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Abstract: The Gulf Coast watersheds in the United States contain some of the highest levels of 

biodiversity of all freshwater systems in North America. Developing environmental management 

policies to protect and preserve these ecosystems makes the study of the impacts of projected 

climate change on the future hydrologic cycle crucial. We used the Soil and Water Assessment 

Tool (SWAT) to estimate the potential hydrologic changes for the mid-21st century (2050s) and 

the late-21st century (2080s) in the Mobile River, Apalachicola River, and Suwannee River 

watersheds in the Gulf Coast region of the United States. These estimates are based on 

downscaled future climate projections from 20 Global Circulation Models (GCMs) under two 

Representative Concentration Pathways (RCPs 4.5 and 8.5). SWAT models were calibrated and 

validated using the multi-algorithm, genetically adaptive multi-objective (AMALGAM) 

technique in a high-performance computing (HPC) cluster. For the Gulf Coast watersheds, the 

climate is projected to be warmer and wetter. Projected changes in climatic variables are likely to 

bring large changes in both annual and seasonal hydrologic processes within these watersheds. 

We found substantial decreases in mean annual streamflow under RCP 8.5 during the 2080s, 

with up to a 13.0% decrease projected for the Suwannee River watershed compared to the 

present day. Summer streamflow is projected to be substantially lower during the 2080s, with up 

to a 25.1% decrease projected for the Suwannee River watershed, during a time of high demand 

of water resources for agricultural, industrial, and ecosystem services. These hydrologic 
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projections are expected to help in making better-informed decisions for future water resources 

and ecosystem management in the Gulf Coast region. 

 

Keyword: Climate change; Gulf Coast; Mobile River; Watershed; SWAT; Streamflow 

1. Introduction 

 The global climate has been rapidly changing during the 20th and 21st century. Between 

1880 and 2012, the global air temperatures have increased by an average of 0.85°C and 

precipitation has increased at an average rate of ~2 mm per decade (VijayaVenkataRaman et al., 

2012; IPCC, 2013; EPA, 2016), although there is large spatial variation in the degree and 

direction of precipitation changes (IPCC, 2013). Considering the influence of climate on 

hydrologic processes, there has been a growing realization of the importance of estimating the 

effects of climate change on streamflow volume to help project the impacts of these changes in 

climate on water resources and freshwater ecosystems (Li et al., 2014; Van den Hurk et al., 

2016; Knouft and Ficklin, 2017). Changes in precipitation, combined with increases in air 

temperature, are impacting the timing and magnitude of streamflows, which affect freshwater 

ecosystem-services including the availability of food, energy, and water supplies (Xu, 1999, 

2000; Nohara et al., 2006; Döll and Bunn, 2014). These alterations can influence the survival, 

growth, and reproduction of aquatic species and result in the local extirpation of aquatic diversity 

(Bain et al., 1988; Poff et al., 1997).  

This article is protected by copyright. All rights reserved.



 
 

4 
 
 

Changes in climate have resulted in water quantity issues (i.e., streamflow; Li et al., 

2007; Chien et al., 2013; Ficklin et al., 2013; Neupane and Kumar, 2015; Ehsani et al., 2017); 

however, these issues can be regional in nature. For example, annual streamflows in the Upper 

Mississippi River Basin are projected to increase up to 50% by the mid-21st century, with 

substantial inter-annual variations (Jha et al., 2004b). In contrast, streamflows in the Colorado 

River Basin could decrease by up to 20% by the mid-21st century (Ray et al., 2008). These 

variations in streamflows will also alter stream temperature, which can impact freshwater 

ecosystem-services as well as the distribution and diversity of aquatic species (Smith, 1972; 

Caissie, 2006; Webb et al., 2008). For example, there is an alteration in seasonal flow regimes 

already observed in the Mobile River watershed causing changes in stream temperature that is 

influencing the habitat suitability for aquatic organisms, specifically for fish species (Atkins et 

al., 1999). Therefore, additional information on spatial variation in streamflow and its response 

to changes in future climate are critical for improved water and environmental management 

strategies. 

This study characterizes potential hydrologic alterations associated with projected 

changes in climate in watersheds across the Gulf Coast region of the United States. Recent work 

in this region has focused on water quality issues caused by climatic variability and changes in 

land management practices using integrated modeling approaches (e.g., Sun et al., 2008; Estes et 

al., 2015; Alarcon and Sassenrath, 2016; Michalak, 2016). Additional studies have focused on 

calibrating hydrologic models to estimate the effects of potential climate variability on 
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hydrologic processes of this region (e.g., Alarcon et al., 2009; Chen et al., 2014; Hovenga et al., 

2016); however, these studies have used a limited number of hydro-meteorological stations with 

short-term hydrologic and climatic data as inputs for model calibration.  

The study area for this work encompasses the Mobile River, Apalachicola River, and 

Suwannee River watersheds. SWAT models were developed independently for each watershed, 

and calibrated and validated using a multi-algorithm, genetically adaptive multi-objective 

(AMALGAM) (Vrugt and Robinson, 2007) approach on a high-performance computing (HPC) 

cluster. The calibrated models were then used to simulate potential hydrologic changes in future 

climate scenarios using downscaled Global Circulation Models (GCMs) under the 

Representative Concentration Pathways (RCPs 4.5 and 8.5). This study, therefore, will provide 

additional information of how projected changes in temperature and precipitation will affect 

hydrologic processes in the Gulf Coast, which has become one of the most rapidly declining 

ecosystems in the United States (Tchounwou, 1999; Twilley et al., 2001; Biasutti et al., 2012). 

Results from this study are expected to help policy makers and environmental managers to make 

better-informed decisions for future water resources management that can help to sustain 

agricultural productivity, hydropower generation, and ecosystem-services in the region.  

2. Methods and Materials 

2.1 Study area  
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This study focused on the Mobile River, Apalachicola River, and Suwannee River 

watersheds located in the Gulf Coast region in the United States (Figure 1). Among these, the 

Mobile River watershed is the largest Gulf Coast drainage basin with a total area of 113,581 km2 

that covers portions of Alabama, Georgia, Mississippi, and Tennessee (Table 1). The selected 

watersheds vary both physiographically and geologically, and are among the most taxonomically 

diverse in North America (Benke and Cushing, 2011). The watersheds are dominated by forests, 

agriculture, and wetlands. The general climate of the region is warm and humid, with a mean 

annual temperature range from 15.6°C in the northern mountainous region to 21.1°C in the 

southern portion of the watersheds. The mean annual precipitation ranges from 1,270 mm to 

1,524 mm (Couch et al., 1996; Atkins, 1998; Atkins et al., 2004). 

2.2 Soil and Water Assessment Tool hydrologic model 

 The SWAT hydrologic model (version 2012) was used to estimate land surface and 

groundwater hydrology throughout each watershed. SWAT is a distributed, semi process-based 

model originally developed by the United States Department of Agriculture (USDA) to simulate 

hydrologic processes within a watershed and estimate long term changes in flow and pollutant 

loadings based on varying agricultural management practices (Arnold et al., 1998; Gassman et 

al., 2007; Bosch et al., 2011). The model can also be used to simulate the impacts of climate 

change on hydrologic processes (e.g., Chien et al., 2013; Ficklin et al., 2012, 2013; Neupane et 

al., 2014, 2015). The SWAT model is organized into a spatial hierarchy with a watershed being 

divided into sub-watersheds and further into smaller units referred to as hydrologic response 
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units (HRUs), which represent unique combinations of land use/cover, soil type, and slope. All 

hydrologic transport processes in SWAT are modeled in two phases: a land phase that simulates 

the movement of water into main river channels and a routing phase that simulates the transport 

of water to the watershed outlet (Neitsch et al., 2011). The soil water calculated is the total 

amount of water within the soil column. We used the curve number method (USDA, 1986) to 

estimate surface runoff in the study watersheds. Actual and potential evapotranspiration, which 

are primarily based on soil types and climatic conditions, were estimated using the Penman-

Monteith method (Monteith, 1965; Ritchie, 1972).  

2.3 Input data  

 The required spatial inputs for SWAT include topography, soil, land use/cover, and 

meteorological data (Neitsch et al., 2011). We used 30 × 30 m resolution global digital elevation 

model (GDEM) data derived from the Advanced Spaceborne Thermal Emission and Reflection 

Radiometer (ASTER, http://gdex.cr.usgs.gov/gdex/) to delineate sub-watersheds and define 

stream networks. Land cover data were obtained from the National Land Cover Database 2001 

(NLCD 2001, https://www.mrlc.gov/nlcd2001.php) (Homer et al., 2007). The NLCD is derived 

from Landsat satellite data, primarily based on decision-tree classification at 30 × 30 m spatial 

resolution. Soil data were obtained from the State Soil Geographic Database (STATSGO2; 

http://datagateway.nrcs.usda.gov/) (Wolock, 1997), which is currently available for the United 

States with spatial resolution of 12 × 12 km. Discretization into multiple HRUs is an appropriate 

approach for better representation of watershed hydrologic processes (Haverkamp et al., 2002). 
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Accordingly, we defined 743 sub-basins with 5,631 HRUs for the Mobile River watershed, 981 

sub-basins with 10,345 HRUs for the Apalachicola River watershed, and 723 sub-basins with 

3,518 HRUs for the Suwannee River watershed based on a 10% threshold that balances model 

complexity with adequate representation of land use, soil, and slope characteristic features 

(Winchell et al., 2007). The 10% threshold value refers to the inclusion of land use, soil, and 

slope areas for hydrologic modeling. Any land use, soil, and slope area values below 10% are not 

used in the hydrologic modeling. This threshold reduces model complexity. Previous research 

has found that the HRU threshold does not have a significant effect on water yield and 

streamflow simulations (Jha et al., 2004a; Her et al., 2015). 

SWAT requires daily precipitation, maximum and minimum air temperatures, solar 

radiation, wind speed, and relative humidity as meteorological inputs. For model calibration and 

validation, we used 50 years (1950-1999) of daily precipitation and daily maximum and 

minimum temperature data derived from grid-based observed meteorological data (Maurer et al., 

2002). The remaining meteorological inputs were automatically generated by the WXGEN 

weather generator model within SWAT (Sharpley and Williams, 1990). For future climate 

forcing data, we used daily GCM projections from the Coupled Model Intercomparison Project 

Phase 5 (Maurer et al., 2014; CMIP5; http://gdo-dcp.ucllnl.org/) under two representative 

concentration pathways (RCPs): RCP 4.5 (low-to-moderate emission pathway) and RCP 8.5 

(high emission pathway) (Table S1). These data were previously downscaled at 1/8 degree (~12 

km × 12 km) spatial resolution and bias-corrected using the bias correction construction 
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analogues (BCCA) technique (Maurer et al., 2010; Brekke et al., 2013; U.S. Bureau of 

Reclamation, 2013). The use of a GCM ensemble can help to minimize the potential bias of any 

specific model as well as to better quantify the uncertainties within the GCM projections (Meehl 

et al., 2007; Knutti et al., 2010). 

2.4 Model calibration, validation, and future scenario analysis  

Observed United States Geological Survey (USGS) monthly streamflow data were used 

for model calibration and validation (Figure 1 & Table 1). As a part of the initial calibration 

process, the spatial location of each USGS streamflow calibration site was assessed and removed 

if located directly downstream from major dam sites. The SWAT watershed models were 

calibrated and validated for monthly streamflow using the AMALGAM approach that has the 

capability of running multiple optimization algorithms simultaneously with significant 

improvement in optimization outputs (Vrugt and Robinson, 2007). The AMALGAM blends the 

attributes of multiple individual optimization algorithms, including the Non-dominated Sorted 

Genetic Algorithm II (NSGA-II; Deb et al., 2002), particle swarm optimization (PSO; Eberhart 

et al., 2001), adaptive metropolis search (AMS; Haario et al., 2001), and differential evolution 

(DE; Storn and Price, 1997). Selected 30 hydrologic parameters (Table 2) were auto-calibrated to 

ensure adequate streamflow simulations between 1950 and 1999, hereafter referred to as the 

baseline period. We have adopted a multi-site calibration (all sites calibrated simultaneously) 

approach to evaluate performance of the SWAT watershed models (Zhang et al., 2008), using an 

HPC cluster at Indiana University-Bloomington. Calibration period was defined as the first 65% 
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of the observed data and the remaining 35% were used for validation. The models were 

calibrated using 50 years (1950-1999) of grid-based observed data (Maurer et al., 2002) and 

were evaluated using the Nash-Sutcliffe efficiency (NSE; Equation 1) (Nash and Sutcliffe, 1970), 

coefficient of determination (R2; Equation 2) (Golmohammadi et al., 2014), and refined index of 

agreement (dr; Equation 3) (Willmott et al., 2012). These metrics are most commonly used in 

hydrologic modeling studies that summarize how well the simulated vs observed data correspond 

(Krause et al., 2005). Calibrated and validated models were then simulated using grid-based 

GCM data (Maurer et al., 2014) for the period between 1950 and 2099, from which the baseline 

period (1950-1999) was compared to the future projections. 

𝑁𝑆𝐸 = 1 − ∑(𝑌𝑜𝑏𝑠−𝑌𝑠𝑖𝑚)2

∑(𝑌𝑜𝑏𝑠−𝑌𝑚𝑒𝑎𝑛)2
        (1)  

𝑅2 = (n∑𝑌𝑜𝑏𝑠𝑌𝑠𝑖𝑚−∑𝑌𝑜𝑏𝑠 ∑𝑌𝑠𝑖𝑚)2

�𝑛∑(𝑌𝑜𝑏𝑠)2−(∑𝑌𝑜𝑏𝑠)2��𝑛∑(𝑌𝑠𝑖𝑚)2−(∑𝑌𝑠𝑖𝑚)2�
     (2) 

 

where Yobs is the observed data, Ysim is the model simulation output, Ymean is the mean of observed 

data, and n is the number of observations in the period under consideration. Due to the large 

𝑑𝑑𝑟𝑟 =

⎩
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− 1, when
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     (3) 
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variation in streamflow rates at the observed USGS stations within each watershed, the objective 

functions were estimated using weighted streamflow volumes, where the streamflow gauges with 

the larger discharge rates had a higher weight towards the final objective function compared to 

the smaller streams. Using AMALGAM, the calibration routine was deemed complete when 

maximum average NSE and the minimum NSE standard deviation were found between the 

calibration/validation sites (58 for the Mobile River watershed, 19 for Apalachicola River 

watershed, and 14 for Suwannee River watershed). 

The GCM-based projections were run from 2000-2099. Monthly mean data were then 

extracted from these projections for the mid-21st century (2040-2069; 2050s) and end-21st 

century (2070-2099; 2080s). The mean values derived from each GCM simulation run were 

compared to the respective GCM baseline period (1950-1999). The mean of each hydrologic 

parameter is the overall mean calculated from all sub-basins of each watershed, which allows the 

results to be summarized using a water balance approach. Additionally, to be consistent in 

simulation outputs, a similar approach was applied for every GCM and RCP for each watershed. 

The effects of change in atmospheric CO2 concentration on vegetation water use efficiency were 

not included in this study. 

3. Results and Discussion 

3.1 Projected changes in climate  
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 GCM projections indicate an overall increase in mean annual air temperature in each of 

the three Gulf Coast watersheds for all climate models under both RCPs (Figure 2). For the 

Mobile River watershed, the smallest GCM ensemble mean annual temperature increase of 2.0°C 

is projected under RCP 4.5 during the 2050s and the largest GCM ensemble mean annual 

temperature increase of 4.5°C is projected under RCP 8.5 during the 2080s. The smallest 

increase of 1.9°C and the largest increase of 4.1°C are projected within the Apalachicola River 

watershed under the same scenarios, respectively. These values are slightly higher than the mean 

values projected for the Suwannee River watershed (smallest = 1.6°C and largest = 3.8°C). These 

watersheds are projected to be warmer for all seasons compared to the baseline period, with 

highest temperatures projected during the 2080s (Figure 3). Relatively small temperature 

increases are projected during winter, while relatively large temperature increases are projected 

during summer (up to a GCM ensemble mean of 5.0°C for the Mobile River watershed). 

The future GCM ensemble mean annual precipitation is projected to be higher in all 

watersheds compared to the baseline period (Figure 2). For the Mobile River watershed, the 

largest GCM ensemble mean annual precipitation increase of 4.8% is projected under RCP 4.5 

during the 2080s, whereas the smallest increase of 3.1% is projected under RCP 4.5 during the 

2050s. The largest increase of 6.4% and the smallest increase of 3.9% are projected for the 

Apalachicola River watershed under the same scenarios, respectively. The largest increase of 

7.1% for the Suwannee River watershed is projected under the same RCP and the same time 

period, but the smallest increase of 4.1% is projected under RCP 8.5 during the 2080s.  

This article is protected by copyright. All rights reserved.



 
 

13 
 
 

Future precipitation is also expected to change seasonally (Figure 3). For the Mobile 

River and Apalachicola River watersheds, the GCM ensemble mean precipitation is projected to 

increase during all seasons, with the largest increase of 10.5% during fall for the Apalachicola 

River watershed during the 2080s and the smallest increase of 1.2% during summer for the 

Mobile River watershed during the same time period. The GCM ensemble mean precipitation for 

the Suwannee River watershed is projected to increase during all seasons except spring and 

summer during the 2080s. The largest increase (17.8%) is projected during fall for the 2080s and 

the largest decrease, though small (0.2%), is projected during spring for the same time period. 

Projected increase in temperature coupled with large changes in future precipitation will 

therefore influence hydrologic processes of the Gulf Coast region. More importantly, high 

summer temperatures with little change in precipitation will elevate the stress of water 

availability at the peak of demand. 

3.2 Model calibration and validation  

 The first step for model calibration and validation is to identify the key hydrologic 

parameters and the boundary values that affect hydrologic processes (Ma et al., 2000; Arnold et 

al., 2011). We calibrated 30 parameters for multiple sites (Figure 1) in the SWAT models and 

details of the chosen parameters, initial parameter ranges, and optimal parameter values for the 

Mobile River, Apalachicola River, and Suwannee River watershed models are presented in Table 

2. These parameters were derived from a detailed literature review (e.g., Wang and Melesse, 

2005; Ahl et al., 2008; Her and Chaubey, 2015; Burke and Ficklin, 2017). Physically-based 
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models require a large amount of spatial and temporal data, and model calibration/validation 

performance accuracies are highly influenced by the data resolution, amount of data, and time 

range of data used (De Roo et al., 2000; Daggupati et al., 2015). The use of multi-site observed 

data combined with multi-variables however has become more common and can improve the 

calibration and validation processes (Cao et al., 2006; Zhang et al., 2008). The use of observed 

data for model calibration and validation from multiple watershed outlets also represent the 

spatial hydrologic variabilities of each sub-basin and provide reasonable discharge results within 

a watershed (Abbaspour et al., 2018). The multi-objective AMALGAM calibration approach was 

successfully implemented using an HPC cluster. After calibrating the hydrologic parameters, all 

watershed models were able to simulate monthly streamflow values reasonably well. The mean 

(± standard deviation) of model efficiency statistics for all streamflow gauges for the Mobile 

River watershed model were 0.76±0.1, 0.83±0.1, and 0.75±0.1 for NSE, R2, and dr, respectively, 

during calibration (Figure 4) and 0.73±0.1, 0.81±0.1, and 0.74±0.1 for validation, respectively 

(Figure 5). For the Apalachicola River watershed model, the statistics were 0.61±0.2, 0.72±0.1, 

and 0.71±0.1 for NSE, R2, and dr, respectively, during calibration and 0.65±0.2, 0.76±0.1, and 

0.73±0.1 during validation. For the Suwannee River watershed, the calibration statistics were 

NSE=0.67±0.2, R2=0.76±0.1, and dr=0.73±0.1 and the validation statistics were NSE=0.71±0.1, 

R2=0.78±0.1, and dr=0.76±0.1. Based on the Moriasi et al. (2007) guideline criteria, all three 

watershed models exhibited acceptable calibration performance [very good performance 

This article is protected by copyright. All rights reserved.



 
 

15 
 
 

(NSE>0.65) for the Mobile River and Suwannee River watershed models, and adequate 

performance (NSE>0.54) for the Apalachicola River watershed model].    

We further illustrate adequate calibration by examining three spatially distributed USGS 

hydrologic stations from each watershed (Figure 1) with a full set of observed monthly 

streamflow data (1950-1999). Overall, the calibrated watershed models showed good correlation 

between measured and model simulated mean monthly streamflow values (Figure S1). For many 

of the examined outlets, however, the models displayed an overestimation of low-flows and 

underestimation of peak-flows (Figure S2). These biases are potentially associated with the 

accuracy in gridded precipitation and observed streamflow data, primarily during extreme low 

and high-flow seasons affected by the recording and rating errors, respectively combined with 

the structural uncertainties that stem from over simplification of the processes considered in the 

model (Hamlet and Lettenmaier, 2005; Muleta and Nicklow, 2005; Rossi et al., 2009). It is 

important to note that any streamflow bias found in the historical time period due to calibration is 

likely to occur in the future projections, but, since these are projections, there is no way to fully 

know the influence of these biases. 

3.3 Climate change impacts on annual hydrologic processes  

The effects of projected changes in climatic variables are likely to bring substantial 

changes in hydrologic processes (surface runoff, streamflow, evapotranspiration, soil moisture, 

and groundwater discharge) within all watersheds (Figure 6). For example, the GCM ensemble 

mean annual surface runoff for all study watersheds is projected to increase for all RCPs and 
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time periods. For the Mobile River watershed, the largest GCM ensemble mean surface runoff 

increase of 6.2% is projected under RCP 4.5 during the 2080s and the smallest increase of 1.3% 

is projected under RCP 8.5 during the same time period. For the Apalachicola River watershed, 

the largest increase of 18.8% is projected under RCP 4.5 during the 2080s and the smallest 

increase of 10.6% is projected under RCP 4.5 during the 2050s. For the Suwannee River 

watershed, the largest increase of 27.1% and the smallest increase of 18.4% are projected under 

the same RCP and time periods, respectively. These projected increases in future surface runoff 

are associated with the projected mean increase in future precipitation in the watersheds (Figure 

2), as precipitation has the most direct influence on, and is the primary source for surface water 

variability (Liu et al., 2011).  

Despite the projected increase in future surface runoff, the GCM ensemble mean annual 

streamflow for the Mobile River watershed is projected to decrease for all future RCPs and time 

periods (Figure 6), with the largest decrease of 9.3% projected under RCP 8.5 during the 2080s 

and the smallest decrease of 2.9% projected under RCP 8.5 during the 2050s. It is important to 

note, however, that while the mean of the streamflow change shows a decrease, a number of 

GCMs do project increases in streamflow (Figure 6). Future streamflow for the Apalachicola 

River watershed is projected to decrease (3.4%) only under RCP 8.5 during the 2080s. For the 

Suwannee River watershed, except under RCP 4.5 during the 2080s, the GCM ensemble mean 

annual streamflow is projected to decrease, with the largest decrease of 13.0% under RCP 8.5 

during the 2080s and the smallest decrease of 0.9% under RCP 4.5 during the 2050s. The 
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projected decrease in streamflow is also supported by Chien and Knouft (2013) who showed up 

to 74% of the streamflow decrease projected for the Tombigbee River watershed; however, they 

used 26 GCM projections from CMIP3. 

The GCM ensemble mean annual evapotranspiration for all watersheds is projected to 

increase in all future RCPs and time periods, with large increases projected under RCP 8.5 

during the 2080s and small increases projected under RCP 4.5 during the 2050s (Figure 6). The 

largest increase of 14.8% and the smallest increase of 7.7% are projected for the Mobile River 

watershed. These values are slightly higher compared to the 10.4% and 5.1% increases projected 

for the Apalachicola River watershed. The largest increase of 11.9% and the smallest increase of 

5.0% are projected for the Suwannee River watershed. Substantial increase in evapotranspiration 

projected under RCP 8.5 during the 2080s for all watersheds is attributed to the large increases in 

air temperature as well as precipitation (the source of the evapotranspiration) under the worst-

case scenario RCP 8.5 during the 2080s (Figure 2).  

The projected increases in evapotranspiration correspond to the decreases in GCM 

ensemble mean soil moisture for all watersheds for all future RCPs and time periods (Figure 6). 

An increase in evapotranspiration will lead to an overall decrease in soil moisture from increases 

in plant transpiration and evaporation from increased atmospheric demand (Jung et al., 2010). 

This reduces overall infiltration, resulting in a reduction of groundwater recharge and overall 

lower contribution of deep groundwater to streamflow. The largest GCM ensemble mean soil 

moisture decrease of 8.5% is projected under RCP 8.5 during the 2080s for the Apalachicola 
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River watershed and the smallest decrease of 0.6% is projected under RCP 4.5 for the Suwannee 

River watershed during the same time period.  

The GCM ensemble mean annual groundwater discharge is projected to decrease under 

all RCPs in future largely from aforementioned decreases in soil moisture and groundwater 

recharge. The largest decrease of 47.3% projected under RCP 8.5 during the 2080s for the 

Mobile River watershed and the smallest decrease of 2.0% projected under RCP 4.5 during the 

2080s for the Suwannee River watershed (Figure 6). Based on the water balance, projected 

increases in future evapotranspiration coupled with substantially decreased soil moisture and 

groundwater discharge result in decreases in streamflow under RCP 8.5 during the 2080s for the 

Gulf Coast watersheds.  

3.4 Climate change impacts on seasonal hydrologic processes  

The effects of projected changes in climate are also likely to bring substantial alterations 

on seasonal hydrologic processes in the Gulf Coast watersheds (Figure 7). The GCM ensemble 

mean surface runoff, except during winter for the Mobile River watershed, for all watersheds is 

projected to increase in all seasons during the 2050s and 2080s from overall increases in 

precipitation. For the Mobile River watershed, the largest mean surface runoff increase of 8.4% 

is projected during summer during the 2050s and the smallest increase of 6.1% is projected 

during spring during the 2080s. For the Apalachicola River watershed, the largest increase of 

29.8% is projected during fall during the 2080s and the smallest increase of 11.5% is projected 
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during spring during the 2050s. The surface runoff for the Suwannee River watershed is 

projected to increase up to 27.4% during summer during the 2080s.  

The GCM ensemble mean streamflows for the Mobile River and Suwannee River 

watersheds, except during fall for the 2050s, are projected to decrease in all seasons during both 

time periods (Figure 7). For the Mobile River watershed, the largest decrease of 15.6% is 

projected during summer during the 2080s and the smallest decrease of 2.4% is projected during 

fall during the same time period. These values are 25.1% and 1.4%, respectively, during the 

same time period for the Suwannee River watershed. During fall for the 2050s, the mean 

streamflow is projected to increase, with the values of 3.8% and 10.0% for the Mobile River and 

Suwannee River watersheds, respectively. For the Apalachicola River watershed, the GCM 

ensemble mean streamflow is projected to increase in all seasons during the 2050s, with the 

largest increase of 8.9% projected during fall and the smallest increase of 0.6% projected during 

winter. Except during fall, streamflow for this watershed is projected to decrease for all seasons 

during the 2080s (with a maximum decrease of 8.8% projected during summer). Overall future 

fall streamflow, however, is projected to increase for all watersheds. This projected increase in 

streamflow with elevated surface runoff would therefore exacerbate already-occurring intense 

flood events during the fall season (Tootle and Piechota, 2004). 

The GCM ensemble mean evapotranspiration for all the watersheds is projected to 

increase in all seasons for both time periods, with a  higher rate of evapotranspiration projected 

during the 2080s as compared to the 2050s (Figure 7). For the Mobile River watershed, the 
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largest increase of 19.9% is projected during winter and the smallest increase of 11.1% is 

projected during summer. The largest increase of 14.4% is projected during spring and the 

smallest increase of 8.0% is projected during winter for the Apalachicola River watershed. For 

the Suwannee River watershed, the largest GCM ensemble mean evapotranspiration increase of 

13.6% is projected during winter and the smallest increase of 7.9% is projected during summer. 

Due to future elevated evapotranspiration and increased surface runoff, the GCM ensemble mean 

soil moisture for all watersheds is projected to decrease in all seasons during both the time 

periods. The largest soil moisture decrease of 10.0% is projected during winter for the Mobile 

River watershed during the 2080s and the smallest decrease of 0.9% is projected during spring 

for the Suwannee River watershed during the 2050s. Additionally, future GCM ensemble mean 

groundwater discharge is projected to decrease for all seasons under all RCPs largely from 

aforementioned increases in evapotranspiration and decreases in soil moisture. The largest 

decrease of 95.2% is projected during winter for the Mobile River watershed during the 2080s 

and the smallest decrease of 0.4% is projected during winter for the Apalachicola River 

watershed during the 2050s. The large decrease projected specifically for the Mobile River 

watershed is associated with the large decrease in soil moisture (~10%) coupled with a 

substantially high rate of evapotranspiration (~20%) projected during winter. Due to high 

increases in evapotranspiration projected during the 2080s coupled with decreases in soil 

moisture and groundwater discharge, the overall seasonal streamflow is projected to decrease 

during the 2080s for all the watersheds.   
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3.5 Potential ecological consequences of hydrologic changes 

Streamflow volume and seasonal variability are primary regulators of the distribution and 

diversity of freshwater species (Poff et al., 1997). However, changes in climate are resulting in 

directional alterations in streamflow regimes in both managed and unmanaged freshwater 

systems across the United States (Ficklin et al., 2018). Within this context, the concept of 

characterizing ecological flows based, in part, on seasonal minimum and maximum flows has 

become a widely accepted approach for developing regional environmental flow standards to 

manage and conserve biodiversity (Poff et al., 2010).   

Stable flow regimes support species diversity, which is positively associated with 

ecosystem stability and supports the provisioning of ecosystem services (McCann, 2000; Ives 

and Carpenter, 2007). Watersheds in the southeastern United States support the highest levels of 

aquatic biodiversity in North America (Taylor, 2002; Knouft and Page, 2011). Taxonomic 

groups (e.g., families, genera) within this region likely respond to flow regimes in unique ways 

within each watershed (Niu et al., 2012; Knouft and Chu, 2015). Moreover, populations within 

each species also respond in particular manners to local hydrologic conditions (Beachum et al., 

2016; Michel et al., 2017). As a result, projecting the ecological consequences of changes in 

climate is dependent on characterizing spatially varying flow regimes integrated with local 

distributions and characteristics of species. 
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Minimum flows are particularly important to species persistence in lotic freshwater 

ecosystems (Poff et al., 1997). Our results suggest that summer flows will tend to decrease due 

to changes in climate, in some cases drastically, across the Mobile (15.6% decrease), Suwannee 

(25.1% decrease), and Apalachicola (8.8% decrease) river watersheds. The Mobile River 

watershed contains 17 federally threatened/endangered (T/E) species of mussels and ten T&E 

species of fishes, the Suwannee River watershed contains one T&E species of mussel and one 

T&E species of fish, and the Apalachicola River watershed contains six T&E species of mussels 

and one T&E species of fish. While characterizing minimum flow requirements for each species 

in these watersheds is beyond the scope of this study, our results generally point to the 

importance of considering minimum flow requirements for these species in the coming decades, 

particularly within the Mobile River watershed, which contains the greatest number to T&E 

species in the region.    

3.6 Uncertainties and limitations  

 Uncertainties involved in hydrologic modeling include model structure, input data, and 

selection of hydrologic parameters (Beven and Binley, 1992; Muleta and Nicklow, 2005; Ficklin 

and Barnhart, 2014), and these may affect model simulation outputs. However, it is challenging 

to cover and compare the uncertainties from all sources. The structural uncertainty is normally 

derived for the models which use different techniques to derive the same output variables, and 

this problem is intrinsic to all models, including SWAT (Zhang et al., 2011; Yen et al., 2015). 

Selection of GCMs is also a major source of uncertainty in hydrologic projections; however, the 
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uncertainties caused by natural variability and emission sensitivity of the GCMs were captured 

by considering 39 CMIP5 scenarios (19 GCMs from RCP 4.5 and 20 GCMs from RCP 8.5; 

Table S1). Selection of key hydrologic parameters with their precise boundary values is another 

challenge. To achieve better model calibration efficiency, we considered hydrologic parameters 

(a total of 30; Table 2) that were well-established by previous researchers (e.g., Wang and 

Melesse, 2005; Ahl et al., 2008; Her and Chaubey, 2015; Burke and Ficklin, 2017) and used a 

well-established calibration approach. 

Future land use change and other anthropogenic influences (including adaptation to 

climate change) were not incorporated, and thus assumed to remain constant in both baseline and 

future climate change scenarios. In this study, only natural runoff was simulated and therefore 

the effects of dam operations and water extractions were not considered. Similarly, the DEM 

properties and soil distributions were also assumed to remain constant. Selection of 

representative watersheds is also another limitation of the study since discrepancies among 

different model predications are attributed to the differences in characteristics of the selected 

watersheds (Caldwell et al., 2015). However, we focused on three Gulf Coast watersheds that are 

critically-important and ecologically-vulnerable for an increased understanding of future water 

management strategies to sustain agricultural productivity, hydropower generation, and 

ecological diversity of these watersheds. 

Based on our simulation outputs, large changes in annual and seasonal hydrologic 

processes are projected for the Gulf Coast region. These projections also demonstrate that 
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seasonal future water availability will be altered in these watersheds. However, these projections 

may have large uncertainties, which can be associated to the uncertainties in future emission 

scenarios and GCM projections (Maurer and Duffy, 2005; Zierl and Bugmann, 2005). The GCM 

uncertainties in future hydrologic estimations are evaluated for all watersheds at both annual and 

seasonal time scales, with high uncertainties expected during the 2080s (Figures 6 and 7). For 

example, the largest GCM annual streamflow uncertainty for the Mobile River watershed, with a 

value range between -48.8% and +23.4%, is projected during the 2080s. The largest GCM 

seasonal streamflow uncertainty (between -57.0 and +30.7%) during winter for this watershed is 

also projected during the same time period. These high uncertainties in future hydrologic 

estimations are associated with the high GCM uncertainties in projecting future temperature and 

precipitation for the 2080s, as previously mentioned. Even so, the hydrologic projections derived 

from this study will improve our understanding of the consequences of projected climate changes 

on future hydrologic processes, which can help to make better water resource management plans 

for these ecologically-vulnerable watersheds (Michaels and Kenney, 2000).  

4. Conclusions 

 This study was conducted to estimate how projected changes in climate will alter 

hydrologic processes including surface runoff, streamflow, evapotranspiration, soil moisture, and 

groundwater discharge in three ecologically-vulnerable Gulf Coast watersheds (Mobile River, 

Apalachicola River, and Suwannee River watersheds) in the United States. The SWAT 

watershed models were calibrated and validated using the AMALGAM calibration approach. 
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The evaluation criteria statistics indicated that the models were able to simulate the monthly 

streamflow reasonably well during the calibration and validation periods. Future hydrologic 

projections were based on the downscaled climate projections derived from 39 future climate 

scenarios under RCPs 4.5 and 8.5 for the mid-21st century (2050s) and the late-21st century 

(2080s). Overall, climate in the Gulf Coast region is projected to be warmer and wetter compared 

to the baseline period, with the largest GCM ensemble mean temperature increase projected 

under RCP 8.5 during the 2080s and the largest mean precipitation increase projected under RCP 

4.5 during the same time period.  

Future GCM ensemble mean annual surface runoff for all the watersheds is projected to 

increase for all future RCPs and time periods. Large increases were projected under RCP 4.5 

during the 2080s, with the largest increase of 27.1% projected for the Suwannee River 

watershed, likely to be associated with the largest precipitation increase of 7.1% projected under 

the same RCP during the same time period for the watershed. We find reduced streamflows 

under RCP 8.5 during the 2080s for all the watersheds, with 9.3%, 3.4%, and 13.0% decreases in 

streamflows projected for the Mobile River, Apalachicola River, and Suwanee River watersheds, 

respectively. More importantly, summer streamflows for that time period are projected to be 

substantially lower compared to the baseline period, with up to 25.1% lower streamflows 

projected for the Suwannee River watershed, when there will be a high demand of water 

resources for agricultural, industrial, and ecosystem-services. Future annual evapotranspiration is 

projected to increase in all watersheds, with large increases projected under RCP 8.5 during the 
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2080s. Additionally, large decreases in future soil moisture are projected under same RCP during 

the 2080s. Hydrologic projections derived from this study will improve our understanding for 

hydrologic consequences of projected changes in temperature and precipitation of ecologically-

vulnerable watersheds, and help water managers to better plan for sustainable water use in the 

Gulf Coast region.  
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Table S1. General Circulation Models used for this study including their associated countries 
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Figure S1. Scatter plots of calibration and validation periods comparing monthly observed and 

simulated streamflow derived for the examined outlets of the Mobile River, Apalachicola River, 

and Suwannee River watersheds. Least square lines of the respective periods and a 1:1 line are 

also included in the plots. 

Figure S2. Mean seasonal streamflow calculated for the examined outlets of the Mobile River, 

Apalachicola River, and Suwannee River watersheds (Winter: December-February, Spring: 

March-May, Summer: June-August, and Fall: September-November). The data were derived 

from the time period between 1950 and 1999. 
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Key findings: Future climate of the US Gulf Coast region is projected to be warmer and wetter 

than in the present. Substantial hydrologic alterations are projected for the Gulf Coast 

watersheds. More importantly, summer streamflow is projected to decrease during the 2080s 

when there will be a high demand of water resources for agricultural, industrial, and ecosystem 

services.   
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Table 1. Detailed information including drainage area, elevation range, and percent land use area of the Mobile River, Apalachicola River, and Suwannee River watersheds. 
The number of USGS hydrologic gauges used in this study are also included in the table. 

 

Watershed Drainage area 
(km2) 

No. of USGS 
gauges 

Elevation range 
(m amsl) 

Percent land use area 

    Forest Agriculture Urban Wetland Hay Water Others 
Mobile River watershed 113,581 58 0 - 148 68.68 2.51 2.18 7.46 13.10 0.55 5.51 

Apalachicola River watershed 50,110 19 0 - 1,292 57.05 16.69 5.36 7.60 6.19 1.35 5.75 

Suwannee River watershed 25,116 14 0 - 1,363 34.30 18.22 0.70 28.38 6.81 0.24 11.36 

(Note: m amsl is meters above mean sea level) 
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Table 2. The SWAT hydrologic parameters with their optimal values derived from calibration of the Mobile River watershed (MRW), 
Apalachicola River watershed (ARW), and Suwannee River watershed (SRW) models. Detailed explanation of these parameters is provided in 
Neitsch et al. (2011). The SWAT default values and their units are given in Arnold et al. (2011). Units with a % represent a percent change from 
their original value. 

 

Parameter Description Initial range Optimal value 
  Minimum Maximum MRW ARW SRW 
Basin       
SURLAG Surface runoff lag time (days) 0.5 24 8.80 14.31 12.39 
EPCO Plant uptake compensation factor 0.01 1 0.85 0.32 0.11 
Groundwater       
ALPHA_BF Baseflow alpha factor (days) 0.1 1 0.31 0.54 0.66 
GW_DELAY Groundwater delay time (days) 10 500 18.38 207.61 10.27 
GW_REVAP Groundwater "revap" coefficient 0.02 0.2 0.18 0.20 0.19 
GWQMN Threshold depth of water in the shallow aquifer required 

for return flow to occur (mm H2O) 
1 500 302.03 251.38 347.24 

REVAPMN Threshold depth of water in the shallow aquifer for "revap" 
or percolation to the deep aquifer to occur (mm H2O) 

1 500 67.98 237.42 149.03 

RCHRG_DP Deep aquifer percolation fraction 0 1 0.19 0.00 0.20 
HRUs       
ESCO Soil evaporation compensation factor 0.01 1 0.33 0.25 0.89 
OV_N Manning's "n" value for overland flow (%) -20 20 13 20 -20 
RSDIN Initial residue cover (kg/ha) 0 2000 317.88 850.16 254.77 
SLOPE Average slope steepness (%) -20 20 14 -3 -15 
SLSUBBSN Average slope length (%) -50 50 5 -8 -46 
EPCO Plant uptake compensation factor 0 1 0.16 1.00 0.83 
CANMX Maximum canopy storage (%) -20 20 -10 11 4 
LAT_TTIME Lateral flow travel time (days) 0.01 180 21.33 28.06 18.18 
Management       
CN_F SCS runoff curve number (%) -20 20 8 -6 -11 
FLOWFR Fraction of available flow that is allowed to be applied to 0.1 0.7 0.53 0.53 0.58 
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the HRU 
Routing       
CH_KII Effective hydraulic conductivity in main channel alluvium 

(mm/hr) 
0.1 150 20.38 150.00 49.37 

CH_NII Manning's "n" value for the main channel 0.01 0.3 0.09 0.14 0.27 
CH_SII Average slope of main channel along the channel length 

(%) 
-50 100 -45 11 -36 

ALPHA_BNK Baseflow alpha factor for bank storage  0.01 1 0.56 1.00 0.79 
Soil       
SOL_AWC Available water capacity of the soil layer (%) -50 50 34 20 38 
SOL_K Saturated hydraulic conductivity (%) -50 50 -48 15 6 
SOL_BD Moist bulk density (%) -20 20 20 20 18 
Sub-basin       
CH_KI Effective hydraulic conductivity in tributary channel 

alluvium (%) 
-50 100 79 78 -32 

CH_NI Manning's "n" value for the tributary channels  0.05 0.065 0.06 0.06 0.06 
CH_SI Average slope of tributary channels (%) -50 100 -30 38 12 
PLAPS Precipitation lapse rate (mm H2O/km) 0.1 1000 191.79 490.96 547.11 
TLAPS Temperature lapse rate (oC/km) -10 -0.1 -0.95 -3.93 -8.69 
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