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CHAPTER1

INTRODUCTION

Research Background

Climate change is a crucial issue with documented effects on natural and human
systems today. Among many reported impacts, such as melting ice caps, ocean acidification,
and biodiversity loss, climate change impacts on terrestrial hydrology, including water
availability as measured in terms of droughts and floods, are of critical concern (Hoegh-
Guldberg et al., 2019; Mariappan et al., 2023; Talukder et al., 2022). Over the last two decades
(2001-2021), climate change, with changes in long-term precipitation and temperature, has
produced noticeable impacts around the world, leading to pronounced alterations in the amount
and levels of surface water and groundwater (Abbass et al., 2022; CBF, 2020). The
Intergovernmental Panel on Climate Change (IPCC) Fifth Assessment Report stated that for
every degree Celsius increase in global average temperature, the global mean precipitation
events are projected to increase by about 7% (IPCC, 2014a). With global temperatures
projected to increase by 1.8 to 2.8°C by the end of the 21st century, compared to 0.8°C change
in the 20th century, global precipitation intensity could increase by 12.6% to 19.6% in the
coming decades (Noor et al., 2022). As a result of the projected changes in precipitation and
temperature, there will be significant impacts on the hydrological cycle, leading to an increased
frequency and intensity of droughts and floods. These events will have far-reaching
consequences, including but not limited to crop failures, water scarcity, displacement of
populations, and increased risks to infrastructure failures (Peters-Lidard et al., 2021; Roy et

al., 2022; Zscheischler et al., 2020).



In the summer of 2021, a rare 500-year flood event hit Belgium, Germany, and the
Netherlands, resulting in a 3-19% increase in the intensity of maximum 1-day and 2-day
rainfall compared to the historical period of 1998-2008 (Kreienkamp et al., 2021). Similarly,
the Henan province in China experienced a 500-year flood event in 2021 (Manandhar et al.,
2023). The event caused widespread flooding, over 300 fatalities, and damage to infrastructure,
agriculture, and transportation systems. According to Khan et al. (2021), the probability of a
flood occurring in five years due to projected changes in climate in Pakistan would be 20%,
significantly higher than the global average of 2%. Such an event could damage the country's
gross domestic product (GDP), amounting to 20.4 billion US dollars (USD), with 8.4 million

people at risk and 1.4 billion USD in urban damage.

Over the past few years, numerous regions across the United States (US) have
witnessed catastrophic floods. An example of such an event is Hurricane Harvey, Texas, in
2017. The hurricane caused a 500-year flood event, with some locations receiving over 400
mm of rainfall in one day (Hines & Reid, 2020; Yang et al., 2019). Similarly, in 2019, the US
Midwest region experienced a 100-year flood. The flooding was caused by rainfall >100
mm/day, leading to several rivers overflowing and causing total damage of around 125 billion
USD, making it one of the costliest natural disasters in US history (Swain et al., 2020).
According to the Fourth National Climate Assessment Report, heavy precipitation events in
the US have increased by approximately 30% in some regions, such as the Northeast, Midwest,
and Upper Great Plains, since 1901 (NCA, 2018). The report further estimates that the
frequency and intensity of such events will likely increase. For example, by mid-century
(2041-2060), approximately 70% of the US Northeast and Midwest regions are projected to

drop in precipitation totals (Pal et al., 2023). Marsooli et al. (2019) projected that by the late



21% century, the historical 100-year flood could occur annually in New England and mid-

Atlantic regions and every 1 to 30 years in the southeast Atlantic and Gulf of Mexico.

Aside from floods, droughts have also become a growing concern globally. According
to the World Meteorological Organization (WMO), the regions affected by drought worldwide,
such as Australia, Brazil, China, and South Africa, have expanded by 16% in just ten years
(from 2011 to 2020), with more than 1.5 billion global population affected by drought-related
events (WMO, 2022). The drought that started in 2015 in Cape Town, South Africa, is a
specific example that led to water scarcity as the reservoir water levels dropped by more than
70% in just three years (Cole et al., 2021). Between 2012 and 2015, Brazil's south-central
region experienced a water level drop in major reservoirs by more than 75%, resulting in
critical water shortages for municipal and agricultural sectors (Getirana et al., 2021). The
IPCC's sixth assessment report reveals alarming estimates that climate change could result in
water scarcity to 40—70% of the global population by 2050, contingent upon greenhouse gas
emission trajectories (IPCC, 2021). Furthermore, the report projects that the frequency of
drought events in several regions, including southern Africa, the Mediterranean, North
America, Europe, and Central Asia, could increase by up to 80% by the end of the 21 century
(IPCC, 2021). These climate change related projected droughts and water shortages underscore
the gravity of the situation and the urgent need to address climate change to mitigate its impact

on water resources and their beneficiaries.

Zipper et al. (2021) analyzed streamflow records from 540 gages with at least 30 years
of records since 1980 and found an increasing non-perennial condition of streams over most
parts of the US and widespread drying in the southern US. Dudely et al. (2020) analyzed the

annual 7-day streamflow trend in 2482 gauges in the US between 1916 to 2015 and found



decreasing streamflow trend in most southeastern and northwestern US. According to the
National Oceanic and Atmospheric Administration (NOAA), drought-impacted regions in the
US have increased in recent years (NOAA, 2020). In the 2000-2020 period, the US
experienced 22 events designated as "billion-dollar droughts," which are drought events that
caused at least one billion USD in damages each year. Drought conditions are classified based
on the severity and duration of the drought. There are four categories of droughts—moderate,
severe, extreme, and exceptional based on the order of droughts' severity (Sharma et al., 2022).
These categories are based on various factors, including soil moisture content, rainfall deficit,
and vegetation health. Between 2000 and 2023, approximately 20-80% of the US land
experienced at least moderate drought and up to 25% extreme to exceptional drought (National
Drought Mitigation Center, 2023). The extent of the contiguous US experiencing moderate to
extreme drought is projected to increase throughout the 21 century (IPCC, 2014b; Mbow et
al.,2017). Between 2046 and 2065, the central and western regions of the US could experience
an increase in the frequency of droughts by 5-20% in the mid-century (2046—-2065 period) and
by 20-30% in the late century (2081-2100 period) compared to the baseline (19862005
period) (IPCC, 2014b; Gamelin et al., 2022). As droughts intensify, water sources such as
rivers, creeks, lakes, reservoirs, and wetlands may dry up faster than average, leading to water
shortages for natural cycling and human uses, such as households, businesses, agriculture, and

industrial activities.

While climate change is altering the terrestrial water cycle and budgets through
droughts and floods, urbanization is one of the variables driving both climate change and water
demand, with cities accounting for a home to >56% of the global population (He et al., 2021),

and >70% of global greenhouse gas emissions (Pee & Pan, 2022; Xian et al., 2022). The global



water demand is estimated to increase by 55% in the 2050s compared to the 2000s; most of
the increase is attributed to urbanization and associated infrastructure growth (UN, 2021).
Increased urban population growth and economic activities coupled with an increase in drought
events lead to reduced surface water flows and limited water availability in the already water-
depleted regions such as the Middle East, North Africa, South Asia, and many parts of North
America, including southwestern and southern US, prompting unstainable groundwater mining
(Naresh et al., 2021), heightened competition for water resources among various users and
sectors, such as agriculture, energy production, and municipal water supplies (Brown et al.,
2019), and increased cost of building new infrastructures and maintaining and upgrading

existing infrastructures (Leigh & Lee, 2019; McManamay et al., 2019; van Dijk et al., 2020).

In the US, groundwater depletion has become a critical issue impacting water resources
and ecosystems. One alarming example is the Central Valley in California, renowned for its
agricultural productivity. Since 2019, the rate of groundwater depletion in this region has
surpassed that of the previous two droughts by 31%, resulting in a total loss of approximately
4.4 km?® (~36 million acre-feet). To put this into perspective, it is equivalent to 1.3 times the
full water-storing capacity of Lake Mead, the largest reservoir in the US (Los-Angeles-Times,
2022). Similarly, the High Plains Aquifer, including areas in Texas, Kansas, Nebraska, and
Colorado, has faced depletion due to unsustainable pumping practices, with an estimated
decline of about 30% due to tens of thousands of wells actively pumping water from the
Ogallala Aquifer (Perez-Quesada et al., 2020). Over time, this extensive water extraction has
led to a significant depletion of the aquifer, with estimates indicating a reduction of around
50% in its water levels. In addition, in response to growing water demand, the construction of

new water infrastructure and systems is rising in many areas of the US, including investments



in water treatment and distribution, storage, and conservation. Many cities and towns struggle
with aging water distribution systems that exceed their intended lifespan. Studies indicate that
approximately 240,000 water main breaks occur each year in the US, resulting in the loss of
about 22.7 billion liters (~6 billion gallons) of treated water annually (Galan et al.,
2020). According to the American Water Works Association, replacing water pipes over the
next few decades to accommodate climate change and urbanization would cost up to one
trillion USD (AWWA, 2020). The USEPA estimates an expenditure of >744 billion USD over
the next decade on water infrastructure, including pipes, treatment plants, and wastewater

management facilities (USEPA, 2022).

The US population growth, particularly urban growth, amplifies the urgency of
addressing challenges associated with water resources. Between 2000 and 2022, the US
population increased from 281 million to 334 million, representing a significant growth of
18.9% (United States Census Bureau, 2022). This population growth exerts additional pressure
on water resources and infrastructure, necessitating proactive measures to meet the increasing
water demand and maintain the integrity of aging systems. The current urban water usage in
the US is approximately 1,219 billion liters (~322 billion gallons) per day, with around 27%
used for outdoor purposes such as irrigation and landscaping (USEPA, 2022). Nonetheless,
projections suggest that 2050 urban water usage could increase by 20 to 50% above the current

levels.

Water Resources and Climate Change in Texas
The Texas Water Development Board (TWDB) has projected that Texas population
will increase by 70% from 29 million to over 51 million between 2020 and 2070 (TWDB,

2022b). As a result, the state's water demand could rise by 22% from 22 billion liters (~5.8



billion gallons) per year in 2020 to over 27 billion gallons (~7.1 billion gallons) per year in
2070. Nearly one-third of this water demand is from urban areas. Texas has approximately
307,385 kilometers (~191,000 miles) of rivers and streams, with surface water contributing
60% of the total water supply. Additionally, nine major and 21 minor aquifers provide around
40% of the total water supply. However, Texas is still at risk of water scarcity, droughts, and
floods due to its growing population and the influence of climate change (Makarigakis &
Jimenez-Cisneros, 2019). In 2020, Texas faced a water shortage of 5.7 million liters (~1.5
million gallons). However, according to TWDB projections, this number is expected to
increase by approximately 87% to 11 million liters (~2.9 million gallons) of water shortage by
2070 (TWDB, 2022b). Therefore, the Texas Senate has recently allocated billions of USD in
water conservation, infrastructure development, and research to address these water challenges
and ensure a sustainable and resilient water supply for the state's growing demands

(Texastribune, 2023).

Climate change has affected and will continue to affect the availability of fresh water
in Texas. Between 1895 and 2022, the average rainfall and temperature are increasing, with
rainfall increasing by 5 mm (0.2 inches) per decade and temperature by 0.06°C per decade
(NOAA 2023). By 2036, Texas's average annual surface temperature is expected to be 1.66°C
(~3.0 °F) warmer than the 1950-1999 average. Similarly, the frequency of extreme rain events
by 2036 is estimated to rise 30-50% compared to 1950-1999 (Texas-Climate-Summaries,
2022). In 2011, Texas experienced its most severe single-year drought, resulting in agricultural
and livestock losses amounting to 7.6 billion USD, 301 million dead trees (equivalent to 6.2%
mortality statewide), and the depletion of numerous lakes and rivers (Nielsen-Gammon et al.,

2020). Besides surface water, the groundwater source, for example, the Edwards Aquifer in



Texas, is particularly susceptible to climate change due to its shallow depth and high karst
permeability; as a result, rapid surface-subsurface connections, considered important for
sustained baseflow in many rivers, may slow down (Kloesel et al., 2018). Studies estimated
that climate change could trigger a 1.5-3.5% increase in municipal water demand and a 31.3%
increase in agricultural irrigation demand, and a 20-30% decrease in groundwater recharge by
2090 in the Edwards region (Loaiciga & Schofield, 2019; Mace, 2019; Sharp Jr et al., 2019).
These changes could result in a flow reduction of 10—16% at Comal Springs, the largest spring
system in the southwestern US, by 2030 and 20-24% by 2090, leading to estimated regional

welfare losses of 2.2—6.8 million USD per year (Guerra & Debbage, 2021).

Over the past few years, the population of the Dallas-Fort Worth (DFW) Metroplex,
the largest metropolitan area in Texas, has experienced rapid growth, with a growth rate of
approximately 2.1% per year compared to a 1.5% annual growth rate in other regions (United
States Census Bureau (2022). As a result, the DFW metroplex has experienced a population
surge of about 25% since 2010. This rapid growth has substantially strained the region's
resources, particularly its water supply, as the water demand has increased faster than
anticipated. The DFW metroplex is projected to exceed 10 million people in the 2030s,
becoming the third-largest metropolitan area in the US, and will add 4 million more people by
2070. Unfortunately, this rapid population growth will only worsen the already-existing water
management challenges. As a result, the total water demand in the DFW region could increase
by 63% from 3.6 million liters (~0.95 million gallons) in 2020 to 5.7 million liters (~1.5 million
gallons) in 2070. Such increases in water demand will increase investment in constructing new
reservoirs and retrofitting, expanding or updating aging reservoirs in the region (TWDB,

2022a).



Texas has approximately 6,976 reservoirs, of which about 200 are designated for urban
and rural water needs (Little, 2005). The DFW region depends on 25 operational reservoirs,
with three additional reservoirs planned to meet future water demand (TWDB, 2022b). These
reservoirs support the water needs of the increasing population in different residential,
commercial, and industrial sectors. The DFW region has traditionally experienced high-water
demand due to its growing population and economic activities. However, recent efforts to
promote water conservation have led to a reduction in per capita water use. According to
TWDB, the DFW region's per capita water use was approximately 541 liters (143 gallons) per
day in 2020, which is lower than the state average of 587 liters (155 gallons) per day (TWDB,
2022b). Therefore, it is crucial to understand how these reservoirs are affected by projected

changes in future climatic conditions of the region.

The primary aim of this project is to model how projected changes in future climate
would alter water inflow into the Eagle Mountain Lake Reservoir in North Central Texas,
USA. To meet this primary objective, this study will develop a hydrological model of the
watershed that drains into the Eagle Mountain Reservoir, evaluate the performance of the
model using daily streamflow data measured and archived by the US Geological Survey
(USGS) at several gauge stations within the watershed and feed the model with different
climate change scenarios to quantify the associated effects in streamflow entering the reservoir.
This research potentially bridges the existing knowledge gap by quantifying any uncertainties
over the hydrological impacts of climate change on the Eagle Mountain Lake Reservoir and
providing insights into the appropriate climate change adaptive management strategies useful
for reservoir operators, regional water resource managers, concerned stakeholders, planners

and policymakers in the region



CHAPTER I

REVIEW OF LITERATURE

Several studies have employed hydrological models to study the impacts of climate
change on water quantity globally. For example, Erler et al. (2019) assessed the effects of
climate change on water resources in the Grand River Watershed, located in the Laurentian
Great Lakes region in southern Ontario, Canada. They analyzed high-resolution climate
projections from the Weather Research and Forecasting (WRF) model, which simulated
precipitation and temperature changes for fifty years (2050-2099). The authors integrated the
WRF model with an interactive lake model (FLake) to capture the effect of the Great Lakes on
the regional climate. Their simulations found that changes in summer precipitation enormously
impacted water availability and streamflow in the Grand River Watershed. Specifically, a 20%
reduction in projected summer precipitation led to a 10-15% decrease in streamflow for all
seasons except for the spring peak, which remained the same. Conversely, a 20% increase in
the projected summer precipitation led to a 10-15% increase in streamflow for all seasons

except for the spring peak (Erler et al., 2019).

The study conducted by Pokhrel et al. (2021) used ensemble hydrological simulations
to investigate the potential impact of climate change on terrestrial water storage (TWS).
Specifically, the study found that TWS could be reduced by 7-8% in the Southern Hemisphere,
the US, and southwestern Europe by the end of the 21 century, compared to a 3% reduction
during the 1976-2005 period. Edamo et al. (2022) examined the impact of climate change on
water availability in the Bilate catchment, Southern Ethiopia using projections from five
climate models for the baseline (1976-2005), the 2050s, and 2080s climate under two emission

scenarios by employing the Hydrologic Engineering Center of Hydrologic Modeling System

10



(HEC-HMS) model. The authors found an increase in projected temperature (1.1-1.3 °C in the
2050s and 2.2-2.5 °C in the 2080s) and precipitation (5—12% in the 2050s and 4-15% in the
2080s). In addition, they found an increase in the projected streamflow by up to 27% in the
2050s and 25% in the 2080s for all climate models. The study by Li and Fang (2021) assessed
the impact of climate change on streamflow in the Mun River Basin in Thailand using the soil
and assessment tool (SWAT) model. The study found that monthly average streamflow could
increase by 10.5-23.2% in the 2020-2093 period, mainly owing to the projected increase in
precipitation in the late century by 8.9-139.9%. On the other hand, Saade et al. (2021)
estimated a decrease in the average annual discharge of El Kalb River in Lebanon by 28 to
29% in the 2021-2040 period and by 23—45% in the 2081-2100 period owing to the projected
climate change with increased temperature (2.75°C) and decreased average annual rainfall
(~41%). Furthermore, Singson et al. (2023) estimated that the streamflow to Magat reservoir
in the Philippines would reduce (up to 19%) during dry years and increase (~19%) during wet
years due to broader variability in projected rainfall (-35.8% to +48.4%) and temperature (+

2.0°C to 2.5°C) in future as compared to the historical climate.

Several studies have investigated climate change's impacts on streamflow on US rivers
and creeks. For example, Naz et al. (2018) examined the effect of climate change on
streamflow events in 138 headwater subbasins located upstream of reservoirs across the
conterminous US (CONUS) under 97 Coupled Model Intercomparison Project Phase 5 (CMIP-
5) Global Climate Models (GCMs) under four Representative Concentration Pathways
(RCPs)— 2.6, 4.5, 6.0, and 8.5 using Variable Infiltration Capacity (VIC) hydrologic model.
Their findings indicated an increase in streamflow by an average of 4.5% (2011-2050)

compared to the baseline period (1966-2005). However, the majority of subbasins located

11



upstream of flood control reservoirs in the central US could experience a significant rise in
high streamflow of up to 44%, while subbasins situated upstream of hydropower reservoirs in
the western US could experience a decrease of 11% in low streamflow. By the mid-21*
century, the model projections indicate that the average temperature in the CONUS is expected
to increase by 0.5-2.0°C compared to the baseline period of 1966—2005 and projected increase
in winter precipitation by up to 20%, and overall precipitation projected to remain constant or
slightly decrease (Naz et al., 2018). Another study in the middle Rio Grande basin in central
New Mexico considered 97 future climate scenarios to assess reservoir operations regarding
storage and release and found an 11.4% decline in yearly reservoir release volume in the 2021—
2070 period compared to the historical period (1971-2020). This decline in annual reservoir
release is associated with a projected rise in temperature by 1.7°C and a drop in annual rainfall
by 2 mm (Holmes et al., 2022). Sunde et al. (2017) found reductions in annual streamflow
(5.9-26.8%) for the 2040-2069 period in the Hinkson Creek watershed, Missouri, under two
CMIPS climate models which projected change in rainfall by +£7.6% and increase in average

temperature by 0.5-6.6°C.

Several SWAT-based studies indicate varying impacts of climate change on water
resources in the US. For example, Ercan et al. (2020) assessed the impact of climate change
on the water balance of the Upper Neuse Watershed in North Carolina, which serves as a
critical water source for more than 1.5 million people. The authors reported decreased
evapotranspiration (5.5-7.6%), leading to increased water yield (25.1-33.2%) in the watershed
due to an increase in projected rainfall (7.7-9.8%). The study findings indicated an increase in
precipitation of 7.7% from the baseline period (1961-2000) to the mid-century period (2046—

2065), and by 9.8% between the baseline and end-century (2081-2099). During the same

12



periods, evapotranspiration (ET) is projected to decrease by 5.5% and 7.6%, while water yield
is expected to increase by 25.1% and 33.2%. On the other hand, under the higher emission
scenario, the model results reveal significant seasonal differences. ET is estimated to decrease
by up to 42%, and water yield to increase by up to 157% during late summer and fall (Ercan
et al., 2020). Borchardt and Choi (2023) simulated the cumulative impact of climate change
and high-capacity well pumping on groundwater levels and streamflow in Northeastern
Wisconsin using an integrated SWAT-MODFLOW modeling platform. They estimated that a
5% increase in annual precipitation would lead to a 16.7% increase in groundwater recharge
and a 14.1% increase in streamflow. However, the projected increase in average yearly
temperature by approximately 3°C would result in a net deficit in streamflow (-23.4%) and

groundwater recharge (-19.6%) in Northeastern Wisconsin.

Tefera and Ray (2023) assessed the impact of future climate change scenarios on
hydrology and hydrological extremes using SWAT in the Bosque watershed, North-Central
Texas. The simulations revealed a decrease (up to 9.1%) or increase (up to 4.9%) in
precipitation and a consistent increase in maximum temperature ranging from 0.34°C to
4.10°C, and minimum temperature ranging from -0.15°C to 3.7°C, in different climate model
simulations. These projected rainfall and temperature changes from 2031 to 2099 could
decrease the mean annual streamflow by up to 89%. Using SWAT, Chen et al. (2021) assessed
the impact of climate change on water footprints and crop production in the Palo Duro
watershed of the Texas High Plains. The study utilized climate projections from 11 GCMs
under four emission scenarios of RCP 2.6, 4.5, 6.0, and 8.5 for mid-century (2040-2069) and
late-century (2070-2099). The study found that all 11 GCMs predicted reductions in future

irrigation by 63%, crop evapotranspiration by 34%, and crop yields by 13% for irrigated
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summer crops of corn and sorghum under RCP 8.5 compared to the baseline period of 1970—

1999.

CHAPTER 111
METHODOLOGY

Study Area

Zhang et al. (2020) highlight that Eagle Mountain Lake, one of the water-supply
reservoirs and recreational areas in the DFW metroplex, faces a significant challenge in
meeting water demand from the growing population and major water-intensive industries in
the DFW metroplex. Furthermore, Melosi (2021) noted that conflicts have arisen among
stakeholders, such as cities, industries, and farmers, over the allocation of shrinking water
resources amid increased needs. Despite the potential impacts of climate change affecting
water resources in the region, to the best of our knowledge, no scientific research has

investigated potential climate change's effects on the hydrology of Eagle Mountain Lake.

The lake is situated at the lowest elevation of the Upper West Fork Trinity watershed
(Figure 3.1), a fourth-level sub-basin with an 8-digit Hydrologic Unit Code (HUC) of
12030101. The watershed covers an area of 3,547 km? (~1,370 mi?) and exhibits an average

elevation of 255 meters (ranging from 456 meters upstream to 201 meters downstream),
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flowing towards Eagle Mountain Lake. As of 2021, approximately 37,000 individuals reside
within the watershed (West-Fork-Demographics, 2021). The USGS measures the streamflow
in the Upper West Fork Watershed at four gauging stations (Figure 1). The current dominant
land uses/land covers in the watershed are pasture/agriculture (65%), forest (18%), urban (9%),
and other land uses (8%) (Bariamis & Baltas, 2021). The watershed has a humid subtropical
climate, with hot summers and mild winters as per the Koppen-Geiger climate classification
(Beck et al., 2018). The long-term average annual temperature ranges from 16.7°C to 18.3°C,
and the average annual precipitation is approximately 508 mm (~20 inches). The Tarrant
Regional Water District (TRWD) regularly monitors the lake's water level. As of March, 2024,
it was reported to be approximately 196.3 m (~644 ft) above the mean sea level (AMSL), which
is 77% of the reservoir capacity. However, the reservoir has fluctuated between 194.5 m to
200.2 m AMSL between 1990 to 2024. During the 2010 — 2015 drought period in Texas, the
reservoir was hovering at 50% capacity (Chauhan et al., 2020; TRWD, 2023); Texas Water

Development Board [TWDB], n.d.).
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Figure 3.1 The Upper West Fork Trinity Watershed with major land cover and streamflow stations

The Eagle Mountain reservoir plays a crucial role as a water supply source for the
Region C area (Figure 3.2), one of the 16 regional water planning groups in Texas, comprising
16 counties. TWDB and TRWD oversee the management of the region's water supply needs,
ensuring a reliable and sustainable water source to support the area's growing population and
economy. TRWD (2023) reported that Eagle Mountain Lake provides drinking water to over
400,000 residents in North Texas and accounts for approximately 5% of the total water supply
for the region. In addition to its significance as a water supply source, the lake is a popular
recreational destination for activities such as fishing, boating, and other water sports generating

an estimated annual revenue of 1.7 million USD (Eagle-Mountain-Revenue, 2022).
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Figure 3.2 Eagle Mountain Lake located in Region C (black circle in the map), North Texas area (Source:
TWDB, 2022b; Eagle-Mountain-guide, 2017).

A hydrological model of the study area was developed using the Soil and Water
Assessment Tool (SWAT) modeling platform. SWAT is one of the most popularly used
hydrological models developed by Arnold et al. (1998). The SWAT model is a semi-
distributed, physically based model used to simulate the effects of various land use, climate,
and management practices on the water balance of a watershed. It considers the interactions
between various hydrological cycle components, including precipitation, evaporation,
infiltration, and runoff (Rossetto et al., 2019). This model provides a detailed representation of
the water balance at a watershed scale, making it a valuable tool for researchers and water
resource managers. The model comprises several modules representing different processes
such as infiltration, sub-surface flow, surface runoff, groundwater recharge, and crop growth.

It also includes customizable databases of weather, soil, and land use information to represent
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specific watersheds (Kang et al., 2022; Zhang et al., 2022). In addition, the model can run on
a daily or sub-daily time step and simulate long-term water quality and quantity changes under
different land management and climate scenarios. Using historical and projected climate data,
the model can estimate the impacts of climate change on water resources, including changes
in streamflow, groundwater recharge, and water quality (Zhao et al., 2022). The SWAT
modeling platform is integrated within a geographic information system (GIS), which enables
the incorporation of different geospatial data such as soil, land cover, climate, and topographic

features. It is available as a plugin to the ArcGIS interface called ArcSWAT.

The watershed water balance is the key driving force behind all watershed processes in
SWAT (Mishra et al., 2017). The water balance in any modeled watershed involves
determining the volume of water entering the watershed and tracking the water flow to its
destination or outlets. The water balance equation (Eq. 1) represents the hydrologic cycle in
the SWAT model, considering the surface and sub-surface hydrology above the impermeable

layer as a single unit.

t
SWy = SWp + Z(Pday - qurf —ET, — VVseep

t=1

- ng) (1)

Where SW; = final soil water content; SW) = initial soil water content; P4, = amount of
precipitation per day; Os.s = surface runoff daily; £7, = amount of evapotranspiration daily;

Wseep = quantity of water seeping into the soil; Qg = amount of return flow per day.
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Watershed Data for SWAT Model

In developing the SWAT-based hydrological model for this research, acquiring and

preparing essential data is important. Various datasets, including the digital elevation model

(DEM), a land-use map, a soil map, and weather variables, were required to construct the

model. Table 3.1 presented below, enumerates the data that was gathered and utilized in the

construction of the SWAT-based model for the study watershed.

Table 3.1. Input data and their sources for developing the hydrological model of the

watershed

Data type Description Resolution Source

Topography | Based on the Digital 10 meters The United States

and slope Elevation Model (DEM) Geological Survey (USGS)

Land use and | Land-use classification 30 meters National Land Cover

land cover Dataset from USGS

Soil Gridded Soil Survey County-level, The United States
Geographic (gSSURGO) | reclassified to | Department of Agriculture
database 30 meters (USDA)

Climate Daily precipitation, Daily The National Oceanic and

minimum temperature,
and maximum
temperature for seven

stations

Atmospheric
Administration (NOAA)

and PRISM climate group
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Topographic Information

A 10-meter digital elevation model (DEM) was acquired from the United States Geological
Survey. The downloaded DEM had a larger coverage than the study watershed. Consequently,
additional processing was necessary, including the application of a 5-kilometer buffer and
cropping to the watershed extent using geoprocessing tools in ArcGIS Pro. These operations
were performed using a shapefile representing the Upper West Fork watershed. Figure 3.1
illustrates the resulting elevation variations (180.56 m to 463.60 m) within the watershed, with
dark orange/red representing higher elevations and yellow to dark green indicating medium to

lower elevations.

Elevation (m)
" 463.62 0 510 20Km

i 180.561 |

Figure 3.3. Elevation gradient in the study watershed
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Land Use and Land Cover

Land use data was obtained from the land-use crop layer of year 2016 (USDA-National
Agricultural Statistics Cropland Data Layer, 2016). The NLCD comprised of 16 land classes
based on a modified Anderson Level II classification system (Homer et al., 2020). For the
specific objectives of the study, the NLCD dataset was refined. The initial sixteen land clasess
were combined into a more concise set of eight broader categories. This consolidation was
accomplished by merging related and smaller land areas (for example, evergreen and
deciduous forests were combined into one forest class) to ensure that the reclassified categories
better aligned with the actual land cover within the watershed. The resulting eight classes are
as follows: agricultural land, barren land, forests, urban areas, grass/pasture, wetlands, open

water bodies, and shrubland.

Soil Data

Soil information within the watershed was sourced from the soil survey geographic database—
SSURGO (USDA, 2020). The SSURGO datasets contain a comprehensive collection of map
data and information about soil properties. These datasets are created for specific soil survey
areas, such as a single county or parts of multiple counties. The maps in SSURGO have
different scales, ranging from 1:12,000 to 1:63,360. Larger scales provide more detailed
information. The primary goal of SSURGO mapping is to support natural resource planning
and management for landowners, townships, and counties. Understanding the nuances of soil
data and map scales is important to avoid misunderstandings. The maps in the database are
linked to details about the component soils and their properties for each map unit. Each map
unit typically contains one to three major and several minor components. Soils are categorized

into four hydrologic soil groups based on their ability to infiltrate water (Table 3.2). Hydrologic
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soil groups are essential for hydrological modeling, as they provide a simplified method to

estimate a soil's potential for runoff and infiltration. Hydrological models such as SWAT

simulate water movement through a watershed, including infiltration into the soil, surface

runoff, and groundwater recharge. Infiltration capacity is critical in determining how much

water can seep into the ground and how much will flow over the surface as runoff.

Table 3.2. Description of Hydrologic Soil Groups (HSG) (USDA, 2020)

Hydrologic Soil Texture Runoff Remarks
Soil Groups Potential &

infiltration

rates (cm/hr)

A Sand, loamy sand, or Sandy Low (>7.6) High rate of water
loam: deep, well-drained infiltration; useful in
sands and gravel flood control and aquifer

recharge; infiltration
rates (>7.6 cm/hr)

B Silt loam or loam: moderately | Moderate (3.8 | Moderate rate of water
deep, well-drained with to 7.6) infiltration; balance
moderately fine to coarse between infiltration and
textures runoff; infiltration rates

(3.8 to 7.6 cm/hr)
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C Sandy clay loam, shallow Moderate (1.3 | Moderate rate of water
sandy loam, soils with to 3.8) infiltration; increased
moderately fine to fine surface runoff potential;
textures infiltration rates (1.3 to

3.8 cm/hr)

D Clay loam, silty clay loam, High (<1.3) Low rate of water
sandy clay, clay soils that infiltration; increased
swell significantly when wet, risk of flooding and
heavy plastic and soils with a erosion; infiltration rates
permanent high-water table (<1.3 cm/hr)

Climate Data

Climatic data, including average daily precipitation, average daily minimum temperature, and
average daily maximum temperature, for the watershed were obtained for seven weather
stations (Figure 3.1) detailed in Table 3.3, accessible through NOAA's climate data online
portal (NOAA, 2020) and the PRISM Climate Group. A selection process was undertaken to
identify these seven weather stations based on criteria such as daily data availability within the
watershed, data availability for a time span of at least 30 years of model simulation (from 1990
to 2022), and sufficient data coverage (e.g., continuous data or no data gaps). The objective of
this selection was to identify stations representing the climatic conditions of the watershed,
and capable of providing comprehensive and reliable climate data to facilitate the analysis and

assessment of climate patterns and trends within the study area. The data collected from these
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seven weather stations underwent conversion into the SWAT-acceptable data format and were

subsequently integrated into the model.

Table 3.3. Climate Stations used in the Upper West Fork Watershed Model

Station Name Latitude Longitude Source
Alvord, TX 33.39 -97.72
Boyd, TX 33.08 -97.56
Bridgeport, TX 33.10 -97.92
NOAA
Markley, TX 33.35 -98.48
Newport, TX 33.45 -98.02
Prism 1 33.34 -98.19
Prism 2 33.20 -98.02 PRISM Climate Group

Streamflow Data

Streamflow data for 1990 through 2022 within the watershed were obtained from the five
USGS stations located in the watershed (Table 3.4). These USGS streamflow gaging stations
represent different drainage areas of the watershed, as represented by sub-basins in the SWAT
model (Table 3.4). While SWAT does not use these streamflow data as input in calculations,

these datasets are used for calibrating and validating the model by comparing SWAT simulated
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and USGS observed values. Depending on the availability, the streamflow data of varying
lengths were used for model calibration and validation at different USGS gaging locations

(Table 3.4). Of the five gaging stations, the station near Boyd, Texas (USGS 08044500)

represents the majority of the watershed and it feeds the Eagle Mountain Reservoir.

Table 3.4. Streamflow gauge stations used in the Upper West Fork Watershed model

Station Station Latitude | Longitude | Drainage | Data Sub-basins
ID Name area availability | draining to
(km?) Period the gaging
Station
USGS W Fk 33.29 -98.07 1,770 19562023 | 1,2,3,4,7,
08042800 | Trinity Rv streamflow | 8,9, 10, 11
nr
Jacksboro,
TX
USGS Big Sandy | 33.23 -97.69 862 19362023 | 5,6, 15
08044000 | Ck nr streamflow
Bridgeport,
TX
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USGS Bridgeport | 33.22 -97.83 2,878 2000-2023 | 16
08043000 | Res abv (reservoir)
Bridgeport, 10 (1, 2, 3,
TX 4,7,8,9,
11), 12, 13,
14,17, 18
USGS W Fk 33.08 -97.55 4,462 1947-2023 | 22
08044500 | Trinity Rv streamflow | (main inlet
nr Boyd, to Eagle
X Mountain
Reservoir)
19,20,21,23,
15,5, 6, 16,
10,1, 2, 3, 4,
7,8,9,11,
12, 13, 14,
17,18
USGS Walnut Ck | 32.94 -97.58 196 1995-2023 | 24 (small
08044800 | at Reno, sub-basin
X feeding into

the Eagle
Mountain

Reservoir)
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Note: Eagle Mountain Reservoir above Fort Worth, TX (USGS 08045000) and Bridgeport
Reservoir above Bridgeport, TX (USGS 08043000) possess data related to the storage and
elevation of the reservoirs. Additionally, the streamflow data for Big Sandy Creek near
Bridgeport, TX (USGS 08044000), exhibits a gap, specifically from September 30, 1995, to

September 30, 2004, where the data is missing.

SWAT Model Setup

The SWAT model setup for this study involved using ArcSWAT, an ArcGIS-ArcView
extension and interface, to facilitate model simulations of all the processes within the SWAT.
The version of the ArcSWAT was 2012.10.8.26, which is compatible with ArcGIS 10.8, and

loaded with SWAT executable 687 (https://swat.tamu.edu/software/arcswat/). The model

setup process is illustrated in Figure 4.3, which depicts a flowchart of the SWAT model

providing a visual representation of input integration and simulation output.
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Figure 3.4. Flowchart illustrating the research methodology employed to assess the impacts of
climate change on the study watershed hydrology using soil and water assessment tool

(SWAT).

Watershed Delineation

The initial step in the process involved delineating the study watershed and dividing it into
multiple sub-basins. This delineation process considered various topographic parameters,
including overland slope, slope length, flow direction, and rate of flow for each sub-basin
(Swain et al., 2022). To achieve this, a 10-meter Digital Elevation Model (DEM) was uploaded

in ArcSWAT interface with the projection of NAD 1983 UTM_ Zone 16N. In the DEM
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setup, flow direction and flow accumulation were determined, with numerous DEM pixels or
cells set within the range of the watershed area. After adding the minimum drainage area in-
stream definition, the stream network within the watershed was created along with junctions
or pouring points or confluence of those stream segments and stream network attributes (e.g.,
river segment length, width, depth, slope, etc.). This process led to creating 25 distinct sub-

basins for the entire study watershed, as illustrated in Figure 3.1.

Hydrological Response Unit processing

After delineating the watershed, the next step in SWAT is to process the Hydrologic Response
Units (HRUs), which are the unique combinations of homogeneous land-use class, soil types,
and slope classes. The delineation of HRUs was based on the overlay of three map layers:
LULC map, soil types, and slope classes within each sub-basin. In this step, the LULC map
and soil data were loaded. The loaded land use data was 100% overlapped with the DEM
(Figure 3.4) to ensure that there are no missing land classes while generating HRUs. A report
detailing the percentage of each land use type was generated. The reclassified land cover types
for the study watershed model included pasture and agriculture (65%), forest (18%), urban

(9%), and other land uses (8%).
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Figure 3.4. Reclassified land use and land cover types in the study watershed

Next, the soil map was overlapped with the DEM and land map by 100% with the study

watershed (Figure 3.5). The SWAT model accepts three types of soil data, which are SSURGO,

STATSGO and User defined soil types. SSURGO soil data was used for this study.
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Figure 3.5. Soil hydrologic groups in the study watershed

The next step in the HRU definition process involved introducing slope classes. Slope
classification is important to understand the interaction of water with the land surface. SWAT
considers slope class in defining water flow velocity in streams, simulating water movement
within the channel network, and estimating soil erosion and sediment yield. For this study, the
three slope classes were used: slope <2%, slope 2 — 5%, and slope >5% (Figure 3.6). The land

use map, soil map, and slope map were overlaid to create 2,118 HRUs for the study watershed.
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Figure 3.6. Slope classes in percentage in the study watershed

Writing Input Data Table

The subsequent step in the SWAT model involved loading the weather data, which comprises
essential climatic variables such as daily precipitation, maximum/minimum temperature,
relative humidity, solar radiation, and wind speed depending on data availability and the type
of evapotranspiration method used. Climate data plays a crucial role in SWAT analysis as it
influences energy and moisture, regulating the water balance of the watershed (Neitsch et al.,
2011; Nyatuame et al., 2020). These data can be sourced by users from historical records or
generated using the weather generator integrated into SWAT. The weather generator function
in ArcSWAT proves invaluable for filling in missing data or generating information for
variables not directly measured in the watershed. Users have two options for utilizing weather

data: they can either load observed data from specific meteorological stations within the
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watershed or use the synthetic climate data from the inbuilt weather generator. For this study,
daily precipitation and daily maximum temperature, and daily minimum temperature data

spanning from 1990 to 2022 (Table 3.3) were used.

SWAT Model Run

The SWAT model was run daily for a 33-year period (1990 — 2022). A three-year model warm-
up period (NYSKIP) was incorporated into the model setup, allowing the simulation period to
commence from 1993. This initial three-year model warm-up period provides the model with
the necessary time to establish a consistent streamflow for the 30-year period of interest,
ensuring model equilibrium and minimizing the impact of initial conditions on the model
output. Following the warm-up period, the SWAT model was configured and made ready for
execution (Figure 3.7). The next step involved running the model, which produced output
tables encompassing different processes at the HRU, sub-basin, and the watershed or basin
levels. The SWAT model outputs represent water quantity, water quality, and plant biomass at
HRU, sub-basin, or the basin level. The SWAT output files were saved as text files and MS

Access tables.
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Figure 3.7. SWAT model simulation setup

SWAT Model Calibration, Validation, and Sensitivity Analysis

Calibration and validation are fundamental steps in the development and application of
hydrological models, playing a crucial role in ensuring the accuracy and precision of model
predictions. Calibration involves adjusting specific parameters within the model to optimize
the agreement between simulated outputs and observed data. Validation, on the other hand,
verifies the suitability of the calibrated model parameters for different time periods by
reproducing measured observations. These processes are essential to the credibility and
reliability of hydrological modeling outcomes. SWAT-CUP Premium tool developed by
Abbaspour et al. (2015) was employed for the calibration and validation of this model. SWAT-
CUP Premium is a software program designed to calibrate, validate, and enhance SWAT
analysis results using various algorithms such as Swat Parameter Estimator (SPE), generalized
likelihood uncertainty estimation (GLUE), sequential uncertainty fitting (SUFI-2), parameter

solution (ParaSol), and Markov chain Monte Carlo (MCMC) (Kim et al., 2022). In this study,
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the SPE method, specifically employing "stochastic calibration," was utilized. SPE is a
powerful algorithm capable of addressing uncertainties in the model calibration process.
Unlike traditional calibration methods, SPE recognizes and quantifies errors and uncertainties,
acknowledging that calibration devoid of considering uncertainty can lead to misleading
results. The incorporation of SPE ensures a more robust and meaningful calibration process

(Badora et al., 2022; Vagheei et al., 2022).

The initial step in calibrating the watershed model using SWAT-CUP Premium is to identify
sensitive parameters. In this case, we selected 22 parameters for model calibration (as shown
in Table 3.4). These particular parameters were chosen following an extensive review of
relevant literature on SWAT-CUP calibration (Hosseini & Khaleghi, 2020; Malik et al., 2022;
Singh et al., 2013; Yu et al., 2020; Yuan & Forshay, 2022). These studies highlighted these
parameters as crucial for hydrological modeling within the context of SWAT. Six sub-basins
(10, 15, 22, 24, 25, 16), as depicted in Table 3.2, are interconnected, draining into each other.
Calibration was conducted separately for each sub-basin to enhance the accuracy of estimating

the streamflow entering the Eagle Mountain Lake reservoir.

A multiple regression method with Latin hypercube samples was used to measure the
sensitivities of various parameters with respect to the objective function. This global sensitivity
analysis was carried out utilizing the specialized capabilities of the SWAT-CUP Premium
(Abbaspour et al. in 2007). Statistical measures such as the t-test and p-value were used to
ascertain the significance of parameter sensitivity. These tests provide valuable insights into
the influence of each parameter on the model's performance (Ben Saad et al., 2023). In the
process of parameter ranking based on sensitivity, the parameters exhibiting high sensitivity

are characterized by both high absolute t-statistics, whether positive or negative, and the lowest
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p-values. A substantial positive t-statistic signifies a parameter's positive impact on the model

output, while a significant negative t-statistic indicates its negative impact (de Oliveira Serrao

et al., 2022). Concurrently, a lower p-value underscores the parameter's enhanced significance,

emphasizing its profound influence on the model (Khalid et al., 2016). By referring to Table

3.4, which presents our parameter sensitivity findings, we identified five distinct parameters

that emerge as the most sensitive. These parameters include CN2, ESCO, GW_REVAP, and

GW _DELAY. Their prominence in the ranking underscores their substantial influence on the

model's performance and highlights their pivotal role in shaping the model outcomes.

Table 3.5. A list of model parameters and their sensitivities to streamflow in the study

watershed

Parameter Name t-Stat P-Value Ranking
r__CH_Sl.sub 1,2,3,4,7,8,9,10,11 -0.087 0.931 22
v__ GWHT.gw 1,2,3,4,7,8,9,10,11 -0.165 0.869 21
v__CH_NZ2.rte 1,2,3,4,7,8,9,10,11 -0.191 0.849 20
v__ DEEPST.gw 1,2,3,4,7,8,9,10,11 -0.253 0.800 19
v__RCHRG_DP.gw 1,2,3,4,7,8,9,10,11 | 0.274 0.784 18
r__HRU_SLP.hru 1,2,3,4,7,8,9,10,11 -0.385 0.700 17
v__ CH_Kl.sub 1,2,3,4,7,8,9,10,11 0.392 0.695 16
v__CH_N1.sub 1,2,3,4,7,8,9,10,11 -0.398 0.691 15
r__OV_N.hru 1,2,3,4,7,8,9,10,11 -0.413 0.680 14
v__ GWQMN.gw 1,2,3,4,7,8,9,10,11 -0.466 0.641 13
r__SLSUBBSN.hru 1,2,3,4,7,8,9,10,11 0.786 0.433 12
v__ SURLAG.hru 1,2,3,4,7,8,9,10,11 1.009 0.314 11
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r_ CH_K2.rte 1,2,3,4,7,8,9,10,11 -1.260 0.208 10
v__REVAPMN.gw 1,2,3,4,7,8,9,10,11 1.301 0.194 9
v__ SHALLST.gw 1,2,3,4,7,8,9,10,11 -1.339 0.181 8
v__ALPHA_BF.gw 1,2,3,4,7,8,9,10,11 | -1.484 0.139 7
v__ALPHA BNK.rte 1,2,3,4,7,8,9,10,11 | 1.558 0.120 6
v__EPCO.hru 1,2,3,4,7,8,9,10,11 1.755 0.080 5
v__ GW_DELAY .gw 1,2,3,4,7,8,9,10,11 | -2.006 0.045 4
v__ GW_REVAP.gw 1,2,3,4,7,8,9,10,11 | 2.695 0.007 3
v__ESCO.hru 1,2,3,4,7,8,9,10,11 -7.530 0.000 2
r__ CN2.mgt 1,2,3,4,7,8,9,10,11 -30.537 0.000 1

Sub-basin 10

Following the sensitivity analysis that identified 22 key parameters, the model underwent
calibration using monthly observed streamflow data over an 18-year period (1990-2007) for
the Sub-basin 10-West Fork Trinity River near Jacksboro, TX (USGS #08042800). The
calibration phase, which included a 3-year warm-up period from 1990 to 1992, aimed to
optimize the model's performance. Subsequently, the calibrated model was validated using
data spanning from 2005 to 2022, incorporating a warm-up period of 3 years from 2005 to
2007. To fine-tune the model further, SWAT-CUP was employed with absolute initial values
(Table 3.5). The SWAT-CUP iteratively executed 500 simulations, each time providing new
minimum and maximum parameter values. There were four iterations with 500 simulations in
each iteration. This allowed users to observe and adjust the evolving parameter range based on
suggested values in each iteration. The iterative process continued until a satisfactory

parameter range (fitted value) was achieved. To expedite the calibration process, a parallel
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processing module was employed. The validation phase followed a similar procedure, utilizing

the already calibrated parameters without the need for further iterations, as each iteration

encompassed a complete calibration process with 2,000 simulations. It is important to note that

the flow of sub-basin 10 was influenced by contributions from eight adjacent sub-basins (1, 2,

3,4,7,8,9, and 11) (Table 3.2).

Table 3.6. Calibrated parameters for the West Fork Trinity River near Jacksboro, Texas (Sub-

basin 10)
Parameters Fitted value Minimum value Maximum value
V_SHALLST.gw 804.839 534.000 1895.000
V_ DEEPST.gw 6923.600 3364.000 7764.000
V__GW_DELAY.gw | 85.628 9.800 127.000
V__ ALPHA BF.gw 0.264 0.000 0.290
V__ GWQMN.gw 618.460 0.000 2140.000
V__ GW_REVAP.gw 0.133 0.100 0.150
V__ REVAPMN.gw 592.336 501.000 893.000
V__ RCHRG DP.gw 0.022 0.000 0.230
V__ GWHT.gw 24.459 20.000 33.000
R CN2.mgt -0.155 -0.220 -0.040
V__CH N2.te 0.026 0.000 0.100
R_CH_K2.rte 0.253 0.086 0.270
V__ALPHA BNK.ute | 0.439 0.210 0.490
R__SLSUBBSN.hru 0.219 0.060 0.260
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R__HRU SLP.hru 0.118 -0.070 0.240
R_ OV N.hru 0.064 0.057 0.190
V__ESCO.hru 0.135 0.000 0.200
V__EPCO.hru 0.528 0.320 0.640
V__SURLAG.hru 9.529 6.200 13.180
R__CH Sl.sub -0.344 -0.550 -0.300
V__CH Kl.sub 3.021 1.760 3.430
V__CH NL.sub 0.026 0.024 0.045

The SWAT-CUP process relies on a parameter identifier to derive adjusted values for fitted
parameters. In this context, parameters labeled with "R " indicate that an existing parameter
value is to be multiplied by (1 + a fitted value), "V__ " signifies that the existing parameter
value is to be replaced by the fitted value, and "A " implies that the fitted value is to be added
to the existing parameter value. For example, referring to Table 3.5, the final CN2 value in the
study watershed was adjusted to -0.155, i.e., the default CN2 value was multiplied by 0.845

(1-0.155).

Sub-basin 15

The sub-basin 15 is drained by sub-basins 5 and 6. The calibration process for sub-basin 15
spanned a 12-year period from 2002 to 2013, with a 3-year warm-up phase from 2002 to 2004.
Subsequently, the calibrated model underwent validation from 2011 to 2022, encompassing a
warm-up period of 3 years from 2011 to 2013. Table 3.7 presents the parameters, fitted values,

and the corresponding minimum and maximum values obtained from 2000 simulations.
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Table 3.7. Calibrated parameters for the Big Sandy Creek near Bridgeport, Texas (Sub-basin

15)
Parameters Fitted value Minimum value Maximum value
V_SHALLST.gw 2278.235 1886.000 2879.000
V_ DEEPST.gw 6471.060 5146.000 9326.000
V__ GW_DELAY.gw 1.000 0.000 75.000
V__ ALPHA BF.gw 0.643 0.300 0.820
V__ GWQMN.gw 3917.601 2925.000 4062.000
V__ GW_REVAP.gw 0.141 0.100 0.160
V__ REVAPMN.gw 727.763 509.000 836.000
V__ RCHRG DP.gw 0.101 0.060 0.260
V__ GWHT.gw 18.451 10.900 19.650
R CN2.mgt -0.249 -0.270 -0.100
V__ CH N2.te 0.044 0.000 0.090
R_CH K2.rte -0.305 -0.340 -0.160
V__ALPHA BNK.te | 0.050 -0.210 0.220
R__ SLSUBBSN.hru 0.133 -0.016 0.160
R__HRU_SLP.hru 0.263 0.130 0.340
R OV _Nhru 0.167 -0.090 0.360
V__ESCO.hru 0.728 0.480 0.820
V__EPCO.hru 0.321 0.180 0.450
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V__SURLAG.hru 23.195 19.000 24.000
R__CH Sl.sub -0.258 -0.260 0.050
V__CH Kl.sub 1.07 1.00 2.10
V__CH Nl.sub 0.05 0.04 0.06

Sub-basin 22

Sub-basin 22 serves as the primary inlet to the Eagle Mountain Lake reservoir. Calibration

process for this specific sub-basin extended over an 18-year timeframe from 1990 to 2007,

including a 3-year warm up from 1990 to 1992 for acclimatization. Validation process was

carried out from 2005 to 2022, featuring a 3-year warm up from 2005 to 2007. Table 3.8

exhibits the parameters, their adjusted values, and the associated minimum and maximum

values derived from 2,000 simulations.

Table 3.8. Calibrated parameters for the West Fork Trinity River near Boyd, Texas (Sub-

basin 22)
Parameters Fitted value Minimum value Maximum value
V_SHALLST.gw 4474.250 3598.000 5000.000
V__ DEEPST.gw 4620.083 3464.000 6347.000
V__ GW_DELAY.gw | 638.950 440.000 670.000
V__ALPHA BF.gw 0.580 0.370 0.690
V__ GWQMN.gw 1685.774 628.000 1802.000
V__ GW_REVAP.gw 0.152 0.140 0.180
V__ REVAPMN.gw 84.995 38.000 279.000
V__RCHRG DP.gw 0.559 0.370 0.640
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V_GWHT.gw 18.130 14.000 24.000
R__CN2.mgt -0.021 -0.080 0.120
V__CH N2.rte 0.254 0.150 0.280
R__CH K2.rte 0.100 0.026 0.260
V__ALPHA BNK.rte | 0.692 0.460 0.770
R_SLSUBBSN.hru | 0.021 -0.100 0.100
R_HRU SLP.hru 0.112 -0.300 0.008
R_ OV N.hru 0.100 0.090 0.210
V__ESCO.hru 0.695 0.580 0.960
V__EPCO.hru 0.895 0.820 1.000
V_SURLAG.hru 8.232 2.800 8.500
R_CH Sl.sub -0.034 -0.040 0.090
V__CH Kl.sub 4477 2.370 4.600
V__CH NL.sub 0.014 0.010 0.030

Sub-basin 24

Table 3.9 provides the parameters, fitted values, and corresponding minimum and maximum
parameter values derived from 2,000 simulations conducted over 4 iterations. The calibration
of sub-basin 15 (Walnut Creek at Reno, Texas) extended over a 17-year period from 1993 to
2009, including a 3-year warm-up phase from 1993 to 1995. Following calibration, the model

was validated from 2007 to 2022, incorporating a warm-up period from 2007 to 2009.
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Table 3.9 Calibrated parameters for the Walnut Creek at Reno, Texas (Sub-basin 24)

Parameters Fitted Value Min_value Max_value
V_SHALLST.gw 4491.414 4194.000 5000.000
V__ DEEPST.gw 9688.570 7154.000 9808.000
V__ GW_DELAY.gw 169.445 103.000 240.000
V__ ALPHA BF.gw 0.311 0.110 0.340
V__ GWQMN.gw 3863.354 2963.000 4321.000
V__GW_REVAP.gw 0.127 0.120 0.200
V__ REVAPMN.gw 842.300 587.000 863.000
V__ RCHRG DP.gw 0.159 0.000 0.180
V__ GWHT.gw 3.823 1.300 7.500

R CN2.mgt 0.006 -0.030 0.120
V__ CH N2.te 0.173 0.079 0.180
R_CH K2.rte 0.102 -0.100 0.120
V__ALPHA BNK.te | 0.644 0.530 0.840
R__ SLSUBBSN.hru 0.333 0.030 0.400

R _HRU SLP.hru -0.002 -0.310 0.040
ROV _N.hru -0.357 -0.370 -0.200
V__ESCO.hru 0.636 0.620 0.840
V__EPCO.hru 0.893 0.620 0.980
V__ SURLAG.hru 4.941 4.700 12.000
R__CH_Sl.sub 0.096 -0.020 0.230
V__ CH Kl.sub 2.049 0.710 2.100
V__CH Nl.sub 0.01 0.00 0.02
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Model Performance Analysis

Five statistical measures— the coefficient of determination (R?), Nash-Sutcliffe
efficiency (NSE), percent bias (PBIAS), Kling—Gupta efficiency (KGE) and the standard
deviation of observed flow (c,) expressed as a ratio (RSR) (Equations 2—6), were used to find

the best match between the simulated and observed USGS streamflow.

The coefficient of determination, abbreviated as R?, is a measure of how well the model
replicates observed results (Touseef et al., 2020). The R? values range from 0 to 1, with higher

values indicating a better model performance and vice versa, as illustrated in Equation 2.
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Where obs; and sim; represent the observed and simulated data respectively.

NSE coefficient measures the efficiency of the model by relating the goodness-of-fit of the
model to the variance of the measured data (Marahatta et al., 2021). The NSE values vary
between negative infinity and 1, where 1 represents the best fit. NSE is computed using

Equation (3):

NSE
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PBIAS quantifies the average tendency of the simulated data to accurately predict the observed

data (Sao et al., 2020). Positive PBIAS values indicate model underestimation and negative

44



values over estimation. A PBIAS value close to zero is desirable. PBIAS is, generally,

expressed in percentage and is calculated using Equation (4)

n L sim _ kgbs
i= i i
PBIAS = S
=1 Vi
X 100 (4)

The KGE was employed to simulate streamflow in comparison to corresponding observations.
The KGE diagnostically dissects the NSE to offer a comprehensive measure, considering the
relative significance of correlation, bias, and variability in hydrological modeling (Guzey &
Onéz, 2023). KGE values span from —oo to 1, with values closer to 1 indicating a higher level

of model performance.

s =1- (- (E-1) - (1) ©

Op Uo

Where 'r' represents the Pearson product-moment correlation coefficient, while 65/, and ps/po
signify the variability ratio and bias between simulations (s) and observations (0), respectively.
The terms ¢ and p denote the standard deviation and mean of the variables, with subscripts 's'

and 'o' indicating simulations and observations, respectively.

The RSR is determined by taking the ratio of the Root Mean Square Error (RMSE) to the
standard deviation of the observed data, as computed by the formula 6. RSR spans from an
ideal value of 0, representing perfect simulation, to larger positive values. Consequently, a
lower RSR corresponds to a smaller RMSE and signifies improved simulation performance.

The calculation of RSR is carried out using Equation (6).
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Future Climate Scenarios

Introduction to LARS-WG

Long Ashton Research Station Weather Generator (LARS-WG) is a stochastic weather
generator renowned for its capacity to simulate weather data at single sites, spanning both
current and future climate scenarios (Racsko et al. (1991); Semenov et al. (1998); Semenov
and Brooks (1999). LARS-WG furnishes daily time-series data for essential climate variables,
including precipitation (mm), maximum and minimum temperature (°C), and solar radiation

(MJm2day™).

LARS-WG emerged in Budapest in 1990, as part of the "Assessment of Agricultural Risk in
Hungary" project, funded by the Hungarian Academy of Sciences (Racsko et al., 1991). This
endeavor aimed to address the limitations of the prevailing Markov chain model concerning
precipitation occurrence (Semenov et al., 1998). The conventional approach, which primarily
categorizes precipitation into two states—wet or dry—based solely on the preceding day's
conditions, often fails to simulate the maximum duration of dry spells accurately. This
deficiency proved significant for realistic agricultural assessments, especially in regions like

Hungary (Yaoming et al., 2004).

The latest iteration, LARS-WG version 8.0, underwent a comprehensive overhaul to create a
robust model capable of synthesizing weather data across diverse climates. Comparative

studies with another widely-used stochastic weather generator employing the Markov chain
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approach (Hassan et al., 2014; Qian et al., 2005) demonstrated LARS-WG's performance to be

at least on par, if not superior, across various climatic settings (Rajabi et al., 2010).

How LARS-WG Works

LARS-WG has the capability to generate synthetic weather data with as little as a single year
of observed weather data (Semenov et al., 2002). However, the accuracy and precision of the
simulated weather data improve with a larger dataset. Using more extensive observed data
enhances LARS-WG's ability to closely replicate the true climate of the specific site (Khalaf
et al., 2022). It is recommended to utilize at least 20-30 years of daily weather data for optimal
results. A more extended observed record, spanning several decades, is particularly
advantageous for capturing less frequent climate events, such as droughts. This approach
ensures that LARS-WG can effectively model and simulate these infrequent but impactful
climate occurrences, contributing to a more comprehensive and accurate representation of the

local climate dynamics.

The generation of weather data involves a systematic three-step process, namely site analysis,

model evaluation and generator.

Site Analysis

It is the initial phase of generating daily time-series weather data for a particular location
identified by name, latitude and longitude. During this process, observed weather data specific
to the site under consideration are thoroughly examined, leading to the creation of two distinct

files: parameter file and statistics file.

The parameter file encapsulates the parameters necessary for LARS-WG to generate synthetic

weather time series. It stores statistical parameters obtained from observed weather data,
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serving as inputs for LARS-WG to generate synthetic weather data. The file structure initiates
with the site name and location, followed by parameter details such as temperature,

precipitation, and solar radiation.

Temperature modeling in LARS-WG utilizes the Fourier series, describing the annual
temperature cycle using sine and cosine curves. Parameters such as mean value, amplitude,
and phase angle construct these curves, with separate consideration for wet and dry days
enhancing accuracy. Weather conditions on a given day are influenced by the preceding day,
a concept known as autocorrelation. LARS-WG incorporates average autocorrelation values
for minimum and maximum temperature and solar radiation. Solar radiation modeling relies
on empirical distributions via frequency histograms, with separate modeling for wet and dry
days improving representation. These parameters collectively contribute to the generation of

synthetic weather data by LARS-WG, facilitating detailed simulations of weather patterns.

The statistics file includes seasonal frequency distributions for various meteorological
phenomena, such as wet and dry series length and hot and cold spells. These statistical
distributions are utilized in the subsequent quality test process, which involves analyzing the
statistical characteristics of both observed and synthetic weather data to detect any significant

differences and validate the effectiveness of the generated synthetic data.

Following the calibration of LARS-WG using observed station data, the subsequent step
involves evaluating the LARS-WG's performance to assess its ability to simulate the climate
at the chosen site for the intended application by using two approaches. The first method
involves generating daily weather data based on information from the site parameter files. This
enables offline comparisons between the observed and synthetic data. The second approach

conducts a statistical comparison between synthetic weather data generated by LARS-WG and
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parameters derived from observed weather data using Chi-Square goodness-of-fit, t-test, and

F-test.

The Chi-squared (x2), t- and F-tests operate under the assumption that observed weather data
constitute a random sample from an existing distribution, which represents the 'true' climate at
the site (Sobhani et al., 2015). In this context, the null hypothesis posits that there is no
difference between the 'true' climate and the simulated climate generated by LARS-WG.
Conversely, the alternative hypothesis suggests that there is a difference between the two
climates. The simulated climate distribution is estimated from an extended run of synthetic
weather data generated by LARS-WG, utilizing parameter files obtained during the model
calibration process (Goodarzi et al., 2015). These tests compare specific weather statistics
derived from observed and simulated data, calculating p-values to assess the likelihood that

both datasets originate from the same distribution.

A low p-value indicates that the simulated climate significantly differs from the 'true' climate.
Conversely, a higher p-value suggests that the climates may be similar, although statistical
tests cannot definitively prove this. Weather variables exhibiting very low p-values warrant
further investigation to understand the reasons for differences. A recommended threshold for
significance is a p-value less than 0.01, signaling a substantial difference between the 'true' and
simulated climate for a particular variable. This suggests that, in cases where the p-value falls
below 0.01, then the null hypothesis is rejected in favor of the alternative hypothesis. And, if

the p-value is greater than 0.01, then the null hypothesis is not rejected.

Sample size influences the likelihood of a significant p-value. Tests are more reliable with
larger datasets, providing more information about the 'true' distribution for a given climate

variable. Conversely, a small sample size, indicative of limited observed data or a short-
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simulated data run, offers limited insights into the true distribution for a particular climate

variable.

Following the calibration of LARS-WG using observed weather data for the specific site and
the subsequent verification of the weather generator's performance, synthetic weather data for
the selected site is generated (Khalaf et al., 2022) mirroring the statistical characteristics of the
observed weather data (Mohammadi et al., 2021). Therefore, LARS-WG, then can be
employed to produce synthetic weather data aligned with a climate change scenario. This
functionality allows users to simulate and study potential variations in weather patterns
corresponding to different climate change scenarios, providing valuable insights into the

impacts of environmental changes on the region in question.

LARS-WG can generate future temperature, precipitation, and solar radiation under different

climate scenarios.

Creating climate scenarios from GCM output

Global Climate Models (GCMs), also known as General Circulation Models, are complex
numerical models used to simulate the Earth's climate system (Demory et al., 2020; Shiru &
Chung, 2021). These models are designed to represent the interactions between the
atmosphere, oceans, land surface, and ice, incorporating physical, chemical, and biological
processes (Kamruzzaman et al., 2022; Tapiador et al., 2020). GCMs are crucial tools in climate
science, providing insights into past climate variations, current climate conditions, and future
climate projections under different scenarios. GCMs operate by dividing the Earth's
atmosphere and oceans into three-dimensional grids and solving a set of mathematical
equations that describe the physical processes governing atmospheric circulation, energy

balance, precipitation, and other climate variables (Nguyen et al., 2022; Wang et al., 2021).
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These equations are based on fundamental principles of physics, such as Newton's laws of

motion and the laws of thermodynamics (Cannon, 2020; Etten-Bohm et al., 2021).

This study employed downscaled and bias-corrected precipitation and temperature projections
from five GCMs available in Coupled Model Intercomparison Project Phase 6 (CMIP-6) (Das
et al., 2022; Shiru & Chung, 2021). Table 3.10 provides a summary of the five GCMs
integrated with LARS-WG utilized in this study, along with their respective research centers

and countries of origin.

Table 3.10. GCMs from CMIP6 integrated with LARS-WG

Research center Country Global Climate | Grid resolution
Model (lat, lon)

Commonwealth ~ Scientific  and | Australia | ACCESS- 1.25°x 1.875°

Industrial Research Organisation ESM1-5

(CSIRO)

Centre National de Recherches | France CNRM-CM6-1 | 1.40° x 1.406°

Meteorologiques (CNRM ), Centre

Europeen de Recherche et de

Formation Avancee en Calcul

Scientifique ( CERFACS)

UK Met Office Hadley Centre | UK HadGEM3- 1.25° x 1.88°

(MOHC) GC31-LL
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4 | Max Planck Institute for | Germany | MPI-ESM1-2- | 1.39°x 1.41°

Meteorology (MPI-M) LR
5 | Meteorological Research Institute | Japan MRI-ESM2-0 | 1.113°x1.125°
(MRI)

CMIP-6 is a collaborative international effort that aims to improve our understanding of the
Earth's climate system and to provide reliable climate projections for the future (Dike et al.,
2022; Mohammadi et al., 2021). CMIP-6 builds upon previous phases of the project, with the
primary goal of advancing climate modeling capabilities and addressing key scientific
questions related to climate change. One of the primary objectives of CMIP-6 is to enhance
the representation of Earth system processes in climate models, including improvements in
simulating clouds, aerosols, land surface processes, and biogeochemical cycles (Brown et al.,
2020). This allows for more accurate and comprehensive projections of future climate change
and its impacts on various components of the Earth system, such as ecosystems, water
resources, agriculture, and human societies. CMIP-6 involves the participation of numerous
climate modeling centers from around the world, each contributing their own state-of-the-art
climate models to the project (Cook et al., 2020). These models simulate the interactions
between the atmosphere, oceans, land surface, and ice, incorporating physical, chemical, and
biological processes (Sedlacek et al., 2023). By comparing the output from different models,
scientists can assess the range of uncertainty in future climate projections and identify areas of

agreement and disagreement among models.

CMIP-6 also includes the development of new experiments and scenarios to explore a wide

range of possible future climate conditions. These experiments cover different greenhouse gas
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emission pathways, radiative forcings, and socio-economic scenarios, allowing researchers to
assess the sensitivity of the climate system to different factors and to better understand the
potential impacts of future climate change sun (Bucton et al., 2022; Tan et al., 2021). The
scenarios used in CMIP-6 are called Shared Socio-economic Pathways (SSPs), which are based
on assumptions of varying levels of greenhouse gas emissions, also called radiative forcings,
measured in watts per meter squared (W/m?) and socio-economic development trajectories by

the end of the 21% century (Zhongming et al., 2022).

An overview of the five SSPs is summarized in Table 3.11. The SSPs range from a low-
emissions and sustainable future (SSP1) to a high-emissions and fragmented future (SSP5).
These pathways serve as plausible storylines that help researchers and policymakers explore
and assess the potential impacts of climate change and society's choices (Yang et al., 2023).
SSP1, known as the "Sustainability" pathway, represents a future with a strong focus on
sustainable development practices and a transition to renewable energy sources. This pathway
aims to limit global warming to 1.9-2.6 W/m?. SSP2, referred to as the "Middle of the Road"
scenario, represents a future where socio-economic development follows a moderate
trajectory. This pathway assumes a balanced approach to economic growth, energy sources,
and environmental sustainability, with a radiative forcing of 4.5 W/m?. SSP3, labeled
"Regional Rivalry," depicts a world characterized by high inequality and continued reliance
on fossil fuels. This pathway envisions a future where regional conflicts and limited
cooperation hinder global efforts to mitigate greenhouse gas emissions, resulting in a radiative
forcing of 7.0 W/m?. SSP4, the "Inequality”" pathway, represents a future where policies are
implemented to reduce greenhouse gas emissions and address social inequalities. This pathway

aims to limit radiative forcing to 6.0 W/m?. Finally, SSP5, referred to as "Fossil-driven
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Development," portrays a future with high economic growth and a heavy dependence on fossil
fuel resources. This pathway assumes limited climate change mitigation efforts and results in

a radiative forcing of 8.5 W/m?, representing a very high level of emissions.

Additionally, there are three distinct periods— (1) near-term period (2021-2040), (2) mid-term
period (2031-2050 & 2061-2080), and (3) end-of-the-century period (2081-2100) to provide
insights into how climate variables, such as precipitation and temperature may evolve and
fluctuate over time at national and global scales. The near-term period focuses on the relatively
immediate future and objectively assesses potential climate shifts over a shorter timeframe. It
explains how precipitation, temperature, wind speed, and snow depth may change in the
immediate future, i.e., the next two decades. The mid-term periods offer a medium-range
outlook, providing insights into climate trends and variations over four decades. Finally, the
end-of-century period represents the latter part of the century. It provides a long-term
perspective on climate projections, allowing for an assessment of how precipitation,
temperature, wind speed, and snow depth might change towards the later stages of this century.
These projections provide valuable long-term planning and decision-making insights (O'Neill

et al., 2016).
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Table 3.11 Overview of CMIP6 scenarios and their corresponding SSPs

SSPs | Narrative Radiative Forcing in | Explanation
2100 (W/m?)
SSP1 | Sustainability 1.9-2.6 GHG emissions cut to net zero by
2050 and 2075
SSP2 | Middle of the | 4.5 GHG emissions will be around the
Road current level in 2050 and then
declining
SSP3 | Regional Rivalry | 7.0 GHG emissions double by 2100
SSP4 | Inequality 6.0 GHG emissions peak by 2050 and
declines
SSP5 | Fossil-fueled 8.5 GHG emissions will double by 2050
Development

This study made use of SSPs— SSP1-2.6, SSP2-4.5 and SSP5-8.5 with periods within the mid-
and end of the century to represent mid- and long-term pathways that offer a reasonable range
of possible future scenarios for the region of interest. By selecting these SSPs, this study
assessed two possible future conditions and their potential impacts on regional hydrology
affecting streamflow into the Eagle Mountain Lake reservoir. Research has shown that using
arange of 3 to 10 GCMs in climate research and projections provides reliable and robust results
(Chokkavarapu & Mandla, 2019). Therefore, this study made use of projected climatic

conditions under five GCMs available in LARS-WG (Table 3.11).
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CHAPTER 1V

RESULTS

Model Calibration and Validation
Table 4.1. Summary of Calibration and Validation Results for Streamflow Simulation in

Different Sub-basins

Sub-basin | Period R2 NSE KGE RSR PBIAS
(%)
10 Calibration | 0.60 0.60 0.68 0.64 3.00
Validation | 0.77 0.72 0.61 0.53 10.80
15 Calibration | 0.61 0.60 0.55 0.64 -11.9
Validation | 0.74 0.61 0.48 0.62 10.6
22 Calibration | 0.64 0.63 0.73 0.66 0.10
Validation | 0.72 0.72 0.80 0.53 0.10
24 Calibration | 0.63 0.61 0.55 0.76 1.10
Validation | 0.62 0.62 0.71 0.62 2.20

Sub-basin 10

The performance metrics for both calibration and validation periods in sub-basin 10 underscore
the model's reliability. Throughout both periods, the model exhibited a commendable fit, with
R? values of 0.6 and 0.77, respectively, indicating strong agreements between observed and

simulated streamflow. Additionally, NSE values of 0.6 and 0.72 for calibration and validation
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periods underscored strong agreements between simulated and observed streamflow.
Furthermore, KGE values of 0.68 and 0.61, alongside RSR values of 0.64 and 0.53 for
calibration and validation, collectively suggest excellent overall model performance.
Examining PBIAS values, the streamflow rate at the West Fork Trinity (sub-basin 10) was
underestimated by 3.0% during calibration and 10.8% during validation. As per established
criteria (Gupta et al., 2009; Moriasi et al., 2007), all indices (except PBIAS) fall within the
'very good' category, reinforcing the model's efficacy in accurately simulating streamflow in

this sub-basin during both calibration and validation periods.

Sub-basin 15

In sub-basin 15, the performance metrics during the calibration period were R? = 0.61, NSE =
0.60, KGE = 0.55, and RSR = 0.64. During the validation period, these metrics improved to
R? = 0.74, NSE = 0.61, KGE = 0.48, and RSR = 0.83. Overall, these criteria collectively
indicate strong model performance and a commendable agreement between observed and
simulated streamflow. The PBIAS values during calibration (-11.9, indicating overestimation)

and validation (10.6, indicating underestimation) at the same gauge site.

Sub-basin 22

During both the calibration and validation periods, the R?, NSE, KGE, and RSR metrics are
recorded at 0.64 and 0.72, 0.61 and 0.62, 0.55 and 0.71, 0.66 and 0.62, respectively. These
metrics indicate strong agreement between observed and simulated streamflow throughout
both phases. Additionally, the corresponding PBIAS values of 0.1 for both calibration and
validation periods indicate an underestimation in comparison to observed data across both

periods.
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Sub-basin 24

The R?, NSE, KGE, and RSR values for both calibration and validation periods stand at 0.63
and 0.62, 0.63 and 0.72, 0.73 and 0.80, 0.76 and 0.53, respectively. These values signify robust
agreements between observed and simulated streamflow during both periods. The
corresponding PBIAS values of 1.1 and 2.2 for calibration and validation periods indicate a
slight underestimation of flow by the model in comparison to observed data during both

periods.

Historical Climate Data (1990-2022)
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Figure 4.1. A side-by-side box plot of average monthly maximum temperature for seven

stations in the watershe

In Figure 4.1, average monthly maximum temperatures are depicted through boxplots for seven
distinct climate stations: Alvord, Boyd, Bridgeport, Markley, Newport, Prism 1, and Prism_2

for 1990 — 2022 period. The descriptive statistics for each station, including maximum (Max),
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minimum (Min), first quartile (Q1), second quartile (Q2, or median), third quartile (Q3), and

the overall median offer insights into the average maximum temperature distribution.

Alvord Station exhibits a maximum temperature of 36.6°C, a minimum of 12.0°C, and a
median (Q2) of 24.6°C. The interquartile range (IQR), represented by the box, spans from Q1
(33.0°C) to Q3 (15.5°C), indicating the middle 50% of the data. Stations such as Alvord, Boyd,
Bridgeport, Markley, and Newport consistently exhibited average monthly maximum
temperatures surpassing 35°C, indicating a warmer temperature in these regions. Notably,
these stations displayed relatively similar IQRs and median temperatures around 25°C,
suggesting consistent warmth throughout the examined period. Conversely, Prism 1 and
Prism_2 stations record slightly lower maximum temperatures, both below 36°C, with Prism_2
having the lowest maximum at 35.1°C. The stations with higher maximum temperatures,
including Alvord, Boyd, Bridgeport, and Markley, exhibit a broader spread, indicating
increased variability in monthly maximum temperatures. The absence of skewness in the
boxplots suggests a symmetrical distribution of maximum temperatures across all stations.
Additionally, the lack of outliers indicates that there are no extreme values beyond the typical

range observed for each station.
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Figure 4.2. A side-by-side box plot of average monthly minimum temperature for seven

stations in the watershed

The boxplot analysis of average monthly minimum temperatures across seven climate stations,
including Alvord, Boyd, Bridgeport, Markley, Newport, Prism 1, and Prism_2 as shown in
figure 4.2 offers a comprehensive understanding of the distribution characteristics of minimum
temperature in the study watershed. Stations Alvord, Boyd, Markley, and Newport display a
central tendency with median values clustering around 11.9°C to 12.4°C, indicative of
relatively warmer minimum temperatures compared to Bridgeport, Prism 1, and Prism_ 2
stations that exhibit lower median values ranging from 10.3°C to 12.0°C, suggesting slightly
cooler minimum temperatures. The IQR reveals varying degrees of spread, with Alvord, Boyd,
Markley, and Newport presenting wider IQR wvalues (18.1-17.7°C), reflecting greater
variability in minimum temperatures compared to Bridgeport, Prism_1, and Prism_2 stations

demonstrate narrower IQR values (17.6-16.9°C), indicating less variability. Notably, the
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absence of outliers and skewness in the boxplot underscores a balanced distribution, assuring

the reliability of the minimum temperature data.
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Figure 4.3. A side-by-side box plot of average monthly temperature for seven stations in the

watershed

The boxplot analysis of monthly average temperatures for seven climate stations—Alvord,
Boyd, Bridgeport, Markley, Newport, Prism 1, and Prism 2—reveals key insights into the
central tendency, spread, and distribution characteristics of the data (Figure 4.3). The median
average monthly temperature for each station, ranging from 17.7°C to 18.7°C, indicate the
central point of the temperature distributions. Stations Boyd, Bridgeport, Markley, Newport,
and Prism_1 exhibit similar median values, suggesting comparable central tendencies in
monthly average temperatures. Boyd Station has the highest median average monthly
temperature (18.2°C). It suggests that, based on the given dataset, Boyd Station experiences

the warmest monthly average temperatures compared to the other specified climate stations.
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Conversely, Prism_2 station displays a slightly lower median (16.5 °C), indicating a subtly

cooler average temperature profile.

The IQR reflects the spread of the data, with stations Boyd, Bridgeport, Markley, Newport,
and Prism_1 showing relatively wider IQR values, indicative of greater variability in monthly
average temperatures. On the other hand, Prism 2 station demonstrates a narrower IQR,
suggesting less variability. Notably, the absence of outliers and skewness in the boxplot
signifies a balanced distribution of monthly average temperatures across all stations. This
absence reinforces the reliability of the dataset, indicating that extreme values or asymmetry
are not present, enhancing the robustness of the temperature data for further analysis.
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Figure 4.4. A side-by-side box plot of average monthly precipitation for seven stations in the

watershed

The analysis of average precipitation data across seven climate stations—Alvord, Boyd,

Bridgeport, Markley, Newport, Prism 1, and Prism_2—reveals consistent central tendencies
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with slight variations in median precipitation levels (Figure 4.4). The median values for most
stations cluster around 2.3 to 2.4 mm, indicating a relatively uniform distribution of average
precipitation. Notably, Prism 1 and Prism 2 stations exhibit the highest mean precipitation
levels, both recording a mean value of 2.5 mm. This signifies that, on average, these two
stations experience slightly higher precipitation compared to the others. The interquartile range
(IQR) provides insight into the spread of precipitation levels, with a moderate variability
observed across the dataset (ranging from 1.8 to 2.4 mm). The dataset is identified as "Rightly
Skewed," suggesting a distribution with a longer right tail. This skewness implies occasional
months with higher precipitation values, contributing to the rightward extension of the
distribution. Notably, the absence of outliers enhances the data's reliability for statistical
analysis. Stations Prism_1 and Prism_2, characterized by higher maximum precipitation values
and a rightward indicate occasional months with elevated precipitation levels compared to
other stations. Importantly, the absence of outliers underscores the reliability of the

precipitation data for statistical analysis.

Future vs Historical Climate Data Analysis

Tables 4.1 and 4.2 show a comprehensive comparative analysis of future climate projections
for the 2030s and 2080s, compared to the historical climate data spanning the period from 1990
to 2022, for seven climate stations (Alvord, Boyd, Bridgeport, Markley, Newport, Prism 1, and

Prism 2)
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Table 4.2. Comparative analysis of future temperature projections (2030s and 2080s) and

historical temperature (1990-2022) for seven stations in the study watershed

Stations GCMs 2030s (2031 — 2050) Temperature | 2080s (2081 —2100) Temperature (°C)
((®)
SSP1-2.6 | SSP2-4.5 | SSP5-8.5 | SSP1-2.6 | SSP2-4.5 | SSP5-8.5
ACCESS-ESM1-5 19.6 19.8 19.9 19.9 21.0 22.6
CNRM-CM6-1 19.6 19.9 20.3 20.8 21.6 24.5

Alvord HadGEM3-GC31-LL | 19.2 19.4 19.8 19.5 21.3 23.8
MPI-ESM1-2-LR 19.4 19.1 19.6 19.2 19.1 23.1
MRI-ESM2-0 20.2 20.1 20.3 20.2 20.9 232
Historical (1990- 18.3
2022)

Boyd ACCESS-ESM1-5 20.2 20.4 20.4 20.4 21.5 232
CNRM-CM6-1 20.1 21.3 20.8 20.4 22.1 25.0
HadGEM3-GC31-LL | 19.7 19.9 20.3 20.1 21.8 242
MPI-ESM1-2-LR 19.9 19.6 20.0 19.8 21.1 235
MRI-ESM2-0 20.7 20.6 20.8 20.7 21.5 23.7
Historical (1990- 18.8
2022)

ACCESS-ESM1-5 20.1 20.4 20.4 20.4 21.5 23.1

Bridgeport | CNRM-CM6-1 20.1 20.4 20.7 20.4 22.1 25.0
HadGEM3-GC31-LL | 19.7 19.9 20.3 20.0 21.8 242
MPI-ESM1-2-LR 19.9 19.6 20.0 19.7 21.1 23.5
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MRI-ESM2-0 20.7 20.6 20.8 20.7 214 23.7

Historical (1990- 18.3

2022)

ACCESS-ESM1-5 19.8 20.1 20.1 20.0 21.1 22.7

CNRM-CM6-1 19.8 20.1 20.5 21.1 21.8 24.8
Markley HadGEM3-GC31-LL | 19.4 19.5 20.0 19.6 21.4 23.9

MPI-ESM1-2-LR 19.5 19.3 19.8 19.4 20.8 233

MRI-ESM2-0 20.4 20.2 20.5 20.3 21.1 234

Historical (1990- 18.4

2022)

ACCESS-ESM1-5 19.8 20.0 20.0 20.0 21.1 22.7

CNRM-CM6-1 19.7 20.0 20.4 21.0 21.7 24.7
Newport HadGEM3-GC31-LL | 19.3 19.5 19.9 19.6 21.4 239

MPI-ESM1-2-LR 19.5 19.3 19.7 19.3 20.7 232

MRI-ESM2-0 20.3 20.2 20.4 20.2 21.0 233

Historical (1990- 18.4

2022)

ACCESS-ESM1-5 19.0 19.2 19.3 19.2 20.3 21.9

CNRM-CM6-1 19.0 19.2 19.6 20.2 20.9 23.9
Prism 1 HadGEM3-GC31-LL | 18.6 18.7 19.1 18.8 20.6 23.1

MPI-ESM1-2-LR 18.7 18.5 18.9 18.6 20.0 22.4

MRI-ESM2-0 19.5 19.4 19.7 19.5 20.3 22.6

Historical (1990- 17.7

2022)
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Prism 2

ACCESS-ESM1-5 19.0 19.2 19.3 19.2 20.3 21.9
CNRM-CM6-1 19.0 19.2 19.6 20.2 20.9 23.9
HadGEM3-GC31-LL | 18.6 18.7 19.1 18.8 20.6 23.1
MPI-ESM1-2-LR 18.7 18.5 18.9 18.6 20.0 22.4
MRI-ESM2-0 19.5 19.4 19.7 19.5 20.3 22.6
Historical (1990- 17.7

2022)
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In the Alvord station, the average temperature projections for the 2030s and 2080s under
different scenarios (SSP1-2.6, SSP2-4.5, SSP5-8.5) show a consistent upward trend. For
example, under the SSP1-2.6 scenario, the average temperature ranges from 19.6°C (2030s) to
22.6°C (2080s) (Table 4.1). Comparing this with the historical average temperature of 18.3°C
(1990-2022), it suggests potentially hotter climatic conditions in future. Similarly, Boyd
Station exhibits a rise in average temperatures for the future. In the 2030s, under the SSP5-8.5
scenario, the average temperature is projected to be 20.4°C, increasing to 23.2°C in the 2080s
(Table 4.1). These projections indicate a consistent warming pattern across scenarios.
Contrasting with the historical average temperature of 18.8°C (1990-2022), Boyd Station

anticipates higher temperatures in the coming decades.

The Bridgeport station also shows an increasing trend in average temperatures. Under the
SSP2-4.5 scenario, the average temperature is projected to rise from 19.6°C in the 2030s to
23.5°C in the 2080s (Table 4.1). This upward trajectory aligns with the warming pattern
observed in the other stations. In comparison with the historical average temperature of 18.8°C
(1990-2022), it indicates a potential temperature rise in the future. In the 2030s, Markley
Station's projected average temperature under different scenarios (SSP1-2.6, SSP2-4.5, SSP5-
8.5) ranges from 19.4°C to 20.4°C (Table 4.1). Looking ahead to the 2080s, the temperature
values vary between 19.5°C and 21.4°C. Comparatively, the historical average temperature for
the period 1990-2022 is 18.4°C (Table 4.1). This signifies a potential increase in temperature

for the future, with the 2080s projections indicating a broader range and higher temperatures.

For Newport Station, the average temperature projections in the 2030s span from 19.3°C to
20.3°C, while the 2080s exhibit a range of 20.7°C to 21.7°C (Table 4.1). The historical average

temperature from 1990-2022 is 18.4°C. Similar to Markley Station, Newport shows a trend of
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increasing temperatures, with the 2080s projections indicating higher variability. Prism 1
Station anticipates average temperatures in the 2030s ranging from 18.6°C to 19.5°C (Table
4.1). In the 2080s, the projected temperatures vary from 18.8°C to 20.6°C. Historical average
temperature data for 1990-2022 records an average of 17.7°C. This station, too, suggests a

warming trend, with the 2080s projections indicating an elevated temperature range.

Lastly, Prism 2 Station's average temperature projections for the 2030s range from 18.5°C to
19.4°C, while the 2080s show variability between 20.0°C and 20.9°C (Table 4.1). The
historical average temperature for 1990-2022 is 17.7°C (Table 4.1). Similar to the other
stations, Prism 2 indicates an increasing trend in average temperatures, with the 2080s
projections reflecting higher variability. Collectively, these stations demonstrate a consistent
pattern of increasing average temperatures in the future, particularly in the 2080s, compared to

historical averages.
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Table 4.3. Comparative analysis of future precipitation projections (2030s and 2080s) and

historical precipitation (1990-2022) for seven stations in the study watershed.

Stations GCMs 2030s (2031 — 2050) Precipitation | 2080s (2081 — 2100) Precipitation
(mm) (mm)
SSP1-2.6 | SSP2-4.5 | SSP5-8.5 | SSP1-2.6 | SSP2-4.5 | SSP5-8.5
ACCESS-ESM1-5 2.76 2.74 2.90 291 2.81 2.74
CNRM-CM6-1 3.05 3.00 2.89 2.96 3.00 2.94
Alvord HadGEM3-GC31-LL | 2.92 3.12 3.20 342 3.16 3.44
MPI-ESM1-2-LR 2.59 2.66 2.57 2.53 2.66 2.13
MRI-ESM2-0 2.51 2.75 2.79 2.49 2.89 2.64
Historical (1990-2022) 243
Boyd ACCESS-ESM1-5 2.49 2.55 2.67 2.57 2.63 2.48
CNRM-CM6-1 2.75 2.67 2.58 2.57 2.68 2.66
HadGEM3-GC31-LL | 2.66 2.81 2.97 3.07 2.86 3.02
MPI-ESM1-2-LR 2.38 2.40 2.33 2.29 2.09 1.95
MRI-ESM2-0 2.26 2.50 2.53 2.22 2.62 2.39
Historical (1990-2022) 2.41
ACCESS-ESM1-5 2.40 2.38 2.54 2.46 243 2.36
Bridgeport | CNRM-CM6-1 2.60 2.56 2.44 2.57 2.68 2.66
HadGEM3-GC31-LL | 2.49 2.65 2.75 2.93 2.70 2.86
MPI-ESM1-2-LR 2.21 2.24 2.19 2.13 1.94 1.78
MRI-ESM2-0 2.12 2.33 2.36 2.08 2.47 2.29
Historical (1990-2022) 2.26
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ACCESS-ESM1-5 2.56 2.47 2.67 2.67 2.52 2.55
CNRM-CM6-1 2.82 2.70 2.64 2.66 2.72 2.66
Markley HadGEM3-GC31-LL | 2.64 2.84 2.86 3.19 2.90 3.16
MPI-ESM1-2-LR 233 2.37 2.33 2.27 2.05 1.85
MRI-ESM2-0 2.29 2.48 2.55 231 2.66 241
Historical (1990-2022) 243
ACCESS-ESM1-5 2.38 2.32 2.49 247 2.37 2.34
CNRM-CM6-1 2.62 2.52 2.45 2.49 2.53 2.48
Newport HadGEM3-GC31-LL | 2.46 2.63 2.67 2.92 2.68 291
MPI-ESM1-2-LR 2.18 2.23 2.16 2.13 1.93 1.76
MRI-ESM2-0 2.13 231 2.34 2.11 245 2.26
Historical (1990-2022) 2.26
ACCESS-ESM1-5 2.53 2.48 2.66 2.61 2.55 2.54
CNRM-CM6-1 2.79 2.71 2.62 2.64 2.71 2.68
Prism 1 HadGEM3-GC31-LL | 2.64 2.83 2.87 3.13 2.89 3.11
MPI-ESM1-2-LR 2.33 2.38 2.31 2.27 2.04 1.86
MRI-ESM2-0 2.25 2.47 2.52 2.26 2.62 2.41
Historical (1990-2022) 2.37
ACCESS-ESM1-5 2.46 244 2.59 2.54 2.49 2.44
Prism 2 CNRM-CM6-1 2.71 2.66 2.54 2.6 2.64 2.58
HadGEM3-GC31-LL | 2.58 2.74 2.82 3.04 2.81 3.01
MPI-ESM1-2-LR 2.29 2.33 2.27 2.22 2.00 1.86
MRI-ESM2-0 2.20 2.39 2.44 2.18 2.55 2.34
Historical (1990-2022) 2.40
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The projected average monthly precipitation for Alvord Station in the 2030s is expected to
range from 2.51 mm to 3.20 mm/day, suggesting an increase compared to the historical period
of 1990-2022, which recorded an average precipitation of 2.43 mm/day (Table 4.2). In the
2080s, the projected average monthly precipitation range is 2.49 to 3.44 mm/day, indicating a
notable intensification of precipitation variability. Alvord Station is projected to experience

higher levels of precipitation in the future compared to historical averages.

Markley Station shows a similar pattern, with projected precipitation in the 2030s ranging from
2.31 mm/day to 3.16 mm/day (Table 4.2). This represents a moderate increase compared to the
historical period, which had an average precipitation of 2.43 mm/day (Table 4.2). For the
2080s, the range expands to 2.29 to 3.16 mm/day, suggesting an even more pronounced
increase in precipitation. Markley Station anticipates elevated precipitation levels in the future

compared to the historical benchmark.

In the 2030s, Boyd Station anticipates precipitation ranging from 2.18 mm/day to 3.02
mm/day, indicating a potential shift compared to the historical average of 2.41 mm (Table 4.2).
The 2080s projections show a wider range from 2.05 to 3.11 mm/day, signifying increased
uncertainty and variability. Historical data indicates an average precipitation of 2.41 mm/day
(Table 4.2). Boyd Station is likely to experience heightened precipitation in the future

compared to historical norms.

Bridgeport Station's 2030s projections range from 2.12 mm/day to 2.93 mm/day, suggesting a
potential increase compared to the historical average of 2.26 mm (Table 4.2). The 2080s show
a wider range from 1.78 to 3.13 mm/day, indicating increased uncertainty and variability in
precipitation. Historical data records an average precipitation of 2.26 mm (Table 4.2).

Bridgeport Station is expected to witness elevated precipitation levels in the future compared
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to historical records. Collectively, these stations reveal a consistent trend of increased
precipitation in the future, especially under the 2080s climatic conditions, compared to

historical averages.

The analysis of Future Climate Projections (2030s and 2080s) and Historical Climate Data
(1990-2022) for selected climate stations and GCMs is complemented by informative boxplots.
These visual aids provide a comprehensive illustration of the precipitation and temperature
trends across the seven stations (Alvord, Markley, Boyd, Newport, Bridgeport, Prism 1, and
Prism 2) under three emission scenarios (SSP1-2.6, SSP2-4.5, and SSP5-8.5) across five

GCMs.

Annual Streamflow

Table 4.3 presents the average annual streamflow for the current period (2003-2022) and future
periods in the 2030s and 2080s under different climate scenarios (SSP1-2.6, SSP2-4.5, and
SSP5-8.5). The historical average streamflow ranges from 0.42 m’/s to 28.35 m?/s, with an
overall average of 6.85 m?®/s. Comparatively, under the 2030s climate, there would be a
decrease in average annual streamflow for all SSP scenarios. In SSP1-2.6, the average
streamflow is 5.47 m%/s, representing a decrease of 20.1% compared to the historical period.
Similarly, in SSP2-4.5, the average streamflow is 5.51 m?%/s, with a decrease of 19.6%, and in
SSP5-8.5, it is 5.48 m’/s, with a decrease of 20.0%. Similarly, in the 2080s, the average
streamflow would decrease across all SSP scenarios. In SSP1-2.6, the average streamflow is
5.58, indicating a decrease of 17.0% compared to the historical period. For SSP2-4.5, the
average streamflow is 5.68 m?/s, with a decrease of 18.6%, and in SSP5-8.5, it is 5.55 m?¥/s,
with a decrease of 18.9%. These findings highlight a general decline in streamflow projected

for the future, with the magnitude of the decrease varying depending on the SSP and the time
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period. Overall, the data suggests a trend of decreasing streamflow under different climate
scenarios, underscoring the potential impacts of climate change on water resources.
Comparison of the average streamflow for the current period with the future scenarios
emphasizes the significance of these projected changes and the importance of implementing

adaptive measures to address potential risks associated with declining streamflow in the future.
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Table 4.4. Average annual streamflow under different climate scenarios

Average annual streamflow (m%/s) under different climatic conditions

2030s (2031 — 2050) Climate

2080s (2081 —2100) Climate

Historical SSP 126 SSP 245 SSP 585 | SSP 126 SSP 245 SSP 585
2.51 4.86 4.80 5.09 6.00 4.46 6.12
10.75 4.38 4.59 4.22 3.85 5.98 4.03
1.54 4.88 5.03 5.00 5.59 3.79 5.23
0.81 3.74 431 3.24 3.33 4.90 3.06
7.31 9.21 8.39 8.49 9.66 7.55 8.97
3.68 7.45 7.91 8.20 7.05 9.00 7.41
3.37 7.51 6.78 7.25 8.13 6.41 7.44
9.99 4.62 5.18 4.93 4.23 6.07 4.47
1.00 9.06 9.96 11.01 10.06 9.37 10.46
4.33 10.83 11.12 9.63 10.64 12.89 9.64
0.66 9.97 9.97 10.77 10.33 8.89 10.74
0.42 12.47 12.53 11.87 11.49 13.09 12.35
28.35 2.58 2.55 2.72 3.23 2.08 2.68
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20.65 2.84 2.69 2.50 2.14 3.17 2.97
3.51 1.84 1.38 2.07 1.93 1.58 1.83
10.84 0.99 1.14 1.08 1.01 1.43 0.72
8.20 1.90 1.67 1.83 2.26 1.51 2.06
12.15 2.77 2.68 2.70 2.10 3.33 3.17
5.32 4.96 4.75 4.75 6.38 4.26 5.88
1.60 2.58 2.74 2.20 2.11 3.88 1.86

Average 6.85 5.47 5.51 5.48 5.58 5.68 5.55

%

Change -20.1 -19.6 -20.0 -18.6 -17.0 -18.9
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Monthly Streamflow

Tables 4.4 and 4.5 outlines the average monthly streamflow for the historical period (2003-
2022) and future periods in the 2030s and 2080s under various climate scenarios (SSP1-2.6,
SSP2-4.5, and SSP5-8.5), accompanied by the percentage change in streamflow compared to

the current period.

Across the historical period, average monthly streamflow exhibits considerable variability,
ranging from 2.21 m%/s to 15.43 m?/s. However, under the 2030s and 2080s climatic conditions,
significant changes in average monthly streamflow are evident compared to the historical
period. In the 2030s, under SSP1-2.6, all twelve months experience a decrease in streamflow,
with the highest decrease occurring in April (-80.4%). Under SSP2-4.5, eight out of twelve
months experience a decrease, with June showing the highest reduction (-75.8%). Meanwhile,
SSP5-8.5 sees a decrease in streamflow for four out of 12 months, with the highest decrease
also observed in June (-41.9%). Moving to the 2080s, SSP1-2.6 shows a decrease in
streamflow in eleven months, with June experiencing the highest reduction (-79.7%). SSP2-
4.5 experiences a decrease in five months, with June experiencing the highest reduction (-
59.5%), while SSP5-8.5 sees a decrease in four months, with the highest decrease occurring in
May (-61.0%). Overall, the prevailing trend underscores a widespread decrease in streamflow

for the majority of months in both the 2030s and 2080s when compared to the historical period.

While a prevalent trend of decreased streamflow is observed for most months in both the 2030s
and 2080s compared to historical averages, there are instances of increased streamflow in
specific months and scenarios. For example, in the 2030s, January and September show notable
increases in streamflow under SSP1-2.6, with percentage increases of 48.7% and 105.0%,

respectively. Moreover, under SSP5-8.5 in the 2030s, eight out of twelve months show an
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increase in streamflow, with significant increases observed in August and September, reaching
252.1% and 125.3%, respectively. Similarly, in the 2080s, under SSP2-4.5, seven months
exhibit an increase in streamflow, with noteworthy increases of 111.2% and 146.5% in August
and September, respectively. Additionally, under SSP5-8.5, eight months show an increase in
streamflow, with notable increases of 126.5% and 131.7% observed in July and August,
respectively. This pattern highlights the potential implications of climate change on streamflow
dynamics, underscoring the necessity for adaptive strategies to mitigate potential risks

associated with evolving water resources.
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Table 4.5. Average monthly streamflow under different climate scenarios in the study watershed

Average monthly streamflow (m3/s) under

Historical 2030s (2031 — 2050) 2080s (2081 -2100)

Month | Historical | SSP 126 | SSP 245 | SSP 585 | SSP 126 | SSP 245 | SSP 585
Jan 5.13 3.16 7.62 8.49 3.60 8.33 4.37
Feb 6.05 3.03 4.15 10.00 3.12 6.85 7.63
Mar 8.73 3.23 5.32 7.28 2.67 6.09 9.22
Apr 7.75 2.29 3.81 10.18 3.06 6.16 6.90
May 10.21 3.26 6.77 7.48 3.49 7.70 3.98
Jun 15.43 3.02 3.73 8.96 3.14 6.24 7.26
Jul 3.91 3.46 4.64 6.25 2.65 5.07 8.85
Aug 2.72 221 3.48 9.58 3.18 5.75 6.30
Sep 3.81 3.33 7.80 8.57 3.77 9.38 4.26
Oct 5.86 297 4.45 9.41 3.34 7.52 7.23
Nov 7.67 3.27 5.17 7.26 2.86 5.87 9.11
Dec 5.26 2.40 3.86 10.12 2.64 5.75 6.61

Table 4.6. Percentage (%) change in future monthly streamflow compared to the historical

climate

Change (%) in streamflow compared to historical
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2030s (2031 —2050)

2080s (2081 —2100)

decreased

streamflow

Month SSP 126 SSP 245 SSP 585 SSP 126 SSP 245 SSP 585
Jan -38.3 48.7 65.7 -29.8 62.5 -14.7
Feb -50.0 -31.5 65.2 -48.4 13.2 26.0
Mar -63.0 -39.0 -16.6 -69.4 -30.2 5.6
Apr -70.4 -50.9 31.3 -60.5 -20.5 -11.0
May -68.1 -33.7 -26.7 -65.8 -24.6 -61.0
Jun -80.4 -75.8 -41.9 -79.7 -59.5 -53.0
Jul -11.5 18.9 59.9 -32.2 29.9 126.5
Aug -18.6 279 252.1 16.8 111.2 131.7
Sep -12.5 105.0 125.3 -1.0 146.5 12.0
Oct -49.2 -24.0 60.7 -43.0 28.4 234
Nov -57.3 -32.6 -5.4 -62.7 -23.5 18.7
Dec -54.3 -26.7 92.3 -49.8 9.2 25.6
# of months with | 12.0 8.0 4.0 11.0 5.0 4.0
decrease in

streamflow

% months with | 100 67 33 92 42 33

Note: Bold indicates months with decreased streamflow.
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CHAPTER V

DISCUSSION

Several studies have reported the impact of climate change on the hydrology of various types
of watersheds all over the world, from predominantly agricultural watersheds, to watersheds
in the arid regions, including data-scarce watersheds (Candela et al., 2012; Daneshvar et al.,
2021; Dennedy-Frank & Gorelick, 2019; Eshete et al., 2022; Samimi et al., 2020; Touseef et
al., 2020). Similarly, in this study the SWAT-based model of the Upper West Fork Trinity
Watershed was developed to understand the potential effects of climate change on the
watershed streamflow that support one of the major reservoirs in the DFW region. This study
is the first to examine climate impact on water resources in this watershed at the local

watershed scale.

Model Performance

In this study, a SWAT model for the historical period 1990-2022 for Upper West Fork Trinity
Watershed was successfully developed. A graphical comparison of the observed streamflow
derived from the developed SWAT model shows that generally the model-simulated data are
consistent with trends in the observed data. To confirm the model performance, a statistical
evaluation of the simulated versus the observed data was then performed. The calibrated,
validated model was considered to have strong agreement with the observed streamflow data.
Statistical evaluation of the model performance was done using five objective functions in
SWAT-CUP: PBIAS, R?, NSE, KGE, and RSR. For the purpose of the study focus, the USGS
gaging station located in sub-basin 22 was selected as it is drained by the majority of the

watershed and serves as the main streamflow inlet to Eagle Mountain Lake.
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PBIAS quantifies the average tendency of the simulated data to accurately predict the observed
data in terms of under- or over-prediction of the model output compared to the observation
(Sao et al., 2020). Positive PBIAS values indicate model overestimation, and negative values
underestimation. The PBIAS values for the calibration and the validation PBIAS values of
0.1% for both calibration and validation periods indicate a virtually unbiased model in
comparison to observed streamflow across both periods. R? measures the proportion of
variance in observed data compared to the model, i.e., it tracks the model’s accuracy in tracking
variations in the observed data. The possible value of R? ranges from 0 to 1, with values closer
to one indicating low error variance. An acceptable R? value is a value >0.5 (Touseef et al.,
2020). For this study R? values were 0.64 and 0.72 for the calibration and validation periods,
respectively, indicating that the model was able to explain 64 to 72% of the variability in the

streamflow.

NSE measures the goodness of fit between the simulated data and observed data. NSE values
range from negative infinity (- «) to 1.0, and as the value approaches one, the simulation better
represents the observation robustly. The NSE values are 0.63 and 0.72 for the calibrated and
validated time periods, respectively, indicating an adequate fit with the observed streamflow.
KGE values span from —oo to 1, with values closer to 1 indicating a higher level of model
performance (Guzey & Ondz, 2023). The RSR is determined by taking the ratio of the Root
Mean Square Error (RMSE) to the standard deviation of observed (actual) data, as computed
by the following formula. RSR spans from an ideal value of 0, representing perfect simulation,
to larger positive values. KGE, and RSR metrics are recorded at 0.66 and 0.62, respectively.
These metrics indicate good agreement between observed and simulated streamflow during

model calibration and validation periods.
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The statistical values derived for this SWAT model are comparable to those of other SWAT
studies. For example, Sharma (2023) had R? and NSE values of 0.60 and 0.59, respectively,
for a climate sensitivity analysis for watersheds in the Rio Grande basin of New Mexico.
Muche et al. (2020) reported a KGE value of 0.61 and an RSR value of 0.64 fora SWAT model
in a Kansas agricultural watershed to study climate change impacts on streamflow. Chen et al.
(2021) determined that R? = 0.7 and NSE = 0.79 for a SWAT model of a watershed in the
Upper Mississippi River to study climate change impacts on runoff predictions. In these
previous SWAT studies, climate change analyses were performed after the researchers found
acceptable objective function values. Therefore, the objective function values derived in this
SWAT model for the Upper West Fork Trinity Watershed were considered satisfactory to

perform a climate change analysis.

Impacts of Climate Change in the Study Watershed

Climate change analysis was performed with the calibrated model parameters in ArcSWAT
and then used to create hydrographs of the future scenario of SSP1-2.6, SSP2-4.5, SSP5-8.5
under the 2030s (2031 —2050), 2080s (2081 — 2100), and the historical (2003 —2022) climatic
conditions for the monthly average streamflow. Across all seven stations in the study
watershed, there is a consistent trend of increasing average temperatures in both the 2030s and
2080s under all three SSPs compared to historical averages. For instance, in Alvord Station,
the average temperature is projected to increase by approximately 3°C from 19.6°C in the
2030s to 22.6°C in the 2080s under the SSP5-8.5 scenario, indicating a hotter climate than the

historical.

Comparing the temperature increases observed in the Upper West Fork Trinity Watershed with

findings from other studies conducted in watersheds across the US and around the world
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reveals consistent warming trends. Studies in various US watersheds have reported increasing
temperatures due to climate change, with projections aligning with the trends observed in the
Upper West Fork Trinity Watershed. For instance, research in the Sierra Nevada Mountains
projects temperature increases of approximately 3.5°C by the end of the century under high
emissions scenarios (Beltran-Pena, 2023). Similarly, studies in the Colorado River Basin
anticipate temperature increases of 1.5°C to 2.5°C by mid-century, with even greater warming
by the end of the century under SSP5-8.5 (Hancock, 2020). Internationally, studies in
watersheds such as the Amazon Basin and the Rhine River Basin also project significant
temperature increases by the end of the century, further corroborating the warming trends
observed in the Upper West Fork Trinity Watershed. For example, projections for the Amazon
Basin suggest temperature increases of approximately 4.3°C by the end of the century (Costa
et al., 2023), while the Rhine River Basin anticipates temperature increases of 2.0°C to 3.7°C

by the end of the century (Hundhausen et al., 2022).

The projected average annual precipitation for our study watershed is expected to increase by
up to 28% in the 2030s and by up to 32% in the 2080s compared to the 2003 — 2022
precipitation, with a few months showing decrease by up to 33% and increase by up to 116%
across three SSPs. However, in various watersheds across the US, studies have shown trends
of increasing and decreasing precipitation under future climate scenarios. For example,
research conducted in watersheds in the Pacific Northwest, such as the Columbia River Basin,
has indicated a projected increase in precipitation due to climate change, ranging from
approximately 5% to 20% under different emission scenarios (Queen et al., 2021). Similarly,
studies in the Northeastern US, including watersheds like the Delaware River Basin, have also

suggested an uptick in precipitation in the future, with percentage increases ranging from
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approximately 3% to 15% under various emission scenarios (Woltemade et al., 2020).
Meanwhile, in the Central America and the Caribbean region, projections paint a different
picture, indicating potential decreases in precipitation under different emissions scenarios. For
SSP1-2.6, there is a projected precipitation decrease of 2% to 5% by 2080. Under SSP2-4.5,
this decrease becomes more pronounced, ranging from 5% to 10% by 2080 (Almazroui et al.,
2021). The highest emissions scenario, SSP5-8.5, predicts the most significant decrease in

precipitation, with projections ranging from 10% to 15% by 2080.

According to the 2015 National Climate Assessment (Van Den Besselaar et al., 2015),
projections indicate a rise in precipitation of 10-20% by the end of the century (2070-2099) in
the US. Similarly, temperature projections for the same period suggest an estimated increase
of approximately 1.3°C to 3.7°C under lower emissions scenarios and 3.0°C to 6.1°C under
higher emissions scenarios. In examining the specific conditions within our watershed, the
projections reveal similar trends. Our watershed is anticipated to experience a substantial
temperature rise, ranging from 1.0°C to 5.0°C average annual temperature, with some months
showing an average increase of as high as 6.2°C. These temperature projections are comparable
to those estimated by the NCA, indicating a potentially warming trend. These projected
precipitation and temperature ranges signify increased uncertainty and variability in future
climatic conditions in the study watershed. These findings underscore the urgent need for

proactive measures to mitigate and adapt to the impacts of climate change in our watershed.

Impacts of Climate Change on Streamflow
The analysis of projected climate change impacts on streamflow dynamics within the Upper
West Fork Trinity Watershed provides valuable insights into future water resource dynamics.

Overall, the analysis indicates a projected decrease in streamflow in the future compared to the

86



2003 — 2022 historical record. Under both the 2030s and 2080s climate, the model predicts an
increase in both average annual temperature and precipitation across all scenarios relative to
current periods. However, when looking at the monthly scale, precipitation projections suggest
a decrease during summer and an increase during fall and winter seasons. These shifts in
temperature and precipitation patterns are reflected in the projected streamflow in the
watershed. Regardless of SSPs, the average annual streamflow in the watershed is projected to
decrease by 17 to 20% under future climatic conditions compared to the 2003 — 2022 observed
streamflow. Lower streamflow during spring and early summer months are anticipated, with
occasional exceptions showing increased flow in July through October. For example, SSP 585
under the 2030s climate project streamflow could increase by more than two-fold in August
(2.72 m’/s historical vs. 9.58 m’/s). Some of these fluctuations in streamflow appear
disproportionate to changes in precipitation and temperature. These disparities may stem from
various factors, including differences in precipitation and temperature intensity, soil saturation
levels, or alterations in other hydrological components such as evapotranspiration, snowmelt,

groundwater flow, baseflow, and land use patterns in the watershed.

In analyzing the streamflow results, it becomes evident that the projected changes have
significant implications for water availability in the lake, particularly when considering
seasonal variations. The anticipated decrease in streamflow during spring months (March,
April and May) by approximately 38% on average under both the 2030s and 2080s climate
could potentially reduce water levels in the Eagle Mountain Lake reservoir. However, the
projected increase in average streamflow of 18% over the summer months (June, July, and
August), a 12% increase over the fall months (September, October, and November), and 3.6%

increase in winter months (December, January and February) could potentially could
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potentially offset the spring water level deficiency in the reservoir. However, the increase in
streamflow in summer, fall, and winter could result in riverine and lake flooding. However,
the summer and fall months typically coincide with the warmer seasons, where water demand
may be higher for various purposes such as irrigation, recreation, and municipal use. Therefore,

the projected increase in streamflow during these months could potentially benefit the region.

The significant 252% increase in streamflow during August under the SSP 585 scenario in the
2030s, which is often considered a high-emission or "worst-case" pathway, suggests a drastic
deviation from historical norms that could be driven by a combination of factors. This includes
more intense and frequent rain events as predicted by climate models due to global warming,
which could lead to sudden surges in streamflow during this month. If preceding months are
particularly wet, the soil may reach saturation, leading to increased runoff into river systems.
Changes in land use, such as deforestation or urbanization, exacerbate these effects by reducing

the land's ability to absorb rainfall.

The notable increases in streamflow under certain scenarios, such as those projected for Eagle
Mountain Lake, bring numerous benefits, including an enhanced water supply for agriculture,
increased hydroelectric power generation, and improved river health, which supports
biodiversity (Kiedrzynska et al., 2021; Siddha & Sahu, 2022). However, these benefits are
accompanied by challenges, especially when Eagle Mountain Lake, the primary water storage
system in this study, reaches its full capacity (Morway et al., 2023; Shao et al., 2023).

Balancing the benefits and risks associated with increased streamflow becomes crucial.

When Eagle Mountain Lake is at full capacity, any additional influx from increased streamflow
can lead to flooding (Liu et al., 2024). This presents significant risks to infrastructure, homes,

and agricultural lands around the lake, potentially causing extensive damage and disrupting
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local communities (Merz et al., 2021; Mishra et al., 2022). Managing these situations requires
precise operational decisions to safely release water while maintaining the structural integrity
of the lake's dam and other water control structures. Moreover, while increased streamflow can
enhance the lake's ecosystem, excessive flow can erode lake shores, destroy habitats, and alter

aquatic environments, negatively impacting species that rely on stable conditions (Siddha &

Sahu, 2022).

To effectively manage these dynamics at Eagle Mountain Lake, adaptive management
strategies are essential. This includes enhancing the lake's infrastructure to handle higher
volumes of water, thus preventing overflow and facilitating controlled releases during peak
flows. Implementing Integrated Water Resource Management (IWRM) can help coordinate
the multiple uses and users of water resources around the lake, ensuring sustainability (Tariq
et al., 2021). Furthermore, developing comprehensive flood management plans that include
early warning systems and community evacuation plans can mitigate the risks associated with
sudden increases in water levels (Kotecha et al., 2024). Continuous environmental monitoring
and conservation efforts are also crucial in preserving the ecological balance of Eagle
Mountain Lake and mitigating the adverse impacts of changes in water flow. These combined
strategies ensure that the benefits of increased streamflow are realized without compromising

the safety and environmental integrity of the Eagle Mountain Lake area (Ganoulis, 2023).

Despite some cases where streamflow increases, the overall trend indicates a future with less
water available, particularly impacting domestic and industrial water supply and recreational
activities (Siirila-Woodburn et al., 2021). This reduction in streamflow could lead to
consistently lower water levels in Eagle Mountain Lake, affecting the volume of water

available for household and industrial uses. Industries relying on a consistent water supply
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might face operational challenges and increased costs, potentially impacting the broader
economy (Rodrigues et al., 2023). Recreational activities around Eagle Mountain Lake, such
as fishing, boating, and other water sports, would likely be adversely affected. Lower water
levels can restrict access to parts of the lake, complicating boat navigation and diminishing the
overall quality of the recreational experience (Chalise et al., 2021; Rodrigues et al., 2023). This
could result in a decline in tourism, negatively affecting businesses dependent on visitors, such

as local shops, restaurants, and hotels (Ngin et al., 2020).

The ecological health of the lake and its surroundings could also suffer as habitats reliant on
certain water levels are altered or reduced (Cantonati et al., 2020). This scenario could lead to
decreased biodiversity and affect various species that are integral to the aquatic and
surrounding ecosystems (Adeogun & Chukwuka, 2023). Given these potential impacts,
proactive planning and management strategies are crucial. Community leaders and local
authorities might need to implement more stringent water conservation measures, invest in
infrastructure to better manage water resources, and develop programs to support local
economy and ecological conservation efforts. Effective management of the lake's water
resources will be essential to sustaining the community and the natural environment in light of

these projected changes in streamflow.

Our results align with findings from various previous studies that have explored similar
watersheds or regions, providing valuable insights into potential variations in streamflow
dynamics. These studies have collectively contributed to our understanding of how streamflow
may respond to climate change scenarios. For instance, a study conducted by Paul (2023) in
the Nooksack River watershed in northwestern Washington projected a decrease in streamflow

of approximately 15% in the summer months (June-August) by the 2080s under a high
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emissions scenario. Similarly, Quansah et al. (2021) examined streamflow changes in the
Alabama River Basin and reported a decrease of 10% in August streamflow by the 2030s under
a moderate emissions scenario. Furthermore, Miller et al. (2021) analyzed streamflow
projections in a broader regional context in the southwestern region of the United States and
found significant decreases in streamflow across multiple months by the 2080s under high
emissions scenarios. While their study focused on a larger geographical area, our results
corroborate their findings. Quantitatively, when comparing the percentage changes in
streamflow across specific months and scenarios, our study shows similar trends to those
reported in these previous studies. However, the magnitude of changes may vary due to
differences in watershed characteristics, climate models, emission scenarios, and modeling

techniques employed.

However, it is essential to note that these fluctuations in streamflow reflect the dynamic
interplay between climate factors, hydrological processes, and water availability. Changes in
precipitation patterns, temperature regimes, and other environmental variables can
significantly influence streamflow dynamics and, consequently, water availability in the lake.
Therefore, understanding these complex relationships and adapting management strategies
accordingly is crucial for effectively navigating the potential impacts of climate change on

water resources.

Model Limitations

Hydrological models, such as SWAT, aim to simulate complex natural environments, yet they
often encounter challenges due to data availability and model limitations. In our study, the use
of SWAT was hindered by the unavailability of crucial climate data, particularly relative

humidity, wind speed, and solar radiation. As a result, we used a simple form of
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evapotranspiration method (Hargreaves). Furthermore, it is important to note that our study
focused on annual and monthly streamflow estimates. This limitation may restrict our ability
to capture short-term variations (daily and sub-daily) in streamflow patterns, potentially
overlooking important temporal dynamics within the watershed. Consequently, it could
introduce uncertainties, particularly when analyzing events such as flash floods or rapid
changes in streamflow. Relying only on annual and monthly averages may mask extreme
events or fluctuations that could have significant implications for water resource management
and decision-making. Therefore, while our study provides valuable insights into long-term
trends and general patterns, it may not fully capture the complete spectrum of streamflow

dynamics at finer temporal scales.

Another limitation of our methodology was the reliance on a single land cover dataset,
specifically from the year 2016. Hydrological models are sensitive to changes in land cover,
as these changes can significantly affect water runoff, evaporation, and overall watershed
dynamics. Using only one year's data does not account for subsequent changes in land use and
land cover that can occur over time due to factors like urbanization, deforestation, or
agricultural expansion. Ideally, using different land cover datasets for different years would
provide a more accurate reflection of the watershed's changing conditions and how these

changes impact water resources.

It is essential to acknowledge these limitations when interpreting the results of our study,
particularly when considering management changes within the watershed. However, despite
these challenges, our study successfully achieved its primary objective of examining the impact
of climate-induced precipitation and temperature changes on water resources, with a specific

focus on streamflow. By shedding light on these critical aspects, our study contributes valuable
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insights into the potential effects of climate change on water resource dynamics, facilitating
informed decision-making and adaptive management strategies in the face of evolving

environmental conditions.

Recommendation

In light of the identified limitations in our study, several recommendations can be made to
improve future research and enhance the robustness of hydrological modeling in similar
watersheds. First and foremost, efforts should be directed towards enhancing data collection
and availability. Comprehensive datasets encompassing various hydrological parameters,
including additional climate variables such as relative humidity, wind speed, and solar
radiation, should be collected and implemented in the model. This will improve the accuracy
and reliability of hydrological models, enabling better representation of complex watershed

evapotranspiration processes.

Moreover, hydrological models should aim to strike a balance between complexity and
computational efficiency. While physically-based models like SWAT offer detailed
representations of hydrological processes, efforts should be made to continually refine and
validate these models against observed data at different temporal and spatial resolutions to
ensure they accurately capture the dynamics of the watershed. Integrating uncertainty analysis
techniques into hydrological modeling frameworks can provide valuable insights into the
reliability and robustness of model outputs. By quantifying uncertainty associated with input
data, model parameters, and structural assumptions, researchers can enhance the credibility of

model predictions and improve decision-making under uncertainty.

Collaboration between hydrologists, climatologists, geographers, and other relevant

disciplines can foster interdisciplinary research approaches, enriching hydrological modeling
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efforts and leading to more comprehensive assessments of climate change impacts on water
resources. Establishing long-term monitoring programs to continuously collect data on
hydrological processes within the watershed is essential. Regular evaluation of model
performance against observed data can help identify areas for improvement and refine model
structures and parameterizations over time. Lastly, engaging stakeholders, including local
communities, policymakers, and water resource managers, is crucial for ensuring that research
findings are effectively communicated and translated into actionable strategies. By fostering
dialogue and collaboration with stakeholders, researchers can ensure that hydrological
modeling efforts address relevant societal needs and contribute to sustainable water resource

management in similar watersheds.
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CHAPTER VI

Conclusion

The Upper West Fork Trinity Watershed was studied using SWAT to assess the effects of
climate change on streamflow. The study aimed to quantify how changes in climate patterns
would influence the watershed hydrology, specifically streamflow. To achieve this, the SWAT
model was calibrated and validated against observed streamflow data from six USGS gauging
stations. The calibration and validation results demonstrated reasonable accuracy in monthly
streamflow projections, effectively capturing a substantial portion of observed streamflow
variability. Utilizing downscaled and bias-corrected precipitation and temperature projections
from LARS-WG GCMs for the 2030s and 2080s climatic conditions, ArcSWAT was employed
to analyze the watershed's climate change impact. This rigorous approach instilled confidence
in the results, revealing the potential for increased average temperature, rainfall, and decreased
streamflow in the Upper West Fork Trinity Watershed. Overall, the study findings suggest that
SWAT-based model of the watershed is able to represent the watershed hydrology well and

provided useful insights on potential future changes in the streamflow dynamics.
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ABSTRACT
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This study investigates the modeling of climate change impacts on streamflow
dynamics within the Upper West Fork Trinity Watershed, employing the Soil and Water
Assessment Tool (SWAT). The study begins with the successful development and
validation of a SWAT model for the historical period (1990-2022), demonstrating strong
agreement between simulated and observed streamflow data. Subsequently, the model is
utilized to assess the impacts of projected climate change scenarios (2030s and 2080s)

under different Shared Socioeconomic Pathways (SSPs) on streamflow dynamics.

The findings reveal consistent trends of increasing average temperatures across all
scenarios, with temperature projections aligning with global warming patterns observed in
various watersheds worldwide. Moreover, projected precipitation patterns indicate both
increases and decreases, leading to increased uncertainty and variability in future climatic

conditions. These changes in temperature and precipitation translate into significant



alterations in streamflow dynamics within the watershed. Despite anticipated increases in
average annual precipitation, the model projects a decrease in streamflow, particularly
during spring and early summer months, which could impact water availability in the Eagle
Mountain Lake reservoir. Specifically, the average annual streamflow in the watershed is
projected to decrease by 17% to 20% under future climatic conditions compared to the
2003 — 2022 observed streamflow. However, projections also suggest an increase in
streamflow during summer, fall, and winter months by 18%, 12%, and 3.6% respectively,
potentially offsetting spring deficiencies in the reservoir but also raising concerns about

riverine and lake flooding.

Overall, this study provides valuable insights into the potential impacts of climate
change on water resources within the Upper West Fork Trinity Watershed, highlighting
the importance of adaptive management strategies in mitigating the effects of evolving

environmental conditions.



