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Abstract: Land use is one of the key factors affecting the stream flow of a watershed. This research
aimed to evaluate the impact of changing land use and land cover (LULC) on stream flow and water
quality by applying the Soil and Water Assessment Tool (SWAT) to the Big Creek Lake watershed
located in Mobile County, South Alabama. Digital elevation model (DEM), LULC data, weather data,
soil data, observed streamflow, nitrogen, and phosphors data were used as input files to calibrate
and validate the SWAT model. The SWAT model was calibrated and validated using the Sequential
Uncertainty Fitting (SUFI-2) algorithm in the SWAT Calibration Uncertainties Program (SWAT-CUP)
software. Agricultural land increased by about 11,045 acres and urban area increased by 3350 acres,
and forest area decreased by 11,482 acres, between 1991 and 2020. This changing scenario of LULC
not only increased the streamflow but also the total nitrogen and phosphorus. The total streamflow
was higher, at about 38 m3/s in the LU_2020 scenario, than in the LU_1990 scenario. Increases of
about 1,136,919 kg of nitrogen and 324,467 kg of phosphorus were found from 1990 to 2020, and
these increases can be explained by an increase in agricultural land of about 11,045 acres. The results
obtained in this study are able to provide guidance to water resource management and planning for
policymakers and water managers in Mobile County.

Keywords: LULC; DEM; SWAT; SUFI-2

1. Introduction

According to [1-3] in recent decades, hydrological responses to the changing envi-
ronment have become a research interest area. Changing land use and land cover (LULC)
influence runoff-rainfall processes by affecting the surface components such as evapotran-
spiration, infiltration, and percolation. Various types of land use have different reflectivity
(albedo), roughness, leaf areas, and soil depth, which impacts the land—surface interactions
by affecting temperature, humidity, wind speed, and precipitation [4—6]. Changes in LULC
will have an impact on these interactions, resulting in differences in surface moisture,
heat, and momentum fluxes [7,8]. According to [9], local, regional, and global climate and
hydrological processes depend on the spatial distribution, size, extent, and location of land
cover changes. Though many investigations have focused on the hydrological response
due to changes in land use [10-13], the relationship between changing land use and the
hydrological response deserves more investigation. The use of hydrological models is es-
sential because of the effective planning of water resources and protection under changing
environmental conditions, and models can simulate flow regimes under different scenarios.
Many of these hydrological models are applied for runoff, sediment yield, and soil loss
prediction. Among all these models, the SWAT model is the most widely used and has been
applied in different areas to analyze numerous problems of hydrology and water quality,
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including the potential changes to the streamflow under different climate scenarios [14].
The SWAT model has achieved worldwide recognition because it is utilized to evaluate
water and sediment yield and water quality parameters under present conditions, manage-
ment practices, and future climate conditions with spatial and temporal resolutions that
depend on the data availability [15].

2. Materials and Methods
2.1. Study Area

Big Creek Lake has an area of 3600 acres and is a tributary-storage reservoir in Mo-
bile County, located in southwest Alabama. Although the area of the lake itself is only
3600 acres, the watershed draining into it covers approximately 65,920 acres or 103 square
miles [16,17]. Although Big Creek Lake watershed encompasses large areas in Mobile
County, no large municipalities exist within the watershed; however, there are several
smaller towns, including Wilmer and Semmes, located within the watershed boundaries.
Figure 1 shows the location of the watershed, and the weather and water quality data
stations. Big Creek Lake watershed lies within the Southern Hills District of the East Gulf
Coastal Plain section of the Coastal Plain Physiographic Province in close proximity to the
Gulf Coast. The Gulf of Mexico influences the subtropical climate of the watershed.
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Figure 1. Location of the study area.

2.2. Data Required

Some spatial inputs are required to run the Soil Water Assessment Tool (SWAT) model,
such as a digital elevation model (DEM) and associated topography, LULC, and soils of
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the study area [18,19]. In addition to these inputs, long-term weather data, soil property
data, and discharge data are also necessary. The USGS National Map was the provider of
the DEM datasets, which were downloaded from https://viewer.nationalmap.gov /basic/
(accessed on 28 March 2020). The spatial resolution is 10 m, which is a 1 arc-second
(10 m x 10 m) pixel resolution. For LULC data, Landsat images obtained from the USGS
data hub (https://earthexplorer.usgs.gov/ (accessed on 4 April 2020)) and same-seasonal
images were chosen from 1990 to 2020 with minimum cloud cover to have the lowest
atmospheric effects. Each LULC product was primarily based upon the classification of
Landsat data. Classification was performed using the unsupervised approach. The resulting
classification was then reclassified into water, forest, urban, agriculture, and rangeland.
The SSURGO (Soil Survey Geographic Database) soil data were used because, according to
the Natural Resource Conservation Service (NRCS), the SSURGO is the county soil data
having the most detailed level. The soil data and information on related soil properties
were obtained from https:/ /websoilsurvey.sc.egov.usda.gov/App/WebSoilSurvey.aspx
(accessed on 11 May 2020). From the National Oceanic and Atmospheric Administrations
(NOAA) website, the daily rainfall, maximum and minimum temperatures, and average
wind speed at one weather station in the study were obtained between 1990 and 2020. The
daily stream flow data were obtained from the USGS National Water Information System:
Web Interface. Water quality data are not available in daily or monthly intervals; rather its
reporting is random.

2.3. SWAT Model Description

The SWAT is a physically based hydrologic model and requires physically based
data [20]. The SWAT is a continuous-time, spatially distributed model designed to simulate
water, sediment, nutrient, and pesticide transport at a catchment scale on a daily time
step under different management practices [21]. Arc-SWAT is an extension of ArcGIS, as
the SWAT is embedded in a GIS interface. SWAT2012 is evolved from AVSWAT, which
is an extension of ArcView developed for an earlier version of SWAT2012. Some major
components are used to run the SWAT model including weather, hydrology, different
types of soil, plant growth, nutrients, pesticides, bacteria and pathogens, land use, and
management practices. When running the SWAT model, a watershed or basin is divided
into multiple sub-basins or sub-watersheds, and then each sub-basin or sub-watershed is
further subdivided into multiple HRUs based on the DEM properties. HRUs are located
in the sub-basin and comprise unique land use, soil, and slope characteristics. The Soil
Conservation Services (SCS) curve number procedure (SCS, 1972) and Green and Ampt
infiltration method (1911) are the two methods used by the SWAT model to estimate the
surface runoff. In this study, the SCS curve number method was used to estimate surface
runoff. Water is routed through the channel network using a variable storage routing
method or the Muskingum routing method. In this study, Muskingum routing methods
were used for surface runoff. Briefly, the SWAT partitions soil nitrogen (N) into five different
N pools. Two of the pools are inorganic (ammonium-N [NH4-N] and nitrate-N [NO3-N])
and three pools are organic (active, stable, and fresh). Unlike N, soil phosphorous (P)
in SWAT is divided into six pools (three minerals and three organics). The fresh organic
phosphorus pool, and active and stable organic pool, are contributed to by the crop residue,
and biomass and humus substances, respectively. The soil inorganic pool includes active,
solution, and stable pools [22].

2.4. Uncertainty and Sensitivity Analysis

Sensitivity analysis is the identification of the sensitive parameters that have an im-
portant influence on the performance of the model, to ensure that adjustments will be
precise. This operation was carried out using SWAT-CUP. This program was developed by
the Swiss Federal Institute of Water Science and Technology (EAWAG), which specializes
in SWAT calibration, validation, and uncertainty analysis. SWAT-CUP is a standalone
program that links to SWAT’s output text files, and integrates five different optimization al-


https://viewer.nationalmap.gov/basic/
https://earthexplorer.usgs.gov/
https://websoilsurvey.sc.egov.usda.gov/App/WebSoilSurvey.aspx

Enwviron. Sci. Proc. 2022, 15,9

40f 10

gorithms: Sequential Uncertainty Fitting (SUFI-2) [23], Generalized Likelihood Uncertainty
Estimation (GLUE) [24], Parameter Solution (ParaSol) [25], Markov chain Monte Carlo
(MCMC) [26-28], and Particle Swarm Optimization (PSO) [9]. Among these algorithms,
SUFI-2 has the capacity to account for all the sources of uncertainty in the parameter ranges,
such as uncertainty in driving variables (e.g., rainfall), conceptual model, parameters, and
measured data [23]. For this reason, SUFI-2 was used in this study to analyze the sensitivity
of the model.

2.5. SWAT Model Calibration, Validation and Evaluation

The calibration of the hydrological model is undertaken to optimize its predictive
capacity by comparing its simulated values with the observed or actual values of the study
area. Validation is the process of demonstrating the capability of making a sufficiently
accurate simulation, which may vary based on the aim of a project [29]. In this study, a five-
year warm-up period, that is, from 1986 to 1990, was used. The calibration and validation
periods were equal for stream flow, nitrogen, and phosphorus. Predicted and observed
values of streamflow and nutrient loadings at the watershed outlet were compared to
determine whether the objective function satisfactorily involves running a model using
the parameters during the calibration. The results from the different periods of calibration
were compared to determine whether the model meets confidence limits. The model
validation was performed with the same SWAT parameter values calibrated without any
further alterations. The performance of the model in the simulation was evaluated by
Nash-Sutcliffe Efficiency (NSE), Percent of Bias (PBIAS), and the Coefficient of Correlation
(R?), which are most commonly used and are proposed [30].

3. Results
3.1. Land Use and Land Cover (LULC) Change

Figure 2 shows the land use over the period. Forest was one of the main land uses of the
watershed and achieved a large percentage. From 1990 to 2000, almost 60% of the watershed
area was forest land. However, after one decade (2010), forest area was reduced by about
10%. A total of 11,482.80 acres of forest area were transformed into other LULC categories
over a 30-year period. By comparison, urban areas increased (3350 acres) in the past three
decades, showing an increment of 1293 acres from 1990 to 2000, 632 acres from 2000 to
2010, and 1423 acres from 2010 to 2020. Agricultural land increased (11,045 acres) and
rangeland decreased (2542 acres) in the last three decades. From 1990 to 2000, agricultural
land increased, but from 2000 to 2010 it decreased, and, in the last decade, it increased by
about 10,510 acres. The LULC time series analysis between 1990 and 2020 indicates an
expansion in the agricultural land and an increase in urban area, with a reduction in forest
land and rangeland. Forest area changed to rangeland and urban areas, by approximately
8086 and 3905 acres, respectively, in the last three decades. Agricultural land transformed
into rangeland (852 acres) and urban area (674 acres), mostly from 1990 to 2020. Meanwhile,
during the same period, rangeland changed into the agricultural area (5380 acres) and
urban area (2080 acres).

3.2. Sensitivity Analysis

Table 1 represents the fifteen parameters used to calibrate and validate the stream flow.
Based on sensitivity analysis, fifteen parameters were used, such as curve number (CN),
biological mixing efficiency (BIOMIX), Manning’s “n” value for overland flow (OV_N), peak
rate adjustment factor (PRF), exponent parameter for calculating sediment re-entrained in
channel sediment routing (SPEXP), USPE equation (USLE_P), plant and soil evaporation
factor (ESCO and EPCO), and groundwater (ALPHA_BF, GW_DELAY, GW_REVAP, and
RCHRG_DP). SOL_LABP, SOL_ORGP, LAT_ORGN, and SOL._ORGN were used to calibrate

the nitrogen and phosphorus flow in the watershed.
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Figure 2. LULC for 1990 (a), 2000 (b), 2010 (c), and 2020 (d).

Table 2 ranks the parameters based on the t-stat and p-value, using the highest abso-
lute value of the t-stat and the lowest value of the p-value, the highest influence of that
parameter, and vice versa. Based on these values, SOL_AWC, OV_N, and RCHRG_DP are
the most effective parameters, and ESCO, ULSE_P, and BIOMIX have less impact on the
calibration and validation of the model.

3.3. SWAT Model Calibration and Validation

Figure 3A-C show the observed and simulated monthly stream flow, total nitrogen,
and phosphorus, respectively. The differences in the average monthly observed and
simulated values of stream flow were less than 1%. The RZ, NSE, and PBIAS values for
streamflow for the calibration and validation periods are listed in Table 3. Based on the
classified value stated by Moriasi et al. (2015), the SWAT model showed a very good
level in the NSE for calibration (0.77) and validation (0.73). Adjustment between the
observed, calibrated, and validated stream flow reached a good level, having an R? of 0.81
for both calibration and validation. A good classification was obtained for PBIAS, with
values of 10.7% and 15.4% for calibration and validation, respectively. According to the
classification by Moriasi et al. (2007), the SWAT model calibrated and validated the nitrogen
and phosphorus satisfactorily in the determination coefficient (Table 3).
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Table 1. Model parameters and their descriptions in surface flow, total nitrogen, and phosphorus

calculations.
Parameter Parameter Description Fitted Value Minimum Value = Maximum Value
ADJ_PKR Peak rate ad.]ust.ment factor for sediment 5 05 5
routing in sub watershed
ALPHA_BF Baseflow alpha factor (days) 0.1 0 1
BIOMIX Biological mixing efficiency 0.2 0 1
CN Curve number Decrease 20% 35 98
EPCO Plant evaporation compensation factor 0.95 0 1
ESCO Soil evaporation compensation factor 1 0 1
GW_DELAY Groundwater delay time (days) 20 0 500
GW_REVAP Groundwater “revap” coefficient 0.02 0.02 0.2
OV N Manning’s “n” value for overland flow “n 1 001 30
value for overland flow
PRE Peak rate a.d]ugtment fac.tor for sediment 1 0 1
routing in the main channel
RCHRG_DP Deep aquifer percolation factor 0.05 0 1
SOL_AWC Available water capacity of soil layer 0.7 0 1
SOL_K Saturated hydraulic conductivity 0.2 0 2000
SPEXP Exponen't par'ameter for calc'ulatmg sed1ment 15 1 15
retrained in channel sediment routing
USLE_P USLE equation support practice factor 1 0 1
SOL_LABP Initial soluble P concentration in sol layer 0.01 0 100
SOL_ORGP Initial organic P concentration in sol layer 0.01 0 100
LAT_ORGN Organic N in the baseflow 0.01 0 200
SOL_ORGN Initial organic N concentration in the soil layer 0.01 0 10
Table 2. Sensitive parameters ranking based on t-Stat and p-Value.
Parameter Name t-Stat p-Value Parameter Name t-Stat p-Value
r__ESCO.bsn —0.215278727 0.829640698 r_ EPCO.bsn 1.115696614 0.265105646
r_ USLE_P.mgt —0.226950855 0.820557782 r_ CN2.mgt —1.333777787 0.18290399
r_ BIOMIX.mgt 0.227096486 0.820444606 r__ADJ_PKR.bsn —1.443612737 0.149494876
r_ ALPHA_BF.gw —0.278863619 0.780468599 r_ PRF_BSN.bsn —1.948062549 0.051985146
r__SOL_K().sol 0.671455455 0.502250766 r_ RCHRG_DP.gw —1.994993478 0.046603828
r_ GW_REVAPgw —0.728852367 0.466444494 r__ OV_N.hru —2.862365089 0.004387183
r_ GW_DELAY.gw 0.846668373 0.39759842 r__SOL_AWC().sol —38.3178933 0
r__SPEXPbsn —0.969346487 0.332856487 - - -
Table 3. Statistical evaluation of the model for calibration and validation time periods.
R? NSE PBIAS
Calibration Validation Calibration Validation Calibration Validation
Stream Flow 0.81 0.81 0.77 0.73 —-10.7 15.4
Nitrogen 0.75 0.77 0.62 0.65 9.34 —3.45
Phosphorus 0.5 0.54 0.34 0.24 —20.45 —21.76

3.4. Stream Flow, Nitrogen, Phosphorus of Different LU Scenarios

The relationship between stream flow and LULC, nitrogen and LULC, and phosphorus
and LULC is shown by Figure 4A—C respectively. The effect of the stream flow, nitrogen,
and phosphorus was estimated for the 30-year study period (1990-2020) by running the
LU_1990, LU_2000, LU_2010, and LU_2020 scenarios. The greatest differences in the total
stream flow between LU_1990 and LU_2000, and between LU_2010 and LU_2020, were
decreases of around 12 and 21 m3/s, respectively. These differences from 1990 to 2000
were characterized by increasing urban area and agricultural land by 1293 and 894 acres,
respectively, and increasing stream flows from 2010 to 2020 were influenced by increasing
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agricultural land and urban area, by 10,510 acres and 1423 acres, respectively. Moreover,
comparing LU_1990 and LU_2020, total monthly stream flow increased about 38 m?/s,
which can be explained by changes in LULC, namely, increasing agricultural land by
11,045 acres and urban area by 3350 acres. Moreover, the same behavior was noticed in the
stream flow between LU_2000 and LU_2010, by increasing stream flow by about 5 m?/s.
Both nitrogen and phosphorus had an increasing trend over the last three decades. From
1990 to 2020, nitrogen increased by 1,136,919 kg, and from 2010 to 2020, nitrogen increased
by 768,893 kg; these increases can be explained by the increase in agricultural land, by
about 11,045 and 10,510 acres. respectively. From 1990 to 2020, phosphorus increased by
324,467 kg, and most of the increase in phosphorus (around 253,975 kg) occurred in the
past decade (2010-2020) (Figure 4B,C).
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Figure 3. Observed vs. simulated stream flow (m?/s) from 1991 to 2020 (A), total nitrogen (Kg/Ha)
from 1991 to 2004 (B), and total phosphorus (Kg/Ha) (C) from 1991 to 2004.
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Figure 4. Simulated monthly flow (m3/s) (A), total nitrogen (Kg/Ha) (B), and total phosphorus
(Kg/Ha) (C) between 1991 and 2020 for different LULC scenarios (LU_1900, LU_2000, LU_2010, and
LU_2020).

4. Discussion

This study shows that changes in LULC that occurred from 1990 to 2020 in the Big
Creek Lake watershed were characterized by a substantial increase in agricultural land and
expansion of the urban area. These results complement the study of the comparison of



Enwviron. Sci. Proc. 2022, 15,9

9 0f 10

References

temporal images of LULC for the watershed conducted by [16]. This study found that an
urban area expansion occurred, and the percentage increase in high and low residential
areas was 2.3% and 10.1%, respectively. According to [17], the percentage of agricultural
lands is highest in the Crooked Creek sub-basin, accounting for over 41% of the sub-
basin. Much of the land in the sub-basin is designated as row crops. Hamilton Creek has
also the highest percentage of agricultural land (36.1%). Potential sources of nutrients in
the Big Creek Lake watershed are from nonpoint contributions associated with fertilizer
applications on agricultural and residential land, livestock wastes, residential runoff, failing
septic systems, and contaminated groundwater. No known point sources are located in
the Big Creek Lake watershed. According to [17], the total annual nutrient loads at Big
Creek Lake for the 1991 water year were 118,000 kg for total nitrogen and 5245 kg for
total phosphorus. As population growth continues, and hence the conversion of forested
areas to agriculture and urban areas, loadings of nutrients are expected to increase because
most of the land is converted to urban areas. A study conducted by [15] and prepared in
cooperation with MAWSS concluded that total nitrogen (except for Long Branch), total
Kjeldahl nitrogen (except for Hamilton Creek), total organic nitrogen (except for Boggy
Branch), ammonia (except for Long Branch), total inorganic nitrogen, and total phosphorus
(except for Long and Boggy Branches) exhibited significant, positive relationships with
streamflow, which indicate the dominant source of nutrient input to the watershed is from
nonpoint sources. The more residential and agricultural sub-basins of Crooked Creek and
Hamilton Creek, however, yielded over twice the total phosphorus per hectare of land
use. Crooked and Hamilton Creek sub-basins also had higher total inorganic nitrogen
yields. These results complement the present study, which found that, over time, the
stream flow increases with the increase in total nitrogen and phosphorus. This increasing
nature has a positive relationship with the increase in agricultural land and urban areas. A
significant, positive relationship between streamflow and nutrient concentration indicates
that nonpoint sources are the dominant source of the inputs. Different land-use practices
contribute different levels of nutrients by nonpoint sources.

5. Conclusions

The SWAT model is highly significant and useful because it can be used to predict
future hydrological responses. The total stream flow grew by 38 m3/s, and total nitrogen
and phosphorus increased by about 113,619 and 324,467 kg, respectively, over the past three
decades. This study quantified the impact of the changes in LULC on the water balance
components and water quality. The results can be used by decision makers and public
policy makers for future projections in terms of LULC changes.
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