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‭Highlights‬

‭●‬ ‭The default regression equation used in the ArcSWAT program can misrepresent bankfull‬
‭channel width.‬

‭●‬ ‭Bankfull channel width derived from aerial measurements, LiDAR, regional curves, a global‬
‭database, and a newly developed regression model are tested in the SWAT model.‬

‭●‬ ‭The alternative data sources had small impacts on average daily flows but substantial impacts‬
‭on 1-day maximum flows and water quality simulations.‬

‭●‬ ‭Publicly available datasets can be used to enhance channel geometry representation in‬
‭watershed modeling.‬

‭ABSTRACT‬

‭Watershed models have been increasingly applied to investigate the impacts of environmental changes on water quantity‬
‭and quality and to support decision-making. Thus, accurately capturing physical processes and the characteristics of the‬
‭watershed system is vital to achieving reliable results. Channel geometry features such as cross-sectional shape, bankfull‬
‭channel width, and depth affect hydraulic parameters like hydraulic radius, wetted perimeter, and cross-sectional area.‬
‭These, in turn, play important roles in streamflow dynamics, flow velocity, erosion, nutrient transport, and stream‬
‭ecology. However, the representation of bankfull channel width is often oversimplified in watershed models. Power-law‬
‭regression equations relating geometric parameters and upstream drainage area are commonly used to calculate bankfull‬
‭channel width in watershed models. This approach has limitations and may resonate in the misrepresentation of channel‬
‭geometry with implications for water quantity and quality estimations. This study evaluates how bankfull channel width‬
‭is represented in a popular watershed model and presents alternative data sources derived from aerial measurements,‬
‭empirical models, LiDAR, and a global database to mitigate potential misrepresentations. To assess the impacts of‬
‭bankfull channel width on water quantity and quality, we designed a series of modeling experiments through the Soil and‬
‭Water Assessment Tool (SWAT) model. We test our methodology in the Alabama-Coosa-Tallapoosa river basin, a large‬
‭watershed system draining to the Gulf of Mexico coast. Our findings indicate that, overall, the regression equation used‬
‭in the ArcSWAT program (SWAT’s GIS interface) can overestimate bankfull channel width by as much as three times in‬
‭our study domain. In testing the effects of bankfull width on model simulations we found negligeable implication for‬
‭water yield predictions. On the other hand, 1-day maximum flows were greatly increased (20%) by using channel width‬
‭values from the alternative data sources. Simulated water quality was also affected, with stream water temperature‬
‭showing better agreement with observations under the proposed scenarios. Sediment loadings increased by as much as‬
‭118% under the alternative data sources of channel width. Nitrate and phosphate loadings had opposite responses and‬
‭showed decreases as high as 8.3 and 18.8%, respectively, relative to the default model. Our findings demonstrate that‬
‭bankfull channel width is misrepresented in watershed models with underlying impacts on simulated water quantity,‬
‭quality, and ecological flows. Our analysis found bankfull channel width as an important parameter affecting high flows‬
‭and water quality, and the freely available data sources tested in this study showed good matches with field‬
‭measurements, making our findings readily available and broadly useful to the modeling community.‬
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‭1.‬ ‭Introduction‬

‭Channel geometry features such as cross-sectional shape, bankfull channel width and depth affect‬
‭hydraulic parameters like hydraulic radius, wetted perimeter, and cross-sectional area. These‬
‭variables, in turn, play a crucial role in determining water velocity, volume, sediment, and pollutant‬
‭transport within the channel, thereby affecting both streamflow and water quality (Choi et al., 2018;‬
‭Stewardson, 2005). In terms of streamflow, wider channels can mitigate flood risk by‬
‭accommodating larger water volumes during high-flow events (Kale and Hire, 2004), while narrower‬
‭channels can increase water flow velocity, leading to increased erosive potential, channel instability,‬
‭and bank erosion (Fisher et al., 2013; Michalková et al., 2011). In terms of water quality, bankfull‬
‭width and depth influence the residence time of water and the exchange of water between the‬
‭channel and surrounding riparian areas, with underlying implications for nutrient cycling and‬
‭pollutant transport (Baradei, 2020; Sharpley et al., 2013). Additionally, channel geometry shapes‬
‭aquatic habit distribution, impacting biodiversity and ecosystem functioning (Elosegi et al., 2010;‬
‭Mac Nally et al., 2011; Rodrigues et al., 2011; Zema et al., 2018). Overall, channel geometric‬
‭parameters such as bankfull width and depth play an important role in water resources monitoring‬
‭and hydrologic modeling, as they can have significant impacts on streamflow and water quality.‬

‭Hydrologic‬ ‭modeling‬ ‭has‬ ‭become‬ ‭an‬ ‭important‬ ‭approach‬ ‭for‬ ‭understanding‬ ‭and‬ ‭predicting‬ ‭the‬
‭behavior‬‭of‬‭water‬‭and‬‭pollutants‬‭in‬‭natural‬‭systems‬‭(Clark‬‭et‬‭al.,‬‭2015;‬‭Devia‬‭et‬‭al.,‬‭2015;‬‭Guswa‬‭et‬
‭al.,‬ ‭2014).‬ ‭The‬ ‭accuracy‬ ‭of‬ ‭the‬ ‭models‬ ‭depends‬ ‭on‬ ‭a‬ ‭variety‬ ‭of‬ ‭factors,‬ ‭including‬ ‭the‬ ‭bankfull‬
‭channel‬‭width‬‭and‬‭depth‬‭of‬‭the‬‭system‬‭being‬‭modeled.‬‭Power‬‭regression‬‭models‬‭are‬‭commonly‬‭used‬
‭to‬‭represent‬‭the‬‭relationship‬‭between‬‭channel‬‭geometry‬‭(e.g.,‬‭bankfull‬‭channel‬‭width‬‭and‬‭depth)‬‭and‬
‭drainage‬‭areas‬‭in‬‭hydrologic‬‭models‬‭(Ames‬‭et‬‭al.,‬‭2009;‬‭Her‬‭et‬‭al.,‬‭2017;‬‭Johnson‬‭and‬‭Fecko,‬‭2008).‬
‭These‬ ‭models‬ ‭assume‬ ‭a‬ ‭power-law‬ ‭relationship‬ ‭between‬ ‭bankfull‬ ‭width/depth‬ ‭and‬ ‭drainage‬ ‭area,‬
‭where‬ ‭the‬ ‭geometric‬‭parameters‬‭increase‬‭exponentially‬‭with‬‭increasing‬‭drainage‬‭areas‬‭(Allen‬‭et‬‭al.,‬
‭1994;‬ ‭Bieger‬‭et‬‭al.,‬‭2015;‬‭Leopold‬‭and‬‭Maddock‬‭Jr.,‬‭1953).‬‭This‬‭approach‬‭is‬‭particularly‬‭useful‬‭for‬
‭rivers‬ ‭and‬ ‭streams‬ ‭that‬ ‭exhibit‬ ‭a‬ ‭wide‬ ‭range‬ ‭of‬‭flow‬‭conditions,‬‭as‬‭it‬‭allows‬‭for‬‭channel‬‭width‬‭and‬
‭depth to vary over time as discharge changes.‬

‭Such‬ ‭approaches‬ ‭have‬ ‭limitations,‬ ‭particularly‬ ‭in‬ ‭cases‬‭where‬‭the‬‭relationship‬‭between‬‭channel‬
‭geometry‬‭and‬‭drainage‬‭area‬‭is‬‭not‬‭well-defined,‬‭or‬‭where‬‭there‬‭may‬‭be‬‭significant‬‭variability‬‭in‬‭the‬
‭channel‬ ‭geometry‬ ‭due‬‭to‬‭landscape‬‭heterogeneities‬‭(Ames‬‭et‬‭al.,‬‭2009;‬‭Doll‬‭et‬‭al.,‬‭2002;‬‭Her‬‭et‬‭al.,‬
‭2017).‬‭Also,‬‭this‬‭simplified‬‭method‬‭may‬‭lead‬‭to‬‭substantial‬‭errors‬‭if‬‭extrapolated‬‭to‬‭areas‬‭outside‬‭the‬
‭region‬‭from‬‭which‬‭the‬‭empirical‬‭relationship‬‭has‬‭been‬‭developed.‬‭Trapezoidal‬‭cross-sectional‬‭shapes‬
‭are‬ ‭commonly‬ ‭used‬ ‭to‬ ‭represent‬ ‭channel‬ ‭geometry‬ ‭in‬ ‭watershed-scale‬ ‭hydrologic‬ ‭models‬ ‭like‬ ‭the‬
‭National‬ ‭Water‬ ‭Model‬ ‭(NWM)‬ ‭(Gochis‬ ‭et‬ ‭al.,‬ ‭2016),‬ ‭Hydrologic‬ ‭Simulation‬ ‭Program‬ ‭–‬ ‭Fortran‬
‭(HSPF)‬ ‭(Bicknell‬ ‭et‬ ‭al.,‬ ‭2001),‬ ‭the‬ ‭Soil‬ ‭and‬‭Water‬‭Assessment‬‭Tool‬‭(SWAT)‬‭model‬‭(Arnold‬‭et‬‭al.,‬
‭1998),‬ ‭and‬ ‭the‬ ‭Modelo‬ ‭hidrologico‬ ‭de‬ ‭Grandes‬ ‭Bacias‬ ‭(MGB)‬ ‭(Collischon‬ ‭et‬ ‭al.,‬ ‭2007).‬
‭Additionally,‬‭these‬‭models‬‭usually‬‭rely‬‭on‬‭bankfull‬‭width‬‭and‬‭depth‬‭values‬‭defined‬‭by‬‭GIS‬‭programs‬
‭based‬‭on‬‭regression‬‭equations.‬‭For‬‭instance,‬‭the‬‭HSPF‬‭model‬‭uses‬‭bankfull‬‭channel‬‭width‬‭and‬‭depth‬
‭values‬‭determined‬‭by‬‭BASINS‬‭(Better‬‭Assessment‬‭Science‬‭Integrating‬‭Point‬‭and‬‭Nonpoint‬‭Sources)‬
‭(Battin‬ ‭et‬ ‭al.,‬ ‭1998)‬ ‭(Ames‬ ‭et‬ ‭al.,‬ ‭2009).‬ ‭The‬ ‭MGB‬ ‭model‬ ‭relies‬ ‭on‬ ‭bankfull‬ ‭widths‬ ‭and‬ ‭depths‬
‭calculated‬ ‭by‬ ‭the‬ ‭MGB-IPH‬ ‭Tools/MGB-Preprocessing‬ ‭(Siqueira,‬ ‭et‬ ‭al.,‬ ‭2016)‬ ‭GIS‬ ‭application‬
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 (Jardim  et  al.,  2017).  Similarly,  by  default,  the  SWAT  model  uses  bankfull  width  and  depth  values 
 determined by GIS interfaces like ArcSWAT and QSWAT (Han et al., 2019; Her et al., 2017). 

 Despite the influences of channel geometry on hydrologic fluxes and the increased application of 
 hydrologic models, there is a notable lack of studies assessing the accuracy of channel geometry 
 representation in watershed models and the impacts on simulated water quantity and quality. More 
 recently, there has been growing interest in understanding the effects of channel width and depth on 
 hydrologic modeling. Her et al. (2017) tested ten power-regression equations to estimate channel 
 width and depth in SWAT and their respective impacts on simulated streamflow in a watershed in the 
 Midwest U.S. Results showed small changes in model performance stemming from the different 
 representations of channel geometry. Han et al. (2019) measured channel widths from satellite 
 imagery at sixteen locations across a watershed in South Korea and developed a new 
 power-regression equation for SWAT based on drainage areas. Results demonstrated that the new 
 equation improved model predictions of streamflow, sediments, total nitrogen, and dissolved oxygen. 
 Brackins et al. (2021) assessed the impacts of simple trapezoidal channel geometry representation on 
 the hydrologic predictions of the NWM and proposed alternative approaches based on observed data 
 and two generalized geometries. Results showed that more accurately representing channel geometry 
 led to better stage and discharge predictions. Kim et al. (2022) applied the SWAT model to a small 
 agricultural watershed in South Korea and compared model streamflow predictions under (i) default 
 channel geometry representation, and (ii) measured values at nine locations. The authors 
 demonstrated that by using observed channel widths the model achieved better streamflow 
 performances. While some studies have investigated the effects of channel geometry on specific 
 hydrologic processes, e.g., sediment transport or flow routing, relatively few studies have proposed 
 alternative approaches to generalized regression equations. Factors such as the lack of 
 high-resolution channel width and depth data and the prohibitive costs of large-scale field surveys 
 may have contributed to channel geometry representation being largely overlooked in hydrologic 
 modeling studies. Additionally, because bankfull width and depth are commonly predefined by GIS 
 interfaces, users usually take the default values as ground truth rather than examine them critically. 

 In  recent  years,  there  has  been  a  significant  increase  in  the  availability  and  accessibility  of 
 open-source  data  in  Earth  System  science  (Hall  et  al.,  2022;  Scanlon  et  al.,  2018;  Stagge  et  al., 
 2019).  This  includes  remote-sensing  technologies,  such  as  satellite  imagery,  as  well  as  global 
 databases  of  climate  and  environmental  variables,  such  as  temperature,  precipitation,  and  land  cover. 
 Remote-sensing  technologies  have  been  widely  used  to  measure  channel  width  and  depth  in  rivers 
 (Allen  and  Pavelsky,  2018,  2015;  Biron  et  al.,  2013;  Zheng  et  al.,  2018).  One  of  the  commonly  used 
 methods  is  to  extract  the  river  centerline  from  satellite  imagery  and  then  calculate  the  width  and 
 depth  perpendicular  to  the  centerline  (Pavelsky  and  Smith,  2008).  Another  approach  is  to  use 
 multispectral  imagery  to  detect  changes  in  color  or  texture  at  the  water-land  interface,  which 
 indicates  the  location  of  the  riverbanks  (Leckie  et  al.,  2005;  Winterbottom  and  Gilvear,  1997). 
 Simpler  methods  like  global  channel  width  databases  and  tools  that  estimate  channel  geometry  based 
 on  water  masks,  digital  elevation  models  (DEM),  and  LiDAR  (light  detection  and  ranging) 
 technology  have  also  been  developed  in  recent  years  (Pavelsky  and  Smith,  2008;  Shatnawi  and 
 Goodall,  2010;  Yamazaki  et  al.,  2014;  Yang  et  al.,  2020).  However,  this  valuable  information  has  not 
 been sufficiently explored in hydrologic modeling applications yet. 

 The  overreaching  goal  of  this  study  is  to  assess  the  importance  of  bankfull  channel  width 
 representation  in  current  watershed  modeling  and  present  alternative  resources  to  enhance  it.  Using 
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‭the‬ ‭SWAT‬ ‭model‬ ‭as‬ ‭the‬ ‭modeling‬ ‭tool,‬ ‭we‬ ‭set‬ ‭out‬ ‭to‬ ‭answer‬ ‭the‬‭following‬‭research‬‭questions:‬‭(1)‬
‭How‬‭does‬‭the‬‭default‬‭representation‬‭of‬‭bankfull‬‭channel‬‭width‬‭in‬‭the‬‭model‬‭compare‬‭with‬‭alternative‬
‭data‬ ‭sources‬ ‭and‬ ‭field‬ ‭measurments?‬ ‭(2)‬ ‭Can‬ ‭we‬ ‭leverage‬ ‭freely‬ ‭available‬ ‭resources‬ ‭to‬ ‭enhance‬
‭channel‬‭geometry‬‭representation‬‭in‬‭watershed‬‭models?‬‭(3)‬‭What‬‭are‬‭the‬‭effects‬‭of‬‭channel‬‭geometry‬
‭representation‬ ‭on‬ ‭streamflow‬ ‭and‬ ‭water‬ ‭quality‬ ‭predictions?‬ ‭We‬ ‭test‬ ‭how‬ ‭alternative‬ ‭sources‬ ‭of‬
‭channel‬‭geometry‬‭information‬‭derived‬‭from‬‭satellite‬‭imagery,‬‭empirical‬‭models,‬‭LiDAR,‬‭and‬‭global‬
‭databases‬ ‭affect‬ ‭model‬ ‭performances‬ ‭and‬ ‭simulations.‬ ‭The‬ ‭methodology‬ ‭is‬ ‭tested‬ ‭in‬ ‭a‬ ‭large‬
‭watershed‬‭in‬‭Alabama-USA‬‭and‬‭the‬‭impacts‬‭on‬‭model‬‭simulations‬‭of‬‭streamflow,‬‭ecological‬‭flows,‬
‭and‬‭stream‬‭temperature‬‭are‬‭assessed‬‭across‬‭different‬‭physiographic‬‭regions,‬‭drainage‬‭areas,‬‭land‬‭use‬
‭distributions,‬‭stream‬‭orders,‬‭and‬‭elevations.‬‭The‬‭novelty‬‭of‬‭this‬‭study‬‭is‬‭in‬‭thoroughly‬‭evaluating‬‭the‬
‭representation‬ ‭of‬ ‭channel‬ ‭geometry‬‭in‬‭current‬‭watershed‬‭modeling‬‭and‬‭proposing‬‭novel‬‭and‬‭simple‬
‭approaches‬‭to‬‭better‬‭inform‬‭watershed‬‭models‬‭and‬‭enhance‬‭their‬‭reliability.‬‭Our‬‭study‬‭is‬‭the‬‭first‬‭to‬
‭leverage‬‭publicly‬‭available‬‭datasets‬‭and‬‭remote-sensing‬‭information‬‭to‬‭improve‬‭the‬‭representation‬‭of‬
‭channel geometric parameters in watershed modeling.‬

‭2.‬ ‭Methods‬

‭2.1.‬‭Study domain‬
‭The‬‭Alabama-Coosa-Tallapoosa‬‭(ACT)‬‭river‬‭basin,‬‭which‬‭has‬‭a‬‭drainage‬‭area‬‭of‬‭59,100‬‭km‬‭2‬‭,‬‭or‬‭43%‬
‭of‬‭the‬‭state‬‭of‬‭Alabama’s‬‭surface‬‭area,‬‭contributes‬‭52%‬‭of‬‭the‬‭water‬‭discharged‬‭to‬‭the‬‭Mobile‬‭River‬
‭basin‬ ‭-‬ ‭the‬ ‭fourth‬ ‭largest‬ ‭river‬ ‭basin‬ ‭in‬ ‭North‬ ‭America‬ ‭in‬ ‭terms‬ ‭of‬ ‭flow‬ ‭volume‬ ‭(Johnson‬ ‭et‬ ‭al.,‬
‭2002).‬ ‭The‬ ‭ACT‬ ‭watershed‬ ‭systems‬ ‭is‬ ‭formed‬ ‭by‬ ‭several‬ ‭smaller‬‭watersheds‬‭(Figure‬‭1)‬‭and‬‭spans‬
‭across‬ ‭parts‬ ‭of‬ ‭Alabama,‬ ‭Georgia,‬ ‭and‬ ‭Mississippi.‬ ‭Given‬ ‭the‬ ‭large‬ ‭geographic‬ ‭extent‬ ‭and‬
‭importance‬‭of‬‭the‬‭ACT‬‭river‬‭basin‬‭for‬‭regional‬‭biodiversity,‬‭this‬‭watershed‬‭was‬‭selected‬‭as‬‭a‬‭testbed‬
‭in‬ ‭the‬ ‭current‬ ‭study.‬ ‭Also,‬ ‭there‬ ‭are‬ ‭five‬ ‭different‬ ‭physiographic‬ ‭regions‬ ‭encompassed‬ ‭within‬ ‭the‬
‭ACT‬ ‭river‬ ‭basin,‬ ‭which‬ ‭makes‬ ‭this‬ ‭watershed‬ ‭an‬ ‭excellent‬ ‭laboratory‬ ‭for‬ ‭assessing‬ ‭how‬ ‭bankfull‬
‭channel‬‭width‬‭may‬‭impact‬‭water‬‭quantity‬‭and‬‭quality‬‭across‬‭a‬‭wide‬‭range‬‭of‬‭physical‬‭characteristics‬
‭(e.g.,‬ ‭land-use,‬ ‭soil‬ ‭types,‬ ‭elevation).‬ ‭Physiographic‬ ‭regions‬ ‭are‬ ‭usually‬ ‭strongly‬ ‭linked‬ ‭to‬ ‭stream‬
‭habitat‬‭and‬‭biotic‬‭life‬‭(Goetz‬‭and‬‭Fiske,‬‭2008;‬‭Lenat‬‭and‬‭Crawford,‬‭1994;‬‭Utz‬‭et‬‭al.,‬‭2009).‬‭Average‬
‭elevation‬ ‭ranges‬ ‭from‬ ‭sea‬ ‭level‬ ‭to‬ ‭1,280‬ ‭meters‬ ‭in‬‭the‬‭ACT‬‭river‬‭basin‬‭according‬‭to‬‭the‬‭30‬‭meters‬
‭resolution‬ ‭National‬ ‭Elevation‬ ‭Dataset‬ ‭(NED)‬ ‭(NED,‬ ‭1999).‬ ‭Annual‬ ‭average‬ ‭precipitation‬ ‭and‬
‭temperature‬‭are‬‭1,400‬‭mm‬‭and‬‭17‬‭°C,‬‭respectively,‬‭which‬‭characterizes‬‭the‬‭watershed‬‭as‬‭a‬‭warm‬‭and‬
‭humid‬‭system‬‭(GridMet‬‭database).‬‭Rainfall‬‭is‬‭the‬‭main‬‭form‬‭of‬‭precipitation,‬‭with‬‭evenly‬‭distributed‬
‭amounts‬‭over‬‭the‬‭year,‬‭and‬‭snowfall‬‭is‬‭rare,‬‭averaging‬‭less‬‭than‬‭25‬‭mm‬‭per‬‭year.‬‭Soil‬‭types‬‭across‬‭the‬
‭ACT‬‭river‬‭basin‬‭consist‬‭mostly‬‭of‬‭sandy‬‭loam‬‭and‬‭silty‬‭loam‬‭whereas‬‭forests‬‭are‬‭the‬‭main‬‭land‬‭cover‬
‭type.‬
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‭Figure 1 – Location map of the Alabama-Coosa-Tallapoosa (ACT) river basin showing its physiographic regions and the study‬
‭watersheds where channel width values have been estimated (red triangles). The black triangles represent locations having USGS‬

‭monitoring stations. These locations were utilized to derive bankfull channel width via satellite imagery.‬

‭2.2.‬‭SWAT‬
‭The‬ ‭SWAT‬ ‭hydrological‬ ‭model‬ ‭was‬ ‭used‬ ‭in‬ ‭the‬ ‭current‬ ‭study‬ ‭to‬ ‭investigate‬ ‭the‬ ‭effects‬‭of‬‭channel‬
‭geometry‬‭representation‬‭on‬‭basin-wide‬‭hydrology‬‭and‬‭water‬‭quality.‬‭SWAT‬‭is‬‭one‬‭of‬‭the‬‭most‬‭widely‬
‭used‬ ‭hydrological‬ ‭models‬ ‭and‬ ‭a‬ ‭well-established‬ ‭tool‬ ‭capable‬ ‭of‬ ‭simulating‬ ‭various‬ ‭water‬ ‭fluxes‬
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 (e.g.,  surface  runoff,  lateral  flow,  groundwater  contribution)  and  plant  growth.  Additional  model 
 components  include  weather,  transport  of  sediment,  nutrients,  bacteria,  pesticides,  and  land 
 management.  SWAT  is  a  watershed-scale,  semi-distributed,  continuous-time,  open-source  model 
 developed  by  the  United  States  Department  of  Agriculture  (USDA)  Agricultural  Research  Service 
 (ARS).  The  model  discretizes  a  watershed  into  subwatersheds,  which  are  further  discretized  into 
 unique  combinations  of  land  use,  soils,  and  slope  called  hydrological  response  units  (HRU’s) 
 (Neitsch et al., 2011). 

 In  SWAT,  the  water  balance  calculation  for  each  HRU  considers  five  storages:  snow,  canopy 
 storage,  the  soil  profile  with  up  to  ten  layers,  a  shallow  aquifer,  and  a  deep  aquifer.  The  water 
 balance is calculated using the following: 

 𝑡 

 ∆  𝑆 =    ∑ (𝑃  − 𝑄  − 𝐸 𝑇 −  𝑤 )  (1) 
 𝑡𝑜𝑡𝑎𝑙  𝑠𝑒𝑒𝑝 

 𝑡 =1  

 where,  ∆  𝑆  is  the  change  in  water  storage in  the   soil  profile,  P,    Q  total  ,  ET,    and  𝑤  are  the daily  
 𝑠𝑒𝑒𝑝 

 amount  of  precipitation,  total  water  yield,  evapotranspiration,  and  the  total  amount  of  water  exiting 
 the  bottom  of  the  soil  profile  on  a  given  day,  respectively.  The  value  of  𝑤 is   a  sum  of  the  amount 

 𝑠𝑒𝑒𝑝 
 of  water  percolating  out  of  the  lowest  soil  layer  and  the  amount  of  water  flowing  past  the  lowest 
 boundary  of  the  soil  profile  due  to  bypass  flow.  The  total  water  yield  (  Q  total  )  represents  an  aggregated 
 sum  of  surface  runoff,  lateral  flow,  and  the  base  flow  contribution  to  streamflow.  In  this  research, 
 surface  runoff  is  computed  using  the  NRCS-CN  method  based  on  daily  rainfall  observations,  and  the 
 Penman-Monteith  (Monteith,  1965)  method  is  selected  for  estimating  evapotranspiration.  The 
 Muskingum  method  (Cunge,  1969)  is  used  to  route  runoff  volume  from  the  subbasins  to  the  main 
 channel. 

 The  SWAT  2012,  release  664,  was  used  in  the  current  study.  To  accurately  predict  stream 
 temperature,  we  used  the  physically  based  equilibrium  model  developed  by  Du  et  al.  (2018),  which 
 considers  the  effects  of  streamflow  rather  than  only  meteorological  variables  to  simulate  water 
 temperature. The model was recompiled in the SWAT 664 FORTRAN code. 

 2.3.Channel geometry r  epresentation in SWAT 

 One  of  the  key  components  of  SWAT  is  the  representation  of  channels,  including  bankfull  channel 
 width  and  depth.  In  SWAT,  runoff  volume  from  the  land  to  the  channel  is  calculated  using  either  the 
 NRCS-CN  (Natural  Resources  Conservation  Services  Curve  Number)  or  the  Green-Ampt  method 
 (Neitsch  et  al.,  2011),  whereas  the  streamflow  rate  and  velocity  are  calculated  based  on  channel 
 geometry  parameters  like  cross-sectional  area  and  hydraulic  radius,  which  depend  on  bankfull  width 
 and  depths.  In  SWAT,  streamflow  rate  and  velocity  are  used  to  route  runoff,  sediment,  and  nutrients 
 in  the  channels.  SWAT  allows  the  user  to  input  different  bankfull  widths  and  depths  for  specific 
 channels,  which  can  help  improve  the  accuracy  of  the  model  in  cases  where  site-specific  data  exists. 
 Additionally,  the  model  includes  options  to  adjust  channel  routing  parameters,  which  can  also  help  to 
 account for variability in channel geometry and improve the accuracy of hydrologic simulations. 

 SWAT  assumes  a  trapezoidal  shape  for  all  channels  and  a  2:1  run  to  rise  ratio  (i.e.,  slope  of 
 0.5)  for  channel  sides  (Neitsch  et  al.,  2011).  Bankfull  (top)  channel  width  and  depth  are  predefined 
 by  ArcSWAT  using  power-regression  equations  borrowed  from  the  U.S.  Environmental  Protection 
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‭Agency‬ ‭(EPA)‬ ‭BASINS‬ ‭watershed‬ ‭analysis‬ ‭system,‬ ‭based‬ ‭on‬ ‭the‬ ‭methodology‬ ‭of‬ ‭Muttiah‬ ‭et‬ ‭al.‬
‭(2007), Leopold and Maddock Jr. (1953), and Allen et al. (1994):‬

‭(1)‬‭𝑊‬
‭𝑏𝑎𝑛𝑘‬

= ‭1‬. ‭29‬‭𝐴‬‭0‬.‭6‬

‭where‬ ‭is the bankfull channel width (m), and‬ ‭is the upstream drainage area (km‬‭2‬‭).‬‭𝑊‬
‭𝑏𝑎𝑛𝑘‬

‭𝐴‬

‭and‬

‭(2)‬‭𝑑‬
‭𝑏𝑎𝑛𝑘‬

= ‭0‬. ‭13‬‭𝐴‬‭0‬.‭4‬

‭where‬ ‭is the bankfull channel depth (m).‬‭𝑑‬
‭𝑏𝑎𝑛𝑘‬

‭The‬ ‭bottom‬ ‭width‬ ‭of‬ ‭the‬ ‭channel‬ ‭is‬ ‭calculated‬ ‭from‬ ‭the‬ ‭bankfull‬ ‭width,‬ ‭bankfull‬ ‭depth‬ ‭and‬ ‭the‬
‭inverse of the slope (‬ ‭, according to equation 3:‬‭𝑧‬)

‭(3)‬‭𝑊‬
‭𝑏𝑜𝑡𝑡𝑜𝑚‬

= ‭𝑊‬
‭𝑏𝑎𝑛𝑘‬

− ‭2‬‭𝑧‬‭𝑑‬
‭𝑏𝑎𝑛𝑘‬

‭where‬ ‭is the bottom width of the channel (m).‬‭𝑊‬
‭𝑏𝑜𝑡𝑡𝑜𝑚‬

‭The‬‭cross-sectional‬‭area‬‭of‬‭flow‬‭is‬‭calculated‬‭internally‬‭as‬‭a‬‭function‬‭of‬‭flow‬‭volume‬‭and‬‭the‬
‭length‬ ‭of‬ ‭the‬ ‭main‬ ‭channel.‬ ‭The‬ ‭depth‬ ‭of‬ ‭water‬ ‭in‬ ‭the‬ ‭channel‬ ‭at‬ ‭a‬ ‭given‬ ‭time,‬ ‭under‬‭no‬‭bankfull‬
‭conditions, is calculated from equation 4:‬

‭(4)‬‭𝐴‬
‭𝑐ℎ‬

(‭ℎ‬) = ‭𝑊‬
‭𝑏𝑜𝑡𝑡𝑜𝑚‬

+ ‭𝑧ℎ‬( )‭ℎ‬

‭where‬ ‭is‬ ‭the‬ ‭cross-sectional‬ ‭area‬ ‭(m‬‭2‬‭)‬ ‭through‬ ‭which‬ ‭water‬ ‭flows‬ ‭in‬ ‭the‬ ‭channel,‬ ‭and‬ ‭is‬‭the‬‭𝐴‬
‭𝑐ℎ‬

‭ℎ‬
‭depth of water in the channel (m).‬

‭The width of the channel at water level‬ ‭is calculated as:‬‭ℎ‬

‭(5)‬‭𝑊‬(‭ℎ‬) = ‭ ‬‭𝑊‬
‭𝑏𝑜𝑡𝑡𝑜𝑚‬

+ ‭2‬‭𝑧ℎ‬

‭where‬ ‭is the width of the channel at water level‬ ‭(m).‬‭𝑊‬ ‭ℎ‬

‭The‬‭volume‬‭of‬‭water‬‭held‬‭in‬‭the‬‭channel‬‭is‬‭calculated‬‭as‬‭a‬‭function‬‭of‬‭the‬‭channel‬‭length‬‭(‬ ‭(km)‬‭𝐿‬
‭𝑐ℎ‬‭ ‬

)
‭and the cross-sectional area:‬

‭(6)‬‭𝑉‬(‭ℎ‬) = ‭1000‬‭𝐿‬
‭𝑐ℎ‬

‭𝐴‬
‭𝑐ℎ‬

(‭ℎ‬)

‭where‬ ‭is‬‭the‬‭volume‬‭of‬‭water‬‭stored‬‭in‬‭the‬‭channel‬‭(m‬‭3‬‭).‬‭When‬‭this‬‭volume‬‭of‬‭water‬‭exceeds‬‭the‬‭𝑉‬
‭maximum‬ ‭amount‬ ‭that‬ ‭can‬ ‭be‬ ‭held‬ ‭in‬ ‭the‬ ‭channel,‬ ‭the‬ ‭excess‬ ‭water‬ ‭flows‬ ‭through‬ ‭the‬ ‭floodplain‬
‭areas.‬‭The‬‭bottom‬‭width‬‭of‬‭the‬‭flood‬‭plain‬‭is‬‭assumed‬‭to‬‭be‬‭5‬‭times‬‭that‬‭of‬‭the‬‭bankfull‬‭width‬‭of‬‭the‬
‭channel.‬

‭Flow‬ ‭rate‬ ‭and‬ ‭velocity‬ ‭computations‬ ‭in‬ ‭SWAT‬ ‭are‬ ‭tightly‬ ‭linked‬ ‭to‬ ‭the‬ ‭channel‬ ‭width‬
‭representation and are determined as follows:‬

‭7‬

‭214‬

‭215‬

‭216‬

‭217‬

‭218‬

‭219‬

‭220‬

‭221‬

‭222‬

‭223‬

‭224‬

‭225‬

‭226‬

‭227‬

‭228‬

‭229‬

‭230‬

‭231‬

‭232‬

‭233‬

‭234‬

‭235‬

‭236‬

‭237‬

‭238‬

‭239‬

‭240‬

‭241‬

‭242‬



 2/3 1/2   𝐴 𝑅   𝑠𝑙  𝑝 
 𝑞 =    𝑐ℎ  

 𝑛 (7)  

 2/3  1/2 

 𝑣 =     𝑅  𝑠𝑙  𝑝 
 𝑛 (8)  

 where  𝑞  is  the rate  of   flow  in  the  channel  (m 3  /s),   𝑅 is   the  hydraulic  radius  (m)  calculated  from  𝐴 
 𝑐ℎ 

 and  wetted  perimeter,  𝑠𝑙𝑝  is  the slope   along the   channel  (m/m),  𝑛  is  Manning’s  coefficient  for  the 
 channel, and  𝑣 is the flow velocity (m/s).  

 SWAT  uses  a  power-regression  model  to  determine  the  amount  of  sediment  transported  by 
 streamflow  in  the  channel  (Her  et  al.,  2017).  The  maximum  amount  of  sediment  that  can  be 
 transported  is  a  function  of  average  streamflow  and  peak  flow  and  velocity,  which  are  directly 
 affected by channel widths. 

 Additionally,  the  equilibrium  temperature  approach  utilized  here  to  simulate  stream 
 temperature  considers  changes  in  streamflow  and  water  depth  and  is  affected  by  channel  dimensions. 
 The  initial  stream  temperature  is  determined  as  a  function  of  the  streamflow  discharged  at  the  outlet 
 of the subbasin and the total water yield contribution within the subbasin: 

 𝑇 (𝑄  −𝑠 𝑢  𝑏 + 𝑇  𝑠𝑢  𝑏 
𝑇  = 𝑤 ,  𝑢𝑝𝑠𝑡𝑟𝑒𝑎𝑚  𝑜𝑢𝑡 𝑤𝑦𝑙𝑑 )  𝑤,  𝑙𝑜𝑐𝑎𝑙  𝑤𝑦𝑙𝑑 (9)  

𝑤   𝑄 
 𝑜𝑢𝑡 

 where  𝑇  is  the  initial  stream  temperature  at  a  given  subbasin  (°C),  𝑇  is  the water  
 𝑤  𝑤,  𝑢𝑝𝑠𝑡𝑟𝑒𝑎𝑚 

 temperature  of  the  upstream  subbasin  (°C),  𝑄  is  the  streamflow  at the   subbasin’s  outlet  (m 3  /s),  and  
 𝑜𝑢𝑡 

 𝑠𝑢  𝑏  is  the  total  water yield   generated  within  the subbasin   (m 3  /s).   After  T  w  is  calculated, the   final 
 𝑤𝑦𝑙𝑑 

 stream  temperature  is  determined  by  considering  the  heat  exchange  between  water-air  and 
 water-sediment  interfaces  and  the  water  travel  time.  For  a  detailed  account  of  the  stream  temperature 
 calculation process, the reader is referred to Du et al. (2018). 

 Water  quality  modeling  in  SWAT  is  in  turn  impacted  by  stream  temperature  since  chemical 
 reaction  rates  and  oxygen  saturation  concentration  are  calculated  based  on  the  simulated  daily  water 
 temperature: 

𝑇  − 20 
 𝑘(  𝑇 ) = 𝑘  θ  𝑊  (10) 

 20 

 where  𝑘 ( 𝑇)  is the reaction rate at local temperature  (d  -1 ),   𝑘  is the reaction rate at 20 °C, (d - 1 ),  θ  is 
 20 

 the temperature correction coefficient, and 𝑇   is the water temperature predicted by SWAT (°C). 
 𝑊 

 Thus,  channel  geometry  representation  influences  not  only  hydrology  in  SWAT  but  also 
 water quality modeling. 

 2.4. SW AT setup and input data 
 As  a  semi-distributed  watershed-scale  hydrological  model,  SWAT  requires  several  geospatial  inputs 
 and  weather  forcings  to  simulate  physical  processes  within  a  watershed.  The  ArcSWAT  2012 
 (version  10.4.19)  interface  was  used  in  this  research  to  delineate  the  ACT  watershed  and  create  the 
 HRU’s.  First,  the  watershed  boundary  was  delineated  based  on  a  10  meters  resolution  digital 
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‭elevation‬‭model‬‭(DEM)‬‭from‬‭the‬‭National‬‭Elevation‬‭Dataset‬‭(NED)‬‭and‬‭hydrography‬‭network‬‭from‬
‭the‬ ‭National‬ ‭Hydrography‬ ‭Dataset‬ ‭(NHD).‬ ‭Soil‬ ‭map‬ ‭and‬ ‭soil‬ ‭characteristics‬ ‭(e.g.,‬ ‭soil‬ ‭depth,‬ ‭soil‬
‭hydraulic‬‭conductivity,‬‭available‬‭water‬‭capacity)‬‭needed‬‭to‬‭parameterize‬‭SWAT’s‬‭soil‬‭database‬‭were‬
‭obtained‬ ‭from‬ ‭STATSGO‬ ‭as‬‭gridded‬‭data‬‭covering‬‭the‬‭basin’s‬‭drainage‬‭area.‬‭The‬‭2016‬‭NLCD‬‭was‬
‭ingested‬ ‭in‬ ‭ArcSWAT‬ ‭to‬ ‭characterize‬ ‭the‬ ‭basin’s‬ ‭land-use/cover‬ ‭distribution.‬ ‭As‬ ‭weather‬ ‭forcings,‬
‭this‬ ‭research‬ ‭used‬ ‭daily‬ ‭precipitation,‬ ‭minimum/maximum‬ ‭temperature,‬ ‭relative‬ ‭humidity,‬ ‭wind‬
‭speed,‬‭and‬‭solar‬‭radiation‬‭from‬‭the‬‭GridMet‬‭daily‬‭gridded‬‭dataset‬‭(Abatzoglou,‬‭2013).‬‭Climate‬‭data‬
‭at‬ ‭4‬ ‭km‬ ‭resolution‬ ‭from‬ ‭1979‬‭to‬‭2020‬‭were‬‭extracted‬‭using‬‭the‬‭centroid‬‭of‬‭each‬‭subwatershed‬‭as‬‭a‬
‭spatial‬‭reference.‬‭According‬‭to‬‭Atkins‬‭et‬‭al.‬‭(2004),‬‭atmospheric‬‭deposition‬‭is‬‭an‬‭important‬‭nonpoint‬
‭source‬ ‭across‬ ‭the‬ ‭Mobile‬ ‭River‬‭Basin‬‭and‬‭accounts‬‭for‬‭about‬‭30‬‭and‬‭20%‬‭of‬‭the‬‭total‬‭nitrogen‬‭and‬
‭phosphorous‬‭in‬‭the‬‭basin,‬‭respectively.‬‭Thus,‬‭dry‬‭and‬‭wet‬‭atmospheric‬‭deposition‬‭data‬‭were‬‭obtained‬
‭from‬ ‭the‬ ‭National‬ ‭Atmospheric‬ ‭Deposition‬ ‭Program‬ ‭for‬ ‭stations‬ ‭AL03,‬ ‭AL10,‬ ‭AL19,‬ ‭and‬ ‭AL99,‬
‭which‬ ‭fall‬ ‭within‬ ‭the‬ ‭domains‬ ‭of‬ ‭ACT‬ ‭river‬ ‭basin,‬ ‭and‬ ‭incorporated‬ ‭as‬ ‭input‬ ‭data‬ ‭in‬ ‭the‬ ‭models.‬
‭Point‬‭source‬‭discharges‬‭from‬‭wastewater‬‭treatment‬‭plants‬‭contribute‬‭around‬‭5%‬‭of‬‭the‬‭total‬‭nitrogen‬
‭and‬ ‭phosphorus‬ ‭to‬ ‭the‬ ‭basin‬ ‭(Atkins‬ ‭et‬ ‭al.,‬ ‭2004),‬ ‭and‬ ‭thus‬ ‭discharge‬ ‭information‬ ‭from‬ ‭90‬ ‭major‬
‭facilities‬‭spread‬‭across‬‭the‬‭basin‬‭were‬‭downloaded‬‭from‬‭EPA’s‬‭ECHO‬‭(Enforcement‬‭and‬‭Compliance‬
‭History Online) portal and added as point sources to the model.‬

‭Actual evapotranspiration (ET) was manually calibrated against remote-sensing data from‬
‭MODIS (Moderate Resolution Imaging Spectroradiometer) MOD16A2 (Mu et al., 2013) algorithm‬
‭in the period 2002-2020. In the southeast United States, ET from forested ecosystems can be as high‬
‭as 90% of the incoming rainfall and thus consists of a key water budget component (McLaughlin et‬
‭al., 2013). To accurately capture ET in the model, we derived watershed averaged MODIS ET data at‬
‭the 500-m spatial and 8-day temporal resolution from Google Earth Engine (GEE) (Gorelick et al.,‬
‭2017). The data was aggregated to monthly time-step and model simulations were compared to‬
‭MODIS values until a reasonable agreement was found. ET sensitive parameters were borrowed‬
‭from Haas et al. (2021). Similarly, to realistically capture vegetation dynamics in the model, we used‬
‭the parameter values controlling the leaf area index (LAI) of evergreen forests outlined in Haas et al.‬
‭(2021). The aboveground biomass of forests was adjusted based on gridded estimates from the‬
‭United States Department of Agriculture (USDA) Forest Service, as described in Blackard et al.‬
‭(2008). Water temperature was manually calibrated by adjusting the parameters described in Du et‬
‭al. (2018). More especially, the parameters‬‭wtmp_add‬‭,‬‭sub_lag‬‭,‬‭sub_mkt‬‭,‬‭sub_lambda‬‭, and‬
‭gwtmp_sub‬‭had calibrated values of 2, 87 (days), 1.1,‬‭0.99, and 16 ◦C, respectively.‬

‭The‬‭complete‬‭dataset‬‭used‬‭for‬‭constructing‬‭the‬‭SWAT‬‭model‬‭for‬‭the‬‭ACT‬‭river‬‭basin,‬‭as‬‭well‬
‭as‬‭their‬‭sources,‬‭are‬‭summarized‬‭in‬‭Table‬‭1.‬‭Based‬‭on‬‭the‬‭described‬‭data,‬‭SWAT2012‬‭(revision‬‭664)‬
‭through‬‭the‬‭ArcSWAT‬‭interface‬‭with‬‭a‬‭10%-10%-0%‬‭(land-use,‬‭soils,‬‭slope)‬‭threshold‬‭generated‬‭320‬
‭subbasins‬ ‭and‬ ‭4758‬ ‭HRU’s.‬ ‭The‬ ‭model‬ ‭was‬ ‭run‬ ‭at‬ ‭the‬ ‭daily‬‭time-step‬‭from‬‭1979‬‭to‬‭2020,‬‭using‬‭3‬
‭years (1979-1981) of initialization as model warm-up period.‬

‭Table 1 -‬‭Description of the input data utilized to‬‭construct the watershed model and evaluate the model performance in‬
‭simulating streamflow and stream temperature.‬

‭Data‬ ‭Description‬ ‭Source‬
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‭276‬

‭277‬

‭278‬

‭279‬

‭280‬

‭281‬

‭282‬
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‭284‬

‭285‬

‭286‬

‭287‬

‭288‬

‭289‬

‭290‬
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‭292‬
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‭294‬
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‭300‬
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 Topography 

 Land use 

 National  Elevation 
 Dataset  at  10  meters 
 resolution 

 2016 NLCD 

 United  States  Department  of  Agriculture  (USDA)  Geospatial  Data 
 Gateway (https://datagateway.nrcs.usda.gov/) 

 United  States  Department  of  Agriculture  (USDA)  Geospatial  Data 
 Gateway (https://datagateway.nrcs.usda.gov/) 

 Model input data  Soil  State  Soil  Geographic 
 (STATSGO) 

 United  States  Department  of  Agriculture  (USDA)  Geospatial  Data 
 Gateway (https://datagateway.nrcs.usda.gov/) 

 Climate 

 Atmospheric 
 deposition 

 Point sources 

 Daily  precipitation, 
 maximum/minimum 
 temperature,  solar 
 radiation,  and  wind  speed 
 from 1979 to 2020 
 Average  annual  wet  and 
 dry  deposition  of  nitrate 
 and  ammonia  from  1982 
 to 2020 
 Monthly  discharge  and 
 loading  from  wastewater 
 treatment  plants  from 
 2007 to 2020 

 GridMet (https://www.climatologylab.org/gridmet.html) 

 National Atmospheric Deposition Program (NADP) 
 (http://nadp.slh.wisc.edu/) 

 EPA’s  ECHO  Portal 
 (https://echo.epa.gov/trends/loading-tool/get-data/monitoring-data-dow 
 nload) 

 Model evaluation  Water quality  Water temperature  Water Quality Portal (https://www.waterqualitydata.us/) 

 Streamflow 
 Daily 
 USGS 
 shown 

 discharge 
 gage 

in Figure 1 

 from 
 stations  USGS Water data 

 (https://waterdata.usgs.gov/nwis) 

 2.5. Alternative sour ces of channel width data 

 In  SWAT,  the  user  can  modify  the  bankfull  width  and  depth  of  main  channels  and  tributaries  in  the 
 .rte  and  .sub  files,  respectively.  This  study  leverages  different  sources  of  channel  width  data  and 
 compares  them  against  the  default  values  assigned  by  ArcSWAT.  Additionally,  we  derived  measured 
 channel  width  data  for  six  rivers  across  the  ACT  river  basin  using  the  Data  Retrieval  package  (De 
 Cicco  et  al.,  2018)  in  the  statistical  software  RStudio.  The  monitoring  stations  having  channel  width 
 measurements  are  shown  in  Table  2.  The  alternative  data  sources  were  derived  from  satellite 
 imagery,  a  new  power-regression  model,  a  recently  published  global  channel  width  database,  a 
 previously  developed  power-regression  model  (not  published)  for  the  Alabama  Coastal  Plain  region, 
 and LiDAR data. The data sources are explained next. 

 2.5.1.  Channel width data from satellite imagery 

 This  study  used  Streamstats  (https://streamstats.usgs.gov/ss/),  a  web-based  application  developed  by 
 the  United  States  Geological  Survey  (USGS),  to  derive  bankfull  channel  widths  at  eighty-two 
 sub-basins  across  the  ACT  river  basin.  The  criteria  utilized  to  select  the  locations  where  channel 
 widths  were  retrieved  was  the  presence  of  USGS  monitoring  stations  (Figure  1).  We  opted  for  this 
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‭approach,‬ ‭rather‬ ‭than‬ ‭deriving‬ ‭channel‬ ‭widths‬ ‭for‬ ‭all‬ ‭channels‬ ‭in‬ ‭the‬‭model,‬‭to‬‭avoid‬‭small‬‭creeks‬
‭and‬‭rivers‬‭that‬‭might‬‭be‬‭difficult‬‭to‬‭measure‬‭via‬‭satellite‬‭imagery.‬‭However,‬‭measuring‬‭channel‬‭width‬
‭at‬ ‭one‬ ‭location‬ ‭may‬ ‭not‬ ‭accurately‬ ‭reflect‬ ‭variations‬ ‭along‬ ‭the‬ ‭channel‬ ‭segment‬ ‭and‬ ‭the‬ ‭average‬
‭width.‬‭To‬‭quantity‬‭this‬‭uncertainty,‬‭we‬‭derived‬‭channel‬‭widths‬‭with‬‭Streamstats‬‭for‬‭30‬‭points‬‭over‬‭a‬
‭5‬‭km‬‭length‬‭downstream‬‭of‬‭the‬‭USGS‬‭monitoring‬‭station‬‭02428400‬‭(Table‬‭2)‬‭on‬‭the‬‭Alabama‬‭river.‬
‭This‬‭location‬‭was‬‭selected‬‭because‬‭it‬‭is‬‭the‬‭most‬‭downstream‬‭monitoring‬‭station‬‭and‬‭the‬‭largest‬‭river‬
‭in‬ ‭our‬ ‭watershed‬ ‭system.‬ ‭Channel‬ ‭width‬ ‭was‬ ‭retrieved‬ ‭every‬ ‭150‬ ‭meters‬ ‭between‬ ‭the‬ ‭USGS‬
‭monitoring‬ ‭station‬ ‭and‬ ‭the‬ ‭outlet‬ ‭of‬‭the‬‭subbasin‬‭in‬‭which‬‭it‬‭is‬‭located.‬‭The‬‭average‬‭channel‬‭width‬
‭was‬‭257‬‭meters‬‭and‬‭the‬‭standard‬‭deviation‬‭19‬‭meters.‬‭In‬‭Streamstats,‬‭we‬‭used‬‭satellite‬‭imagery‬‭with‬
‭15‬ ‭meters‬ ‭resolution‬ ‭as‬ ‭a‬ ‭base‬ ‭layer‬ ‭and‬ ‭the‬ ‭Elevation‬ ‭Profile‬ ‭Tool‬ ‭to‬ ‭measure‬ ‭channel‬‭width‬‭and‬
‭generate elevation profiles at each location. Figure 2 illustrates this process.‬

‭Streamstats‬ ‭provides‬ ‭users‬ ‭with‬ ‭access‬ ‭to‬ ‭a‬ ‭wide‬ ‭range‬ ‭of‬ ‭geospatial‬ ‭data‬ ‭related‬ ‭to‬
‭streamflow‬‭and‬‭water‬‭quality‬‭across‬‭the‬‭United‬‭States.‬‭The‬‭platform‬‭allows‬‭users‬‭to‬‭generate‬‭reports,‬
‭maps,‬ ‭and‬ ‭graphs‬ ‭of‬ ‭various‬ ‭streamflow‬ ‭statistics‬ ‭and‬ ‭other‬ ‭hydrological‬ ‭data,‬ ‭including‬ ‭flow‬
‭duration‬ ‭curves,‬ ‭flood‬ ‭frequency‬ ‭estimates,‬ ‭and‬ ‭basin‬ ‭characteristics.‬ ‭Streamstats‬ ‭is‬ ‭a‬ ‭valuable‬
‭resource‬ ‭for‬ ‭hydrologists,‬ ‭engineers,‬ ‭planners,‬ ‭and‬ ‭others‬‭involved‬‭in‬‭water‬‭resources‬‭management‬
‭and planning and may be leveraged for watershed modeling applications.‬
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‭Figure 2 – (A) Screenshot of the Elevation Profile Tool in Streamstats illustrating how bankfull channel widths were retrieved (Source:‬
‭Esri, DigitalGlobe, GeoEye, i-cubed, USDA FSA, USGS, AEX, Getmapping, Aerogrid, IGN, IGP, swisstopo, and the GIS User‬
‭Community), (B) measuring points over the Alabama River where multiple channel widths were retrieved to capture the variations‬
‭along the segment. The lat/long of the measured points are as follows: P1 (31.6055,-87.5516), P2 (31.6033,-87.5512), P3‬
‭(31.6021,-87.5508), P4 (31.6008,-87.5503), P5 (31.5999,-87.5498), P6 (31.5986,-87.5492), P7 (31.5976,-87.5485,) P8‬
‭(31.5963,-87.5477), P9 (31.5949,-87.5466), P10 (31.5937,-87.5454), P11 (31.5926,-87.5439), P12 (31.5916,-87.5426), P13‬
‭(31.5905,-87.541), P14 (31.5891,-87.539), P15 (31.5877,-87.5368), P16 (31.5864,-87.5349), P17 (31.5852,-87.5328), P18‬
‭(31.5838,-87.5305), P19 (31.5827,-87.5287), P20 (31.5814,-87.5271), P21 (31.5803,-87.5257), P22 (31.5791,-87.5242), P23‬
‭(31.578,-87.5229), P24 (31.5766,-87.5213), P25 (31.5753,-87.5199), P26 (31.5741,-87.5184), P27 (31.573,-87.5172), P28‬
‭(31.5718,-87.5159), P29 (31.5706,-87.5146), P30 (31.5682,-87.5143).‬
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‭Figure 3 – The newly developed power-regress ion model  for the ACT river bas in based on Streamstats  measurements .‬

‭2.5.3.‬ ‭Channel width from a global database‬

‭The Global River Widths from Landsat (GRWL) Database (Allen and Pavelsky, 2018) is a dataset‬
‭that provides information on the widths of rivers and their associated floodplains worldwide. The‬
‭data is derived from satellite imagery captured by the Landsat series of satellites. The GRWL dataset‬
‭provides valuable information on the spatial distribution of river widths and the dataset is publicly‬
‭available in vector format. However, channel width estimates from GRWL are yet to be tested in‬
‭watershed modeling studies. The GRWL Database has over 58 million measurements of rivers wider‬
‭than 30 m and the total measured area is 468,000 km‬‭2‬‭,‬‭or 0.35% of Earth’s non glaciated land‬
‭surface. The GRWL’s approximate spatial resolution is 30 m and the dataset is most accurate at‬
‭width wider than 90 m (Allen and Pavelsky, 2018). For more details about the GRWL, the reader is‬
‭referred to Allen and Pavelsky (2018).‬

‭In this study, we overlayed the GRWL vector data with the boundary and stream network of‬
‭the ACT river basin produced by ArcSWAT. Next, we clipped the GRWL data to the watershed‬
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‭boundary using ArcMap 10.4.1 and extracted average channel width for all ACT channels‬
‭contemplated in the dataset, which resulted in 31 data points. This process is illustrated in Figure 4.‬

‭Figure 4 – Locations across the ACT river basin where bankfull channel width values from the GRWL database were‬
‭extracted. Locations where USGS gauge stations overlapped with the GRWL vector were selected.‬

‭2.5.4.‬ ‭Channel width from a regional curve of the Alabama Coastal Plain‬

‭A study conducted by the U.S. Fish and Wildlife Service (USFWS) for the Alabama Department of‬
‭Environmental Management (ADEM), Alabama Coastal Nonpoint Pollution Control Program,‬
‭developed regional curves describing the relationship of dependent variables such as channel width‬
‭and depth as functions of independent variables like upstream drainage area and discharge. This‬
‭study was carried out in the hydro-physiographic region of the Alabama Coastal Plain and has not‬
‭been published. The technical report has been shared with us via personal communication.‬

‭The relationship between bankfull channel width and drainage area has been approximated as‬
‭a power function regression equation based on measurements at eight reach sites. The model, which‬
‭has a R‬‭2‬ ‭of 0.94, is shown next:‬

‭(10)‬‭𝑊‬
‭𝑈𝑆𝐹𝑊𝑆‬

= ‭5‬. ‭67‬. ‭𝐴‬‭0‬.‭52‬
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‭where‬ ‭is the bankfull channel width (ft), and‬ ‭is the drainage area (mi‬‭2‬‭).‬‭𝑊‬
‭𝑈𝑆𝐹𝑊𝑆‬

‭𝐴‬

‭2.5.5.‬ ‭Channel width from LiDAR‬

‭LiDAR (Light Detection and Ranging) technology provides an effective tool for understanding and‬
‭managing stream channels by providing detailed information on their geometry and physical‬
‭characteristics (Bizzi et al., 2019). LiDAR can capture highly detailed and accurate elevation data,‬
‭which can be used to create digital elevation models (DEMs) and hydrologic models of channel‬
‭systems (McKean et al., 2009; Passalacqua et al., 2010). With LiDAR, channel geometry parameters‬
‭such as channel width, depth, cross-sectional area, and slope can be determined at fine spatial‬
‭resolutions. In this study,1-meters resolution LiDAR data was used to derive bankfull channel width.‬
‭LiDAR data was downloaded from the United States Geological Survey (USGS) national map‬
‭viewer (‬‭https://apps.nationalmap.gov/viewer/‬‭) in LAZ‬‭format. Next, the LAZ files were converted to‬
‭GeoTIFF raster format in ArcGIS Pro. Elevation from the LiDAR was used to create the output‬
‭raster files and the‬‭Natural Neighbor Triangulation‬‭(Ferreira et al., 2010) method was employed to‬
‭determine the cell values of the output raster files. Finally, the GeoTIFF files were processed using‬
‭the HEC-RAS Mapper software in HEC-RAS 6.3.1. (US Army Corps of Engineers, 2023) to create‬
‭terrain models from which bankfull channel widths of specific cross-sections were derived. This‬
‭process is illustrated in Figure 5.‬
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 5.  Empirical  model  (M  Emp  ):  this  scenario  replaced  eighty-two  channel  width  values  in 
 the  .  rte  files  by  channel  widths  estimated  with  the  regional  power-regression  model 
 explained  in  section  2.5.4.  The  modified  .  rte  files  correspond  to  the  locations  where 
 channel width had been previously measured using Streamstats; 

 6.  LiDAR  (M  Lidar ):   this  scenario  replaced  thirty-one  channel  width  values  in  the  .  rte  files 
 by  channel  widths  extracted  from  LiDAR  data.  To  minimize  computational  burden, 
 we limited our efforts to the cross-sections where GRWL estimates were available. 

 Comparison  of  M  Ssts  and  M  SstsReg  tells  us  if  it  is  feasible  to  develop  a  robust  relationship 
 between  channel  width  and  drainage  area  based  on  measurements  of  larger  rivers  in  detriment  of 
 creeks  and  smaller  channels.  M  SstsReg  is  an  extrapolation  of  M  Ssts  and  meant  to  aid  in  watershed 
 modeling  studies  conducted  in  nearby  watersheds.  The  fourth  experiment  (M  GRWL )   tells  us  if  a  global 
 dataset  having  fewer  data  points  can  be  a  good  proxy  for  channel  width  representation  in  watershed 
 models.  M  Emp  tells  us  if  regional  curves  may  be  extrapolated  to  nearby  watersheds  and  be  leveraged 
 for  watershed  modeling  applications.  Finally,  M  Lidar  tells  us  how  high-resolution  LiDAR  data 
 compares  against  coarser  and  simpler  estimates  such  as  those  from  M  Ssts,  M  SstsReg,  M  GRWL,  and  M  Emp.  M  0 
 serves  as  a  reference  to  examine  how  much  the  default  SWAT  representation  of  channel  width 
 deviates from the alternative data sources. 

 2.7. Assessing the impacts of channel width on hydr ology and water quality simulations 

 To  assess  the  impacts  of  each  modeling  experiment  on  simulated  daily  average  streamflow,  1-day 
 maximum  streamflow,  and  daily  stream  temperature,  a  subset  of  the  USGS  monitoring  stations 
 shown  in  Figure  1  was  selected.  We  focused  on  USGS  stations  having  at  least  15  years  of  continuous 
 time-series  of  streamflow  data  to  compare  model  simulations  against  observations.  Observed 
 streamflow  and  water  temperature  data  were  downloaded  using  the  Data  Retrieval  (De  Cicco  et  al., 
 2018)  package in the statistical software  RStudio .  

 Changes  in  model  performance  from  scenarios  1-6  in  relation  to  observations  of  streamflow  and 
 water  temperature  were  evaluated  based  on  the  statistical  rating  metrics  Nash-Sutcliffe  efficiency 
 coefficient  (NSE)  and  model  percent  bias  (PBIAS).  For  detailed  information  about  these  metrics  the 
 reader is referred to Moriasi et al. (2007) and Moriasi et al. (2015). 

 It  is  worth  highlighting  that  automated  model  calibration  of  streamflow  was  not  carried  out  as 
 our  goal  here  is  not  to  improve  model  performance,  but  rather  investigate  the  impacts  of  channel 
 width  representation  on  hydrologic  predictions.  Additionally,  semi-distributed  watershed  models  like 
 SWAT  have  hundreds  of  parameters  controlling  streamflow  and  adjusting  them  under  flawed  channel 
 width  representation  may  result  in  unrealistic  parameter  values  and  a  model  giving  the  right  answers 
 for  the  wrong  reasons.  Thus,  to  avoid  the  confounding  effect  of  calibrated  parameters,  we  followed 
 the  guidelines  of  Abbaspour  et  al.  (2015)  and  Yen  et  al.  (2014)  to  (  i )   build  the  model  with  the  best 
 datasets  available  prior  to  performing  model  calibration,  and  (  ii )   adjusted  interior  watershed 
 processes  (i.e..  ET,  LAI,  aboveground  biomass)  before  carrying  out  model  calibration  at  the 
 watershed’s outlet. 

 Percent  changes  in  average  streamflow,  maximum  flow,  and  stream  temperature  from  scenarios 
 2-6 in relation to M 0   were examined according to equation  11: 

( 𝑀  𝑀 )
 𝐶ℎ𝑎𝑛𝑔𝑒     𝑖𝑛     𝑝𝑒𝑟𝑐𝑒𝑛𝑡 =  𝑛−  0  𝑥  100  𝑀 (1 1) 
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 where  𝑀  and 𝑀   are  average simulations  from   scenarios  2-5  and  M  0  ,  respectively,  over  the 
 𝑛  0 

 simulation  period.  Table  2  summarizes  the  USGS  stations  selected  for  assessing  the  model 
 simulations. 

 Table 2 – List of USGS gauge stations selected for evaluating SWAT’s performance in simulating daily streamflow, maximum flow, 
 and stream temperature using different channel width representations. The listed stations are a subset of the USGS stations shown in 
 Figure 1. 

 Station 
 ID  Station Name  Lat  Long  Drainage area  2 (km  )  Period of record  Variable 

 analyzed* 
 02382500  COOSAWATTEE RIVER AT CARTERS, GA  34.603697  -84.69549  1349  1982-2020  Q 

 02388500  OOSTANAULA RIVER NEAR ROME, GA  34.298426  -85.13800  5478  1982-2020  Q 

 02394000  ETOWAH RIVER AT ALLATOONA 
 GA 

DAM, ABV CARTERSVILLE,  34.163153  -84.74104  2906  1982-2020  Q 

 02395980  ETOWAH RIVER AT GA 1 LOOP, NEAR ROME, GA  34.232317  -85.11689  4665  1982-2020  Q 

 02397000  COOSA RIVER NEAR ROME, GA  34.200373  -85.25662  10464  1982-2020  Q, T 

 02398000  CHATTOOGA RIVER AT SUMMERVILLE, GA  34.466389  -85.33611  497  1982-2020  Q 

 02399200  LITTLE RIVER NEAR BLUE POND AL  34.28787  -85.68163  515  1982-2020  Q 

 02401390  BIG CANOE CREEK AT ASHVILLE AL  33.839821  -86.26275  365  1982-2020  Q 

 02412000  TALLAPOOSA RIVER NEAR HEFLIN, ALA.  33.622885  -85.51328  1160  1982-2020  Q, T 

 02414500  TALLAPOOSA RIVER AT WADLEY AL  33.116787  -85.56078  4338  1982-2020  Q 

 02419000  UPHAPEE CREEK NEAR TUSKEGEE AL  32.476805  -85.69495  862  1982-2020  Q 

 02422500  MULBERRY CREEK AT JONES AL  32.58291  -86.90359  526  1982-2020  Q 

 02424000  CAHABA RIVER AT CENTREVILLE AL  32.945124  -87.13916  2660  1982-2020  Q 

 02425000  CAHABA RIVER NEAR MARION JUNCTION AL  32.444025  -87.18027  4574  1982-2020  Q 

 02428400  ALABAMA RIVER AT CLAIBORNE L&D NEAR MONROEVILLE  31.6151  -87.5505  55615  1982-2020  Q, T 

 02401000  BIG WILLS CREEK NEAR REECE CITY  34.098152  -86.03802  1476  1986-2020  Q 

 02404400  CHOCCOLOCCO CREEK AT JACKSON 
 AL 

SHOAL NR LINCOLN  33.548438  -86.09691  1246  1984-2020  Q 

 02407514  YELLOWLEAF CREEK NEAR WESTOVER, ALA  33.320667  -86.49525  368  2005-2020  Q 

 02411000  COOSA RIVER AT JORDAN DAM NEAR WETUMPKA AL  32.61402  -86.25497  26164  1982-2013  Q 

 02419890  TALLAPOOSA RIVER NEAR MONT.-MONT. WATER WORKS  32.439859  -86.19552  12033  1995-2020  Q 

 02420000  ALABAMA RIVER NEAR MONTGOMERY, AL  32.411526  -86.40830  39075  1982-2020  Q 

 02423555  CAHABA RIVER NEAR HELENA AL  33.284558  -86.88249  868  1995-2020  Q 

 02423496  CAHABA RIVER NEAL HOOVER AL  33.3692767  -86.78415  585  1991-2019  Q, T 

 21AWIC  COOSA RIVER JORDAN DAM AL  32.6140204  -86.25497  26164  2005-2020  Q, T 

 02787000  CONASAUGA RIVER AT TILTON GA  34.6669167  -84.92791  1836  2014-2022  W 

 02388520  OOSTANAULA RIVER AT ROME GA  34.2692599  -85.17273  5555  2014-2022  W 

 02392000  ETOWAH RIVER AT CANTON GA  34.2401944  -84.49453  1588  2014-2022  W 

 02394980  ETOWAH RIVER AT HARDIN BRIDGE RD GA  34.1889849  -84.92522  4175  2014-2022  W 

 02413210  LITTLE TALLAPOOSA R AT GA 100  33.4926944  -85.27931  634  2014-2022  W 

 02429500  ALABAMA RIVER AT CLAIBORNE AL  31.5468275  -87.51249  56894  2014-2022  W 
 *  Q = Streamflow, T = Stream temperature, W = Channel  width. 

 3.  Results 
 3.1. Leveraging alternative data sour ces to capture channel width 

 The default representation of channel width in SWAT showed substantially larger channel width 
 values compared to the alternative sources (Figure 6). Channel widths were compared among 
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‭scenarios 1-6 at thirty-one locations where we had estimates from all sources. Average channel‬
‭widths‬‭± standard deviation‬‭from M‬‭0‬‭, M‬‭Ssts‬‭, M‬‭SstsReg‬‭,‬‭M‬‭GRWL‬‭, M‬‭Emp‬‭, and M‬‭Lidar‬‭were 258‬‭± 223 m‬‭, 90‬‭±‬
‭73 m‬‭, 71‬‭± 50 m‬‭, 82‬‭± 60 m‬‭, 100‬‭± 74 m‬‭, and 117‬‭±‬‭69 m‬‭, respectively. Average channel width from‬
‭the alternative sources was 92‬‭± 16‬‭meters, almost‬‭three times smaller than SWAT’s average value.‬
‭Overall, M‬‭Ssts‬‭, M‬‭SstsReg‬‭, M‬‭GRWL‬‭, M‬‭Emp‬‭, and‬ ‭M‬‭Lidar‬ ‭showed good agreement with each other, with M‬‭SstsReg‬
‭and M‬‭Lidar‬ ‭having the extreme values of 71‬‭± 50 m‬‭and 117‬‭± 69 m‬‭, respectively. The channel width‬
‭estimates from M‬‭Ssts‬‭and M‬‭GRWL‬ ‭showed particularly‬‭good agreement, with an average difference of‬
‭only 8 meters.‬

‭Figure 6 - Comparison of channel width values from (A) default SWAT and alternative sources, and (B) default SWAT,‬
‭alternative sources, and measured data. Stream channel drainage areas decrease from left (downstream) to right‬

‭(upstream).‬

‭The alternative data sources showed overall good agreement with measured channel widths‬
‭for the locations where we had estimates, with NSE values ranging from 0.66 to 0.99 (Figure 6B and‬
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‭Table 3). Conversely, M‬‭0‬‭overestimated measurements by 258% and had a negative NSE. Estimates‬
‭from M‬‭SstsReg‬‭and M‬‭GRWL‬‭had the best performance in‬‭capturing channel widths, while data from M‬‭Emp‬

‭and M‬‭Lidar‬‭had the poorest agreements with measurements‬‭among the alternative sources.‬

‭Table 3 – Statistical performance of alternative data sources of channel width compared to measured data at six rivers‬
‭across the ACT river basin.‬

 SWAT  Streamstats  Streamstats Reg  Empirica 
 l  GRWL  LiDAR 

 NSE  -17.21  0.87  0.99  0.66  0.97  0.66 
 PBIAS (%)  -258  -9.2  -0.3  -36.43  5.4  -46.1 

‭3.2.‬‭Impacts of channel width representation on mean daily streamflow‬

‭The model skills in capturing daily streamflow for the periods and locations shown in Table 2 were‬
‭assessed based on NSE and PBIAS values. Figure 7 shows how the model performance changed in‬
‭terms of NSE under scenarios 1-6. SWAT performed well under M‬‭0‬‭(Figure 7a), with NSE values‬
‭increasing from lower to higher stream orders (i.e., upstream to downstream locations). Negative‬
‭NSE values were found at only three of the twenty-two study locations and those were small‬
‭headwater channels in the upper portion of the watershed. Under scenarios 2-6, SWAT yielded‬
‭similar NSE patterns, with model performances improving from lower to higher stream orders.‬
‭However, all alternative sources of channel width led to deterioration in NSE compared to M‬‭0‬‭, with‬
‭negative NSE values found at five locations. Disregarding the two locations where NSE < -2,‬
‭average NSE was 0.43 for M‬‭0‬‭, whilst it dropped to‬‭0.14 for M‬‭Ssts‬‭and M‬‭SstsReg‬‭, and 0.13 for M‬‭GRWL‬‭,‬
‭M‬‭Emp‬‭, and M‬‭Lidar‬‭. Under M‬‭Ssts‬‭, M‬‭SstsReg‬‭, M‬‭GRWL‬‭, M‬‭Emp‬‭,‬‭and  M‬‭Lidar‬ ‭SWAT’s performance in capturing‬
‭daily streamflow was very similar, with no or negligible differences, as illustrated in Figures 7b-f‬
‭and in the bar plot at the bottom of Figure 7.‬
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‭where a 49.78% model overestimation was found. Locations having drainage areas larger than 1,000‬
‭km‬‭2‬‭usually witnessed model overestimation of streamflow‬‭lower than 20%.‬

‭Figure 8 -‬‭Model performance in term of model percent‬‭bias (PBIAS) (%) in simulating daily streamflow at selected‬
‭USGS stations under different channel width representations - SWAT (A), Streamstats (B), Streamstats Reg (C),‬
‭Empirical (D), GRWL (E), and LiDAR (F). The size of the red circles is proportional to the PBIAS values, with larger‬
‭circles showing the best model performances.‬

‭3.3.‬‭Impacts of channel width representation on maximum flows‬

‭Channel width representation showed substantial impacts on model simulations of 1-day maximum‬
‭flow. Percent differences in simulated 1-day maximum flows in relation to observations are shown in‬
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‭Figure 9 for scenarios 1-6. Positive (upward green arrows) values indicate locations where maximum‬
‭flow was overestimated by the model, whereas negative (downward red arrows) values indicate‬
‭model underestimation of maximum flow. Absolute percent differences were higher in lower stream‬
‭orders with all model configurations, corroborating the results that model agreement with‬
‭observations increases from upstream to downstream in the ACT river basin. Under M‬‭0‬‭, SWAT‬
‭underestimated maximum flow at fourteen of the twenty-two study locations. However, the average‬
‭percent difference from observed data was 23% model overestimation. Model overall overestimation‬
‭of 1-day maximum flow, despite showing underestimation at most sites, is a result of major‬
‭overestimations at lower stream order locations. Under scenarios M‬‭Ssts‬‭, M‬‭SstsReg‬‭, M‬‭GRWL‬‭, M‬‭Emp‬‭, and‬
‭M‬‭Lidar‬ ‭SWAT underestimated 1-day maximum flow at only‬‭nine sites and showed average overall‬
‭overestimations of 48.63, 48.99, 49.75, 49.69, and 49.99%, respectively. M‬‭Ssts‬‭had the best‬
‭performance among the alternative sources, although the percent difference in relation to the‬
‭observations was still large.‬
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‭20.32%, with individual values of 19.79, 20.11, 20.75, 20.65, and 20.88% for M‬‭Ssts‬‭, M‬‭SstsReg‬‭, M‬‭GRWL‬‭,‬
‭M‬‭Emp‬‭, and M‬‭Lidar‬‭, respectively. Overall, M‬‭Ssts‬‭had‬‭the smallest impacts in simulated maximum flow,‬
‭while M‬‭Lidar‬ ‭showed the largest impacts. This result‬‭is further illustrated in the bar plot at the bottom‬
‭of Figure 10.‬
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‭Figure 10 – Percent change in 1-day maximum flow in relation to default SWAT under different channel width‬
‭representations - Streamstats (A), Streamstats Reg (B), Empirical (C), GRWL (D), and LiDAR (E).‬

‭3.4.‬‭Impacts of channel width representation on stream temperature‬

‭Average daily stream temperatures simulated with SWAT under M‬‭0‬‭, M‬‭Ssts‬‭, M‬‭SstsReg‬‭, M‬‭GRWL‬‭, M‬‭Emp‬‭, and‬
‭M‬‭Lidar‬ ‭are illustrated in Figures 11a-f, respectively.‬‭Overall, all alternative sources led to lower water‬
‭temperatures compared to default SWAT. Average daily water temperatures‬‭at the study sites were‬
‭19.2, 18.7, 18.4, 18.9, 18.8, and 19.1°C with M‬‭0‬‭,‬‭M‬‭Ssts‬‭, M‬‭SstsReg‬‭, M‬‭GRWL‬‭, M‬‭Emp‬‭, and M‬‭Lidar‬‭, respectively.‬
‭The bar plot at the bottom of Figure 11 clearly shows that M‬‭0‬ ‭predicted the highest daily average‬
‭stream temperatures amongst all scenarios.‬
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‭PBIAS at all sites (Table 4). The statistical rating metrics summarized in Table 4 refer to daily‬
‭simulations. Overall, SWAT‬‭overestimated stream temperature‬‭under all scenarios and at all sites,‬
‭except at 21AWIC (Figure 13b). Average NSE values predicted with M‬‭0‬‭, M‬‭Ssts‬‭, M‬‭SstsReg‬‭, M‬‭GRWL‬‭, M‬‭Emp‬‭,‬
‭and M‬‭Lidar‬‭were 0.61, 0.69, 0.7, 0.63, 0.72, and 0.63,‬‭respectively. In terms of PBIAS, M‬‭0‬‭, M‬‭Ssts‬‭,‬
‭M‬‭SstsReg‬‭, M‬‭GRWL‬‭, M‬‭Emp‬‭, and M‬‭Lidar‬‭yielded -5.4, -1.3,‬‭-0.7, -4.7, -1.5, and -2,3%, respectively. On‬
‭average, M‬‭Emp‬‭and‬‭M‬‭SstsReg‬ ‭achieved the best performances‬‭for NSE and PBIAS, respectively. It can‬
‭be seen that the differences in simulated stream temperature from the alternative sources in relation‬
‭to M‬‭0‬ ‭were usually more pronounced during the spring‬‭and summer seasons.‬

‭







 SWAT  Streamstats 
 Reg  GRWL  Empirical  Streamstats  LiDAR 

 Coosa 1  NSE  0.74  0.87  0.82  0.87  0.83  0.81 
 PBIAS 

 (%) 
 -8.95  -4.0  -6.9  -5.8  -6.2  -7.25 

 Cahaba  NSE  0.78  0.81  0.78  0.79  0.80  0.78 
 PBIAS 

 (%) 
 -8.51  -3.5  -8.5  -4.4  -5.4  -8.51 

 Alabama  NSE  0.82  0.82  0.83  0.83  0.83  0.83 
 PBIAS 

 (%) 
 -1.37  5.71  -0.53  -0.56  -0.40  -0.64 

 Tallapoosa  NSE  -0.03  0.25  -0.03  0.38  0.23  -0.03 
 PBIAS 

 (%) 
 -9.93  -8.0  -9.9  1.2  3.0  2.96 

 Coosa 2  NSE  0.72  0.73  0.74  0.75  0.73  0.74 
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‭PBIAS‬
‭(%)‬

‭1.9‬ ‭6.4‬ ‭2.2‬ ‭2.2‬ ‭2.7‬ ‭1.95‬

‭3.5.‬‭Impacts of channel width representation on sediment and nutrients loadings‬

‭Sediment and nutrient loading simulations showed important sensitivity to channel width‬
‭representation in SWAT (Figure 14). Total annual sediment loading predicted by M‬‭0‬‭was significantly‬
‭higher compared to the alternative data sources (Figure 14A). Under M‬‭Ssts‬‭, M‬‭SstsReg‬‭, M‬‭GRWL‬‭, M‬‭Emp‬‭, and‬
‭M‬‭Lidar‬‭, total annual sediment loading exceeded M‬‭0‬ ‭by 114, 109, 116, 113, and 118%, respectively.‬

‭In contrast, simulated total annual nitrate loading exhibited a decrease under M‬‭Ssts‬‭, M‬‭SstsReg‬‭,‬
‭M‬‭GRWL‬‭, M‬‭Emp‬‭, and M‬‭Lidar‬‭compared to M‬‭0‬ ‭(Figure 14B),‬‭with percent changes ranging from -7.1% to‬
‭-8.3%. Among these scenarios, simulations with M‬‭SstsReg‬‭and M‬‭Lidar‬‭demonstrated the highest (-8.3%)‬
‭and lowest (-7.1%) percent changes relative to M‬‭0‬‭.‬

‭Similarly, total annual phosphate loadings simulated with the alternative data sources were‬
‭consistently lower than those predicted by the default model (Figure 14C). Simulated phosphate‬
‭loadings were similar under M‬‭Ssts‬‭, M‬‭SstsReg‬‭, M‬‭GRWL‬‭,‬‭M‬‭Emp‬‭, and M‬‭Lidar‬‭, with M‬‭SstsReg‬‭and M‬‭Lidar‬‭resulting‬
‭in the highest (-18.8%) and lowest (-15.1%) percent changes compared to M‬‭0‬‭.‬
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‭Figure 14 – Total annual sediment, nitrate, and phosphate loading simulated at the most downstream watershed outlet‬
‭(USGS 02428400).‬

‭4.‬ ‭Discussion‬

‭Many times, watershed models are calibrated at target locations such as the watershed outlet for a‬
‭single variable like streamflow. However, there are many other internal watershed processes‬
‭occurring between the outlet and upland areas (e.g., evapotranspiration, soil moisture, vegetation‬
‭growth) that may not be accurately simulated. In hydrologic modeling, this is commonly known as‬
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 The impacts of channel width on simulated 1-day maximum flows were significant and may 
 help to explain the changes in NSE values when predicting daily streamflow. Overall, 1-day 
 maximum flows increased 20% by using alternative sources of channel width in SWAT. This is not 
 surprising considering that under scenarios 2-6, the width of the channels was much smaller 
 compared to the baseline model, which resonated in smaller cross-sectional area (Eq. 4), and thus 
 higher flow rates (Eq. 6) and velocity (Eq. 7). Channel peak flow rate is simulated in SWAT as a 
 function of average flow rate and a peak rate adjustment factor (Neitsch et al., 2011). As a result, 
 increased flow rate stemming from reduced channel width has most likely increased peak flow rate, 
 which in turn compounded the model overestimation of peak flows and impacted NSE values. It is 
 worth noting that SWAT overestimated streamflow by 38% across the ACT river basin. Results 
 suggest that enhancing the representation of channel width in SWAT can help improve model 
 performance in watersheds where streamflow, especially peak flow, is underestimated. Additionally, 
 the agreement between simulated and observed 1-day maximum flow improved at ten locations 
 across the ACT river basin by using channel width estimates from M S sts  , M  SstsReg  , M  GRWL , M   Emp , and  
 M  Lidar  . Studies such as Han et al. (2019) have also  shown better performance in capturing peak flows 
 in SWAT by improving channel width representation. These results are particularly relevant 
 considering the ecological implications of maximum flows, as well as their importance for watershed 
 management and planning. For instance, maximum flows influence water resources management 
 structures such as reservoirs through the opening of emergency spillways, and flood control in urban 
 areas through the design of culverts and infiltration trenches. Additionally, maximum flows have 
 ecological importance for ecosystem health (Kiesel et al., 2017; Richter et al., 1996). Maximum 
 flows of various durations can modify the channel morphology as they shape the channel and 
 therefore alter physical habitat conditions. For instance, fish species of ecologic, economic, and 
 cultural relevance for Alabama such as largemouth bass and darters thrive in slow- and swift-flowing 
 waters, respectively (Atkins et al., 2004). Maximum flows can also impact aquatic species because 
 they influence spawning and population dynamics as they move to islands and/or floodplains during 
 flooding events (Richter et al., 1996). 

 We used stream temperature as a surrogate to examine the impacts of channel width on water 
 quality modeling in SWAT. To accomplish this, we used a recently developed physically-based 
 equilibrium model to simulate water temperature with SWAT (Du et al., 2018). Our results 
 demonstrate that daily stream temperatures predicted with M S sts  , M  SstsReg  , M  GRWL  , M  Emp  , M  Lidar  were 
 lower than default SWAT. Additionally, default SWAT overestimated observed stream temperature 
 by over 5%, which was reduced to 2% under the alternative approaches. M S stsReg  showed the smallest 
 overestimation (0.7%) among all scenarios, which may be explained by the fact that the width of all 
 channels was modified under M S stsReg , which potentially   resulted in bigger cumulative impacts. 
 Lower stream temperature under scenarios 2-6 are most likely due to the slightly increased 
 streamflow rates and decreased water yield predicted by these models. As shown by equation 9, the 
 equilibrium stream temperature approach is directly affected by streamflow and total water yield, 
 which are in turn affected by bankfull channel width and depth. Additionally, the change in stream 
 temperature caused by heat transfer is influenced by the water travel time in the channel. Thus, our 
 findings indicate that channel geometry has indirect, yet important, implications for stream 
 temperature predictions. Additionally, the model performance in simulating daily stream temperature 
 in terms of NSE was also enhanced under M S sts  , M  SstsReg ,   M  GRWL  , M  Emp  , and M  Lidar  . Considering that 
 simulated stream temperature influences chemical reaction rates and dissolved oxygen saturation in 
 SWAT (Neitsch et al., 2011), our findings suggest that more accurately representing channel width in 
‭SWAT may be beneficial for water quality applications. Although simulated stream temperature was‬
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 affected by channel width representation in the current study, it is worth highlighting that here we 
 rely on the physically based equilibrium model. Under the default stream temperature model in 
 SWAT, which is solely a function of air temperature, our results showed no sensitivity of water 
 temperature simulations to channel width. The relevance of better predicting stream temperature is 
 justified by its ecological importance. Stream water temperature is an important regulator of aquatic 
 life with direct (e.g., species reproduction, distribution, and migration) and indirect (water 
 conductivity, salinity, pH, dissolved oxygen concentration) effects on the health and productivity of 
 aquatic ecosystems (Ficklin et al., 2012). With underlying impacts on chemical and physical 
 properties of waterbodies, stream temperature constitutes an important water quality variable for 
 assessing  aquatic biodiversity and freshwater ecosystem health (Du et al., 2018; Zhu et al., 2018, p. 
 2). Additionally, aquatic species such as fishes have specific thresholds of water temperature that 
 they can tolerate and under which they thrive (Caissie et al., 2007). Fluctuations in the optimal water 
 temperature ranges of a given species can negatively impact their habitat, dynamics, and population 
 distributions in the stream (Du et al., 2019). Moreover, the growth rate and development of aquatic 
 biota is highly influenced by water temperature. Other riverine processes such as nutrient cycling, 
 decomposition, and degradation of organic matter are also influenced by water temperatures (Friberg 
 et al., 2009). 

 We found significant sensitivities of sediment, nitrate, and phosphate loading simulations to 
 channel width representation in SWAT. While the alternative data sources led to increased sediment 
 loadings compared to the default model, the contrary was found for nitrate and phosphate. Sediment 
 loadings were particularly affected, with percent increases ranging from 109 to 118% compared to 
 the default model. This is most likely because SWAT uses the Modified Universal Soil Loss 
 Equation (MUSLE) (Williams, 1975) to compute sediment yield. MUSLE predicts sediment loading 
 based on peak runoff rate, which was significantly increased under the alternative channel width 
 representations. 

 Our study has limitations and results must be interpreted with caution. For instance, channel 
 width measurement with satellite imagery has inherent uncertainties associated with it (Allen and 
 Pavelsky, 2015; Biron et al., 2013; Pavelsky and Smith, 2008; Zheng et al., 2018). Also, our 
 approach in deriving bankfull widths from Streamstats considered a single background imagery, 
 which may not completely reflect bankfull conditions as channel morphology presents seasonal 
 fluctuations (Magliulo et al., 2021). Similarly, we derived bankfull channel widths at specific 
 locations, which may not capture variations in channel width along a stream segment. To consider 
 this uncertainty, we used a quantitative approach to estimate the variability in bankfull channel width 
 along 5 km of the Alabama river. We found a standard deviation of 19 meters and average value of 
 257 meters, indicating a small variation. Additionally, channel width estimates from GRWL could 
 only be derived for a few channels because of the coarser resolution of this dataset. Furthermore, 
 although SWAT has the flexibility to allow users to modify channel widths, a fixed value is used for 
 each channel, which may not reflect real world conditions. Even though our findings are relevant as 
 they revealed that SWAT, a widely used watershed model, may misrepresent channel width when 
 using the default values defined by the ArcSWAT program. Moreover, we showed the implications 
 for hydrologic predictions brought about the representation of channel geometry in SWAT. More 
 importantly, our study shows that site-specific bankfull channel width data exists either directly (e.g., 
 estimates from global databases and LiDAR) or indirectly (e.g., aerial measurements) and can be 
 used to enhance watershed modeling. Our proposed approaches are simple and may be replicated to 
 other watersheds with different hydrologic conditions. Global datasets such as GRWL are extremely 
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‭valuable information that can be leveraged in poorly monitored regions of the world. Also, the‬
‭similar results generated under M‬‭Ssts‬ ‭and M‬‭SstsReg‬‭indicate the feasibility of developing relationships‬
‭between drainage area and channel width at major river sites and then extrapolate the empirical‬
‭relationship to nearby locations. This is further confirmed by M‬‭Emp‬‭, which despite relying on an‬
‭empirical model developed for the Coastal Plain region, was applied to adjacent physiographic‬
‭regions (Figure 1) and produced similar results to the other scenarios. Also, bankfull channel widths‬
‭derived from high-resolution LiDAR data showed good agreement with the other alternative data‬
‭sources. Overall, LiDAR-based bankfull channel width was 14% wider than the other sources.‬
‭Although our study is in the context of the ACT river basin, our methodology can be applied to other‬
‭study areas since most of the data sources utilized here are not region-specific. For instance, GRWL‬
‭is readily available in vector format for the entire globe. Similarly, LiDAR information is becoming‬
‭more popular and witnessing increased availability worldwide. Also, aerial imagery techniques‬
‭relying on software such as Google Earth can be applied to any region of the Earth. The proposed‬
‭methodology requires modelers to compile channel width data to regions outside our study area or‬
‭located in different physiographic regions. However, the study domain comprises five distinct‬
‭physiographic regions (Figure 1) spanning across the states Alabama, Georgia, and Tennessee and is‬
‭comprised of several watersheds (Figure 1). This makes our results generalizable to a wide‬
‭geographic range of diverse land-use distributions, soil types, elevation profiles, and hydrological‬
‭conditions across the southeast United States. Finally, it is important to highlight that although we‬
‭used the SWAT model, other popular watershed-scale hydrologic models such as HSPF, NWM, and‬
‭MGB are based on similar assumptions. Thus, our findings can broadly serve the modeling‬
‭community.‬

‭5.‬ ‭Summary and Conclusions‬

‭This study assessed the reliability of a widely used watershed model, SWAT, in representing bankfull‬
‭channel width using values defined by ArcSWAT. We compared the default channel width values‬
‭against five alternative data sources and measured values across the study area. Results indicate that‬
‭the default regression equation used by ArcSWAT misrepresented bankfull channel width in the‬
‭tested watershed system. The methodology was tested in a large watershed in Alabama, the‬
‭Alabama-Coosa-Tallapoosa river basin, which has regional ecologic and economic relevance. The‬
‭implications for streamflow, 1-day maximum flow, stream temperature, sediment and nutrient‬
‭loading simulations were examined through a series of modeling experiments, each relying on a‬
‭different source of channel width data. Our findings indicate no relevant changes in the amount of‬
‭water flowing through the channel. However, the model performance measured with NSE‬
‭significantly changed under the alternative approaches. The impacts on simulated maximum flows‬
‭were substantial, with an average 20% increase in 1-day maximum flow found with the alternative‬
‭sources of channel width. Similarly, stream temperature was affected by channel width‬
‭representation, with lower temperatures simulated under the proposed scenarios. The default‬
‭representation of channel width in SWAT led to overestimation of daily stream temperature‬
‭compared to observations across the study domain. The alternative sources of channel width reduced‬
‭model overestimation of steam temperature and increased NSE values, leading to better agreement‬
‭with observations. Sediment loading increased by as much as 118% under the alternative sources of‬
‭channel width, whilst nitrate and phosphate loadings decreased relative to the default model, with‬
‭percent decreases as high as 8.3 and 18.8%, respectively.‬
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‭Our study is the first to consistently demonstrate the limitations of channel width‬
‭representation in current watershed modeling and the potential implications for hydrology and water‬
‭quality. Overall, our findings indicate that bankfull channel width has important impacts on flow‬
‭rate, especially peak flows. On the other hand, channel width representation has no impact on the‬
‭amount of water flowing through the channel and is thus not critical for water balance computation.‬
‭Bankfull channel width had important impacts on simulated stream temperature, sediment, and‬
‭nutrient loadings, suggesting that channel width should be considered in water quality applications.‬
‭Our study demonstrates that existent datasets and approaches such as aerial measurements, regional‬
‭curves, LiDAR technology, and global databases can be incorporated in watershed models to‬
‭improve our knowledge of the physical system. We observed a lack of field measurements of‬
‭bankfull width and depth, and we postulate that these important hydrologic and hydraulic variables‬
‭deserve more attention in field surveys. Approaches such as citizen-science, for instance, could be‬
‭leveraged to increase the availability of field-measured bankfull channel width and depth data.‬
‭Finally, our methodology is simple and may be replicated to other study regions, which makes our‬
‭findings broadly available to the modeling community.‬
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