli load module for dogs or OWTS is used as the input E. coli load raster. The E. coli load is multiplied by the binary runoff grid to create the weight raster. This ensures that the areas contributing to the accumulated E. coli load also have runoff. The accumulated E. coli output raster (AccEcoli) is calculated using the flow accumulation tool with the weight raster and the flow direction raster as inputs.



To aid in output visualization, subwatershed zonal maximums are calculated for the AccRunoff and AccEcoli rasters: RunZoneMax and ecolisubmax, respectively. The RunZoneMax raster shows the maximum runoff accumulation within each subwatershed. The ecolisubmax raster shows the maximum transported E. coli load located within the subwatershed. These visualizations illustrate the potential E. coli hotspots caused by runoff transport of E. coli attributable to domestic sources, such as dogs or OWTS.





3. Tool Verification


3.1. Study Watershed


Lavon Lake is a drinking water source reservoir located on the East Fork of the Trinity River. The watershed that drains into Lavon Lake encompasses 198,911 ha (491,520 ac) and is located in the North Texas counties of Collin, Grayson, Fannin, and Hunt (Figure 4). Most of the watershed is undeveloped or agricultural land (87%) (Figure 5); however, North Texas is one of the fastest growing areas in the nation currently consisting of 13% developed land [33]. Two contributing tributaries, Wilson Creek and the East Fork of the Trinity River, were identified as impaired due to bacteria [34]. To address this impairment, SELECT was used to estimate E. coli loads for the development of the Lavon Lake Watershed Protection Plan (WPP).


Figure 4. Location of Lavon Lake watershed with delineated subwatersheds and stream network.
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Figure 5. Land use land cover of the Lavon Lake watershed.
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3.2. E. coli Transport Model Workflow


All spatial files were first projected to NAD 1983 UTM Zone 14N. This projection was chosen to maintain consistency of units (meters) for the area calculations. Before specifying inputs in the module forms, the workspace folder location should be designated for the creation of intermediate and output files. The user then selects spatial inputs from the drop down menu or by searching the file manager. Default values are not provided for the dog per household input in the potential E. coli load module for dogs or the precipitation amount input in the E. coli transport module. The U.S. average is 0.6 dogs per household [35]. However, local veternarians and stakeholders suggested the watershed population was higher than the U.S. average; therefore, 1.25 dogs per household was used for the Lavon Lake watershed. The default fecal production rate and fecal coliform to E. coli conversions were used [12]. The raw sewage fecal production rate of 3.08 × 1012 fecal coliforms/person/day was used. The runoff accumulation and E. coli accumulation for the Lavon Lake watershed were estimated using a 2-year, 24-h storm event: Appoximately 101.6 mm (4 in) [36].




3.3. Results


The accuracy of the potential E. coli load resulting from dogs and potential E. coli load resulting from OWTS modules were verified by comparing the output results with the manually calculated results for the dog and OWTS potential E. coli loads for the Lavon Lake watershed To manually calculate the results, the individual processes were performed in ArcGIS using the same input files.



The RunZoneMax output raster showed the areas where the most runoff was generated from the 2-year, 24-h storm event. The subwatersheds to the east of Lavon Lake had the highest amount of runoff generated (Figure 6).


Figure 6. Accumulated runoff subwatershed maximum due to a 2-year, 24-h storm event in the Lavon Lake watershed.
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The DogEC and OwtsEC output rasters showed the locations with the highest potential E. coli load. However, this output is not very useful for watershed managers. Therefore, the DogLD and OwtsLD rasters are used when communicating results to watershed managers and stakeholders.



Dogs contributed the highest potential E. coli load in the western most subwatersheds, which are closest to the Dallas-Fort Worth metroplex (Figure 7a). The E. coli accumulation mirrored the untransported potential E. coli load result with the highest transported E. coli loads contributed by dogs occurring in the same area to the west of Lavon Lake (Figure 7b). Therefore, the subwatersheds contributing the highest transported potential E. coli loads (resulting from dogs) were located downstream from the previously identified hotspots in Figure 7a.


Figure 7. Potential E. coli load subwatershed summation from (a) dogs and (c) OWTS in the Lavon Lake watershed. Subwatershed maximum transported potential E. coli load from (b) dogs and (d) OWTS due to a 2-year, 24-h storm event in the Lavon Lake watershed.
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The areas with the highest potential E. coli load due to failing OWTS were located in the subwatersheds to the west of Lavon Lake (Figure 7c). The most runoff accumulation occurred to the east of Lavon Lake. However, the largest potential E. coli contributions from failing OWTS came from the subwatersheds located west of Lavon Lake in the areas closest to the Dallas-Fort Worth metroplex. The E. coli accumulation reflects a combination of both source location and transport from runoff. After potential E. coli loads due to OWTS were transported, the two areas that contributed most to bacterial contamination were immediately to the west and east of Lavon Lake (Figure 7d).





4. Discussion


4.1. Applications of pySELECT


The pySELECT tool shows contamination hotspots based on source location and watershed hydrology, which can enable watershed managers to more effectively apply best management practices for watershed remediation. The previous version of SELECT did not show whether potential E. coli loads would be transported into a waterbody; therefore, it was possible that potential hotspot areas did not contribute microbial contamination.



Because pySELECT uses publicly available input data, it can be applied in areas without specific data on OWTS and household locations, such as most rural areas. Additionally, pySELECT has customizable inputs, which enables the user to make the model more representative of their study area. The tool can be applied to any watershed in the United States where a CCN GIS layer is available.




4.2. Limitations


The tool currently includes several hardcoded parameters: NLCD land use values, hydrologic soil groups, and curve numbers. These hard-coded parameters decrease the versatility of the script, limiting inputs to those only with the proper classification system. Another limitation is the amount of preprocessing required for the input layers. Shapefiles require a spatial projection with a linear unit of meters. Otherwise, the population distribution grid, which is calculated for meters, would be inaccurate. Also, the census shapefile requires specific attributes: Population field and household field, which contain the population and number of households per census block, respectively. Lastly, the soil shapefile (input for the potential E. coli load module for OWTS) requires the drainfield limitation class field in the attribute table. Future development of pySELECT will focus on increasing user flexibility by removing hard-coded values and broadening the types of allowable input.



As a simple tool, pySELECT does not simulate the complex processes typically used in watershed bacterial models. The tool was design with ease of use as a priority. Therefore, E. coli growth and die-off are not accounted for in pySELECT. In-stream bacteria concentrations are spatially and temporally variable, which contributes to the difficulty in modeling bacteria [3,5]. However, pySELECT results provide a snapshot of potential E. coli loads [9].





5. Conclusions


To include pollutant connectivity and better estimations of domestic source contributions, an updated version of SELECT, pySELECT, was programmed in Python. Updates included a graphical user interface and four modules: Potential E. coli load modules for dogs and OWTS, a rainfall runoff (USDA-NRCS curve number) module, and an E. coli transport module. The pySELECT results from the potential E. coli load modules for dogs and OWTS were verified with manual calculations for the Lavon Lake watershed case study. The curve number and E. coli transport modules simulate the transport of potential E. coli loads from dog and OWTS sources. Versatile and easy to use, pySELECT can be applied to almost any area of interest in the United States with publicly available input data layers. Watershed managers can use pySELECT to focus best management practices on the specific areas and fecal sources that contribute fecal contamination into a waterbody.
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