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Abstract: Change in land use and land cover (LULC) is crucial to freshwater ecosystems as it affects 

surface runoff, groundwater storage, and sediment and nutrient transport within watershed areas. 

Ecosystem components such as wetlands, which can contribute to the reduction of water pollution 

and the enhancement of groundwater recharge, are altered by LULC modifications. This study eval-

uates how wetlands in the Big Sunflower River Watershed (BSRW) have changed in recent years 

and quantified their impacts on streamflow, water quality, and groundwater storage using the Soil 

and Water Assessment Tool (SWAT). The model was well calibrated and validated prior to its appli-

cation. Our study showed that the maximum increase in wetland areas within the sub-watersheds 

of interest was 26% from 2008 to 2020. The maximum changes in reduction due to the increase in 

wetland areas were determined by 2% for streamflow, 37% for total suspended solids, 13% for total 

phosphorus (TP), 4% for total nitrogen (TN), and the maximum increase in shallow groundwater 

storage by 90 mm from 2008 to 2020 only in the selected sub-basins. However, the central part of the 

watershed experienced average declines of groundwater levels up to 176 mm per year due to water 

withdrawal for irrigation or other uses. This study also found that restoration of 460 to 550 ha of 

wetlands could increase the reduction of discharge by 20%, sediment by 25%, TN by 18%, and TP 

by 12%. This study highlights the importance of wetland conservation for water quality improve-

ment and management of groundwater resources. 
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1. Introduction 

Land use and land cover (LULC) alterations are driving forces for unprecedented 

changes in environmental systems at local, regional, and global scales, leading to the ex-

pansion of urban areas, deforestation, and deterioration of soil and water quality [1]. The 

potential effects of LULC changes on wetland ecosystems are of special interest since these 

ecosystems are known to be vulnerable to anthropogenic and human-induced perturba-

tions [2]. Previous research has confirmed that LULC vicissitudes can result in wetland 

area modification due to human activities such as the expansion of agriculture and urban 

areas [3,4]. Wetlands are among the most diverse ecosystems providing important ecolog-

ical services to mankind [3], so it is imperative to study the effects of LULC changes on 

wetland dynamics. 

Wetlands are the intermediate lands between terrestrial and deep-water ecosystems 

where the land is covered by shallow water, either seasonally or permanently [5]. They 

are distinct ecosystems with critical hydrological roles [6] such as providing flood-storage 

benefits [7], increasing groundwater recharge [8], and entrapping sediments and nutrients 

[9]. The LULC modifications may alter wetland areas, potentially affecting their functional 

characteristics [10] and increasing water pollution. Anthropogenic perturbations affect the 

water quality and hydrological components such as runoff, infiltration, 
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evapotranspiration, flood frequency, sediment, and nutrient concentrations within a wa-

tershed area [11–14]. In particular, agricultural operations such as tillage, and the applica-

tion of chemicals and fertilizers are considered as significant sources of non-point source 

(NPS) pollutants. The expansion of agricultural areas may exacerbate water quality dete-

rioration due to the increased discharge of NPS pollutants to nearby water bodies [11]. In 

this context, wetlands play a vital role in trapping pollutants and maintaining water qual-

ity in the surrounding environment. Understanding the impact of LULC changes on wet-

land areas facilitates the better management of these resources to ensure their continued 

ecological benefits in terms of retaining flow, pollution, and recharging groundwater 

The Mississippi River Alluvial Valley (MRAV; 89° to 92° W longitude and 29° to 37° 

N latitude), where the Big Sunflower River Watershed (BSRW) lies, lost around 25% of its 

wetlands from 1930 to 2010 due to LULC changes [15]. Historically, 75% of more than 10 

million ha of forested wetlands in the MRAV has been lost because of agricultural expan-

sion and flood control project implementations [16]. The BSRW within MRAV is an agri-

culture-intensive watershed, where sediment and nutrient loads are generated from agri-

cultural management operations such as conventional tillage, crop rotation, fertilizer, and 

pesticide applications [17]. In addition, irrigation in agricultural areas extensively uses 

groundwater resources, causing depletion of groundwater levels [18]. The wetlands pre-

sent in the watershed area serve as natural sinks by retaining water quality pollutants, as 

well as recharging groundwater. Previous research demonstrated that 90% of nitrogen 

and phosphorus were reduced by forested wetlands within a site in the Mississippi Delta 

that had been exposed to wastewater effluent [19]. The wetlands in the Mississippi Delta 

within the Yazoo River Basin have helped to sustain water quality by trapping suspended 

sediment, nutrients, and pesticides contributed by agricultural runoff [20]. Similarly, the 

wetlands in the Mississippi Delta have also contributed to aquifer recharge, thus increas-

ing groundwater storage [21]. 

In Mississippi, some of the wetland areas have been restored due to the continued 

fallowness of marginal agricultural lands and a decline in the rate of loss of forested areas 

resulting from a decline in the agricultural economy and a rise in recreational values [20]. 

Additionally, several private and government agencies participate in wetland conserva-

tion and restoration activities [20]. Some of the important activities include the 1972 Clean 

Water Act, the 1986 Emergency Wetlands Resources Act, the 1990 Food, Agriculture, Con-

servation, and Trade Act, as well as wetland conservation standards and regulations for-

mulated by the Mississippi Department of Wildlife, Fisheries, and Parks, and the Missis-

sippi Department of Environmental Quality. These factors make it plausible that certain 

wetland regions have been restored in recent years. This prompts the need for research 

focused on investigating how wetlands have changed recently in Mississippi watersheds 

and the quantification of their impacts on hydrology and water quality. In this study, wet-

land areal changes over a 12-year period (2008–2020) were evaluated, and their effects on 

surface water quality, quantity, and groundwater storage were assessed. The choice of this 

period is based on the availability of wetland data from the LULC classification. The wet-

land information was extracted from the cropland data layer provided by National Agri-

cultural Statistics Service which included the wetland classification from 2008. 

Hydrological models have been developed to evaluate hydrological processes. Sev-

eral hydrological models have been applied to assess wetland hydrology and water qual-

ity, such as the Wetlands Dynamic Water Budget Model [22], HEC-1 [23,24], SWAMPMOD 

[25], FLATWOODS [26], and SWAT [27]. SWAT was applied in research conducted by 

Bekele et al. [28] to analyze the impacts of constructed wetlands on hydrology and water 

quality in two agriculture-dominated Illinois watersheds. Additionally, because of its abil-

ity to simulate NPS pollutants and agricultural management operations, SWAT has been 

used widely for wetland hydrologic and water quality simulations in agricultural water-

sheds [29–31]. This study being conducted in an agricultural watershed to quantify the 

hydrological and water quality benefits of wetlands, SWAT was preferred due to its 
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comprehensive capacity to simulate the agricultural operations, NPS pollution dynamics, 

groundwater storage, and their interaction with wetland processes. 

Several studies have documented the impacts of LULC alterations on surface water 

quality and quantity in different watersheds [32–34], including BSRW [35]. However, a 

research gap exists, particularly in BSRW in relation to the temporal changes of wetlands 

and their associated effects on the surface water quality and quantity, and groundwater 

storage. The present study attempts to fill the identified research gap and is the first of its 

kind in BSRW, which is characterized by declining aquifers, high levels of NPS pollution, 

and impaired water quality [17]. The evaluation of temporal changes in wetlands facili-

tates the understanding of how wetlands have contributed to pollution mitigation and 

groundwater recharge over time. The specific objectives of this research were to: (a) de-

velop a calibrated and validated SWAT model against flow, total suspended solids (TSS), 

total phosphorus (TP), total nitrogen (TN), and groundwater level changes, and (b) eval-

uate the trend of wetland area changes and their effects on surface water quality, quantity, 

and shallow groundwater storage. 

2. Materials and Methods 

2.1. Watershed Description 

The BSRW is in the Mississippi Alluvial Plain within the Mississippi Delta. The 

model-estimated drainage area of the watershed is 8326 km2 and lies within 11 counties 

in northwestern Mississippi. The elevation of the watershed ranges from 23 to 71 m above 

mean sea level. The BSRW is an agriculturally dominated watershed with soybean, corn, 

rice, and cotton as major crop types according to land cover classification provided by the 

National Agricultural Statistics Service [36] (Figure 1). The major types of soil in the area 

are Alligator, Dowling, Dundee, Forestdale, and Sharkey, according to soil data provided 

by the National Resources Conservation Service [37], all of which have high silt and clay 

percentages contributing to higher surface runoff and low permeability. Due to such soil 

characteristics, only a small amount of surface water infiltrates through the soil profile 

into the Mississippi River Valley Alluvial Aquifer (MRVAA) [38]. Moreover, the majority 

of water utilized for agriculture and industry in the Mississippi Delta comes from the 

MRVAA through pumping, causing groundwater depletion [38]. 

2.2. SWAT Model Description 

SWAT is a process-based semi-distributed watershed modeling tool that requires a 

variety of spatial and temporal data on the physical characteristics of a watershed, such 

as surface elevation, land use, soil type, climate data, and management data, and predicts 

the impacts of land-use change, climate change, and management decisions on surface 

and groundwater [27,39]. SWAT delineates watersheds into subbasins which are further 

divided into smaller areas based on unique land use, soil, and slope attributes known as 

hydrologic response units (HRUs). Each HRU can be modified by the user to incorporate 

certain management decisions, as well as parameters that control the movement of surface 

water, groundwater, and pollutants [40]. The hydrological cycle simulated by the model-

ing tool is based on the water balance calculated at the HRU level and is controlled by 

climatic factors such as precipitation, temperature, solar radiation, relative humidity, and 

wind speed [40]. In this study, the Digital Elevation Model (DEM), soil data, and LULC 

data, each with a spatial resolution of 30 m, were provided to the model along with 

weather data, management operations, and wetland parameters to determine surface run-

off, shallow groundwater storage, and water quality outputs (Figure 2). 
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Figure 1. Location map of the Big Sunflower River Watershed showing locations of weather stations, 

land use, land cover, elevation, and soil classification. 
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Figure 2. General steps used in the SWAT modeling process for wetland simulation. 

SWAT simulates shallow and deep aquifers in each subbasin [41]. Processes such as 

infiltration, seepage, and percolation contribute to groundwater recharge. The shallow aq-

uifer is unconfined and contributes to percolation to the deep aquifer or base flow within 

the watershed, whereas a deep aquifer is confined and contributes to base flow outside 

the watershed. Water from shallow groundwater storage can move upwards to the over-

lying unsaturated zone by evaporation from the capillary fringe (a saturated zone above 

the groundwater table) or by plant uptake. The model also allows water to be removed 

from shallow aquifers if the shallow aquifer is designated as the irrigation source. To as-

sign a shallow aquifer as the irrigation source, SWAT requires information on the subbasin 

number, in which the shallow aquifer is located (IRRNO), and the irrigation code (IRRSC). 

IRRSC informs the model about the type of water body from which irrigation water is 

being diverted [41]. The water balance in the shallow aquifer is calculated using Equation 

(1) [40]: 

aqsh,i = aqsh,i-1 + wrecharge,sh − Qgw − wrevap − wpump,sh  (1) 

Here, aqsh,i is the stored water in the shallow aquifer on day i (mm), aqsh,i-1 is the 

stored water in the shallow aquifer on day i-1 (mm), wrecharge,sh is the shallow aquifer re-

charge on day i (mm), Qgw is the base flow contributed to the main channel on day i (mm), 

wrevap is the amount of water that enters the overlying soil zone as a result of water short-

ages on day i (mm), wpump,sh is the water removed by pumping from the shallow aquifer 

on day i (mm). 

The SWAT model has been applied successfully to simulate streamflow, sediment 

yield, nutrient yield, and groundwater storage at a watershed scale [42–44]. SWAT esti-

mates streamflow using the Soil Conservation Service (SCS) curve number procedure, and 

sediment yield using the Modified Universal Soil Loss Equation (MUSLE) [45]. The plants’ 

use of nutrients such as nitrogen and phosphorous are estimated using the supply and 

demand approach. Organic nitrogen and phosphorous are removed from the soil through 

the mass flow of water. Similarly, sediment transport of nitrogen and phosphorous are 

estimated using a loading function as described in Neitsch et al. [40]. 

In the current investigation, three historical LULC data layers from 2008, 2014, and 

2020 were applied individually to three separate SWAT models with other inputs being 

the same to evaluate the effects of wetland areal changes on streamflow, sediment yield, 

nutrient yield, and groundwater storage over a period of 12 years. The change in the LULC 

data layer had no significant impact on the calibration and validation statistics, and the 

statistics remained within acceptable limits suggested by Gassman et al. [46]. The analysis 
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of wetland areal changes was conducted between 2008 and 2020, and three LULC data 

layers from 2008, 2014, and 2020 were utilized to capture the underlying trend. 

2.3. SWAT Model Inputs 

The watershed was divided into 40 subbasins and 564 HRUs. For the HRU definition, 

this study used a threshold of 10% for land use, soil, and slope classes. A threshold pro-

vides a criterion to exclude minor land use, slope, and soil classes. Following the elimina-

tion process, the areas of the remaining land use, soil, and slope classes were reappor-

tioned so that 100% of the land use, soil, and slope areas were modeled. This approach 

ensured that the dominant land use, soil, and slope classes were accurately reflected, while 

eliminating insignificant classes [47]. The SWAT model inputs used in the present investi-

gation included the following: A 30 m × 30 m DEM from the United States Geological 

Survey (USGS) website [48], land use data layers in the form of Cropland Data Layer 

(CDL) obtained from the United States Department of Agriculture (USDA), National Ag-

ricultural Statistics Service (NASS) [36], soil data from the National Resources Conserva-

tion Service (NRCS), Soil Survey Geographic Database (SSURGO) [37], meteorological 

data including daily precipitation and temperature from the National Oceanic and At-

mospheric Administration (NOAA) [49] for 8 weather stations, as shown in Figure 1, ad-

ditional weather data on relative humidity, solar radiation, and wind speed from the 

Global weather data for SWAT [50], management operations such as schedules and 

amounts of irrigation water, fertilizers, pesticides, planting, and harvesting dates, and till-

age dates for four major crops—soybean, cotton, corn, and rice—from the Mississippi Ag-

ricultural and Forestry Experiment Station (MAFES) variety trials’ annual reports [51]. 

The shallow aquifer was assigned as the source of irrigation in each subbasin by incorpo-

rating the information related to irrigation source location and irrigation code on the 

SWAT management input table [41] All agricultural lands were irrigated through ground-

water since groundwater serves as the main source for irrigation in BSRW [52]. 

2.4. Model Calibration and Validation Procedures 

To assess the model performance in simulating streamflow, TSS, TP, TN, and multi-

site SWAT calibration and validation were conducted at the outlets of subbasins 7 (Meri-

gold, USGS gauge: 07288280), 15 (Sunflower, USGS gauge: 07288500), and 24 (Leland, 

USGS gauge: 07288650), as shown in Figure 1. Monthly calibration of streamflow was per-

formed from January 2008 to December 2012, and validation from January 2013 to Decem-

ber 2017 using observed discharge data obtained from the three USGS gauge stations. The 

observed TSS, TP, and TN concentration data were available at an interval of every 15 

days from 2016 to 2018. Therefore, to convert the data into continuous loads, the Load 

Estimator (LOADEST) [53] regression tool was used. Continuous water quality data ag-

gregated to monthly loads were used for model calibration (January 2016–June 2017) and 

validation (July 2017–October 2018) at three USGS gauge stations. The LOADEST regres-

sion model has been successfully used in hydrological modeling studies to estimate time 

series of water quality data [17,54,55]. The LOADEST model performed well in estimating 

the TSS, TP, and TN loads at all three-gauge stations with the coefficient of determination 

(R2) [56] and Nash–Sutcliffe Efficiency (NSE) [57] for the regression models greater than 

0.86 and 0.50, respectively. 

For calibration and validation purposes, an auto-calibration algorithm Sequential 

Uncertainty Fitting (SUFI-2) within SWAT Calibration and Uncertainty Procedures 

(SWAT-CUP) [58] was used. In SUFI-2, two statistics, namely P-factor and R-factor, are 

calculated to predict model uncertainty. P-factor is the percentage of observations cap-

tured by the 95% prediction uncertainty (95PPU), calculated using Latin hypercube sam-

pling at 2.5% and 97.5% levels, and R-factor is the average width of the 95PPU divided by 

the standard deviation of the measured data [58]. A P-factor of 1 and an R-factor of 0 in-

dicate a perfect fit between the measured and simulated data. The sensitivity analysis was 

performed using T-statistic and p-value to provide an understanding of the parameters 
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that had the largest impact on the simulated flow, TSS, TP, and TN. The T-statistic gives 

the measure of sensitivity, and the p-value provides the measure of the significance of a 

parameter. A low p-value (<0.05) and a high T-statistic suggests that the parameter has 

some effect on the response variable [58]. In each iteration, SUFI-2 was simulated 1500 

times to get the final values of the parameters. 

The calibration procedure involved altering 14 streamflow-related parameters, 12 

sediment-related parameters, 8 phosphorous-related parameters, and 6 nitrogen-related 

parameters to optimize the objective function, NSE in SWAT-CUP. In addition to NSE, R2 

was used to analyze the model performance. The values of NSE and R2 ranged from −∞ to 

1, and from 0 to 1, respectively. The higher the values of these model performance indica-

tors, the better the model prediction, with 1 being perfect. Table 1 summarizes the param-

eter description [39], their ranges, and fitted values for streamflow, TSS, TP, and TN. To 

assess the effects of wetlands on groundwater, calibration and validation were conducted 

for groundwater table depth changes. The groundwater table depth data provided by Ya-

zoo Mississippi Delta Joint Water Management District (YMD) were available only twice 

a year, in spring (mostly April) and in fall (mostly October). Therefore, calibration and 

validation were performed on a seasonal scale. This means that the changes in observed 

water table depths between spring and fall were compared to the changes in simulated 

water table depths between spring and fall from the years 2008 to 2020. Two areas were 

chosen within the watershed for spatial calibration (subbasins 8 and 15) and validation 

(subbasins 31 and 33) (Figure 3). These areas were selected based on the lower spatial 

variance in water-table depths and continuous data availability from 2008 to 2020. Alto-

gether, 41 monitoring wells were selected, 22 at calibration subbasins and 19 at validation 

subbasins. The observed and simulated values were spatially averaged for each season, 

and a spatial calibration and validation approach was applied in these areas. The changes 

in groundwater table depths cannot be obtained in SWAT, however, the changes in shal-

low aquifer storage (SA_ST) can be derived, which is an HRU-level output. This parame-

ter gives the cumulative net result considering all the inputs and outputs during a certain 

time interval. To acquire an approximate groundwater elevation change caused by a 

change in shallow aquifer storage, a ratio of its change to specific yield can be computed 

[42]. The specific yield for the shallow aquifer is equivalent to porosity and is defined as 

the ratio of the volume of water draining by gravity to the total volume of aquifer materi-

als [39]. The solver tool in Microsoft Excel was utilized to calculate the specific yield by 

maximizing the objective function, NSE. In addition to NSE, R2 was also calculated to eval-

uate the accuracy of the output. 

Table 1. Flow and water quality-related model parameters used for SWAT-CUP model calibration 

and validation. 

Variable Parameter Name Description 
Fitted 

Value 

Min. 

Value 

Max. 

Value 

Streamflow 

r___CN2.mgt a SCS curve number −0.09 −0.15 0.02 

v__ESCO.hru b Soil evaporation compensation factor 0.41 0.13 0.80 

v__CH_N2.rte Manning’s roughness for the main channel 0.004 0.004 0.01 

v__OV_N.hru Manning’s roughness for overland flow 0.35 0.20 0.36 

v__SURLAG.bsn Surface runoff lag coefficient  5.96 4.00 9.50 

r__SOL_K.sol Saturated hydraulic conductivity of soil layers (mm/h) −0.24 −0.24 0.27 

v__ALPHA_BF.gw Baseflow alpha factor (1/days) 0.73 0.44 0.81 

v__GW_DELAY.gw Groundwater delay (days) 299.74 100.22 300.08 

v__GW_REVAP.gw Coefficient of groundwater “revap” 0.11 0.00 0.13 

v__SFTMP.bsn Snowfall temperature (°C) −4.61 −5.00 0.77 

r__SLSOIL.hru Slope length for lateral subsurface flow (m) 0.45 0.18 0.50 

r__SLSUBBSN.hru Average slope length (m) 0.03 −0.20 0.09 
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v__GWQMN.gw 
Threshold water depth in shallow aquifer to trigger re-

turn flow (mm) 
867.78 795.84 3598.66 

r__SOL_AWC.sol Available water capacity of soil layer (mm/mm) −0.50 −0.50 0.07 

TSS 

v__USLE_P.mgt  
Universal Soil Loss Equation (USLE) support practice 

factor 
0.76 0.59 0.77 

r__USLE_K.sol USLE soil erodibility factor  −0.51 −0.51 −0.44 

r__HRU_SLP.hru  Average slope steepness (m/m) 0.27 0.27 0.40 

v__CH_ERODMO.rte Monthly channel erodibility factor 0.03 0.00 0.08 

r__USLE_C.plant.dat USLE crop cover factor −0.18 −0.20 −0.13 

v__PRF_BSN.bsn 
Main channel peak rate adjustment factor for sediment 

routing  
0.14 0.08 0.16 

v__SPEXP.bsn 
Exponent parameter to calculate sediment re-en-

trained in channel sediment routing  
1.08 1.01 1.14 

v__CH_COV1.rte Channel erodibility factor  0.00 −0.01 0.06 

v__CH_COV2.rte Channel cover factor 0.16 0.14 0.17 

v__SPCON.bsn 
Linear parameter to calculate sediment re-entrained 

during channel sediment routing 
0.00 0.00 0.00 

v__ADJ_PKR.bsn 
Peak rate adjustment factor for sediment routing in 

tributary channels 
1.59 1.47 1.62 

v__LAT_SED.hru 
Lateral and groundwater flow sediment concentration 

(mg/L) 
1408.48 1355.95 1451.99 

TP 

v__PHOSKD.bsn Coefficient of phosphorus soil partitioning (m3/Mg) 120.48 94.08 125.65 

v__PPERCO.bsn Coefficient of phosphorous percolation (10 m3/Mg) 10.67 10.19 11.21 

v__BC4.swq 
Rate constant for mineralization of organic phospho-

rus to dissolved phosphorus (day−1) 
0.14 0.02 0.17 

v__RS2.swq 
Benthic source rate for dissolved phosphorus (P) 

(mgP/(m2 day))  
0.03 0.02 0.06 

v__RS5.swq Settling rate of organic phosphorus (day−1)  0.02 0.01 0.04 

v__PSP.bsn Phosphorus availability index 0.35 0.29 0.55 

v__P_UPDIS.bsn Phosphorus uptake distribution 20.52 20.37 61.12 

v__ERORGP.hru 
Phosphorus enrichment ratio for loading with sedi-

ment 
0.41 0.10 2.91 

TN 

v__SHALLST_N.gw 
Initial nitrate concentration in shallow aquifer 

(mgN/L) 
571.12 421.99 807.34 

v__RCN.bsn Nitrogen concentration in rainfall (mgN/L) 6.60 4.92 9.80 

v__NPERCO.bsn Nitrate percolation coefficient  0.06 0.00 0.15 

v__CMN.bsn Humus mineralization rate factor of active nutrients 0.0014 0.0013 0.002 

v__SOL_NO3().chm Initial concentration of NO3 in soil layer (ppm) 5.86 0.00 45.65 

v__FRT_SURFACE.mgt Fertilizer fraction applied to top 10 mm of soil  0.92 0.75 1.00 
a r__ denotes original value was multiplied by (1 + fitted value); b v__ denotes original value was 

replaced by the fitted value. 
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Figure 3. Watershed map showing groundwater monitoring wells, model calibration, and validation 

subbasins. 

2.5. Wetland Scenario 

To investigate the historical trend of wetland changes within the BSRW over the past 

12 years from 2008 to 2020, land cover data from 2008, 2014, and 2020 provided by USDA, 

NASS, were utilized. Wetland surface areas were extracted from both the forested and 

non-forested wetland classes within CDL. The data layers were applied to three separate 

SWAT models, along with the wetland information. To ascertain the effects of wetlands 

on streamflow, sediments, nutrients, and shallow groundwater storage, results from two 

separate models—one before wetland simulation and one after wetland simulation—were 

differentiated for each case (i.e., 2008, 2014, and 2020). These effects were calculated as 

percentage reduction on flow and water quality parameters based on Equation (2). 

Reduction (%) = 
variables before wetland simulation − variables after wetland simulation

variables before wetland simulation
×100  (2) 

The SWAT model allowed a single wetland in each subbasin, applied by aggregating 

all wetland areas within the subbasins. The principal area of the wetland was obtained 

from the CDL data layer. The principal volume was calculated as the principal area mul-

tiplied by the average wetland depth. A range of water depth values from 0.2 m to 1 m 

was used based on previous studies as shown in Table 2 and the principal volume param-

eter was calibrated, resulting in an optimal average depth of 0.9 m. To estimate maximum 

surface area and maximum volume, a range of multiples of the principal area (2–3×) and 

principal volume (3–5×) were chosen and calibrated. This resulted in the optimal multiples 

of 2.5 and 4, respectively. It was assumed that the wetlands were in operation at the be-

ginning of the simulation. A 3-year warm-up period was applied in SWAT, which allowed 

the model to achieve the water processes simulation properly, and the output was 
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obtained from the fourth year. Hence, the initial volume of water and initial sediment 

concentration in wetlands were set to 0. The equilibrium sediment concentration in wet-

lands was calibrated. Hydraulic conductivity through the wetland bottom was measured 

to be 0.15 mm/h from calibration. According to [39], the phosphorus settling rates mostly 

fall in the range of 5 to 20 m/year for natural lakes. Phosphorus and nitrogen settling rates 

were calibrated within this range. An insight into the parameter ranges was obtained from 

the previous literature, as shown in Table 2. 

Table 2. Parameters used for wetland simulation in SWAT. 

Wetland Parameters Parameter Values in Previous Studies References Calibrated/Used Values 

Depth of wetland 

0.2 m [59] 

0.9 m 
0.6 m and 0.67 m [60] 

0.85 m [61] 

1 m [62] 

Maximum surface area   
6643 ha (subbasin 15); 4866 

ha (subbasin 33) 

Maximum volume   
9566 ha-m (subbasin 15); 

7007 ha-m (subbasin 33) 

Initial water volume 0 [63] 0 

Initial sediment concentration   0 

Equilibrium sediment concentration   200 mg/L 

Hydraulic conductivity 0.2 mm/h for reservoir simulation [64] 0.15 mm/h 

P and N settling rate 5 to 20 m/year [39] 12 m/year and 11 m/year 

To evaluate the effects of wetlands, subbasins 15 and 33 were taken into account. The 

decision to concentrate the investigation on these subbasins was due to reasonable model 

performances in simulating flow, sediment, nutrients, and seasonal groundwater level 

changes within these subbasins, ensuring a more realistic representation of the hydrolog-

ical processes. Moreover, subbasin 15 was of particular interest since it lies within the 

“cone of depression” where the largest decline in the water table was observed due to 

groundwater pumping for irrigation [65]. We were also interested in assessing the effects 

of wetlands in a subbasin that is predominantly agricultural since agriculture is the pri-

mary source of water quality pollution in the BSRW. About 86% of the area in subbasin 33 

was used for agriculture in 2020. 

Total areas of wetlands in subbasins 15 and 33, based on the land cover data layer 

provided by USDA, NASS for the years 2008, 2014, and 2020, are shown in Table 3. Figure 

4 shows the percentage of wetlands in each subbasin. The overall wetland area in subbasin 

33 is less than that in subbasin 15 because of the larger agricultural area percentage in 

subbasin 33. Between the years 2008 and 2020, the total areas of wetlands in the subbasins 

under consideration experienced an increasing trend, which can affect hydrology and wa-

ter quality. In subbasin 15, the total wetland area increased from about 9% of the subbasin 

area to 11% of the subbasin area. Similarly, in subbasin 33, the total wetland area increased 

from about 7% of the subbasin area to 9% of the subbasin area. While the wetlands in-

creased in these subbasins, the agricultural land cover was found to decrease. For instance, 

in subbasin 33, the agricultural land cover was around 88% in 2008, which reduced to 86% 

in 2020. 

Table 3. Wetland areas in subbasin 15 and subbasin 33 in 2008, 2014, and 2020. 

Sub-Watersheds Sub-Watershed Area (km2) 
Wetland Areas (km2) 

Year 2008 Year 2014 Year 2020 

15 245.24 23.08 25.75 26.57 

33 214.39 15.40 17.97 19.46 
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Figure 4. Percentage of wetlands in watershed sub-basins 15 and 33 in the years 2008, 2014, and 

2020. 

3. Results 

3.1. Streamflow Calibration and Validation 

Among all the selected parameters, CN2, ESCO, OV_N, CH_N2, SURLAG, and 

SOL_K were found to be the most sensitive with a p-value less than 0.05. These parameters 

determine the soil water conditions, evaporation, permeability, land use conditions, as 

well as the rate and amount of runoff which influence the streamflow directly. 

The model was calibrated and validated for monthly streamflow with reasonable ac-

curacies, where R2 ranged from 0.60 to 0.87, and NSE ranged from 0.60 to 0.84. Table 4 

shows the summary of statistics obtained during the calibration and validation of stream-

flow at three USGS gauge stations. The time series of simulated and measured streamflow 

data during calibration and validation at the Sunflower gauge station are presented in 

Figure 5. 

 

Figure 5. Simulated and measured streamflow during calibration and validation at Sunflower gauge 

station. 



Resources 2024, 13, 114 12 of 23 
 

 

Table 4. Model performance during calibration and validation of streamflow at 3 USGS gauge sta-

tions. 

Station 
Calibration Validation 

P-Factor R-Factor R2 NSE P-Factor R-Factor R2 NSE 

Merigold 0.87 0.86 0.72 0.70 0.79 0.84 0.60 0.60 

Sunflower 0.78 0.74 0.76 0.76 0.85 0.84 0.87 0.84 

Leland  0.68 0.80 0.70 0.64 0.76 1.26 0.82 0.79 

3.2. Total Suspended Solids Calibration and Validation 

Among all the selected parameters, USLE_P, USLE_K, HRU_SLP, CH_ERODMO, 

USLE_C, PRF_BSN, and SPEXP were found to be the most sensitive parameters with p-

values less than 0.05. These parameters are associated with features such as land cover, 

soil erodibility, slope, channel degradation, and sediment re-entrainment which affect the 

rate and amount of sediment directly. 

The model was calibrated and validated for monthly TSS with acceptable accuracies, 

where R2 ranged from 0.68 to 0.94, and NSE ranged from 0.48 to 0.85. Table 5 shows the 

summary of statistics obtained during the calibration and validation of TSS at three USGS 

gauge stations. The time series of simulated and observed TSS data during calibration and 

validation at the Sunflower gauge station are presented in Figure 6. Despite the reasonable 

statistics, there was a difference between observed and simulated TSS loads in February 

2018 due to SWAT’s limitation in capturing peak flow and floodplain erosion [66,67]. Ad-

ditionally, the TSS loads are highly affected by factors such as tillage, especially in agri-

cultural watersheds like BSRW. The rate, time, and space of such operations are variable, 

thus creating uncertainty in capturing peak TSS loads. 

 

Figure 6. Simulated and measured TSS loads during calibration and validation at Sunflower gauge 

station. 

Table 5. Model performance during calibration and validation of TSS at 3 USGS gauge stations. 

Station 
Calibration Validation 

P-Factor R-Factor R2 NSE P-Factor R-Factor R2 NSE 

Merigold 0.83 0.67 0.80 0.72 0.72 1.10 0.68 0.62 

Sunflower 0.83 0.76 0.88 0.85 0.56 0.37 0.77 0.48 

Leland  0.78 0.75 0.83 0.82 0.61 1.98 0.94 0.56 
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3.3. Total Phosphorus Calibration and Validation 

Among all the selected parameters, ERORGP, P_UPDIS, PHOSKD, RS5, and 

PPERCO were found to be the most sensitive parameters, with p-values less than 0.05. 

These parameters dictate phosphorous transport, uptake by plants, settling, and percola-

tion. The model was calibrated and validated for monthly TP with acceptable accuracies, 

where R2 ranged from 0.40 to 0.95, and NSE ranged from 0.05 to 0.84. Table 6 summarizes 

the statistics obtained during the calibration and validation of TP at three USGS gauge 

stations. The time series of observed and simulated TP loads during calibration and vali-

dation at the Sunflower gauge station is shown in Figure 7. 

 

Figure 7. Simulated and measured TP loads during calibration and validation at Sunflower gauge 

station. 

Table 6. Model performance during calibration and validation of TP at 3 USGS gauge stations. 

Station 
Calibration Validation 

P-Factor R-Factor R2 NSE P-Factor R-Factor R2 NSE 

Merigold 0.89 1.35 0.50 0.40 0.56 0.25 0.50 0.05 

Sunflower 0.94 2.11 0.86 0.84 0.44 0.25 0.81 0.30 

Leland  0.94 1.95 0.40 0.23 0.50 0.29 0.95 0.53 

3.4. Total Nitrogen Calibration and Validation 

Among all the selected parameters, FRT_SURFACE and NPERCO were the most sen-

sitive parameters, with p-values less than 0.05. These parameters control the fertilizer ap-

plication to the soil surface, and nitrate removal in runoff from the surface, which directly 

influence the total nitrogen. The model was calibrated and validated for monthly TN with 

acceptable accuracies, where R2 ranged from 0.30 to 0.90, and NSE ranged from 0.04 to 

0.84. Table 7 summarizes the statistics obtained during the calibration and validation of 

TN at three USGS gauge stations. The time series of observed and simulated TN loads 

during calibration and validation at the Sunflower gauge station is shown in Figure 8. 
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Figure 8. Simulated and measured TN loads during calibration and validation at Sunflower gauge 

station. 

Table 7. Model performance during calibration and validation of TN at 3 USGS gauge stations. 

Station 
Calibration Validation 

P-Factor R-Factor R2 NSE P-Factor R-Factor R2 NSE 

Merigold 0.61 0.57 0.37 0.30 0.44 0.61 0.30 0.04 

Sunflower 0.56 0.59 0.61 0.56 0.56 0.58 0.50 0.32 

Leland  0.94 1.18 0.90 0.84 0.69 0.52 0.71 0.50 

3.5. Groundwater Level Change Calibration and Validation 

Spatial calibration and validation of seasonal groundwater level change were per-

formed in subbasins 8 and 15, and in subbasins 31 and 33, respectively. The values of R2 

were 0.34 and 0.52, and the values of NSE were 0.32 and 0.31 during calibration and vali-

dation, respectively. To maximize the statistical indicator, NSE, the solver tool estimated 

the optimal value of specific yield as 0.21. Figure 9 shows the observed and simulated 

groundwater level changes at the seasonal scale from 2008 to 2020 in the calibration and 

validation subbasins. 
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(a) (b) 

Figure 9. Simulated vs. observed seasonal groundwater level changes from 2008 to 2020 during 

model: (a) calibration, and (b) validation. 

3.6. Effects of Wetlands on Flow and Water Quality 

The increase in wetland areas from 2008 to 2020 led to an increment in the reduction 

of flow, sediments, and nutrients at the subbasin outlets. Flow reduction increased from 

about 9% to 11% from 2008 to 2020 in subbasin 15, and from about 1% to 2% in subbasin 

33. Similarly, the sediment reduction increased from 86% to 89% in subbasin 15, and from 

19% to 56% in subbasin 33. The discrepancy in TSS reduction between 2008 and 2020 was 

greater in subbasin 33 than in subbasin 15. This can be attributed to the fact that the per-

centage increase of wetland area between these years in subbasin 33 (26%) surpassed that 

of subbasin 15 (15%). The substantial difference in TSS reduction between 2014 and 2020 

for subbasin 33 can be explained by the influence of precipitation. The average annual 

precipitation in subbasin 33 during 2020 exhibited a lower magnitude (1179 mm) com-

pared to that of 2014 (1350 mm). The reduced inflow of water into the wetlands during 

the period of low precipitation resulted in decreased flow velocities, reducing the capacity 

of wetlands to transport sediment. Additionally, low precipitation reduced erosion in up-

stream regions, resulting in higher sediment retention within the wetlands. These factors 

account for a high TSS reduction during 2020, consequently leading to a significant differ-

ence between 2014 and 2020 (Table 8). The total phosphorous reduction in subbasin 15 

increased from 31% to 44%, and from 8% to 13% in subbasin 33. Likewise, the total nitro-

gen reduction increased from 39% to 43% in subbasin 15 from 2008 to 2020, and from 10% 

to 13% in subbasin 33. Table 8 summarizes the increase in reduction percentages of stream-

flow, TSS, TN, and TP during the period from 2008 to 2020. 
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Table 8. Effects of wetlands on streamflow, TSS, TN, and TP reduction percentage. 

Variables Sub-Watershed 

Reduction % 
Reduction In-

crease% (2008–2014) 

Reduction In-

crease% (2014–2020) 

Reduction In-

crease% (2008–2020) Year 2008 
Year 

2014 

Year 

2020 

Streamflow 
15 8.7 9.5 11 0.8 1.5 2.3 

33 1.5 1.7 2.1 0.2 0.4 0.6 

TSS 
15 86.1 87.2 89.1 1.1 1.9 3 

33 18.8 26.3 55.6 7.5 29.3 36.8 

TN 
15 39.5 42.0 42.7 2.5 0.7 3.2 

33 9.6 11.0 12.8 1.4 1.8 3.2 

TP 
15 31.3 40.0 44.1 8.7 4.1 12.8 

33 7.7 10.9 13.5 3.2 2.6 5.8 

3.7. Effects of Wetlands on Shallow Groundwater Change 

As a result of an increase in areas, the contribution to shallow groundwater storage 

by wetlands increased. In subbasin 15, the contribution to the shallow aquifer by wetlands 

was 40 mm higher in 2014 than in 2008. Similarly, the contribution to the shallow aquifer 

in 2020 was 31 mm higher than in 2014. Likewise, in subbasin 33, the contribution to the 

shallow aquifer in 2014 was 50 mm higher than in 2008, and 40 mm higher in 2020 than in 

2014. Figure 10 shows the increase in annual groundwater storage in both sub-basins. 

 

Figure 10. Effects of wetlands on annual shallow groundwater change. 

On average, at the watershed level, the annual groundwater storage increase due to 

wetlands was 38 mm higher in 2020 than in 2008. Data from 101 randomly located ground-

water monitoring wells were considered throughout the BSRW, based on maximum data 

availability from 2008 to 2020. The overall average groundwater level at BSRW in 2020 

was 307 mm higher than in 2008. However, the overall aquifer decline was observed in 

the central region of the watershed (Figure 11), even though groundwater levels in north-

ern and southern regions were generally not declining. Figure 11, obtained using the 

Kriging interpolation technique [68], shows the 12-year average alluvial aquifer changes 

from 2008 to 2020 based on randomly selected data from 101 monitoring wells. The central 

BSRW regions experienced average decreases of up to 176 mm per year. Therefore, despite 

the fact that wetlands have contributed to an increase in groundwater storage, water 
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withdrawal for irrigation in agricultural areas or other water uses may have resulted in a 

declining trend of the alluvial aquifer [69]. 

 

Figure 11. Twelve-year (2008–2020) variation in groundwater levels at watershed. 

4. Discussion 

4.1. Surface Water Quality 

The SWAT model was calibrated and validated for streamflow, TSS, TP, and TN. The 

statistical measures R2 and NSE were well above the criteria suggested by [70] during 

streamflow calibration and validation. Additionally, the statistics were compared to the 

comprehensive review article by [46]. To develop standard NSE and R2 criteria for 
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defining the model performance, [46] conducted a review of over 250 articles that reported 

SWAT applications worldwide. Statistics suggested that model performance was satisfac-

tory for streamflow simulation. In this study, model performances (NSE and R2) during 

streamflow simulation were comparable to, or better than, the values obtained in previous 

studies [71–73]. Similarly, the statistics obtained during TSS calibration and validation 

were above the criteria suggested by [70]. The model can be considered satisfactory for 

monthly sediment simulation if R2 is greater than 0.40 and NSE is greater than 0.45 [70]. 

Additionally, the performance of the model in simulating monthly sediment yield was 

deemed satisfactory when compared to other sediment modeling studies [74–76]. Like-

wise, acceptable model performance was achieved during the calibration and validation 

of TP. Slightly lower performance was estimated at Merigold station during the validation 

period. This is primarily due to underestimated loadings during storm events. A similar 

result was obtained in a previous study by [77] for the Cox Creek and Aldgate gauge sta-

tions during multisite calibration. Similarly, a low performance (R2 = 0.38 and NSE = 0.08) 

of the model was obtained during monthly TP simulation in a study conducted by [78]. 

Despite the low performance, the prediction was better for the yearly simulation of TP. 

The low performance in our study may be due to the lack of incorporation of atmospheric 

deposition of phosphorus, septic loading, and non-agricultural fertilizer [79]. Addition-

ally, the underestimation of TP load, such as in February 2018, resulted in lower perfor-

mance. This may be the result of the dispersion of manure across a region and an abrupt 

washout following heavy precipitation and increased runoff. Similarly, during the valida-

tion of TN, the Merigold station exhibited the lowest performance. This was due to un-

derestimated loads during high-flow events. In addition, this may be because nitrogen is 

volatile in nature and its concentrations vary greatly between HRUs within the same sub-

basin [44]. The results obtained are comparable to those of a previous study deploying a 

multisite calibration technique [77]. An earlier study by [80] at the BSRW also found that 

predicting nitrogen loads had the highest level of uncertainty as compared to streamflow 

and TSS with the highest NSE of 0.07 and the lowest of −0.09. The study further suggested 

that this uncertainty might even be larger during peak flow circumstances. A study by 

[78] also obtained low performance (R2 = 0.27 and NSE = 0.16) during monthly nitrate load-

ing simulation due to underestimated peak flow conditions. The simulated and measured 

annual nitrate loads revealed strong agreement, despite the model’s low performance in 

predicting monthly nitrate loads. 

4.2. Groundwater Level Change 

The maximum value of the objective function, NSE, was achieved by setting the value 

of the specific yield of MRVAA to 0.21. Thus, the obtained value of the specific yield was 

close to the value of 0.26 obtained in the previous study by [42], and 0.17 obtained in the 

study by [52]. The usual range of specific yield in shallow aquifers is between 0.01 and 0.3 

[81]. The obtained value was found to be within this range. 

4.3. Effects of Wetland Areas 

The streamflow and water quality reductions obtained in this study were compared 

to those of several previous studies to validate the reliability of the findings. Based on the 

results in two sub-basins, the areas of wetlands ranging from 1540 to 2657 ha contributed 

to the reduction of flow by 1 to 11%, TSS by 19 to 89%, TN by 10 to 43%, and TP by 8 to 

44%. A study conducted by [31] simulated six different wetland restoration scenarios, 

where the wetland area from the year 1968 (2998 ha) was taken as the upper limit for 

restoration from the wetland area of 2379 ha in the year 2005. The average annual flow 

reduction was 1.6 to 23.4%, sediment yield was reduced by up to 16.9%, and the TN and 

TP reductions were obtained in the range of 2.4 to 23.4% at the watershed outlet. In an-

other study by [82], the result showed that sediment could be reduced by 60 to 90% by 

riparian wetlands. Similarly, [83] reported annual sediment retention in wetlands could 

be up to 80%, similar to our findings. Previous research conducted by [84] used the APEX 
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model at the sub-watershed scale to simulate ponds over areas ranging from 3426 to 14,082 

ha. The findings of the study showed that ponds were able to reduce runoff by 0 to 16%, 

sediment by 5 to 81%, TN by 4 to 80%, and TP by 3 to 52%. The reduction in flow, TSS, 

and TP in this study were comparable to the outcomes of [84]. Similarly, wetland restora-

tion effects on water quality and quantity were simulated by [85] at a watershed scale. 

This study found that restoration of 460 to 550 ha of wetlands could increase the reduction 

of discharge by 20%, sediment by 25%, TN by 18%, and TP by 12%. In our study, in both 

the sub-basins, an increase in 349–406 ha of wetlands from 2008 to 2020 increased flow 

reduction by up to 2%, sediment reduction by up to 37%, TN reduction by up to 3%, and 

TP reduction by up to 13%. Likewise, the shallow groundwater storage contribution in-

creased by 21% and 44% in sub-basins 15 and 33 due to an increase in wetlands from 2008 

to 2020. A study by [29] simulated the effect of wetlands, and reported a 14% decrease in 

groundwater recharge and a 7% decrease in groundwater flow due to the loss of geo-

graphically isolated wetlands (GIWs). It has been attributed to the fact that decreased wa-

ter interception due to the loss of GIWs increased runoff from land to streams, and de-

creased infiltration. The results of our study on the impacts of wetlands on flow, sediment, 

nitrogen, phosphorous, and groundwater storage were comparable to the range of values 

reported in earlier studies. 

4.4. Study Limitations 

This study utilized the USDA, NASS’s CDL, to obtain the wetland areas within the 

watershed, and the results are dependent upon the land cover classification accuracy 

within the CDL. Similarly, the choice of parameter ranges for wetland simulation was 

based on the values used in previous studies. Field verification would support the validity 

of the outcomes. The study analyzed the effects of changing wetland areas on hydrological 

and water quality responses on only two subbasins of interest. While the study acknowl-

edges its limitation of concentrating on only two subbasins, it nonetheless provides useful 

insights into increasing wetland areas over time within BSRW and their benefits in flow, 

sediment, and nutrient reductions, as well as groundwater recharge. To determine 

whether the resulting streamflow, water quality parameters, and groundwater storage 

due to wetlands vary greatly, this work may be carried out in more watersheds with var-

ious topography and soil types in the future. 

5. Conclusions 

This study evaluated the historical trend of wetland area changes from 2008 to 2020, 

and changes in their ecological benefits in terms of streamflow and water pollution reduc-

tion and groundwater storage increments. The LULC change analysis based in CDL pro-

vided by USDA, NASS, revealed that wetland areas increased in 38 out of 40 subbasins, 

except for subbasins 3 and 40 where they decreased by 0.03% and 0.64% of the subbasin 

areas, respectively. The maximum increase was 15% of the subbasin area at subbasin 7, 

and the minimum increase was 0.12% at subbasin 34. The average increase in wetlands 

was 3.5% of the subbasin area, with a standard deviation of 3.9%. The hydrologic and 

water quality responses were estimated for subbasins of interest (i.e., 15 and 33). Between 

2008 and 2020, subbasins 15 and 33 experienced 15% and 26% increments in wetland areas, 

respectively. The increase in wetland areas resulted in an increase in flow reduction by 

between 1% and 2% from 2008 to 2020. Similarly, sediment reduction increased by be-

tween 3% and 37%, TP reduction increased by between 5% and 13%, and TN reduction 

increased by between 3% and 4%. Similarly, the contribution to shallow aquifer storage 

increased by 71 mm to 90 mm in 2020, compared to 2008. Even though the wetlands 

helped to increase groundwater storage in selected subbasins, the overall trend of the aq-

uifer declined in the watershed’s central part. This could be a result of increased water 

withdrawal for irrigation or other purposes. 

The methodological framework used in this study may be beneficial for studying the 

temporal changes in the impacts of wetlands on hydrology and water quality. Similarly, 
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this study highlights the importance of the conservation of wetlands, and serves as a use-

ful resource for watershed managers and concerned planners. 
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