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ABSTRACT
Land use change poses challenges to water supply sustainability. The San Jacinto watershed located in Southeastern Texas is 
a microcosm of these challenges, with high dependence on surface water supply and projected urban and agricultural expan-
sion by 2070, with a corresponding decline in forest and natural grassland. This study used the Soil and Water Assessment tool 
(SWAT) to evaluate the effects of these land use changes on water quality and quantity in the San Jacinto watershed. Our results 
indicated that projected land use change could increase annual average river discharge by as much as 6%, sediment load by ~40%, 
total nitrogen load by ~10% and total phosphorous load by ~20% across major tributaries within the watershed. We also show 
that current land use in 2020 may have increased the annual average sediment loads by 13%–80% and nutrient loads by 14%–40% 
relative to natural land uses (e.g., forests and grasslands), underscoring the sustainable clean water supply of natural land use 
types. Furthermore, while our model showed land use changes can cause high local variations in hydrological impacts, the over-
all effect at the watershed scale was lower, emphasizing the importance of focusing on sensitive local areas. This study provides 
a comprehensive and high-resolution assessment of the potential impacts of land use change on both water quantity and quality 
that can inform resource management decisions in a rapidly changing watershed.

1   |   Introduction

Urban populations are expected to account for 66% of the global 
population by 2050 (UN DESA  2019; Salerno et  al.  2018) and 
will significantly concentrate populations and increase de-
mand for water, potentially stressing water availability. Urban 
expansion can exert substantial pressure on forests and other 
land uses, leading to deforestation, habitat fragmentation, and 
changes in agricultural practices (Brath et al. Brath et al. 2006; 
Zhang et al. 2018). Urban-induced alterations in flow dynamics 
and water quality have cascading effects on aquatic biodiversity, 
ecosystem health, and on downstream water supplies for human 

use. Therefore, a comprehensive understanding of the dynamic 
relationship between land use modifications and watershed 
hydrology is essential for sustainable land use planning, water 
resource management, and ecosystem preservation in swiftly 
urbanizing areas.

The transformation of land use and land cover (LULC) can have 
profound impacts on the natural hydrodynamics of watersheds 
by altering key processes such as runoff, infiltration, and evapo-
transpiration (ET) (Shi et  al.  2007; Shrestha et  al.  2018; Garg 
et al. 2019; Chilagane et al. 2021), impacting both water quantity 
and quality. For instance, the conversion of forested areas into 
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urban landscapes results in the proliferation of impervious sur-
faces such as roads and buildings, reducing the land's capacity 
for infiltration. Consequently, during extreme rainfall events, 
increasing stormwater runoff volumes may overwhelm drain-
age systems and heighten flood risk. This risk can be further 
exacerbated by climate change, as alterations in precipitation 
intensity and magnitude can amplify flood occurrences (Glick, 
Jeong, et al. 2023). In addition, runoff from impervious urban 
areas carries pollutants, including chemicals and sediments, 
worsening stream water quality and impacting downstream 
ecosystems (Callender and Rice 2000; Nelson and Booth 2002). 
Zampella et  al.  (2007) revealed that 10% or more of land use 
alteration for urbanization can result in significant changes in 
surface water quality.

When developing future watershed management plans for 
protecting water resources, it is imperative to understand the 
connections among LULC and water quality and quantity. 
Watershed models are widely used tools for studying hydrologic 
processes and their interactions with natural and human influ-
ences (Lirong and Jianyuna, Lirong and Jianyun 2012). Process-
based models have proven instrumental in developing water 
management strategies, assessing reservoir sustainability, ana-
lyzing flood risk, and supporting sustainable land use planning 
(Tang et al. 2005). One widely used process model, the Soil and 
Water Assessment Tool (SWAT) has been successful for evalu-
ating changes in water quality in response to LULC alterations 
and management practices (Ullrich and Volk  2009; Ghaffari 
et al. 2010; Bieger et al. 2015). SWAT has been used for urban 
and mixed-use watershed modeling (Dixon and Earls  2012; 
Eshtawi et al. 2016; Sisay et al. 2017) and is capable of simulating 
flashy urban storm runoff (Arnold et al. 2012; Jeong et al. 2010).

Southeastern Texas, which includes the city of Houston, USA, 
is at the crossroads of LULC change and climatological, ecologi-
cal, and geomorphological gradients. Houston is one of the most 
populated urban areas of Texas with a metropolitan population 
of over 7 million as of 2022, which is estimated to reach nearly 
10 million by mid-century (Greater Houston Partnership report 
(GHPR)  2023), while residential and vacant developable land 
has been projected to increase by 58% and decrease by 27% by 
2040, respectively (Conlon et al. 2016; Houston-Galveston Area 
Council (H-GAC) 2020). The 2011 drought in the area was one 
of the worst and most persistent of its kind, while Hurricane 
Harvey in 2017 poured more than 50 in. of rain within a span of 
a couple of days, resulting in massive flooding. The San Jacinto 
watershed provides surface water supply for the city, primar-
ily through drinking water intakes in Lake Conroe and down-
stream Lake Houston. The watershed provides water supply for 
the City of Houston, the regional water provider for approxi-
mately 2.2 million people in Harris County and portions of the 
three surrounding counties (https://​www.​houst​onpub​licwo​rks.​
org/​drink​ing-​water​-​opera​tions​). The San Jacinto watershed is 
one of ten integrated water science basin studies identified by 
the USGS (Water Resource Mission Area, 2023) due to the water 
resource challenges arising from the large population centers 
that are impacted. The intersection of growing population and 
land use pressures, combined with large populations dependent 
on surface water for their drinking water supply, make the San 
Jacinto watershed an excellent case study to explore the poten-
tial impacts of land use change on water quantity and quality.

It is therefore imperative to comprehensively evaluate the ef-
fects of overall land use changes in Southeastern Texas as water 
resources are increasingly stressed. Previous studies using the 
SWAT model in Texas have highlighted various hydrological 
impacts of urbanization and land-use change in diverse water-
sheds. For instance, Jeong et al. (2010) evaluated urbanization 
impacts within the 369 km2 Upper White Rock watershed, re-
vealing significant shifts in flow and sediment due to urban 
growth. Zhao et  al. (2016) extended this work to the much 
larger San Antonio watershed (10,826 km2), where they noted 
heightened runoff and nutrient loads tied to urban develop-
ment. Similarly, Pervaiz and Michelle A. H (2023) assessed 19 
watersheds in Harris County, Texas, ranging from 39 km2 to 
1000 km2, finding variable responses in flood risk and water 
quality depending on watershed size and urban extent. Shao 
et al. (2020) explored both the San Antonio watershed and the 
nearby Guadalupe River Basin (totaling 26,244 km2), empha-
sizing differences in hydrologic behavior between these water-
sheds due to contrasting land uses and urban pressure. Lastly, 
Kim et  al.  (2016) analyzed the 720 km2 Cypress Creek water-
shed, demonstrating the SWAT model's application to examine 
urban effects on hydrology within smaller subregions of the San 
Jacinto watershed; however, the impact of urban on sediment 
and nutrient load was not studied.

All of the past studies in the San Jacinto watershed have inves-
tigated how urbanization affects water resources in the city of 
Houston, but overlooked the broader implications of long-term 
overall land use changes (e.g., deforestation, agricultural and 
rangeland expansion) on hydrological processes and water 
quality across the entire watershed. To address these gaps in re-
search, we conducted a detailed future land use study at a high 
resolution in the San Jacinto watershed. The primary objectives 
of this study were to quantify the effects of projected future land 
use changes on (1) water quantity and quality in major tribu-
taries and water supply reservoirs within the watershed and 
(2) identify sensitive areas in the watershed that exhibit strong 
responses to land use change and impacts on water quality. 
Our results can then be used to better inform water resources 
management and help sustainable economic growth in the San 
Jacinto Watershed by minimizing and clearly understanding 
impacts on water quality and quantity.

2   |   Methods

2.1   |   Study Area

The San Jacinto River, located in southeastern Texas within the 
West Gulf Coast section of the coastal province (Figure 1), flows 
through a smooth, depositional plain that rises from sea level to 
an altitude of 153.7 m. Stretching 136 km, the river drains a land 
area of 7326 km2 into Galveston Bay on the Gulf of Mexico. Two 
major tributaries feed the river: the East Fork and the West Fork. 
The West Fork flows into Lake Conroe and subsequently gathers 
water from Lake Creek, Spring Creek, and Cypress Creek before 
merging with the East Fork to form Lake Houston. Meanwhile, 
the East Fork combines with Peach Creek and Caney Creek on 
its way to Lake Houston. The climate is characterized as sub-
humid with an average annual rainfall of 1330 mm and average 
annual maximum and minimum air temperatures of 26.3°C 

https://www.houstonpublicworks.org/drinking-water-operations
https://www.houstonpublicworks.org/drinking-water-operations


3 of 25JAWRA Journal of the American Water Resources Association, 2026

and 13.5°C, respectively, obtained from 41 years of rainfall 
and temperature data spanning 1983–2023 (PRISM Climate 
Group 2023). More than 70% of annual rainfall occurs from May 
to December with drier periods from January to April (PRISM 
Climate Group 2023), and the eastern part of the watershed re-
ceives more rainfall than the western part (Figure S2). The San 
Jacinto watershed has had severe climatic events in recent years, 
including extended severe droughts in 2011 and 2012, as well as 
Hurricane Harvey in 2017.

Forest is the dominant land use in the watershed, followed 
closely by pastures and urban areas (Figure 1). Urbanization as-
sociated with Houston, Texas, occurs in the southwest portion 
of the watershed, with expansion to the south, west, and north 
(Kim et  al.  2016). Between 1980 and 2012, the Houston met-
ropolitan area experienced significant land cover change with 
urban expansion in all directions, particularly to the north, and 
a decrease in vegetated land (Brody et al. 2011; Zhu et al. 2015). 
Nearby watersheds, including Whiteoak Bayou, Buffalo Bayou, 
Brays Bayou, and Cypress Creek, experienced a 40% increase in 
developed land and a 20% to 60% decrease in grassland and ag-
riculture after the 1990s (Zhu et al. 2015). Cypress Creek, part 
of the San Jacinto watershed, remains a less developed suburban 

area with about half of the area in developed land use and the 
other half a mix of forest, grassland, and agricultural ecosys-
tems. The Cypress Creek watershed has experienced > 20% 
increase in developed land and reductions in forested areas 
(> 10%) and grassland (approximately 20%) between 1980 and 
2015 (Zhu et al. 2015).

The area upstream of the Lake Conroe sub-watershed (1165 km2) 
exhibits high forest land use occupied in part by the Sam 
Houston National Forest managed by the USDA Forest Service; 
however, the areas around the reservoir have undergone rapid 
urban development, and its location within the Houston metro-
politan area has attracted heavy recreational use (San Jacinto 
River Authority 2015). Most of the water from the San Jacinto 
River and its tributaries is stored and managed in Lake Houston, 
operated by the City of Houston. Lake Conroe, co-owned by the 
San Jacinto River Authority (SJRA) and the City of Houston, 
is managed by SJRA. In Houston, about 95% of water is used 
for municipal and industrial purposes, with the remaining 5% 
used for irrigated agriculture. Ecological flows and freshwater 
inflows to Galveston Bay, essential for supporting fisheries and 
ecosystems, have become significant concerns in water resource 
management (Muttiah and Wurbs 2002).

FIGURE 1    |    Location of San Jacinto River basin in the United States and in southeastern Texas (A), The San Jacinto watershed boundary with 
elevation above mean sea level, location of reservoirs, gauges, and water quality monitoring sites (B), land use map for baseline model setup (modified 
2016 NLCD (Homer et al. 2020)) based on 2020 RPA basemap (Langner et al. Langner et al. 2020) (C), and land use percentage of each land use (D). 
Forest includes NLCD classes Evergreen, Deciduous, and Mixed, developed includes classes High Intensity, Medium Intensity, and Low Intensity, 
and other land use class includes wetland, grass, scrub, barren land, and open water. The TSS site for Spring Creek is located at flow gauge site 
(08060550), to display clearly in the map it was shown with an offset.
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2.2   |   SWAT Model Overview and Setup

SWAT is a process-based, semi-distributed watershed scale 
simulation model developed by the United States Department 
of Agriculture-Agricultural Research Service (USDA-ARS) 
(Arnold et al. 2012). SWAT has been widely applied on various 
watersheds across diverse hydrological landscapes to simulate 
water quantity and quality, as well as to analyze the effects of 
land use change on water resource management (Schilling 
et al. 2008; Shi et al. 2011; Sajikumar and Remya 2015; Dogan 
and Karpuzcu 2022; Nepal and Parajuli 2024). SWAT discretizes 
a river basin into smaller sub-basins, and then each sub-basin 
is divided into hydrological response units (HRUs) defined as 
unique combinations of land use, soil, and topographic slope 
(Neitsch et al. 2005). Different hydrological components of the 
water balance including interception, surface runoff, percola-
tion, ET, lateral flow through soil, groundwater flow (baseflow), 
soil moisture storage, and water yield (including both sur-
face runoff and subsurface flows that ultimately contribute to 
streams) are computed at the HRU scale for a specified time step.

We used the Hydrologic and Water Quality System (HAWQS) 
(HAWQS  2020, https://​epaha​wqs.​tamu.​edu/​) (version 2.0) to 
streamline the San Jacinto SWAT model development to avoid 
the tedious initialization steps of preparing inputs required in 
the ArcSWAT platform and enabling faster model setup and 

execution (Yen et  al.  2016). HAWQS is a web-based national-
scale decision support tool developed by Texas A&M (n.d.) and 
supported by the EPA that integrates SWAT with high-resolution 
national datasets (Srinivasan  2019). It facilitates model setup, 
simulation, and output processing, with pre-loaded data at 
various spatial resolutions (Yen et al. 2016). HAWQS has been 
successfully used for various applications including predicting 
large-scale water quantity and quality in the Illinois River wa-
tershed (Yen et al. 2016), simulating future water quality condi-
tions and economic impact in the United States (Fant et al. 2017), 
estimating ET in forest lands of Mississippi (Ouyang 2021; Chen 
et al. 2020), and assessing impacts of past hurricanes and trop-
ical storms on hydrological processes in the Florida panhandle 
(Ouyang et al. 2022). These studies demonstrate the advantages 
of HAWQS as a time-saving and cost-effective modeling system 
when performing complex watershed simulations.

For this study, HAWQS was used to develop SWAT models for 
the San Jacinto watershed using the 14-digit Hydrology Unit 
Code (HUC 14) sub-basin boundaries and inputs from several 
well-established national datasets describing hydrology, land 
use, soils, crops, and weather (Table 1). Crop management in-
formation, such as planting, fertilizer application, and harvest 
data from the National Agricultural Statistics Survey (NASS) 
was assigned following the methodology outlined by White 
et al. (2016). No specific management operations were chosen for 

TABLE 1    |    List of model input data, source, and resolution. The details of data processing are available in https://​hawqs.​tamu.​edu/​conte​nt/​docs/​
HAWQS_2.​0_​Techn​ical_​Docum​entat​ion.​pdf.

Data Scale/extent Source References

DEM 10 m raster National Elevation Dataset (NED), 2018 USGS http://​ned.​usgs.​gov/​

Watershed boundaries Average area 
of HUC14 
is 22 km2

National Hydrography Dataset 
Plus 2.0 (NHDPlus), HUCs14

https://​www.​epa.​gov/​water​
data/​nhdpl​us-​natio​nal-​hydro​

graph​y-​datas​et-​plus

Land use/land cover used 
in HAWQs

30 m raster National Agricultural Statistics Service 
(USDA-NASS n.d.) Cropland Data Layer, 

National Land Cover Database (NLCD n.d.)

USDA NASS CDL (n.d.)

Baseline (2020) and future 
(2070) land use/land cover 
used for future projections

90 m raster USDA Forest Service 2020 
Resources Planning Act (RPA), 

USDA Forest service 2023.

Homer et al. 2020, 
Brooks et al. 2023

Soil database 1:12,000 to 
1:63,360 (30 m 

to 52 m)

Soil Survey Geographic Database 
(SSURGO) (USDA-NRCS).

USDA-NRCS (2019)
http://​soild​atama​rt.​nrcs.​usda.​gov

Point Source data Within San 
Jacinto 

watershed

US EPA Hypoxia Task Force (HTF), 
Integrated Compliance Information 
System National Pollutant Discharge 
Elimination System (ICIS-NPDES).

EPA 2019. https://​echo.​epa.​gov/​
trends/​loadi​ng-​tool/​hypox​ia-​task-​

force​-​nutri​ent-​model​. USEPA 2009.

Reservoir operations Lake Conroe San Jacinto River Authority, National 
Inventory of Dams (NID).

Lee et al. (2012); San Jacinto 
River Authority (2020)

Weather (Precipitation, 
temperature)

Daily PRISM (Parameter-elevation Regressions 
on Independent Slopes Model)

PCG 2019; USDA-NRCS 2019
https://​prism.​orego​nstate.​edu/​

Measured streamflow Daily 21 years of daily measured 
streamflow (2000–2020)

United States Geological 
Survey (USGS)

TSS and Nutrient data (TP 
and TN)

Discrete 
samplings

21 years of measured TSS and nutrient 
data at monthly interval (2000–2020)

Water Quality Portal (WQP)
https://​www.​water​quali​tydata.​us/​

https://epahawqs.tamu.edu/
https://hawqs.tamu.edu/content/docs/HAWQS_2.0_Technical_Documentation.pdf
https://hawqs.tamu.edu/content/docs/HAWQS_2.0_Technical_Documentation.pdf
http://ned.usgs.gov/
https://www.epa.gov/waterdata/nhdplus-national-hydrography-dataset-plus
https://www.epa.gov/waterdata/nhdplus-national-hydrography-dataset-plus
https://www.epa.gov/waterdata/nhdplus-national-hydrography-dataset-plus
http://soildatamart.nrcs.usda.gov
https://echo.epa.gov/trends/loading-tool/hypoxia-task-force-nutrient-model
https://echo.epa.gov/trends/loading-tool/hypoxia-task-force-nutrient-model
https://echo.epa.gov/trends/loading-tool/hypoxia-task-force-nutrient-model
https://prism.oregonstate.edu/
https://www.waterqualitydata.us/
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forest lands, and the default option of natural forest growth was 
selected. Default pasture management of ungrazed managed 
pasture lands was considered for baseline model setup. Default 
SWAT parameters for pervious and impervious land manage-
ment were assumed (Neitsch et al. 2011) for urban land uses in-
cluding high intensity (70% impervious), medium intensity (48% 
impervious), and low intensity (12% impervious) land use. The 
previous portion of urban land use assumes managed grassland 
(lawn). Releases from Lake Conroe can influence downstream 
flow in West Fork Creek, which feeds into Lake Houston and 
impacts the overall water balance of the watershed. We ac-
counted for the Lake Conroe dam by implementing reservoir 
parameters (Lee et al. 2012, San Jacinto River Authority 2020) 
in the SWAT setup. Since the Lake Houston reservoir is located 
at the watershed outlet, we treated the inflow to Lake Houston 
as the total water reaching the outlet and did not apply reservoir 
rules for Lake Houston, assuming it is undammed at the water-
shed outlet.

The point source data (Environmental Protection Agency 
(EPA)  2007) includes constant annual mean flows (cubic me-
ters/day), total nitrogen (TN) (kg/day), total phosphorus (TP) 
(kg/day), and total suspended solids (TSS) loads (metric tons 
per day) for 453-point sources in the watershed (Figure S1) and 
were aggregated to the sub-basin level. All of these datasets, as 
well as the elevation and hydrology data, were preprocessed to 
increase the efficiency of the HAWQS model setup. The water-
shed was partitioned into 333 sub-basins based on the HUC 14 
sub-basin boundaries (Figure 1). These sub-basins were further 
partitioned into 27,888 HRUs with similar land use, soil, and 
slope class.

2.3   |   Calibration and Validation

Because nutrient and sediment load in channel strongly de-
pend on streamflow (Pohlert et  al.  2005; Ferrant et  al. 2013; 
Epelde et  al.  2016), a sequential method for model calibra-
tion was used by first calibrating the parameters influencing 
streamflow estimation, then TSS load, and lastly TP and TN 
loads (Santhi et al. 2001; Hundecha and Bárdossy 2004; Arnold 
et al. 2012). The SWAT model was calibrated for streamflow at 
10 gauge sites in the watershed (Figure 1) operated and main-
tained by the United States Geological Survey (USGS) by using 
the Sequential Uncertainty Fitting Algorithm (SUFI2) with 
the SWAT Calibration Uncertainty Procedure (SWATCUP) 
(Abbaspour  2015; Abbaspour 2012). The model was executed 
using a 3-year warmup period (1997–1999) followed by calibra-
tion (2000–2014) and validation (2015–2020) periods.

The Load Estimator (LOADEST) (Runkel et al. 2004) was uti-
lized to create a continuous monthly time series of observed TP, 
TN, and TSS loads from 2000 to 2020 at the monitoring sites for 
calibration and validation of model parameters. Recognizing the 
uncertainties associated with the LOADEST estimated load, the 
accuracy of modeled water quality parameters was further val-
idated by comparing the calibrated nutrient load with monthly 
instantaneous measurements. SWAT parameters related to 
streamflow, sediment load, and nutrient loads (Tables  S2 and 
S3) were selected from previous studies conducted in the San 
Jacinto watershed by (Lee et al. 2012; Kim et al. 2016; Sangeetha 

et  al.  2022), expert judgments, and previous SWAT studies in 
similar hydrologic catchments in Texas (Saleh et al. 2000; Santhi 
et al. 2001).

Observed data for water quality were available at four moni-
toring sites for TSS and TP, and three monitoring sites for TN. 
Calibration and validation of TN were conducted for East Fork, 
Spring Creek, and Cypress Creek. The upstream TN monitor-
ing site on Cypress Creek was used for calibration and valida-
tion, and results were evaluated at the downstream monitoring 
site (tx11324) using model-simulated flow due to the absence 
of observed flow data at that location. Due to varying land use 
patterns across the watershed (Figure 1), each tributary was in-
dividually calibrated for flow using the Kling-Gupta Efficiency 
(KGE) > 0.5 as the objective function. In addition, Nash Sutcliffe 
Efficiency (NSE) and percent bias (PBIAS) were considered to 
assess the model fit based on criteria established in Moriasi et al. 
(2015). The values of NSE and PBIAS were considered satisfac-
tory for streamflow when NSE > 0.5 and PBIAS < ±15%, for TSS 
when NSE > 0.45 and PBIAS ≤ ±20%, and for TN and TP when 
NSE > 0.35 and PBIAS ≤ ±30% (Moriasi, Gitau, et  al.  2015; 
Moriasi, Zeckoski, et al. 2015). With the final calibrated model 
parameters across the tributaries, the complete watershed model 
was run to check the sensitivity and the interaction of parame-
ters among the sub-basins for streamflow, water quality, and the 
statistics of the objective function.

2.4   |   Land Use Change Projections

We used land use projections developed as part of the USDA 
Forest Service 2020 Resources Planning Act (RPA) Assessment 
(USDA Forest service 2023) to assess how future land use 
change could impact flow and water quality across the San 
Jacinto watershed. The 2020 RPA projected land use from 2020 
to 2070 on a decadal basis, focusing on the effects of socioeco-
nomic and climatic changes across 20 combinations of four 
Shared Socioeconomic Pathways (SSPs) and five general circu-
lation models (GCMs) (IPCC 2014). We selected two SSP scenar-
ios among these (SSP3 and SSP5) to capture a range in projected 
population and economic growth assumptions coupled with 
two climate scenarios (HadGEM2-ES and MRI-CGCM3) that 
capture a range in potential future climatic conditions under 
the Representative Concentration Pathway (RCP) 8.5. SSP3 
represents assumptions of relatively low GDP and population 
growth in the U.S., while SSP5 represents assumptions of rel-
atively high U.S. GDP and population growth. Meanwhile, the 
HadGEM2-ES GCM (hereafter HAD) GCM was considered 
a “hot” climate scenario for the U.S., while the MRI-CGCM3 
GCM (hereafter MRI) GCM was considered the “least warm” 
scenario (USDA, Forest Service 2023). Together, the two SSPs 
and two GCMs result in four future land use scenarios for this 
study: MRISSP3, MRISSP5, HADSSP3, and HADSSP5.

We used the 90 m gridded RPA land use projections for the 2020 
basemap and 2070 projection from Brooks et al. (2023) for spatial 
realization. We disaggregated the broad land use classes used in 
the RPA assessment (water, developed, forest, other natural, pas-
ture, and crop) into the narrower NLCD classes used by SWAT 
by overlaying the 2016 NLCD on the 2020 RPA basemap (the lat-
ter was derived from the 2016 NLCD) and assigning NLCD land 
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cover classes to each 2020 RPA basemap pixel. These disaggre-
gated land cover classes were retained for the future projections 
where no land use change was projected to occur. For pixels 
where land use change occurred in the future, we assumed that 
new development was NLCD class 22 (developed, low intensity, 
12% imperviousness), new forest was NLCD class 43 (mixed 
forest), new pasture was NLCD class 81 (pasture/hay), and new 
crop was NLCD class 82 (cultivated crop).

The modified 2016 NLCD, which represents the 2020 RPA base-
map, was used for baseline model setup for calibration. The cal-
ibrated model setup and historical weather period (2000–2020), 
referred to as the baseline model, was utilized for projected land 
use change analysis. Additionally, baseline point source inputs 
remained unchanged for all land use scenarios to isolate the ef-
fect of land use change on water quantity and quality compared 
to the baseline.

Two additional extreme scenarios of land use change were also 
explored to identify the potential envelope of hydrologic water 
quantity and quality response to land use change under (1) 
“Natural” land use: converting the urban land cover (originally 
15% of the watershed) from the baseline model setup to ever-
green forest, and transitioning pasture (originally 16%) and crop 
(originally 1%) areas to unmanaged grassland, while leaving 
other land uses unchanged, and (2) “Forest-to-Urban” land use: 
converting the baseline forest landcover (originally 55% of the 
watershed) to medium intensity urban landcover while convert-
ing pasture and crop to natural unmanaged grassland with the 
rest of the land uses remaining unaltered.

3   |   Results

3.1   |   Model Evaluation

3.1.1   |   Streamflow

The calibration and validation statistics demonstrate the ability 
of the SWAT model to simulate streamflow, with “Satisfactory” 
to “Very Good” performance across calibration sites (Table  2; 
Figure  2; Figure  S3). The “Good” statistics (NSE = 0.71, 
KGE = 0.78) at the gauge station downstream of Lake Conroe 
(USGS 08068000) indicated that the reservoir rules were ef-
fectively implemented in the SWAT model. Comparing our re-
sults with prior studies conducted in San Jacinto by Sangeetha 
et al. 2022 and Lee et al. 2012, our model output shows notable 
enhancements in performance. The model effectively captured 
the peak discharge events during the 2017 hurricane and the 
dry events in 2011 and 2012. All ten flow sites were rated from 
“Good” to “Very Good” for NSE at the monthly scale (Moriasi, 
Gitau, et al. 2015; Moriasi, Zeckoski, et al. 2015). More details 
regarding the adjusted parameters for calibration and parameter 
sensitivity for streamflow, TSS, TP, and TN, respectively can be 
found in Supplemental (Tables S1 and S2).

3.1.2   |   TSS, TN and TP

Model performance metrics indicated TN, TP, and TSS at most 
sites were simulated within defined satisfactory ranges (Table 2; 

Figure 2; Figures S3 and S4). However, SWAT was unable to ac-
curately capture peak TSS loads estimated by LOADEST during 
the validation period across all gauges (Figure 2 and Figure S4). 
These discrepancies could be attributed to measurement errors 
(Yen et al. 2015) and/or uncertainties in LOADEST estimation, 
which biases towards high flows (Park and Engel 2016; Singh 
et al. 2015). Additionally, possible alterations in forest land use 
management practices could lead to soil erosion that was not 
accounted for in the model setup. SWAT has limitations in pre-
dicting peak sediment loads, as it does not account for channel 
floodplain erosion during peak flows and relies on a simplified 
sediment routing process based on peak channel flow velocity 
(Benaman and Shoemaker  2005; Pai et  al.  2011; Neitsch and 
Arnold 2001; Arnold and Srinivasan 1998). Despite challenges, 
SWAT demonstrated reasonable accuracy in predicting monthly 
TSS load, with all four sites rated as “Satisfactory” to “Very 
Good” for NSE and “Good” for PBIAS across the entire evalua-
tion period. For TN and TP, model performance at the upstream 
Cypress Creek station (USGS 08068800) was “Unsatisfactory” 
for NSE during calibration, though PBIAS was “Very Good”, 
while performance was “Satisfactory” for NSE and “Very Good” 
for PBIAS over the entire period. At the downstream Cypress 
Creek site (tx11334), NSE was “Satisfactory,” and PBIAS was 
“Very Good” in both calibration and validation periods. Across 
all TN sites, performance ranged from “Satisfactory” to “Good” 
for NSE and “Very Good” for PBIAS.

3.2   |   Baseline Conditions

3.2.1   |   Water Quantity and Quality

Water quantity and quality varied spatially throughout the 
watershed as a function of land use. The model estimated 
watershed-wide water balance under baseline model setup is 
typical of the region (Table  3) and suggests a high degree of 
spatial variability in water balance components (ET, percola-
tion, and water yield) across sub-basins according to land use 
distribution (Figures 1 and 3). The simulated watershed average 
annual evapotranspiration and water yield were 855 mm and 
326 mm, respectively, accounting for 64% and 25% of the average 
annual precipitation (1325 mm), comparable with long-term an-
nual budgets reported in previous studies (Lee et al. 2012; Reitz, 
Sanford, et al. 2017; Reitz, Senay, and Sanford 2017; Sangeetha 
et al. 2022; Wurbs 2021).

Regionally, the urban-dominated sub-basins of Cypress Creek 
had the highest mean annual water yield (550–750 mm) and 
the lowest ET (approximately 600 mm) and percolation (50–
150 mm). In contrast, forest-dominated areas such as East 
Fork Creek, upstream of Lake Conroe, and upstream of Spring 
Creek had relatively higher percolation (250–350 mm), ET (over 
800 mm), and lower water yield (< 350 mm). The extreme west 
region of the watershed generated relatively higher baseflow 
(150–200 mm) due to prominent shrublands, wetlands, and 
grasslands, which enhanced percolation. This regional variabil-
ity reflected land use influences (Figure 4), with natural grass-
lands contributing approximately 550 mm of water yield per year 
through baseflow (approximately 250 mm), urban areas contrib-
uting approximately 450 mm of water yield primarily through 
surface runoff, and forests showing the lowest water yield 
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FIGURE 2    |     Legend on next page.
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(approximately 300 mm) and surface runoff (approximately 
150 mm). Forest and grassland land use also exhibited higher 
percolation rates (approximately 250 mm and 450 mm, respec-
tively), highlighting their groundwater recharge potential.

The annual average sediment, TP, and TN yields across the sub-
basins in the watershed also varied with land use (Figure  3). 
Those sub-basins in the highly urbanized Cypress Creek sub-
watershed had among the highest predicted yields, with more 
than 2 tons/ha/yr of sediment, approximately 2 kg/ha/yr of TP, 
and more than 10 kg/ha/yr of TN. Figure 4 shows croplands pro-
duced relatively higher median sediment yield (2.5 tons/ha/yr) 
and TN (10 kg/ha/yr) compared to other land uses due to man-
agement practices and application of fertilizer on crops. In con-
trast, forest, grassland, and pasture land uses generated lower 
median sediment yields (0.5 tons/ha/yr), TN yields (0.5 kg/ha/
yr for forest and grassland, and 2.5 kg/ha/yr for pasture), and 
TP yields (0.1 kg/ha/yr for forest, grassland, and 0.6 kg/ha/yr for 
pasture) (Figure 4). Mean sediment yields from forest land and 
grassland were approximately 100% lower than crop land and 
approximately 75% lower than urban land.

3.3   |   Conditions Under Land Use Projections

Land use projections for the San Jacinto watershed indicate a 
continued shift of pasture, grassland, and forest, with increased 
urbanization and agricultural expansion by 2070. Urban area is 
expected to rise from 15% in 2020 to 20%, while forest area may 
decrease from 55% to 51%. Although cropland comprised only 
1% of the watershed in 2020, it is predicted to more than dou-
ble in some scenarios by 2070. Detailed land use changes across 
tributary sub-watersheds are highlighted in the Supporting 

Information (Table S3, Figure 5). At the tributary sub-watershed 
level, cropland is projected to increase 60%–70% in the Lake 
Conroe watershed, over 200% in East Fork Creek, and 96%–
294% in Spring Creek. Although these percentages indicate 
substantial growth, the actual cropland area remains relatively 
modest, as cropland constitutes a small portion of the overall 
watershed. In Cypress Creek, cropland is projected to grow from 
42 to 120 km2 (over 150%) under MRI SSP3 and SSP5, with more 
modest increases of 30%–33% (42 to 57 km2) under HAD SSP3 
and SSP5 scenarios.

3.3.1   |   Land Use Change Effects on the Water Balance

Future land use projection scenarios resulted in modest changes 
to overall watershed-wide water balance components such as 
ET, water yield, and percolation (Table  3), but larger changes 
were projected at the sub-basin and sub-watershed scale. Model 
results projected a watershed-wide decline in ET (up to 1.17%), 
increase in water yield (up to 2.57%), and increase in surface 
runoff (up to 3.05%) (Table 3), with the MRISSP5 scenario hav-
ing the most impact due to a larger reduction in forest land 
(248 km2) and greater urban expansion (375 km2) (Table S3).

Compared to ET (Figure 6A) and water yield (Figure 6C), pro-
jected changes in percolation had greater spatial variation 
across the watershed (Figure  6B) due to heterogeneity in soil 
properties, with 60% of the watershed projected to experience 
increased percolation. Larger decreases (> 10%) were projected 
in the lower portion of the watershed, particularly in East Fork 
Creek, where urban land use increased by over 200% (Figure 5). 
Larger percolation increases (> 10%) were projected in the 
northwestern portion of the watershed, including upstream 

FIGURE 2    |    Simulated and observed monthly flow, TSS, TN, and TP for example sites East Fork Creek Gauge site (08070200) and Spring Creek 
Gauge Site (08068500). TP observed data available beginning in 2005 and TN data available beginning in 2006 for Spring Creek. Please refer to 
Figures S3 and S4 for the rest of the calibration sites.

TABLE 3    |    Percent differences in annual average water balance of watershed for all projected and extreme scenarios in comparison to baseline, 
and absolute value of simulated annual average (2000–2020) water balance components for baseline shown in second column. Precipitation (PCP) 
was 1325 mm across the watershed for all scenarios.

Variable

Baseline 
(mean annual) 

units (mm)

Values in % difference from baseline

MRI SSP3 MRI SSP5
HAD 
SSP3 HAD SSP5 Natural

Forest-to-
Urban

ET 855 −1.15 −1.12 −1.04 −1.04 −4.09 −15.25

Percolation 218.21 1.59 1.42 1.65 1.54 21.95 −26.42

Water yield 326.27 2.71 2.71 2.37 2.43 5.56 53.39

Surface runoff 232.26 3.05 3.14 2.56 2.68 −5.39 84.59

Lateral flow 10.67 −0.19 −0.28 0.00 −0.09 7.59 −25.87

Baseflow 79.94 2.04 1.80 1.06 1.97 37.48 −21.73

ET/PCP 0.64 0.64 0.64 0.64 0.64 0.62 0.55

Water yield/
PCP

0.25 0.25 0.25 0.25 0.25 0.26 0.38
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sub-basins of Lake Conroe, due to a 38–48 km2 expansion of 
grass/shrubland replacing pasture and forest land. Upstream 
Cypress Creek sub-basins showed 2.5%–10% increases in perco-
lation due to pasture-to-cropland conversion. While percolation 
rates were similar between cropland and pasture (Figure  4), 
variations arise from soil types and crop management. Thus, 
conversion from pasture to crop can result in increases in perco-
lation and water yield under certain conditions.

The spatial pattern of water yield changes mirrored that of 
ET, with water yield increasing where ET decreased and vice 
versa. ET was projected to decrease up to 25% for 80%–87% 
of the watershed under future land use, with greater reduc-
tions (> 10%) upstream of Lake Conroe and Lake Creek due 
to urban land replacing pasture and forest land. An estimated 
80% of the watershed was projected to experience a water yield 
increase (up to 25%) across scenarios, with 42%–45% of the 
watershed projected to experience minimal changes (±1%), 
42%–47% moderate changes (±1%–5%), and 7%–10% over 5%–
10% increases (Figure 6C). Larger projected increases in water 
yield occurred in the northern upstream areas and Cypress 
Creek, while East Fork showed a 2.5%–5% increase in water 
yield but over a 25% rise in surface runoff due to an increase in 
impervious surfaces.

“Natural” and “Forest-to-Urban scenarios” allowed us to iden-
tify the potential envelope of hydrologic response to land use 
change. Under the “Natural” scenario, watershed-wide percola-
tion increased by 21.95%, ET decreased by 4.09%, and water yield 
increased by 5.56% (Table 3). These changes suggest that while 

converting urban areas to forests may increase ET and reduce 
water yield, the conversion of pasture and cropland (18% of the 
watershed) to grassland can offset this effect by decreasing ET 
and increasing water yield. Baseflow and lateral flow increased 
substantially in the “Natural” scenario by 37.48% and 7.59%, re-
spectively, while surface runoff decreased by 5.39%. Conversely, 
the “Forest-to-Urban” scenario resulted in a 26.42% decline in 
percolation, a 15.25% decrease in ET, and a 53.39% increase 
in water yield (Table  3). Surface runoff increased by 84.59% 
under this scenario, while baseflow decreased by 21.73% due 
to reduced percolation. In the “Natural” scenario, water yield 
declined by up to 25% in upstream sub-basins of Lake Houston 
(Figure S5) due to reduced surface runoff, while increasing in 
the Lake Conroe and upstream Cypress Creek sub-basins. In 
contrast, water yield was projected to increase in all sub-basins 
under the “Forest-to-Urban” scenario, with Lake Conroe, Caney 
Creek, and Lake Creek exceeding 100% increases in water yield.

3.3.2   |   Land Use Change Effects on Streamflow

The average annual streamflow was projected to increase by 
1%–5.6% across all four land use scenarios (Figure  7) for se-
lected reaches, with the largest projected increase at Lake 
Conroe (4.5%–5.8%), compared to Lake Houston (2% to 2.5%) 
and other tributaries. The MRISSP3 and MRISSP5 scenarios 
consistently projected higher streamflow increases across all 
reaches, while HADSSP3 had a lesser impact, except at Lake 
Conroe. East Fork and Spring Creek showed less than a 2% 
increase in annual average flow, whereas the more urbanized 

FIGURE 3    |    Spatial distribution of annual average (2000–2020) water balance components, sediment, total phosphorus and total nitrogen yield 
across sub-basins.
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FIGURE 4    |    Annual average water balance processes, runoff pathways (surface runoff, lateral flow, and groundwater flow), sediment (ton/ha/
year), and nutrients (Total N and Total P) yield across different land use types.
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Cypress Creek exhibited an approximately 4% increase under 
MRISSP3 and MRISSP5 and a 2% increase under HADSSP3 
and HADSSP5 (Figure 7).

We developed daily flow duration curves (FDCs) for each se-
lected reach to quantify the impact of land use change projec-
tions on flow characteristics. FDCs indicate the probability of 

FIGURE 5    |    Percentage change in land use from the baseline for tributary watersheds across the projected scenarios, with tributary watersheds 
considered up to the calibrated flow gauge sites. The baseline land use map and land classes for tributary watersheds are detailed in Figure 1.

FIGURE 6    |    Spatial distribution of percentage annual average difference from baseline for ET (A), percolation (B), water yield (C), and surface 
runoff (D) across sub-basins for all projected scenarios. Stacked bar charts show the percentage area of the watershed within defined ranges of dif-
ferences from baseline.
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a flow (Q) being equaled or exceeded (EPA 2007). We focused 
on the 90%, 50%, and 10% exceedance probabilities as these 
provide a reasonable bracket of low (90%), median (50%), and 
high (10%) flow characteristics (Vogel and Fennessey 1995). The 

FDC's revealed that maximum (Qmax) and high flows (Q10) 
were more impacted than low (Q90) and median (Q50) flows 
(Table S4, Figures  8 and 9). The MRISSP5 and MRISSP3 sce-
narios caused a relatively larger increase in Qmax and Q10 for 

FIGURE 7    |    Percent difference in annual average flow, sediment, TP, and TN loads with respect to baseline at selected streams flow calibration 
sites and at Lake Houston and Conroe for projected scenarios and extreme scenarios of “Natural” and “Forest-to-Urban”.
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all tributaries (Table S4). Qmax and Q10 for Lake Conroe were 
projected to increase by up to 7.3%. Similarly, peak flow in East 
Fork was projected to increase by 1.35%–1.83%, Spring Creek by 
0.80%–1.2%, and Cypress Creek by 1.45%–2.82%.

The conversion of crops and pasture to grassland in the 
“Natural” scenario led to lower ET and higher water yield 
(Figure 4). This offset the streamflow reduction caused by con-
verting urban areas to forests, which increased ET and reduced 
water yield. Annual average daily flow increased under the 
“Natural” scenario, with the largest impacts in Lake Conroe and 
Cypress Creek (approximately 10%) and smaller increases (ap-
proximately 5%) in other tributaries (Figure 7). In Lake Conroe, 
the conversion of 235.77 km2 of pasture and 7.56 km2 of cropland 
to grassland (Table S4) led to an approximately 30% increase in 
Q10 (6.83 to 9.83 m3/s) and doubled Q50 (0.60 to 1.06 m3/s), while 
Qmax and Q90 remained stable (Table S4, Figure 8). In Cypress 

Creek, converting 244.66 km2 of urban areas to forest and 
294.40 km2 of pasture and 42.94 km2 of cropland to grassland 
increased average flow by approximately 10%, nearly doubling 
Q50 (2.05 to 4.91 m3/s) while leaving Qmax and Q10 unchanged. 
Similarly, in Spring Creek, Q50 rose by approximately 40% (2.62 
to 3.68 m3/s), though Qmax and Q10 were unaffected. Low flow 
(Q90) remained stable in both tributaries due to point source con-
tributions. In the East Fork Creek sub-watershed, limited land-
use changes consisting of 28 km2 (2.83% of the sub-watershed) of 
urban area converted to forest and 95.20 km2 (9.33% of the sub-
watershed) of pasture to grassland caused minimal impact on 
the flow regime (Figure 9). In the “Forest-to-Urban” scenario, 
annual average flow increased across all tributaries and at the 
watershed outlet (Lake Houston), with the largest increase in 
Lake Conroe (> 100%), followed by East Fork Creek (60%) and 
Cypress and Spring Creeks (40%) (Figure 7). Q10 tripled in Lake 
Conroe (6.84 to 20.05 m3/s) and increased by 60% in East Fork 

FIGURE 8    |    Daily flow duration curve (FDC) and load duration curve (LDC) for TSS, TN, and TP at Lake Conroe across projected scenarios and 
extreme scenarios. The classification of flow at different exceedance probabilities is defined by EPA (2007).
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Creek (22 to 36 m3/s), 42% in Spring Creek (20.11 to 28.58 m3/s), 
and 40% in Cypress Creek (16.2 to 22.65 m3/s) while Q90 re-
mained stable (Table  S4). Overall, the annual average flow at 
the watershed outlet increased by 50%, with Q10 increasing by 
64% and Q90 experiencing a twofold increase.

3.3.3   |   Land Use Change Effects on Sediment

Approximately 67%–69% of the watershed was projected to 
have an increase in sediment yield under the future scenarios, 
while 30%–32% of the watershed was projected to experience a 
decrease (Figure 8). Larger percentage reductions in sediment 
yield (> 25%) were identified in a few sub-basins of Lake Conroe 
and Lake Creek, attributed to increases in grass/shrub land 
(Table S3); however, since baseline sediment yield in these areas 
was low, small absolute changes resulted in larger percentage 
reductions (Figure S6). Areas with over 100% increases in sedi-
ment yield (exceeding 1.25 tons/ha/yr from baseline) include up-
stream sub-basins of Cypress Creek for MRISSP3 and SSP5, due 
to a 177%–178% increase in cropland, the downstream region 
of East Fork Creek driven by a 178%–216% increase in urban 
areas, and the northwest corner upstream of Lake Conroe also 

influenced by urban expansion (Figure 5). These regions were 
also projected to have surface runoff increases (Figure 6) where 
upland soil erosion from runoff was a major contributing factor.

Similarly, annual average TSS loads for all selected reaches were 
projected to increase (Figure 7). The largest impact was on East 
Fork Creek showing a 40%–45% increase in load due to urban 
growth (> 150% from baseline, Figure 5), causing over a 100% 
increase in surface runoff (Figure 6) and subsequently flushing 
more sediment into the channels.

We also calculated load duration curves (LDC's), which, like 
FDCs, provide insight into the TSS, TN, and TP load exceedance 
probability (Johnson et  al.  2009). We focused on the same ex-
ceedance probabilities (90%, 50%, 10%) as in the FDC analysis. 
Similar to streamflow responses to land use change, all reaches 
showed increases in TSS load for most exceedance probabilities 
across all projected scenarios (Table S4). High TSS loads (TSS10) 
increased by 37%–40% for East Fork (Figure  9, Table  S4) and 
by 16%–19% for Conroe (Figure 8, Table S4), while minimal im-
pacts were noted for Spring Creek (3%–4%), Cypress Creek (3%–
5%), and Lake Houston (2%–3%). Low TSS loads (TSS90) were 
largely unaffected by land use projections.

FIGURE 9    |    Daily flow duration curve (FDC) and load duration curve (LDC) for TSS, TN, and TP for East Fork Creek across projected scenarios 
and extreme scenarios. The classification of flow at different exceedance probabilities is defined by EPA (2007). The TSS load after 70% exceedance 
probability is not shown since it is lower than 0.0001 tons/day.
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Both extreme scenarios resulted in significant changes to 
sediment yield and TSS load compared to the baseline. In the 
“Natural” scenario, sediment yield decreased by 10% to over 50% 
across most of the watershed (Figure 10). In contrast, the “Forest-
to-Urban” scenario resulted in sediment yield increases across 
most sub-basins, except in upstream Cypress Creek, where con-
verting crop and pastureland to grassland reduced sediment 
yield by 25% to more than 50%. Annual average TSS loads under 
the “Natural” scenario decreased across all tributaries, ranging 
from 10% in Spring Creek and Lake Houston to 80% in Cypress 
Creek (Figure 7). High TSS loads (TSS10) decreased from 20% 
in Spring Creek to 95% in Cypress Creek (Table S4). Conversely, 
the “Forest-to-Urban” scenario led to TSS load increases from 
15% in Cypress Creek to 400% in East Fork Creek. The impact 
of this scenario in urbanized Cypress Creek was minimal due 
to larger areas of pasture and cropland converted to grassland, 

which outweighed the smaller forest-to-urban conversions. The 
“Forest-to-Urban” scenario doubled both high (TSS10) and me-
dian (TSS50) TSS loads across all tributaries (Table S4).

3.3.4   |   Land Use Change Effects on TP

Across future land use projections, 66%–69% of the watershed 
was projected to experience an increase in TP yield, while 
31%–34% showed reductions (Figures 10 and S7). As expected, 
sub-basins with high TP yield corresponded to areas of high 
sediment yield. TP increases of over 50% (0.12–0.55 kg/ha/yr) 
(Figure  S7) were projected in downstream sub-basins of East 
Fork Creek across all scenarios, while upstream sub-basins 
of Cypress Creek had projected TP yield increases exceeding 
100% (0.24–1.91 kg/ha/yr) under MRISSP3 and SSP5 scenarios, 

FIGURE 10    |    Spatial distribution of TSS (A), TP (B), and TN (C) yield across the sub basins for all projected land use scenarios and extreme sce-
narios and percent of watershed area under defined ranges of load differences shown in bar chart.



17 of 25JAWRA Journal of the American Water Resources Association, 2026

driven by cropland expansion at the expense of pasture and for-
est land. Sub-basins of Lake Conroe with urban expansion in-
creased TP yield by 10%–50%, whereas conversions to grassland 
or scrubland reduced TP yield by 5%–25%. Similar reductions 
in TP yield were projected for upstream Lake Creek sub-basins 
(0.03–0.15 kg/ha/yr).

Annual average TP load consistently increased at selected 
reaches across the projection scenarios (Figure 7). Urban expan-
sion in downstream sub-basins in East Fork Creek resulted in 
larger increases in TP load (Figure 10). The pattern of annual 
average TP load changes was consistent with the pattern of TSS 
load. TP load at 10% exceedance probability (TP10) was projected 
to increase for all scenarios and all selected tributaries, ranging 
from increases of 3%–8% (Lake Houston) to 20%–22% (East Fork 
Creek), while median load (TP50) remained unaffected across 
four scenarios (Table S4, Figures 8 and 9).

Average annual TP yield decreased under the “Natural” sce-
nario across most of the watershed (Figures 8 and S7). TP yield 
reductions under the “Natural” scenario were particularly evi-
dent in the Cypress Creek sub-watershed, where TP yield was 
reduced by 50–100% (0.70–1.26 kg/ha/yr). The annual average 
TP load at selected tributaries was projected to decrease under 
the “Natural” scenario from 10% (Cypress Creek) to nearly 50% 
(Lake Conroe) (Figure  7). Natural vegetation significantly re-
duced high loads (TP10) across tributaries with reductions rang-
ing from 30% (East Fork) to 43% (Lake Houston). TP50 and TP90 
(low load at 90% exceedance probability) remained largely un-
affected for the “Natural” scenario in Spring and Cypress Creek 
due to point source contributions, while a 50% reduction in TP90 
was estimated for Lake Conroe (Table  S4). Contrastingly, the 
“Forest-to-Urban” scenario caused large variation in the annual 
average TP load increases, ranging from 1% (Cypress Creek) 
to 500% (East Fork Creek). The increase in TP load mostly im-
pacted the high (TP10) load across all reaches except Cypress 
Creek, with the greatest impacts at East Fork Creek (increasing 
from 77.80 kg/day to 598.40 kg/day) and Lake Conroe (increas-
ing from 112.10 kg/day to 441.90 kg/day). Annual average TP 
yield increased in the “Forest-to-Urban” scenario in almost all 
the northern upstream sub-basins by > 50% (1.05–1.81 kg/ha/yr) 
(Figure S7).

3.3.5   |   Land Use Change Effects on TN

Projections of future land use indicated that 75% of the water-
shed could experience an increase in TN yield, with some areas 
exceeding a 100% increase (up to 4.32 kg/ha/yr from baseline) 
(Figures 10, S8). The largest increases in TN yield (50%–100%) 
were in the eastern sub-basins, driven by urban expansion and 
cropland conversion in East Fork, Peach, and Caney Creeks. 
In Lake Conroe's eastern region, TN yield was projected to in-
crease by over 50% (0.55 to 4.32 kg/ha/yr), with similar increases 
in upstream sub-basins of Cypress Creek under MRISSP3 and 
SSP5. A 10%–25% reduction in TN yield (0.20 to 1.55 kg/ha/yr) 
was projected in the northwest portion of the watershed, in-
cluding Lake Creek and Lake Conroe sub-watersheds. Annual 
average TN loads were projected to increase across all selected 
tributaries and scenarios, with MRISSP5 showing the highest 
increases, ranging from 5% (East Fork Creek) to 10% (Cypress 

Creek) (Figure  7). The daily TN load distribution (Figures  8 
and 9, Table S4) showed that East Fork Creek was the least im-
pacted, as urban expansion in the downstream sub-basins was 
compensated for by the less impacted upstream region due to 
its unchanged forested and natural land uses (Figure 10). High 
TN load (TN10) was estimated to be relatively more impacted 
than median (TN50) and low (TN90) load for all tributaries 
and scenarios. Projected increases in TN10 ranged from ~0.3% 
(East Fork Creek) to 7%–12% (Lake Conroe). In contrast, TN50 
showed smaller increases ranging from 0.01%–0.3%.

(East Fork Creek) to ~5% (Lake Conroe) while TN90 increased 
< 1% for all tributaries except Lake Conroe (5%–6%).

In the “Natural” scenario, TN yield decreased across all sub-
basins, with reductions ranging from 0.50 to 9.75 kg/ha/yr, rep-
resenting up to ~100% reductions. Annual average loads reduced 
largely in Lake Conroe (~50%), while East Fork Creek exhibited 
the smallest reduction (~5%) (Figure 7). The greatest reductions 
were observed in high TN loads (TN10), with decreases ranging 
from 10% in East Fork Creek to 50% in Lake Conroe. Conversely, 
the “Forest-to-Urban” scenario led to an increase in TN yield 
across all sub-basins, particularly affecting downstream areas 
of Peach and Caney Creek and in the vicinity of Lake Conroe, 
where yield increased by over 100%. Notably, upstream Cypress 
Creek showed a 25 to more than 50% reduction in TN yield 
due to pasture and cropland conversion to grassland under the 
“Forest-to-Urban” scenario. Except for the urbanized Cypress 
Creek, converting forests to urban areas increased high TN 
loads (TN10), with increases ranging from 14% (Spring Creek) 
to 250% (Lake Conroe).

4   |   Discussion

We evaluated the effects of land use changes on hydrologi-
cal processes and water quality in the San Jacinto watershed, 
Texas, using SWAT. The calibrated baseline model was applied 
to four projected land cover scenarios for 2070 and two hypo-
thetical scenarios reflecting “Forest-to-Urban” and “Natural” 
land cover. Results indicated that streamflow, TSS, TN, and TP 
loads generally increased across major tributaries in the water-
shed under future projections, though the magnitude of change 
varied across the watershed, influenced by local hydroclimatic 
conditions, soil type, and specific land use changes. For in-
stance, in the East Fork Creek sub-watershed, conversion from 
forested land to developed areas led to a 1.5% rise in annual av-
erage streamflow, a 40% increase in TSS load, a 20% increase 
in TP load, and a 5% increase in TN load. Our analysis revealed 
that land use change significantly impacted daily high flows, 
TSS, and nutrient loads more so than median or low flows or 
loads, highlighting a critical aspect of hydrological responses to 
urbanization. This spatially explicit analysis identified regions 
of the watershed sensitive to deforestation, urban expansion, 
and crop expansion, in terms of water yield, surface runoff alter-
ation, soil erosion, and their subsequent effects on stream water 
quality. The findings thus underscore critical considerations for 
land and water management in this developing watershed, par-
ticularly the need to address the interactions between climate 
variability, urban expansion, and increasing water demand. 
Management strategies would be most effective if they consider 
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local hydroclimatic conditions, soil types, and the specific im-
pacts of various land use changes on hydrological processes and 
water quality.

4.1   |   Land Use Linkages to Water Quantity 
and Quality

Our modeled water balance, flow generation processes, and sed-
iment and nutrient yields align with previous studies in the San 
Jacinto watershed (Table  4) and vary significantly across land 
use types. Consistent with previous studies (Sun et  al.  2011; 
Caldwell et  al.  2012; Li et  al.  2020), forested sub-basins had 
lower water yield due to higher ET rates while exhibiting higher 
percolation and lower surface runoff, benefiting groundwa-
ter recharge and sustaining baseflow (Texas Natural Resource 
Conservation Commission 1999) contribution to the stream. The 
spatial patterns and ranges of our simulated annual average ET 
(Figure 3) were comparable with those reported by Reitz et al. 
(2017) (Figure S9), which integrated remote sensing and water-
balance methods to generate an ET dataset for the conterminous 
U.S. Specifically, ET was lower in urban-dominated areas such 
as Cypress Creek and Spring Creek, reflecting limited vegetation 
and extensive impervious cover, and higher in forested areas, in-
dicating that the model captures land use–dependent variations 
in ET. The SWAT-simulated ET/precipitation (ET/PCP) ratio for 
our watershed (0.65) aligns closely with the range reported by 
Reitz, Sanford, et al. (2017); Reitz, Senay, and Sanford (2017) for 
southeast Texas (0.61–0.80), providing further confidence in the 
model's representation of water balance. Similarly, the simulated 
surface runoff-to-precipitation ratio (0.16) falls within the range 
reported for small to large watersheds in the Texas Blackland 
Prairie Ecoregion (0.12–0.17) (Harmel, Richardson, et al. 2006; 
Harmel, Potter, et  al.  2006). Simulated surface runoff across 
land uses is also comparable with past studies (Table 4), with the 
highest values from urban areas (150–1000 mm/yr), followed by 
cropland (150–400 mm/yr), pasture (50–500 mm/yr), grassland 
(100–500 mm/yr), and forest (50–400 mm/yr). While surface 
runoff dominates in urban and cropped areas, a crucial counter-
process in grassland is the generation of baseflow. Grassland, 
with its deep root systems, facilitates greater infiltration, 
thus contributing more baseflow than surface runoff (Wilcox 
et al. 2007). Long-term analysis in the semi-arid rangelands of 
Central Texas has shown that baseflow has remained essentially 
consistent or has increased slightly over decades, even as storm-
flows have decreased, suggesting that changes in rangeland con-
dition have favored infiltration over runoff (Wilcox et al. 2008). 
Studies of Texas rangelands by the Texas Water Development 
Board (TWDB) (Knight et  al.  1995; Wilcox  2002; Wilcox 
et al. 2003) demonstrated improved subsurface flow using vari-
ous grass and shrub species, with outcomes varying by soil type, 
depth, slope, and rainfall. These findings align with our results, 
which indicate that grasslands can enhance baseflow.

In contrast, urban land use showed the highest water yield and 
surface runoff, with the lowest percolation rates. Our study 
found urbanization and agricultural expansion led to a 5% to 
25% ET reduction and more than a 10% increase in surface run-
off (Figure 6A,D). Similar trends were observed in other investi-
gations of southern U.S. watersheds; Khan (2005) reported that 
an 88% increase in impervious surfaces in Houston increased 

the runoff ratio by over 15%, and Dow and DeWalle (2000) found 
significant ET reductions in 51 eastern and southern U.S. water-
sheds due to urbanization and residential development.

Similarly, sediment and nutrient yields were highly dependent 
on land use and land management practices. Sediment, TN, and 
TP yields from forests and grassland were clearly lower than 
those of other land uses, with cropland producing the highest 
yields, followed by urban land use. Caldwell et al. (2023) found 
similar relationships between land use and sediment and nutri-
ent loading based on examination of monitoring data, showing 
that a 1% change from forest to developed land cover could re-
sult in an approximately 1.5% increase in TN concentration, a 
1.9% increase in TP concentration, and a 0.4% increase in TSS 
concentration, while a 1% change from forest to agriculture re-
sulted in even higher percent changes in sediment and nutrient 
concentration. Land use changes due to agriculture and urban-
ization can increase the sediment yield due to an increase in 
soil erosion and wash load from impervious surfaces (Kidane 
et al. 2019; Gashaw et al. 2019; Tumsa et al. 2023). Urbanization 
and deforestation, which increase impervious surfaces and 
barren land, increase surface runoff, leading to higher stream-
flow and greater sediment loads from stream channel erosion 
(Allmendinger et  al.  2007; O’Driscoll et  al. 2010). TN and TP 
yields can increase with urbanization and conversion to agricul-
ture through practices such as fertilizer and manure application 
(Rebich et al. 2011). Our results align with the literature, as seen 
in Cypress Creek where upstream sub-basins were projected to 
experience more than a 25% increase in TP and TN yield due 
to the conversion of pasture and grassland into croplands. The 
“Natural” and “Forest-to-Urban” land use scenarios demon-
strate the ability of natural landscapes to regulate high flows 
and water quality, as well as the risks posed by land conversion 
to development that undermines these vital ecosystem services.

The Soil and Water Assessment Tool (SWAT) model successfully 
simulated hydrologic and sediment transport processes in the wa-
tershed, with the surface runoff-to-precipitation ratio (0.16) align-
ing well with the regional range of 0.12–0.17 reported by Harmel, 
Richardson, et al. (2006); Harmel, Potter, et al. (2006) for the Texas 
Blackland Prairie. Furthermore, the SWAT simulations of runoff 
and sediment yield were consistent across various land uses: for 
croplands, the model's runoff (150–450 mm/yr), sediment (up to 
5 tons/ha/year), TN (up to 30 kg/ha/yr), and TP (up to 7.5 kg/ha/
yr) closely matched long-term field data from the MANAGE data-
base (Harmel, Richardson, et al. 2006; Harmel, Potter, et al. 2006; 
Harmel et al. 2008) and White et al. (2015) (Table 4), and also com-
pared well with field data from cornfields in the Texas Blackland 
Prairie (110–330 mm runoff, sediment up to 4.5 tons/ha/yr, TN 
up to 27 kg/ha/yr, TP 3.5–7.0 kg/ha/yr). While grasslands gener-
ated negligible sediment, runoff generated up to 400 mm/yr; the 
overall pattern of land use-dependent sediment yield (cropland > 
urban > natural vegetation) mirrored results for the conterminous 
US reported by Woznicki et al. (2020).

4.2   |   Projected Land Use Change and Effects on 
Water Resources

Land use projections for the San Jacinto watershed indicate a 
continued shift of pasture, grassland, and forest, with increased 
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urbanization and cropland by 2070. Urban land use is expected 
to rise from 15% of the watershed in 2020 to 20% in 2070, while 
forest land may decrease from 55% to 51%. Although cropland 
comprised only 1% of the watershed in 2020, it was projected 
to more than double in some scenarios by 2070. The impact of 
land use change on water yield and water quality was projected 
to be relatively minor at the watershed scale but was larger at 
smaller scales within the watershed due to the spatial variabil-
ity of projected land use change. For example, the northeastern 
region upstream of Lake Conroe and the southeastern East Fork 
sub-watershed were projected to experience substantial urban 
expansion (+68% and +216%, respectively), leading to notable 
changes in water quality (Figure 5, Table S3).

While total water yield was projected to have little change under 
the land use projections, our results show that the sources of 
water yield could potentially change, with implications for water 
quality. For instance, a modest 2.5%–10% increase in water yield 
was observed in the East Fork, while sediment yield increased 
by 25%–100%, largely driven by a > 25% increase in surface 
runoff associated with expanding impervious surfaces. Similar 
findings have been reported in southeastern U.S. watersheds, 
where a 10%–40% increase in impervious surfaces significantly 
impacts runoff and streamflow (Brun and Band 2000; Paul and 
Meyer  2001; Boggs and Sun  2011; Sun et  al.  2015). Our study 
estimated that increased surface runoff from urbanization re-
sulted in a 10% increase in TSS load to Lake Conroe and 40% 
in East Fork Creek. Although urban expansion had a minimal 
effect on East Fork's annual average streamflow (2%), it in-
creased TSS and TP loads by 40% and 20%, respectively. In the 
southwestern region, the Cypress Creek area experienced over a 
25% more runoff, leading to a 2% rise in peak flow, a maximum 
~15% increase in TP load, and ~10% increase in TN load, due to 
a 76 km2 cropland expansion. These localized increases in TSS 
and nutrient loads driven by diffuse pollution from expanded 
impervious surfaces and cropland could complicate water qual-
ity regulation compared to point source pollution. Hence, our 
results show the importance of considering land use change at 
a finer scale while assessing the impacts of land use alterations 
within the larger watershed.

4.3   |   Implications for Water Management

Our work showed that urbanization and agricultural expan-
sion can cause long-term hydrological shifts by reducing ET 
and increasing surface runoff, sediment, and nutrient loads. 
Urbanization and associated increased impervious surfaces 
raise flood risks (Wheater and Evans 2009) and sediment loads 
(Nguyen et  al.  2022). While projected increases in maximum 
(Qmax) and high (Q10) flows were small under the future land 
use scenarios, the “Natural” and “Forest-to-Urban” scenarios 
demonstrate the overall potential impact of urbanization on 
high flows and sediment and nutrient loads. For example, Lake 
Conroe was projected to experience a 13% increase in Qmax and 
a 134% increase in Q10 under the “Forest-to-Urban” scenario, 
while Q50 was projected to increase 100%. In contrast, main-
taining natural vegetation, such as forests and grassland, sup-
ports water sustainability, resulting in a 10% increase in water 
yield while keeping Qmax and Q90 stable with moderate in-
creases in Q50.

Urban diffuse/non-point source pollution and agricultural land 
management practices increase sediment and nutrient loads, ex-
acerbating reservoir sedimentation and contributing to eutrophi-
cation (Russell et al. 2017). Many recent studies have emphasized 
the importance of natural grassland as an effective nature-based 
solution in reducing sediment yield (Robotham et al. 2023). Our 
study supported that while natural vegetation has a modest impact 
on the water budget, its ability to reduce TSS load is substantial. 
For example, deforestation and urbanization in East Fork Creek 
were projected to increase TSS load by 45% under future scenarios 
and ~400% under the “Forest-to-Urban” scenario, whereas natu-
ral landscapes reduced TSS load by 20%. For Lake Conroe, TSS 
load decreased by 50%, with an 85% reduction in load during peak 
flows (21,200 tons/day to 2826 tons/day) under the “Natural” sce-
nario (Table S4). Reducing TSS load also contributes to decreases 
in TP loads by 50%, helping prevent eutrophication in Lake 
Conroe. Natural vegetation, including grassland and forest land 
uses, could balance water availability with sediment and nutrient 
load reduction in urban-dominated watersheds such as Cypress 
Creek. This suggests that a balanced approach to land use alter-
ations, preserving sufficient forest and other natural areas while 
planning for urban expansion, could stabilize hydrological pro-
cesses and minimize sediment and nutrient load.

4.4   |   Limitations and Opportunities for Future 
Research

The results of this study should be interpreted while considering 
the limitations and uncertainties associated with future land use 
projections and hydrological modeling in general. Uncertainties 
in model inputs, structure, parameters, and future land use esti-
mates can compound, affecting the accuracy of hydrology and 
water quality predictions (Suttles et al. 2018). Limitations of hy-
drological models are related to uncertainty in input data and 
uncertainty in how hydrologic and water quality processes are 
simplified and represented (Caldwell et al. 2023). Limited avail-
ability and uncertainties in monitoring data can impact the rep-
resentation of hydrological and water quality processes because 
model parameters are calibrated within well-constrained bound-
aries using measured flow, sediment, and nutrient data. For in-
stance, in our watershed, the lack of sufficient TN monitoring 
sites reduced the spatial accuracy of nutrient parameter repre-
sentation. Additionally, possible measurement errors in sediment 
and nutrient concentrations further contribute to the overall 
uncertainty in model calibration and evaluation. Lastly, the 
monthly observed sediment and nutrient load, estimated using 
LOADEST (a regression-based model) from discrete concentra-
tion and streamflow data, is subject to inherent uncertainty.

Uncertainty in land use projections can also translate into un-
certainty in hydrologic model results. The intent of the land use 
projections developed as part of the Forest Service Resources 
Planning Act Assessment was not to provide predictions of 
potential future conditions; rather, the intent was to provide a 
range of plausible conditions that can be used to assess how sys-
tems may respond to different rates of change or how different 
decisions may alter resource trajectories (Langner et  al.  2020; 
Moss et  al.  2008). Projected land use changes over space and 
time carry uncertainty and should not be viewed in a probabil-
ity context nor as a prediction with a certain level of accuracy 
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(Caldwell et al. 2024). This spatial uncertainty can increase with 
increasing spatial resolution (Brooks et al. 2020), for example, 
when downscaling from the county to a fine-scale grid.

Our results underscore the need to evaluate local land use im-
pacts on streamflow and water quality in large-scale watershed 
assessments. Hydrological models such as SWAT, combined 
with future land use scenarios under a range of future scenarios, 
can help identify areas most at risk from continued development, 
aiding watershed planners and informing policy decisions. This 
approach applies to similar watersheds in the Southeast USA 
and other regions experiencing rapid urban sprawl, which dis-
places forests and natural vegetation and degrades water qual-
ity. Our results provide site-specific potential water quality and 
quantity concerns in the San Jacinto, a critical developing wa-
tershed, showing that land use change could directly impact 
Lake Conroe and Lake Houston, which serve as the principal 
reservoir for the city of Houston. Thus, our model can help in-
form future decision-making or model development for targeted 
water resource evaluations. For example, future research efforts 
could use this modeling framework to improve risk assessments 
of severe flooding events (e.g., Hurricane Harvey in 2017 with a 
return period over 100 years) in vulnerable and previously im-
pacted areas such as the Houston metropolitan region.

This study provides a detailed, spatially explicit examination of 
the potential effects of land use change in a critical developing 
water supply watershed that could be a foundation for future 
research. For example, integrating climate change projections 
could refine predictions for high-return-period flood peaks and 
impact reservoir management. Given our land use projections 
results, Lake Conroe could experience a 6% increase in an-
nual average streamflow and a 10% increase in sediment load, 
reducing reservoir storage capacity over time due to sediment 
accumulation. While this study offers reliable estimates of sedi-
ment yield across various land uses, integrating a hydrodynamic 
model in future research could further enhance predictions of 
sediment deposition rates at different reservoir levels.

Additionally, the impact of changing point source loads, such 
as wastewater treatment plants, attributed to urban expansion 
was not considered; their inclusion could further increase nu-
trient loads and jeopardize reservoir water quality through 
eutrophication. The simulated “Natural” scenario in our study 
confirmed that prioritizing forest and grassland conservation 
within a watershed could help buffer recurrent flooding and 
sustain water yield. Therefore, conserving forest and grassland 
areas could be a tool for watershed planners in mitigating the 
effects of population growth and associated land use change 
(Gagrani et  al.  2014; Olander and Young  2016). As urban de-
velopment and population growth continue, further research is 
needed to find a balanced approach to land use changes that pre-
serves sufficient forest and natural areas, stabilizes hydrological 
processes, and prevents extreme variations in water yield and 
other components.

5   |   Conclusions

This study quantified the effects of projected future land use 
changes on water quantity and quality in major tributaries and 

water supply reservoirs at a fine scale, and identified sensitive 
areas that exhibit strong water quality responses to land use 
change in the forest-dominated but urbanizing San Jacinto wa-
tershed. We found that sediment and nutrient loads could in-
crease substantially by 2070 in some tributaries and reservoirs; 
however, these findings were highly location- and scale-specific, 
emphasizing the importance of focusing on sensitive local areas 
for watershed management and land use planning. Hydrologic 
response to land cover alteration is highly variable at a fine 
scale and is influenced by multiple factors such as climate, soils, 
vegetation characteristics, and land management practices. By 
integrating detailed, fine-scale land use projections in a hydro-
logic modeling framework, vulnerable regions within a water-
shed can be identified, helping to predict changes in both water 
quantity and water quality. This framework can provide critical 
information for resource managers, aiding in the development 
of strategies to adapt to or mitigate the adverse effects of urban-
ization, deforestation, and agricultural expansion on water qual-
ity and flood risks in diverse environmental contexts worldwide.
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