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ABSTRACT

Water resources are critical to sustaining terrestrial ecosystems and socio-economic
systems globally. However, global water supplies are threatened by deforestation and
conversion to agricultural lands. Assessing the impacts of landcover change at the
watershed scale poses significant challenges. Difficulty arises from inherent variability
associated with the interaction of complex land-surface conditions due to variation in
watershed characteristics and landuse/landcover, daily-to-annual response of watersheds
to changing local-to-regional weather. It also comes with small sample sizes typically
obtained with traditional watershed experiments. Consequently, comprehensive, integrated
models of watershed hydrology is used in assessing impacts of climate change, land
management, and landcover on water resources in watersheds. Hydrological models have
their own limitations, as they are developed and refined according to pre-existing
knowledge of hydrological processes. In this study, a comprehensive hydrological model
(i.e., SWAT) in combination with experimental data and statistical methods was used to
assess the impacts of climate change, landuse practices, and landcover variances on water
resources at the watershed scale. This hybrid approach overcomes the limitations existing
in both field experiments and watershed models. Here, three scientific questions associated
with the application of the model are addressed. Climate change is shown to have a negative
impact on crop yields under three emission scenarios, Representative Concentration
Pathways (RCPs) 2.6, 4.5, and 8.5. Under RCP 8.5, a significant reduction in crop yield is
projected to ensue from 2060 to 2099, i.e., 13-23% from historical yields. Present research
also indicates the impacts of elevated ambient CO, concentrations on water yield can be

distinguished at watershed level and was shown to be responsible for a 1.6% increase in

ii



water yield over 23-year. The gradual, annual application of flow diversion terraces in the
same watershed caused a measurable reduction in water yield by about 29% at the end of
the study period. It was also found that forested watersheds had lower peak flow during the
snowmelt seasons, and this flow was delayed by at least 7—17 days following the peak flow
observed in an agricultural watershed. The results from this study have profound
implications for water-resource management, landuse planning, and flood-risk

management.
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CHAPTER 1

INTRODUCTION



1.1 Background

Water resources are critical for securing human life, sustaining socio-economic
development, and maintaining the stability of ecosystems (Rozas-Vasquez et al., 2019).
However, issues including increases in human populations, expansion of agricultural food
production, rapid urbanization, as well as other economic activities, interrupt natural water
cycles and pose threats to water supplies globally (Hurkmans et al., 2009; Kiptala et al.,
2013; Marcal et al., 2021; Yu and Bourque, 2022), contributing to water scarcity in many
regions of the world. It is recognized that insufficient soil water is an important limitation
on local food production and security (Kang et al., 2009; Tijjani et al., 2024). These
interests are severely impacted by (i) climate change, particularly as air and land surface
temperatures increase, the consumption of water vapor by the atmosphere increases, and
precipitation patterns change (Martinez-Valderrama et al., 2023), and (ii) landuse measures
that alter landcover characteristics and associated water supplies (Potter, 1991; Roy et al.,
2024). Therefore, a systematic understanding of hydrological processes and their
influencing factors at watershed scales can facilitate the formulation of appropriate water-

resource management strategies and the prediction of future water supplies.

However, these influencing factors are naturally confounded and not easily isolated
as to their specific role in defining hydrological processes. In many experimental studies,
watershed experiments are commonly used to separate the influencing factors on water
resources, because these experiments (i) offer a comprehensive and realistic approach to
provide understanding informing sustainable land management practices and water
resources planning; (ii) capture the complexity of hydrological processes occurring in

response to different controlling factors, such as those associated with variable climate, soil



properties, physiographic variability, and vegetation cover; (iii) allow researchers to study
watershed-process alterations by landuse effects, not only for the immediate area but also
for the entire watershed for the reason that landuse changes in one part of the watershed
may have cascading effects downstream, accounting for the accumulated impacts on
downstream water quantity and quality; and (iv) facilitate the direct measurement of
waterflow, including surface runoff and discharge. Previous long-term watershed
experiments have accumulated large amounts of observed data, assisting our understanding
of major hydrological processes at the watershed scale (e.g., Udawatta et al., 2002; Gomyo
and Kuraji, 2016). However, all field experiments, e.g., paired-watershed experiments
(Gomyo and Kuraji, 2016; Tomer, 2018), pre- and post-treatment experiments (Troendle
and King, 1985), and edge-of-field experiments (Daniels et al., 2018), have their limitations.
Since hydrological processes are complex with massive year-to-year variations, assessing
the impact of forest tree removal on water yield, for instance, may require large sample
sizes. Restricted by the costs of experiments and expansive labor requirements, difficulties
exist in acquiring sufficient data for analysis. Furthermore, these experimental approaches

are limited by their scope, posing challenges when applied to large areas (Jin et al., 2023).

Consequently, comprehensive, process-based models of watershed hydrology, e.g.,
MIKESHE (Wang et al., 2013), WetSpa (Safari et al., 2012), SWAT (Arnold et al., 1998;
Saravanan et al., 2022), and other comparable models, are widely used to compensate for
limitations in field experiments (Leavesley, 1994; Jayakrishnan et al., 2005). While
process-based models are comprehensive, efficient, and capable of extrapolating
experimental data to broader spatial scales, their merit and precision as to the assessment

of cause-and-effect relationships hinge on the accuracy with which the models can



represent salient biophysical processes. It has been observed that process-based models can
introduce considerable uncertainty in evaluating the effects of climate, land management
practices, and landcover type, stemming from the intricate interaction among these
elements and models’ limited capacity. Uncertainties come from model structure (Qi et al.,
2016a,2016b,2017b; Karki et al., 2023; Li et al., 2023; Liang et al., 2023a; Mu et al., 2023;
Zhang et al., 2023b), parameterization (Wu et al., 2012a, 2012b; Haas et al., 2022; Garna
et al., 2023), and input data used (Qi et al., 2017a, 2022; Zeng et al., 2023; Zhang et al.,
2023a; Zhu et al., 2023; Liu et al., 2024), posing some limitations on model accuracy.
However, improvements to reduce model uncertainties are strongly connected to field data
acquired from field experiments for understanding hydrological processes and model

calibration.

In brief, both field-watershed experiments and hydrological models bring their own
sets of limitations in estimating the controlling factors of water-yield dynamics in rivers
and streams. This study proposes two new approaches of analysis (Chapters 3 and 4),
considering ambiguity in the models’ ability to assess all shared effects associated with
variable weather, on-land management practices, and landcover type differences on
monthly water yields. These methods rely on the predictions produced with a well-
established, process-based model (i.e., SWAT, Soil Water Assessment Tool, in this case) in
developing baseline scenarios. Results from these studies are then compared to historical
field data using various analytical techniques (e.g., residual analysis based on Bayesian
techniques and model regionalization) to isolate the roles of selected influencing factors,
either (i) not accounted for in current model structure (Chapter 3), or (ii) involving

watershed-wide differences in landcover expression not easily quantified (Chapter 4).



Employing these approaches cannot only assist in isolating influencing factors efficiently
for these two problems but can also help identify important processes that should be

featured in hydrological models for improved performance under new circumstances.

1.2 Objective

The main objective of this dissertation is to assess the impacts of future climate
change, on-land management practices, and different landcover type on water resources in
Atlantic Canada (AC). Specifically, three main research areas being addressed, include: (i)
predicting the impacts of climate change (i.e., changes in air temperature and precipitation)
and ambient CO> concentrations on future crop yields (Chapter 2); (ii) separating the
impact of ambient elevated CO> concentrations and construction of flow diversion terraces
on streamflow dynamics by means of residual analysis (Chapter 3); and (iii) quantifying
differences in hydrological response associated with variances in landcover type,
particularly agriculture- vs. forest-dominated watersheds using model regionalization

(Chapter 4).

1.3 Process-based model of choice

A process-based model that embraces hundreds of equations and parameters that
describe the sophistication of watershed processes, associated with snow accumulation and
melt, groundwater flow, surface runoff generation, and evapotranspiration processes
(Golmohammadi et al., 2014; Sun et al., 2023). Among the many hydrological models that
presently exist, SWAT is widely used in scientific research and water-resource assessment
and watershed management (Yang et al., 2009a, 2009b; Qi et al., 2016a, 2016b, 2017a;
Liang et al., 2023a, 2023b; Oduor et al., 2023; Tola and Shetty, 2023). It is commonly used

as a decision-support tool in evaluating the impacts of best management practices (BMPs)

5



and landcover change on water resources in large ungauged watersheds (Qi et al., 2018;
Izady et al., 2021; Silva et al., 2024). Recently, the model was extended to estimate the
effect of climate change on water yields associated with different greenhouse gas (i.e.,
GHG) scenarios (Kang et al., 2022; Li et al., 2022). SWAT discretizes the watershed into
subwatersheds, which are further subdivided into hydrological response units (HRUs) with
homogeneous physiographic features, landuse/landcover type, and soil properties (Neitsch
et al., 2011). The model calculates the water balance, including surface and shallow,
subsurface runoff, infiltration, percolation, groundwater recharge and discharge (baseflow),
evapotranspiration, and transmission losses, crop growth, nutrient cycling, and pesticide-
residue transfer within individual HRU. Waterflow, sediment, and nutrient loadings from
each HRU are then summed, with the resulting loadings being routed through watershed-
specific determinations of channels, ponds, and reservoirs to the watershed outlet. Model
outputs include scales from HRU to subwatersheds, to the entire watershed. Observed
hydrological data are subsequently used for the calibration and validation of SWAT for
extended time horizons through adjustment of parameters linked to specific hydrological

processes (Arnold et al., 2012; Mengistu et al., 2019).

1.4 Dissertation structure

Fig. 1.1 provides a schematic of the dissertation structure. The dissertation consists
of five chapters. Chapter 1 gives the research background and research objective. Chapters
2—4 address three scientific questions regarding (i) the degree climate change will influence
crop yields in AC via a straightforward application of SWAT, (ii) the role of two

unaccounted variables in model structure, and (iii) the impact landcover differences may



have on streamflow dynamics. Chapter 5 provides a summary of the study’s major

scientific contributions and recommendations for further research.
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Abstract

Agriculture in Atlantic Canada (AC) is dominated by a rain-fed potato production
system, with potatoes typically alternating with cereal crops, such as barley and oats. Under
rain-fed conditions, crop yields are sensitive to weather and its variations and are thus
affected by climate change. Previous research regarding climate change impacts on crop
yields in AC has been limited to a regional-scale assessment, mostly focusing on climate
without considering real-world field conditions (e.g., soil and topography). In this study,
an enhanced version of the Soil and Water Assessment Tool (SWAT) was used to estimate
crop yields at the watershed scale under climate change conditions projected for the period
of 2020 to 2099 using global climate models with three different greenhouse gas (GHG)
emission scenarios, Representative Concentration Pathways 2.6, 4.5, and 8.5. Results
suggest that climate change will negatively impact potato and barley yields under all three
scenarios. Under RCP 8.5, there will be significant reductions (13—23%) in crop yields
between 2060 and 2099. The leading cause of crop yield reductions is attributed to soil
water stress resulting from increased temperatures and evapotranspiration during the
growing season due to climate change. Elevated carbon dioxide (COz) concentrations could
potentially increase crop yields due to the CO; fertilization effect. However, it is not enough
to offset the negative impacts of soil water stress. My results suggest that on top of
controlling GHG emissions to below the RCP 4.5 level, it is critical to develop and adapt
crop, soil, and water management practices, such as adaptation to new crop-rotation
systems, early planting dates, and supplementary irrigation to maintain future crop yields

mn AC.

Keywords: Atlantic Canada, climate change, crop yield, CO» fertilization, SWAT
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2.1 Introduction

The increase in fossil fuel consumption generates elevated atmospheric carbon
dioxide (CO2) concentrations, which in turn traps heat and warms the earth’s surface,
leading to rising temperatures, losses in snowpack/ice, and changing precipitation patterns
(Rajib et al., 2016; Ahiablame et al., 2017; Pathak et al., 2018). Rising atmospheric CO>
concentrations will further influence the distribution of precipitation and increase the
frequency and intensity of extreme weather events, such as flooding and drought (Harrison
et al., 2014). These ongoing changes in climate may have great impact on water budgets,
increasing water demands by agricultural crops (Vaghefi et al., 2014; Paul, 2016). Projected
changes in seasonal temperature and precipitation distributions can have pronounced
impacts on crop growth at different growing stages (Vaghefi et al., 2014; Ahiablame et al.,
2017). Studies have indicated that an increase in atmospheric CO> concentrations is
expected to promote plant growth through the CO; fertilization effect (Cure and Acock,
1986; Idso and Idso, 1994). However, other studies have found that stomatal closure
responses to elevated ambient CO2 concentrations can lead to reduced evapotranspiration
and CO; uptake (Raymundo et al., 2018; Chen et al., 2019). The overall impact of climate

change on crop yields is thus complicated, requiring further investigation.

Future changes in annual and seasonal temperature and precipitation patterns and
their implications on different agricultural production systems can vary regionally. For
instance, in the semi-arid northern High Plains of Texas, Chen et al. (2019) predicted
reductions in corn and sorghum yields under future climatic conditions. Smith et al. (2013)
indicated that cereal yields would decrease under the influence of future climate change in

northern Europe. However, wheat yields were projected to increase in the Taihang
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Mountain region of East Asia (Rashid et al., 2019). Paul et al. (2020) also predicted that
corn yields would decline in both the mid- and late-21* centuries, whereas soybean yields
were predicted to increase in the mid-21% century but decline by the late-21% century in
Mid-Atlantic USA. Motha and Baier (2005) found that all major unirrigated crops would
experience decreases in yield generalized over the USA. In Canada, spring wheat, winter
wheat, and corn yields were projected to increase in the west (Smith et al., 2013). However,
corn yields in more humid regions of central Canada were found to decrease (He et al.,
2018). It is thus important to assess the impacts of climate change on local water resources
and crop yields to evaluate and implement adaptive agricultural management practices

needed to maintain a uniform crop productivity (Ozturk et al., 2017).

Potatoes (Solanum tuberosum L.) are the largest non-cereal food crop, ranked as the
fourth most important food crop in the world (FAO, 2019). It is also the most important
horticultural crop, accounting for one third of all vegetable farm revenues in Canada
(PotatoPro, 2018). Atlantic Canada (AC) is the most important potato production region in
Canada, producing more than 40% of the country’s potatoes (Mukezangango, 2017).
Barley (Hordeum vulgare L.) is the most frequently used rotation crop with potato in AC.
It also accounts for the second most important field crop in Prince Edward Island, the
largest barley production area in AC (Statistics Canada, 2017). Historical records show that
the climate in AC has become progressively warmer over the past hundred years (Zhang et
al., 2000; Motha and Baier, 2005). Intensified water stress associated with higher

temperatures in the future can adversely affect the growth and yields of potatoes and barley.

There are few studies of climate change’s impacts on crop yields to inform

agricultural water management in AC. There is a lack of information about rain-fed regions
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influenced by seasonal snow cover, where climate change is projected to have an elevated
impact. To address this knowledge gap, a modeling approach has been employed to assess
the impacts of future climate change on hydrology and crop yields at the watershed scale
in AC’s environment. Hydrological models incorporating crop growth modules are widely
used to assess the change in crop yields under future climate change (Srivastava et al., 2012;
Chen et al., 2019; Ahmad et al., 2020). They have the advantages of low cost, high
efficiency, and easy control of variables compared with field/laboratory experiments,
particularly for agricultural watersheds (Chen et al., 2019; Paul et al., 2020). Among these
models, the Soil and Water Assessment Tool (SWAT) has been widely used to investigate
climate change effects at the watershed scale worldwide (Arnold et al., 1998). SWAT has
been modified to better address AC’s environment so it can be adopted to investigate
climate change impacts on crop yields in AC (Qi et al., 2016b, 2019b; Wang et al., 2020b).
The objectives of this study are to: (1) investigate future climatic conditions as impacted
by elevated atmospheric CO; concentrations; (2) evaluate the performance of an enhanced
version of SWAT in simulating hydrology and crop growth in a small experimental
watershed; and (3) predict the impacts of climate change on crop yields with major
economic importance (i.e., potatoes and barley) and identify the key drivers for crop yield
changes in AC. In this study, three Representative Concentration Pathway (RCP) emission
scenarios (i.e., RCPs 2.6, 4.5, and 8.5) are considered, based on projections from five
Global Climate Models (GCMs) to represent future conditions for different adaptation

strategies.

22



2.2 Materials and methods
2.2.1 Study site and data collection

Black Brook Watershed (BBW) is in northwestern New Brunswick, Canada (47°5'
to 47°9'N, 67°44' to 67°48'W), with elevations ranging from 150 to 242 m above mean sea
level (Fig. 2.1). The region is characterized as a typical watershed in AC, strongly
influenced by marine weather (Chow et al., 2011). The average temperature is 3.7°C, and
the annual precipitation is 1037.4 mm, of which about one third of the annual precipitation
is in the form of snow. Melting snow in spring is the major source of surface runoff and
groundwater recharge (Chow and Rees, 2006; Qi et al., 2017). The area of the watershed
is 14.5 km?, with agricultural, forest, and residential land accounting for 65%, 21%, and
14% of the total area, respectively (Chow et al., 2011). The main crop within BBW is
potatoes in rotation with barley. Soils in BBW are classified into six mineral soil classes,
namely, Grand Falls, Holmesville, Interval, Muniac, Siegas, and Undine, and one organic
soil, Saint-Quentin (Mellerowicz, 1993). These soils are developed from glacial till and are
generally very stony. Soil texture ranges from sandy loam, loam, to clay loam.

A water monitoring station at the outlet of BBW (MS#1, Fig. 2.1) has been in
operation since 1992. Recorded flow rates have been used to calculate discharge from 1992
to 2015 (Chow et al., 2011). Weather data, including daily precipitation, air temperature,
relative humidity, solar radiation, and wind speed from 1992 to 2015 were acquired from
the St. Leonard Environment Climate Change Canada weather station, approximately 5 km
from BBW (Fig. 2.1). As part of a long-term research effort, field-level landuse information
on crop rotation, fertilizer application, management practices, planting and harvest dates,

and crop yields from individual farms have been collected via annual surveys since 1992
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(Liang et al., 2019). We arranged the SWAT-project with individual hydrologic response
unit (HRU) explicitly representing farms within BBW, and management practices were
configured according to long-term detailed records at the HRU level (Qi et al., 2017). A
high-resolution digital elevation model (1-m resolution) was used, based on elevation data
collected with airborne light detection and ranging technology (Qi et al., 2016a, 2016b,

2018). Soil data were extracted from a detailed soil survey map (Mellerowicz, 1993).

" Legend
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Fig. 2.1 Locations of Black Brook Watershed (BBW) and associated weather (St. Leonard)
and water-monitoring (MS#1) stations. Major landcover types are also shown, see legend.

2.2.2 Model description
2.2.2.1 Enhanced SWAT model
SWAT has the capability of predicting hydrological processes, water quality, plant

biomass growth, and crop yields as impacted by climate change and landuse management
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(Arnold et al., 1998). The model is a semi-distributed and processed-based watershed
model providing a flexible framework for simulating the efficacy of a broad range of
beneficial management practices (Gassman et al., 2005; Ullrich and Volk, 2009; Qi et al.,
2020; Wang et al., 2020a). Major model components include a weather simulator, and
modules of hydrology, plant growth, and land management, as well as modules of loads
and fluxes of sediment, nutrients, pesticides, bacteria, and pathogens. Neitsch et al. (2011)

provides a detailed description of the model.

The first generation of SWAT used an empirical equation to calculate soil temperature
(Neitsch et al., 2011), which was found to severely underestimate soil temperatures during
winter in regions with substantial snow cover (Qi et al., 2016b). This is because the
insulating effects of snow, reducing heat loss of the soil surface, were not considered by
the empirically-based expression of soil temperature in older versions of SWAT (Qi et al.,
2016b). To address this issue, a physically-based soil temperature module was developed
and integrated in SWAT to account for these effects due to freeze-thaw cycles of soil water
(Qi et al., 2016a, 2016b, 2019a, 2019b). The enhanced model has proven to dramatically
improve snow-dominated hydrological responses to rising temperatures (Wang et al.,
2020a, 2020b, 2021), thus increasing the reliability of climate change impacts on
agriculture in AC. The time lag in snowmelt was also addressed by calibrating relevant
parameters against measured high flows in early spring. The lag was assumed not to be
impacted by climate change. Qi et al. (2016b) provides additional information regarding

some of these model algorithms and their corresponding parameter calibration.
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2.2.2.2 Hydrology and crop yield simulation

The hydrological process in the soil profile simulated by SWAT is based on the water
balance equation (Eq. 2.1), which includes the processes of precipitation, surface runoff,
infiltration, evapotranspiration, lateral flow, and percolation (Arnold et al., 1998; Neitsch

etal., 2011):
SWy = SW, + Z?:l(Rday - qurf —Eq — Quar — Wseep)a (2.1)

where SW; is the final soil water content at time ¢ (day), SW, the soil water content at the

start of a timestep, R 44, the amount of precipitation (or snowmelt), Qs surface runoff,

E, actual evapotranspiration, Q4 lateral flow, and Wy, percolation on day i (all in mm).

Surface runoff'is estimated using a modified Soil Conservation Service curve number
(Mishra and Singh, 2013). A kinematic storage model is used to calculate lateral flow
(Sloan and Moore, 1984). Soil water movement is modeled using a “tipping-bucket”
algorithm. Water is allowed to percolate downwards if soil water content exceeds field
capacity, and the layer below is not saturated. The amount of water moving downwards
from one layer to an adjoining soil layer is calculated using the storage routing method
(Arnold et al., 2011; Neitsch et al., 2011). Water percolating out of the lowest soil layer
enters the vadose zone, eventually recharging aquifers. In SWAT, evapotranspiration can
be calculated with three different methods, including the Penman-Monteith (Monteith,
1965), Priestley-Taylor (Priestley and Taylor, 1972), and Hargreaves method (Hargreaves
and Samani, 1985). In this study, the Penman-Monteith method was used to simulate
evapotranspiration. The heat unit theory was used to regulate plant growth based on SWAT-

specific input parameters summarized in a plant-growth database (Boswell, 1926; Magoon

26



and Culpepper, 1932). Actual growth was then deducted from potential growth due to
environmental stresses caused by extreme temperatures and/or deficits in water and
nutrients, particularly nitrogen and phosphorus. Plant growth in the model was controlled
by the leaf area index (LAI) of the crop canopy, light intercepted, and conversion of
intercepted light into biomass by radiation use efficiency, defined as the amount of dry
biomass produced per unit of intercepted solar radiation. Lastly, SWAT partitioned crop
yield from the total biomass based on a harvest index with a fraction of plant dry biomass

removed as dry economic yield (Arnold et al., 2011).

2.2.3 Climate data
Future climate scenarios, including daily precipitation and maximum-minimum
temperatures for BBW, projected by the Coupled Model Intercomparison Project Phase 5

(CMIPS) (Taylor et al., 2012) were downloaded for 1980-2099 (via

https://data.pacificclimate.org/portal/downscaled _gems/map/, last accessed on August

2020) and statistically downscaled to a spatial resolution of 10 km by the Pacific Climate
Impacts Consortium (PCIC), University of Victoria (Feb 2019) using the Bias
Correction/Constructed Analogues with Quantile mapping reordering (BCCAQv2; Cannon
et al., 2015; Werner and Cannon, 2016; Hiebert et al., 2018). The BCCAQV2 is a hybrid
downscaling technique developed by PCIC, combining BCCA (Maurer et al., 2010) and
quantile delta mapping (Cannon et al., 2015). Data from five representative GCMs for
northeastern North America, i.e., CNRM-CM5 (CNRM-CERFACS, France), CSIRO-
Mk3-6-0 (CSIRO-QCCCE, Australia), CanESM2 (CCCMA, Canada), MRI-CGCM3
(MRI, Japan), and GFDL-ESM2G (NOAA GFDL, USA) were employed in this study

(Cannon et al., 2015).
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Three RCP-emission scenarios (RCPs 2.6, 4.5, and 8.5) were selected, representing
different greenhouse gas (GHG) emission scenarios to assess hydrological fluxes and crop
yields. RCP 2.6 represents the lowest projected emission, with a peak in net radiative
forcing of ~3 W m™ in the mid-century before declining to 2.6 W m™ by 2100. RCP 4.5
represents a stabilization in net radiative forcing at 4.5 W m™ by 2100. RCP 8.5 represents
the highest global emission scenario with a rise in net radiative forcing of 8.5 W m™ by
2100. Atmospheric CO> concentrations for each scenario were downloaded from the

Integrated Assessment Modeling Consortium database (http:/tntcat.iiasa.ac.at/RcpDb/).

The WXGEN weather generator model embedded in SWAT (Sharpley and Williams, 1990)
was used to simulate future daily solar radiation, wind speed, and relative humidity. This
weather generator assumes that the characteristics of solar radiation, wind speed, and
relative humidity remain constant at current levels for the different future scenarios,
implying that temperature and precipitation are the dominant drivers of future hydrology

and crop growth and yield (Somura et al., 2009; Lopes et al., 2021).

2.2.4 Statistical analysis and model performance evaluation

To predict future climate change impacts on hydrological fluxes and crop yields,
measured streamflow and crop yields for BBW were used to calibrate and validate SWAT.
For streamflow, model performance was assessed based on the relative error (R, ),

coefficient of determination (R?), and Nash-Sutcliffe efficiency (NS):

R, = Lee=%a0 (g0, (2.2)
Oavg
n (o, (Pie
Rz =( i=1(0i-Oavg)-(Pi—Pavg) 0.5)2, and (2.3)

[Z%,(0i—Oavg)* X (Pi~Pavg)?]
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Y ,(0i—P)?
29
71(0i-0avg)

NS=1- (2.4)

where O; and P; are the observed and predicted values and Oy, and P, their

corresponding averages, respectively.

Crop yields at individual HRUs were not separately calibrated because it was
technically impractical to do so, given the total number of HRUs for BBW was 887. Instead,
simulated and observed crop yields over multiple HRUs were averaged for crop calibration
(Sun and Ren, 2014; Sinnathamby et al., 2017; Shahvari et al., 2019). To compare with
SWAT-simulated dry biomass measurements, actual potato yields were adjusted by
multiplying an average dry mass conversion (~0.23%) determined from experiments based
on four varieties of potato (i.e., Russet Burbank, Goldrush, Prospect, and Shepody; Liang
et al.,, 2019). Since SWAT does not take potato variety into consideration, we only
examined the trend in average potato yields at the watershed level for different climate
scenarios. Regarding barley, because of the absence of experiments in AC, actual and
simulated yields were directly compared because the dry mass conversion (%) of barely
was ~85.2-89.8% (Poulsen et al., 2012), compared to 15-25% for potatoes (Kapoor et al.,

2019). R, was used to assess model performance for crop yields for BBW.

Water use efficiency (WUE) was used to understand how climate change would
affect plant water use and growth (Hatfield and Dold, 2019); WUE is defined as the amount
of biomass or grain produced per unit of water consumed by crops (Briggs and Shantz,

1913), and

WUE = 1000  yield /ET, 2.5)
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where WUE is the water use efficiency (kg ha! mm™), yield the crop yield (tons ha™'), and

ET an estimate of evapotranspiration (mm).

After model evaluation with historical data in terms of hydrology and crop yields for
BBW, climate data projected with the five GCMs were used to drive SWAT following
calibration, simulating hydrological processes and crop yields from 1980 to 2099. Model
simulations were summarized for four future periods, i.e., P1 (2020-2039), P2 (2040—
2059), P3 (2060-2079), and P4 (2080-2099). Changes in hydrological fluxes and crop
yields based on the downscaled results of the five GCMs and three RCP scenarios were
compared against fluxes and yields for a 20-year baseline period (BL) from 2000 to 2019.
COg, fertilization effects on crop yields were summarized for 40-year periods, as discussed
in Section 2.4. Forty-year periods (i.e., 2020-2059 and 2060-2099) were used here, rather
than 20-year periods, due to the difficulty in configuring ambient CO; concentrations for
model input. Ambient concentrations in SWAT were not specified as monthly timeseries,
like they were for precipitation and temperature, but as multiple-year averages of

concentration.

Tukey’s honestly significant difference (HSD) test (Tukey, 1949), a single-step
multiple comparison procedure and statistical test, was used to identify the difference
between the mean values of different periods using the multcompView package in R v. 4.0.3.
Tukey (1949) and the Supplementary Material (SM) provide detailed explanations

regarding Tukey’s HSD tests.
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2.3 Results
2.3.1 Atmospheric CO2 concentration and climate projections

Although atmospheric CO; concentrations in AC are projected to increase relative to
BL (330 ppm) for all future periods and RCP scenarios, their trajectories are vastly different
among RCP scenarios (Fig. 2.2). For RCP 2.6, ambient CO» concentrations are expected
to increase from P1 to P2, then decrease from P2 to P4, with P2 having a maximum of 454
ppm. Ambient CO; concentrations are expected to increase monotonically from P1 to P4
under RCP 8.5, with a maximum of 1084 ppm. Under RCP 4.5, ambient CO:
concentrations are projected to increase from P1 to P3 then slightly decrease from P3 to

P4, with a peak concentration of 567 ppm during P3.
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Fig. 2.2 (a) Average annual precipitation and (b) mean air temperature for 20-year time
periods in the 21%-century under RCPs 2.6, 4.5, and 8.5. P1, P2, P3, and P4 represent time
periods from 2020-2039, 2040-2059, 2060-2079, and 2080-2099, respectively. BL is the
baseline period (2000-2019). Percents in parentheses under each average annual
precipitation amount in (a) are the percent changes in annual precipitation relative to BL.
Corresponding average CO» concentrations are also given. The box in each box-and-
whisker plot shows the interquartile range, and the horizontal line in the box marks the
median. The red dot in the box is the mean value (specified in red on the right-hand side of
the box). The whiskers are lines extending from the top and bottom of each box, showing
maximum and minimum values, respectively. The black dots beyond the whiskers are
outliers. Different letters on top of each box plot indicate that the means are significantly
different (p<0.05) from other means based on Tukey’s HSD tests.

Projected average annual precipitation amounts simulated by the five GCMs are
greater than those during BL period (1103 mm) for all future periods and RCP scenarios
except for a slight reduction in P1 under RCP 8.5 (Fig. 2.2a). Changing patterns of
precipitation follow those of atmospheric CO; concentrations under the different RCP

scenarios, with a maximum percent increase of 4.8, 6.4, and 13.8% during P2, P3, and P4
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under RCP 2.6, 4.5, and 8.5, respectively. However, increases in average annual
precipitation relative to BL are significant (p<0.05) only in RCP 4.5-P3 and in RCP 8.5-P2,
-P3, and -P4, due to the greater year-to-year variation in projected precipitation among

GCM projections.

Projected percent changes in average monthly precipitation during P1 vary around
the BL, without clear trends for any of the RCP scenarios (Fig. 2.3a and b; and Table S2.1
and S2.2 in SM). In P2, no clear differences are seen in average monthly precipitation under
all RCPs scenarios. However, they all predict substantial increases in precipitation in the
winter months (February—March) and decreases in August (Fig. 2.3¢ and d). During P3 and
P4, greater differences in average monthly precipitation are projected to occur in the winter
months. Differences extend into spring, with variability in precipitation gradually
decreasing from RCP 8.5 to RCP 2.6 (Fig. 2.3e, f, g, and h). During the growing season,
no clear increase is detected in June and July, but a noticeable decrease is seen in August
when crops have their greatest need for water. Annual percent increases in precipitation

mainly occur during winter and early spring under RCP 8.5.
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Fig. 2.3 Actual and percent change in average monthly precipitation under the three RCP
scenarios during four time periods relative to the baseline period (2000-2019). Panels (a)
and (b), (c) and (d), (e) and (f), and (g) and (h) show results for periods P1 (2020-2039),
P2 (2040-2059), P3 (2060—2079), and P4 (2080-2099), respectively. The left-hand column
shows actual average monthly precipitation, and the right-hand column percent change in
average monthly precipitation (dashed lines highlight 0%). The solid lines indicate the
mean values of actual and percent change in monthly average precipitation, and shaded
areas show the range in minimum to maximum values generated with the five GCMs.
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Projected average annual temperatures simulated with the five GCMs are
significantly greater (»<0.05) than those projected for the BL period (4.4°C) for all future
periods and RCP scenarios (Fig. 2.1b). Different from those of ambient CO> concentration
and precipitation, average annual temperature increases with time, with maximum
increases of 1.1, 2.1, and 4.8°C during P4 for all RCP scenarios. There appears to be a
significant lag in ambient CO> concentration and temperature so that the greatest average
annual temperature occurs during P3 and P4 under RCPs 2.6 and 4.5. Variation in average
annual temperature appears low, with more variability under higher atmospheric CO>
concentrations. There are also significant differences (p<0.05) in temperature increase
between the different future periods under conditions projected for RCP 8.5. However, this
is not the case for the other RCP scenarios. For example, there is no significant difference
between the different future periods between P3 and P4 for RCP 2.6 and between P2 and

P3 for RCP 4.5.

Average monthly temperatures reach their respective maxima in July and August
under all RCP scenarios, with no obvious difference between RCP scenarios during P1 for
all months (Fig. 2.4; and Table S2.3 and S2.4 in SM). After P2, average monthly
temperatures projected under RCP 8.5 become greater than those of the other two RCP
scenarios, particularly from July to February of the following year. Differences in
temperature in spring and early summer (March—June) are not as obvious as in other
seasons. Additionally, RCP 8.5 has the greatest seasonal variation in average monthly
temperature increases than the other RCP scenarios (Fig. 2.4). These results imply that

elevated temperatures in winter under RCP 8.5 could reduce snowfall and accelerate
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snowmelt, causing significant flooding in spring. Seasonal variations in temperature

exhibit greater uncertainty under high GHG-emission scenarios.
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Fig. 2.4 Same as Fig. 2.3 but for temperature. The panels on right-hand side of the figure
show changes in average monthly temperature, with the dashed lines referencing 0°C.
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2.3.2 Model calibration and validation

To predict climate change’s impacts on hydrology and crop yields, SWAT must first
be calibrated and validated. Figure 2.5 shows that simulated monthly streamflow matches
observations well in terms of the magnitudes of high and low flows during the calibration
(1992-2001) and validation (2001-2015) periods. Statistical indices follow the model
performance evaluation criteria provided by Moriasi et al. (2007), with R, =-5%, R? =0.76,

and NS = 0.76 for the calibration period, and R, = -3%, R? = 0.84, and NS = 0.84 for the

validation period.
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Fig. 2.5 Observed (in red) and simulated monthly streamflow using the enhanced SWAT
model (in black) during the calibration (1992-2001) and validation (2002-2015) periods
at the outlet of BBW. R, represents the relative error, R? represents the coefficient of
determination, and NS represents the Nash-Sutcliffe efficiency.

Previous studies have reported that SWAT can predict crop yields with an acceptable
accuracy without calibration (Srinivasan et al., 2010). However, my results indicate that
the calibration of crop-growth-related parameters is necessary to improve the accuracy of
predicted crop yields. This is likely because the unique biophysical conditions in AC differ
from those used in the development of SWAT. We adjusted two crop-growth-related

parameters, namely the radiation use efficiency (BIO_E) and the maximum leaf area index
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(BLAI) following Sumathy et al. (2017). For potatoes, we increased BIO E and BLAI from
25 to 30 and 4 to 5, respectively. For barley, we decreased BIO E from 35 to 30 and kept
BLALI constant at 4. Figure 2.6 shows that the model performs reasonably well, predicting
yields of both crops during the calibration and validation periods with particularly low

absolute R, (< 5%) for barley during both periods, and for potatoes during the validation

period.
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Fig. 2.6 Observed and simulated average crop yields for (a) barley and (b) potatoes for
BBW during the calibration (1992-2001) and validation (2002-2011) periods. The
whiskers extend through average crop yields to the observed and simulated maximum or
minimum crop yields of HRUs. R, represents the relative error.

2.3.3 Future crop yields
Average annual barley and potato yields are predicted to reduce relative to BL for all

future periods under the three RCP scenarios, except for RCP 2.6-P4, RCP 4.5-P1, and RCP
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8.5-P1 for barley (Fig. 2.7 and Table 2.1). Barley and potato yields assume a decreasing
trend under RCP 8.5, and no clear trend under the other RCP scenarios. Specifically, under
RCP 8.5 there is a significant (p<0.05) reduction in both barley (P3: 13.2%, P4: 15.8%)
and potato yields (P3: 14.1%, P4: 23.2%) relative to BL. Note that reductions in barley and
potato yields for RCP 2.6 and 8.5 during P3, and for the three RCP scenarios during P4,

are statistically significant (p<0.05).

Reductions in potato yields are greater than those of barley under all three RCP
scenarios, possibly because of physiological differences between crops (Delazari et al.,
2018). Reductions in yields of both crops mostly mirrored changes in average annual
precipitation and atmospheric CO; concentration (Fig. 2.2). However, patterns differed
under RCP 4.5. Yield reductions were greatest during P3 and P4 for barley and potatoes,
respectively. Differences in average yield during all periods under the different RCP
scenarios were mostly not statistically significant, except for P3 and P4 under RCP 8.5.
This may be attributed to large year-to-year variations within the same periods and the large

variation among GCM projections.

Overall, my results indicate crop yield reduction during the rest of the 21% century
due to climate change. Under a moderately controlled emission scenario (i.e., RCP 4.5),
the yield reduction is apparent, especially after 2040 (ranging from 3.8 to 4.5% for barley
and from 4.6 to 7.5% for potatoes). The situation could improve under a strictly controlled
emission scenario (i.e., RCP 2.6), where the percent yield reduction in P3 and P4 ranges
from 1.4 to 2.4% for both crops. In contrast, the situation could worsen under an
uncontrolled emission scenario (like RCP 8.5), where yield reductions for both crops

during P3 and P4 are about three to several times more than those observed for RCP 4.5.
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My results are consistent with other studies that report reductions in barley and potato crop
yields under future climates in AC and southern Québec (Bootsma et al., 2005; Brassard

and Singh, 2008).

RCP 2.6 RCP 4.5 RCP 8.5
a
a a . a ab
. a ab a be
(¢
2.66 +2.65 2.67 [*]271 2.67
os{2.55 MZH o 1.9% [a]2. } 2.55 L_(0:4%}+{2.58
2.50 '““"é-m% s Lo 41%) R vy
2.31
- 322 32
= 2.00 .
=
. a) Barle
5 1.50 () Barley
g
~— a
N’
= 6.00
= a a a b a ab
o - a a a ab b
>
5.00 5.05 +15.01 [ 4.00 14,93 [+14.98 [+]3-00 4.99
0.8%) *(370%) (2.4%) (-1:4%)41-0% igé ‘5‘;,2 4.67 11.2% %Z«Z
-7.5%) 144-3lf)}c
4-00’ é3'88"
(b) Potato 2%

CO, BL P1 P2 P3 P4 P1 P2 P3 P4 P1 P2 P3 P4
(ppm) 330 442 454 442 432 456 523 567 557 479 626 831 1084

Year Interval

Fig. 2.7 Actual and percent change in crop yields for (a) barley and (b) potatoes under three
RCP scenarios for four future 20-year periods relative to the baseline period (BL: 2000—
2019). Values in parentheses under each average annual yield is the percent change in yield
relative to BL. P1, P2, P3, and P4 represent the time periods of 2020-2039, 2040-2059,
2060-2079, and 2080-2099, respectively. Corresponding average ambient CO
concentrations are also given. The box in each box-and-whisker plot shows the interquartile
range, and the horizontal line in the box marks the median. The red dot in the box is the
mean value (specified in red to the right-hand-side of the box). The whiskers are lines
extending from the top and bottom of each box, showing maximum and minimum values,
respectively. The dots beyond the whiskers are outliners. Different letters on top of each
box plot indicate that the means are statistically different (p<0.05) from other means based
on Tukey’s HSD tests.
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2.3.4 Crop-yield-related hydrological parameters

Average annual ET is predicted to significantly increase (p<0.05) in the future
relative to BL, except during P1 for all three RCP scenarios for barley and P1 for RCP 4.5
and 8.5 for potatoes (Fig. 2.8). Changes in average annual ET for both crops follow the
trend observed in average annual air temperature (Fig. 2.2b). Evapotranspiration increases
under RCP 8.5, with the greatest increase occurring in P4 for both barley and potatoes (19.7
vs. 19.5%). The greatest increase in average annual ET under RCP 2.6 amount to a 5.1%
increase for both barley and potatoes, and 8.4 and 8.2% under RCP 4.5, respectively. There
is a significant difference (p<0.05) in the increase in ET between RCP 4.5 and 8.5 in P3
and P4. No significant difference is detected between RCP 2.6 and 4.5. Annually, high
variations in ET are found during all future periods under all RCP scenarios, with no clear

temporal trend.
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Fig. 2.8 Same as Fig. 2.7 but for evapotranspiration (ET).
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Water use efficiency is an important indicator describing (i) trade-offs between water
loss and carbon sequestration during plant photosynthesis, and (ii) crop-yield response to
climate change. Table 2.1 shows that WUE will decrease in all future periods and under all
RCP scenarios relative to BL. A decreasing trend in WUE is seen under both RCP 4.5 and
8.5, whereas under RCP 2.6, the decrease from P1 to P2 reverses from that observed for P3
to P4. The greatest percentage decrease in WUE for barley and potatoes are 8.7 and 7.0%
under RCP 2.6-P2, 13.0 and 14.0% under RCP 4.5-P4, and 30.4 and 34.9% under RCP 8.5-
P4, respectively. An increase in ET, along with a decrease in yield, was followed by a

decrease in WUE (Eq. 2.5; Table 2.1).
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Table 2.1 Simulated average annual evapotranspiration (ET), crop yield, and water use
efficiency (WUE) for different periods and RCP scenarios.

Barley Potatoes
Period ET Yield WUE ET Yield WUE
(mm)  (tonsha') (kgha!mm') (mm) (tonsha') (kgha'!mm™)
BL 584 2.66 4.6 584 5.05 8.6
RCP 602 2.65 4.4 605 5.01 8.3
2.6-P1  (3.1%) (-0.4%) (-4.3%) (3.6%) (-0.8%) (-3.5%)
RCP 613 2.55 4.2 614 4.90 8.0
2.6-P2  (5.0%) (-4.1%) (-8.7%) (5.1%) (-3.0%) (-7.0%)
RCP 614 2.62 43 614 4.93 8.0
2.6-P3  (5.1%) (-1.5%) (-6.5%) (5.1%) (-2.4%) (-7.0%)
RCP 614 2.67 43 614 4.98 8.1
2.6-P4  (5.1%) (0.4%) (-6.5%) (5.1%) (-1.4%) (-5.8%)
RCP 597 2.71 4.5 599 5.00 8.3
4.5-P1 (2.2%) (1.9%) (-2.2%) (2.6%) (-1.0%) (-3.5%)
RCP 623 2.56 4.1 624 4.82 7.7
4.5-P2  (6.7%) (-3.8%) (-10.9%) (6.8%) (-4.6%) (-10.5%)
RCP 629 2.54 4.0 631 4.75 7.5
4.5-P3  (7.7%) (-4.5%) (-13.0%) (8.0%) (-5.9%) (-12.8%)
RCP 633 2.55 4.0 632 4.67 7.4
4.5-P4  (8.4%) (-4.1%) (-13.0%) (8.2%) (-7.5%) (-14.0%)
RCP 600 2.67 4.5 602 4.99 8.3
8.5-P1  (2.7%) (0.4%) (-2.2%) (3.1%) (-1.2%) (-3.5%)
RCP 636 2.58 4.1 637 4.77 7.5
8.5-P2  (8.9%) (-3.0%) (-10.9%) (9.1%) (-5.5%) (-12.8%)
RCP 663 2.31 3.5 664 4.34 6.5
8.5-P3  (13.5%) (-13.2%) (-24.3%) (13.7%)  (-14.1%) (-24.4%)
RCP 699 2.24 3.2 698 3.88 5.6

8.5-P4 (19.7%) (-15.8%) (-30.4%)  (19.5%) (-232%)  (-34.9%)

Note: Values in parentheses are percent changes in specific parameters compared to the baseline period
(BL: 2000-2019); WUE: WUE=1000*Yield/ET.
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To explore the reasons behind the future decline in crop yields, we analyzed trends
in monthly ET and soil water content across BBW. Predicted variations in average monthly
ET do not strictly follow those of monthly temperature for the different future periods under
the three RCP scenarios (Fig. 2.9 vs. Fig. 2.4; also, Tables S2.5 and S2.6). The greatest ET
appears in June and July (almost one month earlier than temperature) when crop water
demand is least. Difference in average monthly ET across RCPs increases with time (from
P1 to P4), especially for winter and early spring (from November to May of the following
year; Fig. 2.9). This is consistent with patterns of monthly precipitation and temperature
that yield warmer and wetter winters (Fig. 2.3 and 2.4). The greatest percentage increase
in monthly ET occurs from winter into early spring (i.e., from December to May of the
following year) for all RCP scenarios, with their corresponding maxima occurring in P4.
In contrast, the average monthly ET from June to November does not vary much relative

to BL from P1 to P4 under all RCP scenarios.

Compared to BL, predicted monthly soil water content increases during winter for
all emission scenarios (Fig. 2.10). However, the predicted soil water content becomes much
lower than that of BL as early as in March, which is more apparent from P2 to P4 for all
RCP scenarios (Fig. 2.10; and Table S2.7 and S2.8 in SM). Note that a dramatic decrease
occurs in monthly soil water content from March to October during P4 for RCP 8.5,
separating this event from the other two scenarios. We speculate that increased early spring
evaporation leads to spring drought, resulting in a long-lasting soil water deficit during the
growing season. Precipitation does not increase during this time, but temperature increases
greatly, particularly for RCP 8.5 (Fig. 2.3 and 2.4). The pronounced reduction in soil water

during the growing season indicates that lower amounts of soil water would be used for
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crop growth, resulting in reduced crop yields. Mitigating atmospheric CO> concentrations

to at least within the range provided by RCP 4.5 may help avoid significant crop yield

reductions.
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Fig. 2.9 Same as Fig. 2.3 but for evapotranspiration (ET).
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Fig. 2.10 Same as Fig. 2.3 but for soil water content.
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2.4 Discussion
2.4.1 Climate change projections in AC

My results indicate increases in annual air temperature and precipitation in AC during
the rest of the 21 century, consistent with the results of a study focused on crop-growing
conditions in Ontario, Canada (Dong et al., 2021). Varying trends in temperature and
precipitation over time appear to generally follow that of atmospheric CO> concentrations.
For a moderately controlled CO> emission scenario (i.e., RCP 4.5), increases in annual air
temperature and precipitation maxima towards the end of the century provide an overall
increase of 2.1°C and 63 mm, respectively. Such increases can be reduced by strictly
controlled CO; emissions, such as it is provided for RCP 2.6. Increases in annual
temperature and precipitation for RCP 2.6 will be about half those for RCP 4.5. In contrast,
increases in temperature and precipitation will be much greater under an uncontrolled
emission scenario (RCP 8.5), with increases in annual temperature and precipitation about
2-3 times greater than those for RCP 4.5 by the end of the 21%-century. On a monthly basis,
increases in temperature and precipitation appear greater during the winter than during the
growing season. The projected precipitation increases in this study area would be favorable
to spring crop growth. However, elevated temperatures would increase evaporation,
possibly leading to spring drought. Elevated temperatures and unchanged or possibly lower

precipitation during the growing season could lead to substantial water stress in crops.

2.4.2 Climate change impacts on potato yields and water stress
Climate change will have major impacts on agricultural food production in a
complicated way with many regional differences. High temperatures during the growing

season due to climate change may cause an array of physiological changes in potato plants
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(e.g., height of plants, chlorophyll fluorescence in leaves, number of tubers, mass of
individual tubers, tuber deformation, and sprouted tubers), affecting the development of
potatoes and leading to a drastic reduction in yield (Rykaczewska, 2015). Studies have
suggested that potato productivity can be greatly reduced at air temperatures greater than
the optimum growing temperature of 20°C (Rykaczewska, 2015, 2017). Potato cultivar
response to high temperatures during the growing season depends on the plant’s growing
stage (Rykaczewska, 2015, 2017). Heat stress at earlier stages of potato development may
negatively affect its growth, exacerbating reduction in potato yield (Rykaczewska, 2015).
In this study, average monthly temperatures during P1 and P2 are all below the optimal
temperature for potato growth for all RCP scenarios, except for July in P2 for RCP 8.5.
Concerning P3 and P4, temperatures are below 20°C under RCP 2.6, with temperatures
greater than 20°C in July for RCP 4.5 and in July and August for RCP 8.5 (Fig. 2.4).
Although we cannot rule out the possibility that temperatures on individual days could be
sufficiently high to cause a drop in yield. Temperature increases are unlikely to cause potato

yield reductions in a future warmer climate.

Warmer temperatures enhance evaporation, reducing surface water and drying out
soils and vegetation. This makes periods with low precipitation drier than they would be
under cooler conditions. The projected precipitation increases mainly occur in winter and
early spring. The minor increase in precipitation during the growing season would not
counterbalance the impact of high-temperature-induced water stress in potatoes. For
example, the great reduction in soil water content during the growing season during P3 and
P4 for RCP 8.5 is largely caused by rising temperatures. GCMs also predict a decrease in

precipitation in August under all scenarios, especially in P2, P3, and P4 (Fig. 2.3). The
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combined effects of rising temperature and decreased precipitation can potentially lead to
a significant reduction in soil water content (P3: -8.4%; P4: -8.9%) in August for RCP 8.5
(Fig. 2.9 and 2.10). This reduced soil water content during the growing phase of potato is
sufficiently harsh to limit ET rates (P3: -1.3%; P4: -2.0%). These results suggest that
climate change could cause substantial reductions in potato yield. Others have also reported
that water stress caused by elevated temperatures may be the main reason for crop yield
reductions under future climate change (Asseng et al., 2015). Mitigation measures, such as

supplementary irrigation may be needed to combat the negative effects of climate change.

2.4.3 The impact of atmospheric CO: fertilization

Previous studies have shown that elevated ambient CO> concentrations can promote
crop growth through CO; fertilization (Ainsworth and Long, 2005). However, most
experiments were conducted on a small scale or in laboratories. Due to their complex
interactions, the actual impact of CO; fertilization on crops at the watershed scale has been
largely uncertain (Walker and Schulze, 2008). In this study, we attempted to investigate
CO; fertilization effects on crop yields for BBW using SWAT. Figure 2.11 shows crop
yields before and after considering CO: fertilization effects in two future 40-year periods
(i.e., 2020-2059 and 2060-2099) and BL period from 1980-2019 under the three RCP

scenarios.

Overall, projected crop yields still tended to reduce, even when CO, fertilization
effects were considered. Crop yield in response to CO> fertilization varies across different
future periods and among the two crops. Yields of barley tend to be affected more by CO»
fertilization (Fig. 2.11) than those of potato. CO> fertilization effects are visible in all future

periods except for the 2020-2059 period under RCPs 2.6 and 8.5. However, significant
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differences between the “with and without” CO> fertilization only occur in the period of
20602099 under RCP 8.5 for both crops. These results agree with prior studies on this
subject. For example, Goswami et al. (2018) recorded a drastic reduction in tuber yield
when neglecting CO; fertilization. Raymundo et al. (2018) reported a smaller tuber yield
reduction after considering CO, fertilization. My results suggest that although elevated
ambient CO; concentrations could potentially increase crop yields, a projected increase in
water stress caused by increasing temperatures has the potential to offset any positive effect

of fertilization, leading to an overall decrease in crop yields.

COy RCP 2.6 RCP4.5 RCP8.5
(ppm) 330 330 448 330 437 330 490 330 572 330 5?)3 330 958
b ab a
20 ab 2 ab |, ab L ab ab ¢ ab
SR - 2 A A = e N e SR e W e O A== I
00 R BER %'ﬁ Sl Prre [ H3 s 61
20 -17.2
/; H
S -40/ (a) Barley
= 20 b 2P
2 ab
b b
>~ ab ab ab e (APC be .
c
0 =0 I B o e e B B B s R B R
44 49—44 4.1 5.3 4.5 0.4 17 5.8 6.1
=20 . 20.7
(b) Potato

BL 2020 2020 2060 2060 2020 2020 2060 2060 2020 2020 2060 2060
-2059 -2059 -2099 -2099 -2059 -2059 -2099 -2099 -2059 -2059 -2099 -2099
Before After Before After Before After Before After Before After Before After

Year Interval

Fig. 2.11 Percent change in crop yields for (a) barley and (b) potatoes without and with
COy fertilization considered for two 40-year periods (i.e., 2020-2059 and 2060-2099)
under three RCP scenarios. The baseline period is from 1980-2019. Corresponding average
CO2 concentrations are also given. The box in each box-and-whisker plot shows the
interquartile range, and the horizontal line in the box marks the median. The red dot in the
box is the mean, with its value shown in red to the right of the box. The whiskers are lines
extending from the top and bottom of each box, showing maximum and minimum values,
respectively. The dots beyond the whiskers are viewed as outliners. Different letters on top
of each box plot indicate that the means are statistically different (p<0.05) from other
means based on Tukey’s HSD tests.
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2.4.4 Mitigation of climate change impacts on crop yields

My study demonstrates that climate change under RCP 8.5 would lead to an
economically significant crop yield reduction, consistent with results reported by others
(e.g., Liu et al., 2021). At the global level, collective efforts are needed to limit CO>
emissions below the RCP4.5 level to ensure sustainable crop yields. Locally, mitigating
management practices are needed. For example, Sun and Ren (2014) suggested delaying
the harvest time of summer maize in the Haihe Plain in China to reduce adverse effects
associated with climate change. Hijmans (2003) concluded that the reduction in potato
yields by climate change at high latitudes might be minimized by changing the planting
time, using late-maturing cultivars, and shifting the location of potato production.
Furthermore, Tatsumi et al. (2011) predicted that regions with cold weather under current
climate conditions, such as in Canada, may become suitable for crop production under
future climate scenarios. Considering changes in land management practices (Hijmans,
2003; Kim and Lee, 2020) to adapt to future climate change would be helpful to mitigate
the reduction in crop yields, especially in AC. Based on my analysis, early-maturing
cultivars may help avoid water stress in summer, minimizing harmful climate-related
impacts on potato yields. Furthermore, optimizing cultivation practices (e.g., irrigation,
fertilization) can conserve water resources, reducing water stress during the crop growing
period (Brassard and Singh, 2008; Shahvari et al., 2019). However, prolonged irrigation
could cause nutrient losses through surface runoff (Rykaczewska, 2015). Further studies

are needed to examine this condition more thoroughly.
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2.4.5 Limitations of the present study

The current version of SWAT cannot simulate stochastic events, such as disease
outbreak and extreme weather events, based on discrepancies between predicted and
measured annual yields for 1992, 1993, and 1994 (Fig. 2.6). Also, measured barley and
potato yields in 2011 were lower than predicted, likely due to a severe hailstorm that
occurred that year at BBW, causing serious crop damage. This was not accounted for in
current model projections. This limitation would not have affected the performance of the
model in estimating long-term average conditions brought on by climate change. However,
we recognize that climate may also have impacts on disease and insect outbreaks, which

were not addressed here.

Furthermore, rising atmospheric CO2 concentrations can have direct impacts on the
hydrological cycle (Ficklin et al.,, 2016). For example, elevated ambient CO;
concentrations could cause stomatal aperture to contract in some plants (Morison, 1987;
Field et al., 1995; Saxe et al., 1998; Wand et al., 1999; Medlyn et al., 2001), leading to a
lower transpiration rate at the leaf level (Leakey et al., 2009; Sreeharsha et al., 2015; Xu et
al., 2016). Also, in SWAT, the reduction in stomatal conductance by elevated CO> levels is
assumed to be linear over the CO2 concentration range from 330—-660 ppm (Morison and
Gifford, 1983; Neitsch et al., 2011). However, the average atmospheric CO> concentration
for the 2060-2099 period under RCP 8.5 is 958 ppm, which is much greater than the current
upper limit of 660 ppm. The reduction in stomatal conductance caused by these elevated
ambient CO; concentrations is ~80% greater than SWAT’s concentration range. This
suggests that we may need to interpret the CO> fertilization effect on crop yields with

caution and that further field and numerical experiments should be carried out under a
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greater range of ambient CO> concentrations. We also recommend developing new

algorithms for conditions with ambient CO; concentrations beyond 660 ppm.

In addition, a ‘steady state’ approach was taken in this study with respect to
agricultural management practices. We assumed that crop rotation and management
practices remain unchanged in future scenarios. However, farmers may implement climate
mitigation practices, such as adjusting planting dates to earlier times in spring, switching
to potato and barley cultivars that better tolerate climate change, and changing to more
climate-tolerant crops, such as wheat or maize. Although modifying the configuration of
SWAT to account for these mitigation practices is challenging, we attempted to simulate
crop growth based on simplified heat units. However, the performance was admittedly
unrealistic. We believe that this is one of the areas where SWAT can be improved. The

results presented here can be considered conservative regarding crop yield projections.

2.5 Summary and conclusions

In this study, an enhanced version of SWAT was employed to estimate potential
impacts of climate change on yields of two major crops (potatoes and barley) by
considering three climate ensembles based on GHG emission scenarios, i.e.,
Representative Concentration Pathways 2.6, 4.5, and 8.5, provided by five GCMs. Changes
in crop yields were evaluated based on four future 20-year periods (2020-2099) relative to
a baseline period (BL: 2000-2019), including P1 (2020-2039), P2 (2040-2059), P3 (2060—
2079), and P4 (2080-2099). Climate change impacts on hydrological variables associated
with crop yields, including air temperature, precipitation, evapotranspiration (ET), soil
water content, and water use efficiency (WUE), were investigated. Analyses of future

climate projections in the study area indicate that annual temperatures will significantly
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increase under all RCP scenarios and future periods with elevated atmospheric CO»
concentrations in the 21% century. However, significant increases in annual precipitation
are only found for RCP 4.5-P3 and 8.5-P2, -P3, and -P4. Seasonal analyses further
demonstrated that projected increases in precipitation will largely occur in winter and early
spring, with a minimal increase during the crop growing season and even a decrease in
certain summer months under high GHG emission scenarios, such as RCP 4.5 and 8.5. My
results indicate a significant crop yield reduction under RCP 8.5, with barley and potato
yields reduced by 13.2 and 15.8% and 14.1 and 23.2% during P3 and P4, respectively,
relative to BL. No significant trend was detected for the other RCP scenarios. The main
reason for crop yield reduction is due to soil water stress during the growing season caused
by rising temperatures and ET rates projected under emission scenario, RCP 8.5. Mitigating
atmospheric CO2 concentrations to at least within the range of RCP 4.5 would keep crop

yields from decreasing.

We also found that future changes in SWAT-predicted annual ET for both crops
followed the same pattern as annual air temperature. The WUESs of both food crops were
predicted to decrease due to the combined effects of increased ET and reduced crop yields
during the different future periods. Further analysis shows that most increases in ET
occurred in winter and early spring and that changes in monthly ET were minimal from

summer to fall due to low soil water content.

It was found that the response of crop yield to CO, fertilization varies across the
different future periods and crops. In general, when CO fertilization effects are considered,
the predicted crop yield will still decrease relative to BL for both crops. Elevated ambient

CO2 concentrations can potentially increase crop yields. However, the projected increase
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in water stress caused by warmer temperatures could potentially offset this effect, leading
to an overall crop yield reduction under high GHG-emission scenarios. Supplementary
irrigation or adjusting land management practices may help avoid crop yield reductions

under future, high GHG-emission scenarios.
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SUPPLEMENTARY MATERIAL

Table S2.1 Actual monthly mean, maximum, and minimum precipitation (mm) during P1
(2020-2039), P2 (2040-2059), P3 (2060-2079), and P4 (2080-2099) under three emission
scenarios (RCP 2.6, 4.5, and 8.5).

RCP 2.6 RCP 4.5 RCP 8.5

Month Mean Max Min Mean Max Min Mean Max Min
P1(2020-2039)
1 92 107 84 93 102 85 85 91 81
2 77 87 67 78 88 70 78 84 70
3 79 86 71 78 88 71 79 91 64
4 80 86 72 88 112 74 81 93 72
5 96 111 84 84 91 76 88 99 65
6 95 102 87 92 96 89 92 97 84
7 112 119 103 108 117 95 109 119 100
8 102 125 85 113 137 98 109 125 100
9 93 127 79 96 109 88 89 100 74
10 97 107 85 99 105 94 91 101 83
11 112 120 96 101 108 96 100 123 89
12 95 100 90 104 120 81 100 105 96
P2 (2040-2059)
1 90 94 82 90 95 86 95 105 87
2 82 89 71 84 94 73 87 112 76
3 85 101 71 82 98 64 86 114 70
4 84 94 68 85 94 70 88 100 80
5 97 104 87 93 100 84 95 112 82
6 100 105 96 99 108 85 100 114 93
7 115 130 91 116 120 113 113 131 102
8 106 118 85 104 128 86 105 121 88
9 93 98 81 91 94 87 91 105 80
10 99 135 81 98 120 79 97 112 86
11 103 110 100 103 118 87 109 127 96
12 102 108 95 97 108 85 106 115 96
P3 (2060-2079)
1 95 102 88 95 103 92 105 107 104
2 80 87 75 86 94 78 93 112 86
3 81 90 72 86 90 80 95 114 84
4 82 91 69 83 94 74 91 112 78
5 94 109 84 94 109 79 97 126 79
6 95 106 76 102 114 93 98 113 84
7 114 129 97 107 116 96 103 118 82
8 98 122 76 98 104 94 107 127 93
9 97 118 82 97 114 85 94 107 76
10 97 112 82 101 115 80 101 123 82
11 104 117 90 110 136 99 108 115 96
12 100 114 85 116 127 109 114 122 110
P4 (2080-2099)
1 92 112 76 97 115 86 106 124 94
2 77 87 68 84 93 77 99 114 90
3 79 100 68 88 96 77 101 114 89
4 86 96 73 91 118 70 103 116 90
5 95 107 83 96 103 87 105 115 89
6 102 120 80 99 102 95 96 117 82
7 108 115 95 108 115 99 112 127 103
8 106 119 94 104 121 90 105 116 97
9 96 104 83 94 123 72 101 116 75
10 91 103 82 96 108 77 100 140 77
11 106 114 92 104 120 92 104 120 94
12 94 111 80 106 114 102 122 141 99
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Table S2.2 Percent changes (%) in monthly mean, maximum, and minimum precipitation
during P1 (2020-2039), P2 (2040-2059), P3 (2060-2079), and P4 (2080-2099) under
three emission scenarios (RCP 2.6, 4.5, and 8.5).

Month RCP 2.6 RCP 4.5 RCP 8.5
on Mean Max Min Mean Max Min Mean Max Min
P1 (2020-2039)
1 2.0 18.8 -6.7 3.7 13.7 -5.1 -5.6 1.0 -9.7
2 34 17.4 -10.3 54 18.6 -5.7 4.8 12.7 -5.2
3 8.0 16.9 -3.7 5.9 19.7 -3.5 7.2 23.2 -13.1
4 -3.8 3.9 -13.1 6.2 354 -11.0 2.1 12.7 -13.4
5 8.8 26.0 -5.0 -4.7 32 -14.2 -0.2 12.0 -26.6
6 -0.9 5.6 93 -4.2 0.2 -7.5 -3.8 0.7 -12.5
7 8.6 15.1 -0.8 4.7 12.7 -7.8 5.8 14.7 -3.8
8 -7.8 13.5 -23.0 2.0 24.0 -11.2 -14 12.8 -9.7
9 -0.2 36.4 -15.1 3.6 17.7 -5.6 -3.8 8.0 -19.7
10 9.1 20.4 -4.2 11.8 18.9 5.6 2.4 13.8 -6.5
11 10.3 18.1 5.3 -0.4 5.6 -6.1 -1.5 20.9 -12.7
12 -5.4 -0.7 -11.0 3.2 18.8 -19.3 -0.8 4.3 -4.3
P2 (2040-2059)
1 -0.1 4.2 -8.6 0.5 5.3 -4.2 5.4 17.2 2.7
2 10.6 19.3 -4.3 13.6 27.0 2.1 17.9 50.7 2.8
3 16.2 373 -3.1 11.5 33.7 -12.2 17.5 55.0 -4.6
4 1.5 14.1 -17.5 2.6 13.3 -14.9 6.5 20.5 -3.6
5 10.1 17.4 -1.3 5.6 13.3 -4.5 7.2 26.7 -7.3
6 3.7 9.3 0.2 2.5 12.2 -11.9 3.5 18.5 -3.6
7 114 254 -11.7 12.4 15.7 9.1 9.2 26.4 -1.7
8 -4.4 6.8 -23.0 -5.8 16.0 -22.1 -4.7 9.7 -20.5
9 -0.2 5.2 -13.2 -2.1 1.6 -6.1 -1.6 12.7 -13.9
10 11.3 52.5 -8.1 11.0 35.8 -10.3 9.1 26.0 -3.3
11 1.4 8.0 -2.1 1.1 15.7 -14.3 7.0 243 -6.2
12 1.3 7.2 -5.5 -3.7 6.9 -15.7 5.0 14.2 -4.9
P3 (2060-2079)
1 5.6 14.0 -1.9 5.9 15.0 2.0 17.4 19.1 15.6
2 8.3 17.0 1.1 15.8 27.2 4.8 26.0 50.4 15.7
3 9.6 22.0 -2.5 16.8 22.8 9.3 29.6 54.5 13.7
4 -1.1 10.5 -16.3 0.2 13.2 -10.6 10.3 352 -5.8
5 6.3 23.7 -5.1 6.1 23.1 -10.9 9.5 432 -10.2
6 -1.3 9.9 -20.7 5.8 18.3 3.4 2.0 17.8 -12.2
7 10.2 24.5 -5.8 3.1 11.8 -7.6 0.0 14.5 -20.7
8 -11.3 10.9 -30.8 -11.2 -5.8 -14.9 -3.3 14.9 -16.2
9 48 27.0 -11.8 43 22.5 -8.4 1.0 15.6 -18.0
10 10.0 26.7 -7.7 13.8 29.7 -9.2 14.2 39.1 -7.2
11 2.4 14.6 -11.2 8.4 33.6 2.4 5.6 12.7 -5.9
12 -1.0 13.4 -16.1 14.9 25.6 7.9 134 20.6 8.8
P4 (2080-2099)
1 2.5 24.7 -15.6 8.5 28.3 -3.7 18.0 37.8 4.4
2 4.0 17.7 -8.3 13.6 25.0 3.6 335 54.3 21.8
3 7.8 359 -8.1 194 30.7 5.2 37.8 55.3 20.7
4 4.0 15.7 -11.5 10.3 431 -14.8 24.5 40.2 8.5
5 7.9 20.7 -5.5 8.5 16.9 -1.2 19.2 30.5 0.7
6 6.3 244 -16.4 2.5 6.5 -1.5 -0.1 21.5 -14.5
7 4.8 11.2 -8.0 4.4 11.2 -4.0 8.7 22.5 -0.7
8 -43 8.0 -14.6 -6.0 9.3 -18.9 -4.5 5.4 -12.0
9 3.6 11.9 -10.9 0.9 33.0 -22.0 8.4 252 -19.6
10 3.0 16.3 -7.9 8.6 21.5 -13.5 13.3 58.0 -13.3
11 3.6 12.1 93 1.7 17.7 93 2.2 17.6 -7.9
12 -6.3 10.5 -20.3 5.0 13.6 1.5 20.7 40.2 -2.0
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Table S2.3 Actual monthly mean, maximum, and minimum temperature (°C) during P1
(2020-2039), P2 (2040-2059), P3 (2060-2079), and P4 (2080-2099) under three emission
scenarios (RCP 2.6, 4.5, and 8.5).

Month RCP 2.6 RCP 4.5 RCP 8.5
Mean Max Min Mean Max Min Mean Max Min
P1 (2020-2039)
1 -10.7 -9.1 -12.1 -10.6 -9.7 -11.9 -10.3 -9.0 -11.9
2 -9.6 -8.1 -10.9 94 -8.3 -9.8 -10.1 -8.8 -12.5
3 -3.6 -2.0 -4.8 -3.8 2.4 -4.8 -4.8 2.3 -8.9
4 3.7 49 2.3 34 4.1 3.0 2.7 4.5 -1.7
5 10.8 11.6 9.5 10.5 11.1 10.1 9.7 11.2 6.0
6 16.5 17.4 15.8 16.3 17.5 15.5 15.7 17.6 12.0
7 19.5 21.0 18.5 19.0 20.7 18.1 19.2 20.9 17.4
8 18.4 19.3 17.6 18.4 19.7 17.5 18.7 19.7 17.9
9 13.5 14.2 12.9 13.6 14.8 13.0 14.4 16.5 13.3
10 7.3 8.4 6.8 7.2 7.5 6.8 8.2 11.2 7.1
11 1.3 1.6 1.1 1.0 1.8 0.5 1.9 4.8 0.3
12 -6.5 -5.1 -7.3 -6.9 -5.7 -8.3 -5.9 -1.6 -7.6
P2 (2040-2059)
1 -10.1 -7.9 -11.7 -8.9 1.5 -10.6 -8.3 -5.7 -9.9
2 9.1 -8.0 -9.7 -8.1 -6.2 -8.9 -8.1 -5.8 -9.1
3 3.3 -1.5 -4.5 -3.0 -0.6 -4.2 -3.5 -1.3 -6.9
4 3.9 4.8 3.0 4.6 6.2 34 33 5.9 -1.8
5 11.2 11.9 10.6 11.4 12.6 10.6 10.5 12.8 4.8
6 16.8 17.4 15.8 17.2 18.3 16.5 16.6 19.3 12.0
7 19.8 21.2 18.8 19.9 21.6 19.0 20.1 22.7 17.1
8 18.5 19.6 17.3 19.1 20.8 18.2 19.7 21.2 18.8
9 13.8 14.4 13.1 14.2 15.1 13.3 15.8 17.9 14.7
10 7.8 8.7 6.8 7.7 8.1 7.4 9.4 12.8 8.1
11 1.3 2.1 0.7 1.7 2.4 1.0 2.9 7.1 1.2
12 -6.3 -5.4 -7.2 -5.5 -4.6 -6.2 -3.9 1.2 -5.5
P3 (2060-2079)
1 94 -7.5 -10.3 -8.5 -6.7 -9.8 -6.0 -3.9 -7.3
2 -8.5 -6.4 -9.9 -8.1 -6.3 93 -6.2 -3.5 -7.9
3 -3.4 -1.1 -4.6 2.3 -0.1 -3.5 -2.1 1.1 -6.3
4 3.7 5.1 2.8 4.5 6.2 35 4.4 7.1 -2.6
5 11.0 124 9.8 11.5 12.4 10.0 11.6 13.8 4.9
6 17.0 18.2 16.4 17.6 19.1 16.1 17.8 21.3 12.0
7 19.7 21.5 18.4 20.4 22.8 19.1 21.5 252 18.1
8 18.6 19.9 18.0 19.3 20.6 18.1 21.5 23.8 20.4
9 13.7 15.3 12.9 14.5 16.4 13.4 17.2 19.9 15.3
10 7.9 8.7 7.5 8.2 9.7 7.3 11.3 15.7 9.2
11 1.4 2.6 0.5 2.3 3.1 2.0 44 9.1 2.7
12 -6.4 -5.2 -7.0 -5.2 -4.7 -6.0 2.2 3.6 -3.9
P4 (2080-2099)
1 93 -7.9 -10.1 -8.5 -6.2 -10.5 -3.7 -0.9 -5.1
2 -8.5 -7.0 -10.4 -7.4 -4.9 -9.5 -4.1 -1.9 -5.8
3 3.3 -1.9 -4.0 2.1 1.0 -3.6 -0.8 1.9 -5.5
4 4.0 5.5 3.0 5.1 6.3 4.0 6.0 9.1 -1.3
5 11.2 12.0 9.9 12.0 13.0 11.1 13.0 15.9 5.6
6 16.8 18.0 15.7 17.7 19.3 16.7 18.6 23.1 11.7
7 19.6 21.2 18.8 20.7 22.7 19.6 23.0 27.6 18.2
8 18.3 19.9 17.3 19.5 21.1 18.1 22.6 26.0 21.0
9 13.5 14.7 13.2 14.6 16.2 14.0 18.5 20.9 16.6
10 7.6 9.0 6.5 8.2 9.3 7.5 12.3 17.1 10.0
11 1.4 1.9 0.6 2.2 2.9 1.5 5.4 10.7 3.5
12 -6.1 -4.9 -6.7 -4.7 -4.1 -5.4 -1.3 5.2 -3.6

74



Table S2.4 Changes (°C) in monthly mean, maximum, and minimum temperature during
P1 (2020-2039), P2 (2040-2059), P3 (2060-2079), and P4 (2080-2099) under three
emission scenarios (RCP 2.6, 4.5, and 8.5).

Month RCP 2.6 RCP 4.5 RCP 8.5
Mean Max Min Mean Max Min Mean Max Min
P1 (2020-2039)
1 0.8 2.5 -0.6 0.9 1.8 -0.4 1.2 2.6 -0.3
2 0.5 2.0 -0.8 0.7 1.8 0.3 0.0 1.3 -2.5
3 0.6 2.3 -0.6 0.4 1.8 -0.6 -0.5 1.9 -4.7
4 0.8 2.0 -0.5 0.6 1.3 0.1 -0.2 1.7 -4.6
5 0.6 1.5 -0.7 0.4 0.9 0.0 -0.4 1.0 -4.1
6 0.4 1.4 -0.2 0.2 1.4 -0.6 -0.3 1.6 -4.1
7 1.0 2.5 -0.1 0.5 2.2 -0.4 0.6 2.3 -1.1
8 0.9 1.8 0.1 0.9 2.3 0.0 1.2 2.2 0.4
9 0.7 1.5 0.1 0.8 2.1 0.2 1.7 3.7 0.5
10 0.4 1.5 -0.1 0.2 0.5 -0.1 1.3 43 0.1
11 1.0 1.3 0.8 0.7 1.5 0.1 1.6 4.5 0.0
12 1.1 2.6 0.4 0.8 2.0 -0.6 1.8 6.1 0.0
P2 (2040-2059)
1 1.5 3.6 -0.2 2.6 4.0 1.0 33 5.9 1.6
2 1.0 2.0 0.3 2.0 3.9 1.2 2.0 43 1.0
3 0.9 2.8 -0.2 1.2 3.6 0.0 0.8 2.9 2.7
4 1.0 2.0 0.1 1.7 33 0.6 0.5 3.0 -4.7
5 1.0 1.7 0.5 1.3 2.4 0.5 0.4 2.7 -54
6 0.7 1.3 -0.3 1.1 2.2 0.4 0.6 33 -4.1
7 1.3 2.7 0.2 1.4 3.1 0.4 1.6 4.2 -1.4
8 1.0 2.1 -0.2 1.6 33 0.8 2.2 3.7 1.3
9 1.1 1.6 0.4 1.4 2.4 0.6 3.0 5.2 2.0
10 0.9 1.8 -0.1 0.8 1.1 0.5 2.5 5.9 1.2
11 0.9 1.8 0.4 14 2.1 0.7 2.6 6.8 0.9
12 1.4 2.3 0.4 2.1 3.1 1.4 3.7 8.8 2.2
P3 (2060-2079)
1 2.1 4.0 1.2 3.0 4.8 1.7 5.5 7.6 4.3
2 1.6 3.7 0.1 2.0 3.8 0.8 3.9 6.6 2.1
3 0.9 3.1 -0.4 2.0 4.1 0.7 2.2 5.3 -2.1
4 0.9 2.2 0.0 1.7 34 0.7 1.5 43 -54
5 0.9 2.2 -0.4 1.4 2.2 -0.1 1.5 3.6 -5.3
6 1.0 2.1 0.3 1.5 3.1 0.0 1.7 5.3 -4.1
7 1.2 2.9 -0.1 1.9 42 0.6 3.0 6.7 -0.4
8 1.2 2.4 0.5 1.8 3.1 0.6 4.0 6.3 2.9
9 0.9 2.5 0.2 1.7 3.7 0.7 4.5 7.2 2.5
10 1.0 1.8 0.6 1.3 2.8 0.4 4.4 8.8 2.3
11 1.1 2.3 0.2 2.0 2.8 1.6 4.0 8.8 2.4
12 1.3 2.5 0.6 2.5 2.9 1.6 5.4 11.2 3.7
P4 (2080-2099)
1 2.2 3.7 1.4 3.0 5.4 1.0 7.9 10.6 6.4
2 1.6 3.1 -0.4 2.7 5.2 0.6 6.0 8.2 4.2
3 0.9 2.4 0.2 2.1 5.2 0.6 34 6.1 -1.2
4 1.1 2.7 0.2 2.2 3.5 1.2 3.1 6.3 -4.2
5 1.1 1.8 -0.2 1.9 2.8 1.0 2.8 5.7 -4.5
6 0.8 1.9 -0.3 1.7 33 0.7 2.5 7.0 -4.3
7 1.1 2.6 0.2 2.2 42 1.1 4.5 9.0 -0.4
8 0.9 2.5 -0.2 2.0 3.6 0.6 5.2 8.5 3.5
9 0.8 1.9 0.4 1.9 34 1.3 5.8 8.2 3.8
10 0.7 2.1 -0.4 1.3 2.3 0.5 53 10.2 3.1
11 1.1 1.6 0.3 1.9 2.6 1.2 5.1 10.4 3.2
12 1.5 2.7 1.0 3.0 3.6 2.3 6.4 12.9 4.1

75



Table S2.5 Actual monthly mean, maximum, and minimum evapotranspiration (mm)
during P1 (2020-2039), P2 (2040-2059), P3 (2060-2079), and P4 (2080-2099) under
three emission scenarios (RCP 2.6, 4.5, and 8.5).

Month RCP 2.6 RCP 4.5 RCP 8.5
Mean Max Min Mean Max Min Mean Max Min
P1 (2020-2039)
1 6 8 6 7 7 5 6 7 5
2 8 10 7 9 12 6 9 11 6
3 31 45 21 29 39 17 28 41 18
4 66 76 54 65 73 55 67 74 60
5 64 69 58 63 66 58 64 70 58
6 88 93 82 87 90 84 88 93 83
7 91 93 88 89 93 84 91 93 87
8 69 80 61 71 77 65 70 74 66
9 59 64 53 60 62 59 60 62 58
10 50 58 46 50 56 45 50 54 46
11 34 42 24 32 39 24 33 41 24
12 16 19 12 15 17 13 15 16 13
P2 (2040-2059)
1 7 8 6 8 10 7 8 10 7
2 10 15 7 10 16 8 10 14 8
3 34 52 20 35 54 20 38 53 23
4 70 76 59 71 79 60 70 76 60
5 68 73 60 69 75 62 68 73 63
6 91 95 88 90 96 84 95 99 91
7 88 92 86 86 89 81 90 94 85
8 68 74 63 70 79 64 69 79 60
9 58 61 54 58 64 55 61 64 57
10 51 58 45 52 59 46 50 58 43
11 30 39 25 32 42 23 33 45 25
12 15 18 11 18 22 14 19 23 14
P3 (2060-2079)
1 7 10 7 8 9 6 10 12 9
2 11 17 7 12 19 8 15 23 10
3 39 61 22 42 64 21 48 68 25
4 68 76 60 71 83 57 75 83 65
5 68 75 60 68 76 58 69 76 61
6 93 98 88 95 103 90 95 102 88
7 86 93 80 86 92 79 87 95 80
8 67 77 59 65 75 57 70 75 65
9 56 60 54 58 61 57 62 66 59
10 49 57 41 50 58 43 53 63 46
11 30 44 21 33 43 24 37 47 28
12 15 19 13 19 24 15 21 28 16
P4 (2080-2099)
1 7 9 6 9 11 7 13 16 11
2 12 18 7 14 25 8 20 31 10
3 42 61 22 46 65 22 58 77 32
4 69 79 54 72 81 61 81 90 71
5 69 78 59 70 77 63 73 79 65
6 91 96 85 92 99 85 98 102 94
7 87 95 78 86 92 80 85 91 80
8 64 76 54 64 74 56 69 76 64
9 58 67 53 57 59 52 62 67 58
10 48 60 40 49 57 43 54 61 48
11 29 43 19 32 47 21 37 52 26
12 18 25 13 19 26 13 28 35 21
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Table S2.6 Percent changes (%) in monthly mean, maximum, and minimum
evapotranspiration during P1 (2020-2039), P2 (2040-2059), P3 (2060-2079), and P4
(2080-2099) under three emission scenarios (RCP 2.6, 4.5, and 8.5).

Month RCP2.6 RCP 4.5 RCP 8.5
on Mean Max Min Mean Max Min Mean Max Min
P1 (2020-2039)
1 0.7 23.2 -8.1 2.2 14.1 -23.5 -14 12.7 -17.6
2 7.0 31.8 -10.1 11.9 51.2 -16.7 12.6 41.1 -15.9
3 30.1 86.8 -12.3 21.7 63.9 -26.8 18.8 73.3 -25.9
4 8.6 25.2 -11.8 7.6 20.4 -10.1 9.7 21.2 -1.3
5 2.7 10.1 -7.9 0.9 4.5 -7.9 2.6 12.4 -8.2
6 -0.5 5.4 -8.0 -1.9 1.3 -4.9 -1.2 4.5 -6.7
7 5.0 7.5 1.7 3.0 7.4 2.4 5.6 8.0 1.3
8 2.3 13.6 -13.9 1.1 8.4 -8.7 -1.3 5.3 -7.2
9 -2.6 5.9 -12.5 -0.9 34 2.6 -0.5 3.1 -4.4
10 -4.3 10.3 -12.4 -5.3 7.0 -13.1 -5.4 4.0 -12.5
11 2.4 28.5 -26.2 2.3 17.3 -26.8 -1.1 232 -27.9
12 6.4 28.6 -17.3 3.0 12.2 -10.9 1.2 10.4 -11.8
P2 (2040-2059)
1 13.2 325 -3.0 25.6 54.4 14.4 28.7 58.2 9.0
2 27.6 97.5 -5.9 347 116.2 -1.3 35.1 90.0 4.6
3 43.1 119.0 -16.2 47.1 126.8 -17.5 57.2 123.9 -5.2
4 14.8 254 -2.6 16.6 30.1 -14 15.0 24.6 -0.9
5 7.7 16.9 -4.2 10.0 20.3 -1.6 8.6 15.8 0.0
6 2.8 6.9 -0.3 1.9 8.6 -5.2 7.3 12.2 2.2
7 2.4 6.8 -0.4 0.0 3.7 -6.1 3.9 94 2.0
8 -4.2 49 -11.2 -0.7 11.6 9.5 -1.7 11.3 -15.0
9 -4.0 1.2 -10.1 -3.7 5.6 -8.1 0.6 5.9 -6.1
10 -2.8 10.6 -14.6 -1.6 12.6 -11.3 -4.4 10.5 -17.1
11 -7.6 18.4 -25.7 2.5 28.4 -29.2 1.2 352 -24.6
12 2.9 18.9 -23.0 18.5 48.4 -4.7 27.7 56.6 -4.1
P3 (2060-2079)
1 16.0 50.4 2.5 26.6 46.4 -1.1 56.6 89.5 37.0
2 44 .4 125.7 -10.7 57.5 143.8 3.6 98.3 207.2 36.6
3 62.5 157.0 -9.8 76.7 169.0 -12.8 100.8 183.0 5.4
4 12.3 24.9 -1.5 17.0 36.0 -6.1 23.7 36.1 7.1
5 8.3 20.0 -3.9 8.0 20.9 -7.6 10.1 21.1 2.6
6 4.6 10.7 -1.3 6.7 16.1 1.3 7.5 15.5 -1.1
7 -0.3 7.3 7.4 -0.4 6.9 -8.1 0.9 9.9 -7.8
8 -54 9.2 -16.5 -7.7 5.6 -19.2 -1.3 6.6 -8.0
9 -6.5 -1.1 -10.9 -3.1 1.7 -5.3 2.3 10.0 -1.7
10 -6.5 9.2 -20.8 -3.9 11.4 -17.2 1.0 20.4 -12.6
11 -7.8 33.0 -37.7 -0.8 30.6 -27.0 11.1 433 -15.5
12 3.9 30.7 -11.0 26.7 63.5 -0.9 44.5 86.6 10.8
P4 (2080-2099)
1 15.9 46.5 -0.1 38.9 78.9 17.8 100.6 154.0 70.2
2 53.1 142.8 -11.7 80.9 232.6 0.3 159.5 312.6 26.3
3 74.0 154.1 -8.8 90.5 172.6 -8.8 141.1 2242 349
4 12.8 29.1 -11.8 17.8 33.2 0.5 332 47.6 17.1
5 10.4 25.1 -6.2 11.0 233 0.7 16.4 26.7 34
6 2.5 7.8 -4.7 4.1 11.3 -4.2 10.7 15.2 5.8
7 1.0 10.6 -9.7 -0.2 6.9 -7.7 -1.7 5.1 -6.7
8 -9.9 8.1 -23.1 9.1 4.5 -20.3 2.0 7.7 9.1
9 -3.7 11.2 -12.7 -4.5 -1.6 -13.8 2.9 11.7 -4.1
10 -8.9 14.9 -24.1 -6.0 9.0 -17.4 33 17.3 -8.1
11 -13.4 31.7 -43.8 3.4 41.8 -36.3 11.7 58.0 -20.9
12 19.9 65.8 -11.1 30.0 77.4 -9.5 88.2 139.7 45.1
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Table S2.7 Actual monthly mean, maximum, and minimum soil water (mm) during P1
(2020-2039), P2 (2040-2059), P3 (2060-2079), and P4 (2080—-2099) under three emission
scenarios (RCP 2.6, 4.5, and 8.5).

Month RCP 2.6 RCP4.5 RCP 8.5
on Mean Max Min Mean Max Min Mean Max Min
P1 (2020-2039)
1 93 95 92 95 97 91 90 93 85
2 100 103 96 99 106 96 97 100 90
3 111 114 108 111 114 106 110 114 108
4 100 109 96 97 102 92 97 100 92
5 97 106 91 98 104 90 98 106 92
6 83 89 76 82 88 75 83 94 75
7 80 91 72 82 87 76 77 85 72
8 85 90 79 87 91 83 82 85 79
9 91 95 88 92 93 90 88 93 80
10 102 105 97 103 106 99 100 108 95
11 103 108 99 103 109 97 102 108 98
12 94 96 92 95 100 90 91 93 88
P2 (2040-2059)
1 95 100 89 96 100 93 98 102 94
2 103 110 97 103 113 97 105 111 101
3 110 114 105 110 114 107 108 110 101
4 98 102 92 96 103 90 95 104 83
5 98 106 90 96 102 92 96 107 90
6 81 83 76 82 89 77 80 88 74
7 79 84 73 79 84 76 77 85 68
8 82 88 76 82 87 75 83 87 78
9 94 105 85 91 94 84 89 94 85
10 100 110 90 102 111 97 103 109 97
11 101 106 95 103 107 101 104 106 102
12 94 98 87 93 95 89 97 101 93
P3 (2060-2079)
1 96 103 90 97 99 91 104 109 102
2 104 113 96 107 114 99 111 116 105
3 108 113 102 109 113 104 106 112 100
4 96 100 90 95 102 85 92 97 84
5 98 107 86 96 104 83 93 98 88
6 78 86 63 81 92 69 76 89 58
7 80 87 73 75 80 70 76 83 64
8 84 95 74 83 90 79 78 88 65
9 94 102 87 93 101 84 85 91 70
10 103 110 98 102 108 97 99 105 94
11 100 106 96 104 110 100 103 106 100
12 94 98 87 96 99 91 100 103 96
P4 (2080-2099)
1 95 100 88 100 109 94 107 111 105
2 106 113 96 108 117 97 113 116 110
3 107 109 103 108 113 102 102 113 96
4 99 105 91 94 100 87 89 97 83
5 98 107 92 95 107 88 91 102 75
6 82 96 72 81 90 73 70 82 59
7 78 84 71 75 83 71 71 80 67
8 89 97 82 84 91 74 78 84 68
9 94 100 85 89 99 76 87 100 71
10 102 110 94 100 105 91 98 104 91
11 102 106 97 100 109 95 104 109 98
12 91 92 87 95 102 90 102 106 94
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Table S2.8 Percent changes (%) in monthly mean, maximum, and minimum soil water
during P1 (2020-2039), P2 (2040-2059), P3 (2060-2079), and P4 (2080-2099) under
three emission scenarios (RCP 2.6, 4.5, and 8.5).

Month RCP 2.6 RCP 4.5 RCP 8.5
on Mean Max Min Mean Max Min Mean Max Min
P1 (2020-2039)
1 -2.0 -0.5 34 -0.4 2.6 -4.2 -5.2 -1.6 -10.0
2 3.9 7.1 -0.3 2.5 9.8 -0.4 1.1 3.7 -6.4
3 -1.0 1.2 -3.8 -1.0 1.9 -5.1 -1.8 1.5 -3.8
4 0.1 9.0 -4.2 -2.8 1.9 -8.1 -3.5 0.1 -7.9
5 -4.2 4.4 -9.8 3.4 2.7 -10.8 -3.6 4.1 94
6 -3.8 2.3 -11.9 -5.1 1.0 -13.8 -4.0 8.9 -13.0
7 -1.6 12.2 -11.0 1.0 7.5 -5.6 5.3 5.0 -11.4
8 -0.8 5.0 -6.9 1.6 6.7 -3.1 -3.6 -0.7 -7.2
9 0.0 4.7 -3.5 1.2 2.5 -1.0 -3.7 2.2 -12.6
10 0.8 32 -4.2 1.5 3.9 2.4 2.0 6.3 -6.9
11 -0.1 4.8 -4.3 -0.4 5.2 -6.0 -1.0 4.5 -4.8
12 -1.2 1.0 -3.0 0.3 5.9 -5.0 -4.0 -1.5 -7.3
P2 (2040-2059)
1 0.1 5.2 -6.1 1.4 5.2 -1.9 2.9 7.7 -0.8
2 6.5 14.5 1.2 7.1 16.8 0.4 9.0 15.7 49
3 -1.9 1.6 -6.0 2.3 1.4 -4.7 -4.1 -1.6 -10.2
4 -2.5 1.3 -7.7 -4.2 2.4 -10.0 -4.8 3.6 -17.4
5 -3.8 4.8 -11.3 -5.2 0.4 9.5 -4.9 5.6 -11.6
6 -6.7 -4.0 -12.8 -5.0 3.0 -10.9 -7.7 1.4 -14.5
7 -2.8 4.0 -9.7 2.2 3.5 -6.1 -5.4 49 -15.6
8 -3.4 2.9 -10.9 -4.2 1.7 -12.2 -3.0 2.3 -7.9
9 32 15.7 -6.4 -0.2 3.9 -7.2 -2.6 3.1 -6.5
10 -1.7 8.7 -11.7 0.6 9.4 -4.6 1.2 7.7 -4.6
11 2.2 2.0 -8.2 -0.1 3.1 -2.8 0.7 2.6 -1.5
12 -1.4 3.8 -8.7 -1.7 0.4 -6.3 2.6 6.3 2.4
P3 (2060-2079)
1 1.5 8.9 -5.0 1.6 4.6 -4.7 9.5 15.2 7.0
2 8.4 17.0 -0.7 11.1 18.2 2.5 15.5 20.6 8.7
3 -3.7 0.4 -94 -3.1 0.8 -7.6 -54 -0.1 -11.3
4 -4.7 -0.2 -10.0 -5.7 1.7 -15.4 -8.7 -3.5 -16.5
5 -3.6 5.2 -15.0 -4.9 2.9 -17.7 -8.2 -3.1 -13.1
6 9.6 -1.3 278 -7.0 6.1 -20.9 -12.7 2.9 -33.6
7 -1.0 7.8 -9.8 7.2 -14 -13.8 -6.6 2.4 -20.9
8 -1.8 114 -13.4 2.3 5.5 -7.8 -8.4 2.7 -24.0
9 2.8 12.6 -4.3 2.6 11.2 -7.6 -6.4 0.1 -23.3
10 1.2 8.4 -3.6 0.6 6.8 -4.6 -2.9 32 -7.9
11 -3.8 2.3 -7.5 0.7 6.5 -3.4 -0.6 2.4 -3.1
12 -1.2 3.8 -8.7 1.2 4.1 -4.2 5.0 8.1 1.6
P4 (2080-2099)
1 -0.5 5.0 -6.9 4.8 14.8 -1.2 13.0 16.8 10.6
2 9.6 17.5 -0.9 12.6 21.1 1.1 17.3 20.2 14.1
3 -4.9 -2.8 -7.9 -4.1 0.9 -8.9 9.1 04 -14.5
4 -1.4 4.4 9.2 -5.8 0.0 -13.5 -11.6 -3.6 -17.0
5 -3.0 5.1 9.2 -6.6 5.5 -13.6 -10.4 1.0 -25.9
6 -4.9 11.1 -16.5 7.2 3.6 -15.9 -18.8 -5.6 -31.9
7 3.2 3.9 -12.4 -6.8 2.4 -12.2 -11.8 -0.7 -16.8
8 4.1 13.4 -4.0 -1.1 6.2 -12.8 -8.9 -1.9 -20.6
9 3.1 9.7 -6.5 2.0 8.8 -16.5 -4.0 10.3 -22.5
10 0.2 8.7 -7.7 -1.5 33 -10.2 -3.8 2.5 -10.8
11 -1.8 2.1 -6.0 -2.9 5.4 -8.4 1.0 5.7 -4.9
12 -4.1 -2.5 -7.9 0.3 7.9 -5.6 7.1 12.1 -0.6
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CHAPTER 3

ASSESSING WATERSHED-SCALE IMPACTS OF BEST MANAGEMENT
PRACTICES AND ELEVATED ATMOSPHERIC CARBON DIOXIDE
CONCENTRATIONS ON WATER YIELD

Kang, X., Qi, J., Bourque, C. P-A., Li, S., Jin, C., and Meng, F.-R. (2024). Assessing watershed-scale impacts
of best management practices and elevated atmospheric carbon dioxide concentrations on water yield: a case
study. Science of the Total Environment, 926, 171629. https://doi.org/10.1016/j.scitotenv.2024.171629.
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Abstract

Changes in water yield are influenced by many intersecting biophysical elements,
including climate, on-land best management practices, and landcover. Large-scale
reductions in water yield may present a significant threat to water supplies globally. Many
of these intersecting factors are intercorrelated and confounded, making it challenging to
separate the factors’ individual contributions to shape local streamflow dynamics.
Comprehensive hydrological models constructed based on a well-established
understanding of biophysical processes are often employed to address these matters.
However, these models rarely incorporate all relevant factors influencing local
hydrological processes, due to the reliance of these models on the latest, albeit limited,
state-of-the-art research. For instance, complexities inherent in watershed hydrology,
which involve multilayered interactions among potentially many biophysical factors, leave
the direct analysis of subtle impacts on water yields measured in-situ largely challenging.
Therefore, we propose an innovative approach to assess impacts of elevated atmospheric
CO- concentrations and flow diversion terraces (FDTs) on stream discharge rates at the
watershed scale. Initially, we use a comprehensive hydrological model to account for the
impacts of major climatic and landuse/landcover factors on changes in field-acquired
measurements of water yield. Next, we employ conventional and advanced statistical
methods to decompose the residuals of model predictions to facilitate the identification of
subtle influences promoted by increases in atmospheric CO. concentrations and the
application of FDTs in an agriculture-dominated watershed. Through this innovative
approach, we find that FDTs contributed to a watershed-wide, net water-yield reduction of

188.0 mm (or 28.9%) from 1992-2014. Ongoing increases in ambient CO, concentrations,
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which are responsible for an overall reduction in a watershed-level assessment of stomatal
conductance, have led to a minor increase in stream discharge rates during the same 23-
year period, i.e., 0.45 mm of water yield per year, or 1.6% overall. Streamflow reductions
explicitly caused by regional warming in the area alone, on account of increased
evapotranspiration, may be overestimated due to the opposing, synergistic effects on water
yield associated with CO2-enrichment of the lower atmosphere and the annual application

of FDTs.

Keywords: ambient CO> concentration; flow diversion terraces; residuals; stomatal

conductance; watersheds
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3.1 Introduction

Stream water yields are particularly important in sustaining terrestrial and aquatic
ecosystems and domestic water supplies (Rozas-Vasquez et al., 2019). Therefore, having
a good understanding of water yield dynamics and its influencing factors are particularly
important in informing water-management policy (Yin et al., 2021). Water supply is
affected by many intercorrelated, confounding factors, including those associated with
rapid changes in regional climatology and land-management practices (Li et al., 2021; Yin
et al., 2022). Most recent studies relating climatic factors to water yields focus on assessing
impacts associated with changes in precipitation and temperature (Shukla et al., 2021; Yifru
et al., 2021; Yin et al., 2022; Kang et al., 2022). For instance, it has been reported that
increases in precipitation can lead to increases in water yield. Whereas, rising air
temperatures are projected to increase evapotranspiration (ET), leading to an increase in
atmospheric water-vapor demand and consumption. In addition, increases in atmospheric
concentrations of greenhouse gases (GHGs) have caused global temperatures to rise,
invoking many other changes in the global-to-regional climate system (IPCC, 2021). Of
the many species of GHGs, increases in atmospheric CO2 may not only cause mean air
temperatures to increase, but may also cause the spatiotemporal distribution of
precipitation to change, increasing the risk of heavy rainfall events, flooding, and drought,
resulting with corresponding changes in water yield (Eckhardt and Ulbrich, 2003). Many
of these climatic factors are correlated with each other, making it difficult to evaluate their
individual contribution to variations in water yield with traditional statistical methods alone,
especially when the effects of landcover change and best management practices (BMPs)

contribute to this complexity at the watershed level.
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As a substitute for direct statistical analysis, comprehensive hydrological models, as
an integration of the latest, though limited, state-of-the-art scientific understanding of
hydrological processes, are widely used in hydrological research (Cao et al., 2021; Liang
et al., 2020; Qi et al., 2016a, 2020b; Wang et al., 2020a, 2020b). Among these models, the
Soil and Water Assessment Tool (SWAT) is designed to simulate hydrological processes
and predict water quantity and quality as affected by BMPs, which govern field-level
variation in crop cover, as well as in the level of strip cropping, conservation tillage,
terracing, and nutrient management employed by farmers (D'Arcy and Frost, 2001). In
recent years, SWAT has been successfully used to estimate climate impacts on large and
small river basins, with aspects of model application appearing in over 600 peer-reviewed
journal articles (e.g., Arnold et al., 1998; Bhatta et al., 2019; Liang et al., 2020; Qi et al.,
2020a; Wang et al., 2020a). In the current working-version of SWAT, the major
hydrological processes consist of surface runoff, soil and root zone infiltration, ET, soil
water evaporation, snow sublimation, and baseflow (Arnold et al., 1998). Precipitation can
be either intercepted or infiltrated into the soil, with the remaining water participating in
surface runoff. The amount of precipitation can be lost to the atmosphere because of ET,
which varies throughout the year. When simulating the impact of precipitation on water
yield, a water balance equation consisting of the components of precipitation, surface
runoff, ET, percolation, and return lateral flow is used. Furthermore, with a well-
established energy balance model, SWAT can also be used to simulate the impact of air and
soil temperatures, along with other climatic factors, such as solar radiation, relative
humidity, and wind speed, on ET and streamflow dynamics (Arnold et al., 1998, 2012;

Neitsch et al., 2011).
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However, SWAT does not incorporate all conceivable factors that influence
hydrological processes due to its reliance on the latest research results concerning the
underlying mechanisms. Recent research has indicated that rising atmospheric CO>
concentrations associated with the anthropogenic release of carbon dioxide to the
atmosphere may lead to a reduction in stomatal conductance and, thus, decrease rates of
transpiration in plants (Ficklin et al., 2009; Wu et al., 2012a). This scenario will likely cause
terrestrial water yields and stream discharge rates to increase, partially in compensation for
the effects associated with the augmentation of potential ET (i.e., PET; Liao et al., 2021;
Pan et al., 2015). However, ambient CO; concentration impacts on streamflow dynamics
due to changes in stomatal conductance have yet to be incorporated in SWAT in any
meaningful manner, due to the lack of field data demonstrating this relationship at the
watershed level.

Land management practices can affect hydrological processes, altering the release of
water from watersheds. Best management practices are developed to reduce the
downgradient movement of sediments, nutrients, and pesticide residues from agricultural
lands to aquatic ecosystems (D'Arcy and Frost, 2001). One of these BMPs includes the
application of flow diversion terraces (FDTs), originally designed as a landuse
management control of water quantity and quality and soil erosion in agricultural fields
(Chow et al., 1999; Al et al.,, 2008). On FDT-protected lands, long slopes are
characteristically reduced into shorter segments, using spacings suitable for both erosion
control and ease of farming. A typical FDT consists of earth embankments and grassed
channel ways (Yang et al., 2009). Flow diversion terraces can improve soil water

accessibility by reducing surface waterflow velocities and increasing the infiltration rate of
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pooled surface water and retention along the frontal channels of terraces (Anna and
Pierzgalski, 2008), causing surface runoff and contaminant transfer to decrease. The
effectiveness of FDTs can be determined by various methods, including benchmarking or
paired-watershed experiments, upstream and downstream monitoring, and edge-of-field
testing (Zheng et al., 2021). However, the impact of FDTs on water yield is affected by
many factors and its effectiveness may vary from watershed-to-watershed depending on
local topography, soil characteristics, climatic conditions, and landuse practices (Fernandez
et al., 2003). Direct assessments of FDTs’ capabilities to impact water yields are generally
considered statistically insignificant, due to the large year-to-year variations and low
response-signal-to-noise ratios involved. Currently, SWAT does not fully address the
impact of FDTs on water yields, possibly due to the lack of dependable interpretations
acquired from direct analysis of in-sifu hydrological data.

Although the effects of atmospheric CO; concentrations and FDTs on water yield are
not integrated in the current version of SWAT, their influences should still be present in
model residuals. Moreover, as SWAT accounts for most other significant factors affecting
water yield and stream discharge rates, the residuals should exhibit fewer variations,
potentially making the identification of impacts associated with the two unaccounted
variables more apparent in the systematic divergence in residuals. The objective of this
study is to estimate the potential impacts of a standard BMP and environmental factors on
water yield at the watershed scale. Specifically, we focus on separating the individual
effects of atmospheric CO; concentrations, FDTs, and monthly weather variables on water

yield in an experimental watershed in Atlantic Canada. The analysis is facilitated by
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merging model simulations with historical hydrometeorological, and land-surface records

acquired from 1992-2014.

3.2 Materials and methods
3.2.1 Study sites and relevant data
Black Brook Watershed (BBW) is in northwestern New Brunswick (NB), Atlantic

Canada (47°5' to 47°9'N and 67°44' to 67°48'W), with elevations ranging from 150-242

m above mean sea level (ASL, Fig. 3.1). It is a typical agricultural watershed in the potato
belt of NB. The climate is strongly influenced by marine weather, with an average annual
temperature of 3.7 °C (Chow et al., 2011). The annual precipitation is 1,037.4 mm, with
about one third of the amount occurring in the form of melting snow in spring, a major
source of surface runoff and groundwater replenishment (Chow and Rees, 2006). The
drainage area of the watershed is 13.1 km?, with agricultural, forests, and residential land
accounting for 65, 21, and 14% of the total watershed area, respectively (Chow et al., 2011).
Soils in BBW are classified into six mineral soil classes, namely Grand Falls, Holmesville,
Interval, Muniac, Siegas, and Undine, and one organic soil, Saint-Quentin (Mellerowicz,
1993). These soils are developed from glacial till and are generally very stony. Soil texture

ranges from sandy loam, loam, to clay loam.
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Fig. 3.1 Location of the study area.

Black Brook Watershed was founded by Agricultural and Agri-Food Canada (AAFC)
as a national benchmark watershed. A water-monitoring station at the outlet of BBW has
been in operation since 1992 (MS#1, Fig. 3.1). Discharge rates at the outlet were recorded
from 1992-2014 (Chow et al., 2011). Weather data, i.e., daily precipitation, air temperature,
relative humidity, solar radiation, and wind speed were acquired for the same 23-year
period from the Saint Leonard, Environment and Climate Change Canada weather station,
5-km from BBW (Fig. 3.1). Multiple soil conservation BMPs have been used to prevent
soil erosion and reduce the movement of contaminants from agricultural lands to water
courses downslope. As one BMP employed in the area, FDTs have been constructed on

more than 50% of cultivated lands in BBW (Yang et al., 2009). A timeseries of cumulative,
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annual construction of FDTs and their % footprint area in BBW (1992-2014) is provided
in Fig. 3.2. Global monthly atmospheric CO» concentrations in Fig. S3.1 were based on
measurements acquired from the NOAA Earth System Research Laboratory at Mauna Loa,
Hawaii, USA (GML, 2021). During the 23 years of the study atmospheric CO:

concentrations have increased from 356.1 to 397.3 ppm (Fig. S3.1).
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Fig. 3.2 Cumulative change in % area protected with FDTs in BBW from 1992-2014.

3.2.2 Implementation of SWAT

As a widely used comprehensive hydrological model, SWAT was selected to simulate
stream discharge rates (water yields) for this study. The model is a semi-distributed and
process-based watershed hydrology model providing a flexible framework for simulating
the effectiveness of a broad range of BMPs (Arnold et al., 2012; Qi et al., 2018). SWAT
has an ability to predict hydrological outcomes associated with water quantity/quality, plant
biomass growth, crop yields, and other outcomes associated with the assessment of
agricultural lands’ environmental integrity as affected by climate, landuse, and landcover

change (Arnold et al., 1998, 2012). Major model components include a weather simulator
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and several modules focusing on the hydrological processes, waterflow dynamics, crop-
growing response, land-management effects, as well as stream water-contaminant loadings
and fluxes. Neitsch et al. (2011) provides a detailed description of the model.

An enhanced version of SWAT was established in previous studies to incorporate a
physically-based soil temperature module that accounts for the insulating properties of
snow and latent heat exchanges resulting from soil freeze-thaw cycles commonly in
Atlantic Canada (see Qi et al., 2016a, 2016b). These model enhancements significantly
improved the accuracy of monthly streamflow and timing of peak predictions on discharge
rates and water quality parameters for BBW (Qi et al., 2016a, 2016b; Wang et al., 2020b).
This is the version of SWAT used here.

3.2.3 Model setup, calibration, and validation

A high-resolution light detection and ranging (LiDAR)-based DEM (digital elevation
model) of 1-m resolution was used to delineate the watershed and derive corresponding
topographical attributes (Zhao et al., 2010; Qi et al., 2018). Soil data were derived from a
detailed soil survey map of high spatial resolution (Mellerowicz, 1993) developed by
AAFC personnel. Landuse data, including % watershed area protected with FDTs, were
incorporated in SWAT through its management files and a field-based assessment of
hydrological response units (HRUs) created in a previous study (Qi et al., 2017b, 2022).
Model calibration and validation of monthly discharge rates were carried out for the period
of 1992-2001 and 2002-2014, respectively. Snowfall and melting processes play a
significant role in governing the hydrological dynamics within the watershed of the study
area. We followed established practices for calibrating and validating snowfall and melt

simulations, paying particular attention to the nuances of snow processes (Qi et al., 2017a).
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Model performance was assessed based on commonly used statistical criteria in

hydrological studies, namely % bias (PBIAS) and Nash-Sutcliffe model efficiency (NS),

ie.,
N (p._0.
PBIAS = 100%,81@ (3.1)
i=1Yi
n .—p.)2
NS=1-— 2i=1(0i=PD” (3.2)

?:1(0i—0avg)2 ’
where 0; (Ogpg) and P; (F,y4) are the observed and predicted values and their
corresponding averages.
3.2.4 Residual analysis and Bayesian multiple linear regression
3.2.4.1 Residual analysis

Multiple factors, such as model formulation, input and validation data, and parameter
calibration can lead to uncertainty in model simulations (Abbaspour, 2013). Residual
analysis is often used to reveal the main model components that introduce uncertainty in
predicted outcomes (Semadeni-Davies et al., 2021). Residuals are defined as the difference
between observed and predicted quantities of a response variable. When plotted against the
data from an influencing factor, like precipitation or temperature, residuals created with a
properly calibrated model should be randomly distributed about the abscissa (residuals ~
zero). The presence of structure in plotted residuals is a clear indication of methodical bias
(error) in models. The motivation of the current study is the statistical decomposition of
model residuals for greater explanation and insight into selected drivers of streamflow
discharge rates, particularly those difficult to characterize by any other means. Additionally,
we examined residuals of ET for further validation of the methods and findings, given their

strong association with streamflow. Due to the lack of field-based measurements of ET
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across the watershed, corresponding estimates of ET were derived by deducting streamflow
at the watershed outlet from recorded annual precipitation. Akin to the calculation of
residuals of streamflow, residuals of ET were determined by subtracting the field-based
estimates of ET (addressed above) from corresponding estimates generated with SWAT.
3.2.4.2 Bayesian multiple linear regression

Bayesian inference is widely used in situations (i) with limited observations, and (i1)
with an expectation of exploiting available expert judgement in the examination of
associated data. Bayesian multiple linear regression (BMLR) is an expansion of multiple
linear regression (MLR), where data are supplemented with a priori distributions for
coefficients S, B1, ..., Bn, and the error term, &, in
Y = Bo+ BiXy+ BoXy 4+ BpXy, + €, (3.3)
where X, represents the p™ explanatory variable, and B, formulizes the association

between predictors to the response variable Y. Here, we assume that ¢ is independent and
distributed as a normal random variable, with a mean of zero and a uniform standard
deviation of 0. The posterior distributions for Sy, B4, ..., Bn, and € in BMLR are predicted
based on a priori and likelihood distributions, rather than relying on the least squares
regression to minimize the sum of residuals squared as it is normally done with MLR. The
Student t-test is commonly used to determine the statistical significance between various
estimates of equation parameters and zero (James et al., 2014). The rstan package for R v.
4.1.0 was employed in a provision of full Bayesian inference associated with Markov chain,
Monte Carlo (MCMC)-based sampling (Reinert, 2007; Stan Development, 2019).
Residual analysis combined with BMLR can separate the individual effects of FDTs

and in-air COz-enrichment on water yields and ET by specifying the probability of the two
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variables a priori. The a priori probability of CO, was restricted as being greater (less)
than zero for water yield (ET), which can reduce overall uncertainty based on our
understanding that elevated CO» concentrations can lead to reductions in stomatal
conductance (Herrick et al., 2004), and as a result cause water yields at the outlet of the
watershed to increase (Wu et al., 2012a, 2012b). We set the a priori probability of FDTs to
be less (greater) than zero for water yield (ET), reflecting our belief that an increase in
FDTs is likely to result in a reduction in waterflow downstream.
3.2.5 Parametric tests

In this study, we applied Student t-tests to detect the significance of parameters under
several circumstances. The t-test is a statistical method used to determine whether there is
a significant difference between the means of two groups, making it one of the most used
hypotheses testing techniques in statistics. This test is particularly useful when dealing with
small sample sizes or when the population standard deviation is unknown. The t-test is
based on the t-distribution, a type of probability distribution that is symmetrical and bell-
shaped, like the normal distribution but with thicker tails. The t-distribution allows for the
estimation of population means from small sample sizes, with some level of variation

among samples.

3.3 Results
3.3.1 Model calibration and validation

The monthly timeseries of observed and predicted discharge rates for the 19922014
period is shown in Fig. 3.3. The performance of SWAT was generally satisfactory for both
the calibration and validation periods (based on performance criteria in Moriasi et al., 2007),

yielding PBIAS (%) and NS (non-dimensional) of 1.1%, 0.61, 13.3%, and 0.76,
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respectively. The current model was revealed to be sufficiently robust to address issues of
attribution regarding the influencing variables not accounted for in SWAT. It should be
noted that PBIAS rose from the calibration to the validation phase, highlighting the
challenges in accurately simulating the impacts of FDTs on streamflow, despite our efforts
to incorporate FDT-data into the management files using observed landuse information (Qi

et al., 2018). FDTs’ role in reducing water yields will be further investigated in subsequent

analyses.
2.5 .
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2.0 Observed :
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Fig. 3.3 BBW-specific observed and predicted discharge rates (m>/s) from 1992-2014. The
dotted vertical line subdivides the timeseries relative to model calibration and validation.

3.3.2 Residuals Analyses

Initially, we examined the connection between time (year) and the residuals of
streamflow and ET, along with various influencing factors, which include precipitation,
temperature, ambient CO> concentrations, and % watershed area protected with FDTs
(Table 3.1, Fig. 3.4, and Fig. S3.1). Residuals of streamflow exhibited a significant
downward trend (p<0.05) over the 23 years. No statistically significant trend could be
detected in the residuals of ET (p>0.05). Influencing factors, including precipitation,

temperature (p<0.05), and ambient CO; concentrations (p<0.001) all exhibited clear
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upward trends. Land management practices with respect to the use of FDTs also disclosed

a significant increasing trend (»<0.001).

Correlation analyses were carried out to assess the relationship between residuals of
stream discharge rate and ancillary variables, such as precipitation, temperature, ambient
CO: concentrations, and the % area protected with FDTs (Fig. 3.4). Here, we transformed
the % area of FDTs to In [FDT (%) +1], ensuring the data assumed a near-normal
distribution. Downward trends in residuals of streamflow were not only detectible annually,
but also exhibited trends when compared with some of the influencing factors (Fig. 3.4).
Residuals of streamflow were not evident when plotted against precipitation and
temperature, suggesting that the two climatic variables were reasonably dealt with in
current model formulation. Ambient CO; concentrations and %-watershed-area with FDTs
showed a significant correlation with residuals of streamflow, which was anticipated given

that the model does not account for the effects of these two variables in its current design.

Table 3.1 Trending (slopes) in hydrology-related variables and their statistical

significance.
Variable Slope Significance
Residuals of streamflow (mm-year™') -8.58 *
Residuals of ET (mm-year™) 7.40 -
Precipitation (mm-year™) 6.57 -
Temperature (°C-year™) 0.07 *
CO; (ppm-year™) 1.91 sk

FDTs (%-year™)

(In [FDT (%) +1]) 0.06 sk

Note: Residuals = observed — predicted quantities; significance levels identified are p<0.001 (denoted
as **%*),0.01 (**), 0.05 (*), and p>0.05 (-). The unit of FDTs is % watershed area protected.

Correlation analyses were also performed to evaluate the connection between

residuals of ET and factors such as precipitation, temperature, ambient CO> concentrations,
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and % area covered with FDTs (see Fig. 3.5). Mirroring the findings for streamflow,
residuals of ET did not display a significant correlation with either precipitation or
temperature. However, a notable correlation was observed between residuals of ET and
both ambient CO» concentrations and % area with FDTs. It is important to note that the
correlation coefficients for ambient CO; concentrations and FDTs with residuals of ET

were inversely related, compared to correlations with residuals of streamflow.
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Fig. 3.4 Annual trends and coefficient matrix with respect to residuals of streamflow (mm),
precipitation (mm), temperature (°C), ambient CO> concentrations (ppm) and loge-
transformed % watershed area protected with FDTs, or In [FDT (%) +1]. The first column
shows the annual trend of all variables. The value in the upper-right half of the matrix
represents the correlation coefficient between two variables; asterisks in the upper-right
corner give the significance level of correlation. The histograms along the diagonal of the
series of graphs represent the distributions of the suite of variables considered in this study.
The dots in the lower-left section of the matrix represent the correlation between the paired
datasets. The significance levels considered here are p<0.001 (denoted by ***), 0.01 (**),
and 0.05 (*).

96



Temperature (°C) Residual (mm)

In (FDT+1)%

The impact of various influencing factors on the residuals of streamflow (Table 3.2)
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3.3.3 Disentangling the effects of FDTs and CO2 with BMLR
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Fig. 3.5 Coefficient matrix for residuals of ET (mm), precipitation (mm), temperature
(°C), ambient CO» concentration (ppm), and loge-transformed % watershed area protected
with FDTs, or In [FDT (%) +1]. The first column shows the annual trend of all variables.
Values in the upper-right half of the matrix represent the correlation coefficient between
two variables; asterisks in the upper-right corner give the significance level of correlation.
The histograms along the diagonal of the series of graphs represent the distributions of the
suite of variables considered. The dots in the lower-left section of the matrix represent the
correlation between the paired datasets. The significance levels considered are p<0.001
(denoted by ***), 0.01 (**), and 0.05 (*).

and ET (Table 3.3) was analyzed using BMLR. For comparative reasons, ordinary MLR

was also employed to highlight the benefits of BMLR in clarifying the effects of processes



not accounted for in SWAT (the results are presented in Supplementary Material, SM).
Drawing from prior analyses of residuals of streamflow and ET, temperature and
precipitation were omitted from subsequent analyses because they were adequately

administered in SWAT.

The impact of ambient CO: concentrations on streamflow was successfully detected
by BMLR, while it was not with MLR (as indicated by p>0.05 associated with Eq. (a) in
Table S3.1). The MLR tended to overlook the importance of ambient CO> concentrations
in the control of streamflow, under-evaluating the reduction in water yields associated with
the application of FDTs. According to Table 3.2, increases in water yield caused by
increases in ambient CO:2 concentrations were 0.4—20.2 mm from 1992-2014, suggesting
an overall minor increase of about 0.1-3.1%. Whereas, % watershed area treated with FDTs
contributed to a net reduction in water yields from 115.2-247.4 mm, representing a decline
of about 17.7-38.0% over the same time period. Across all years of the study period,
elevated ambient CO2 concentrations increased water yields by 10.3 mm or 1.6%, with a
corresponding net mean change of +0.45 mm year™!, whereas FDTs reduced water yields
by about 188.0 mm (or 28.9%), with a corresponding mean change of -8.2 mm year. It is
worth noting that BMLR-based estimates of water-yield reductions caused by the
implementation of FDTs over the 23 years were slightly greater than those projected with
MLR without accounting for the effects of in-air CO; [see Eq. (b) in Table S1], i.e., 188.0

mm vs. 183.5 mm (28.2%).
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Table 3.2 Coefficients of Bayesian multiple linear regression (BMLR) as derived from
pairwise comparisons of residuals of streamflow and selected explanatory variables
(identified in column one).

Variables Mean Standard Credible Interval
Deviation 2.50% 97.50%
CO; 0.25 0.14 0.01 0.49
FDTs -147.74 27.15 -194.42 -90.52

Note: Residuals = observed streamflow — SWAT-predicted streamflow; explanatory variables include
atmospheric CO» concentration, and loge-transformed % watershed area protected with FDTs or In [FDT
(%) +11.

Like streamflow, the impact of ambient CO> concentrations on ET was successfully
detected with BMLR, and not with MLR [p>0.05 based on Eq. (a) in Table S3.2]. The MLR
tended to overlook the importance of CO> concentrations in the control of ET,
underestimating the increase in ET associated with the application of FDTs. According to
Table 3.3, decreases in ET caused by increases in ambient CO2 concentrations were 0.4—
20.2 mm from 1992-2014, suggesting a decrease of about 0.08-4.3%. Whereas, %
watershed area treated with FDTs contributed to a net increase in ET from 91.1-238.9 mm,
representing an a 19.2-50.4% increase over the same time period. Across all years of the
study period, elevated CO> concentrations reduced ET by 10.3 mm or 2.2%, with a
corresponding net mean change in water yield of +0.45 mm year !, whereas FDTs increase
ET by about 168.2 mm (or 35.5%), providing a corresponding mean change in water yield
of -7.3 mm year'. Results based on BMLR showed ET to have increased by 168.2 mm
(Table 3.3) with the implementation of FDTs, compared to 160.4 mm as assessed with
MLR (33.9%; Eq. (b); Table S3.2). Findings related to the residuals of ET are consistent
with those for streamflow, although changes in modeled streamflow and ET (i.e., decreases

and increases, respectively) did not precisely match in terms of average values.
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Nonetheless, the broad overlap in their ranges provides compelling evidence for a water

balance at the watershed scale.

Table 3.3 Coefficients of Bayesian Multiple Linear Regression (BMLR) as derived from
pairwise comparisons of residuals of ET and selected explanatory variables (column one).

Variable Mean Standard Credible Interval
Deviation 2.50% 97.50%
CO, -0.25 0.14 -0.49 -0.01
FDTs 132.2 29.82 71.63 187.79

Note: Residuals = observed ET — SWAT-predicted ET; explanatory variables include atmospheric CO»
concentration (CO3), and loge-transformed % watershed area protected with FDTs (or In [FDT (%) +1]).

3.4 Discussion
3.4.1 State-of-the-art and contribution

Assigning attribution as to the influence a controlling factor may have on a system’s
response is crucial in many scientific fields (Guerrieri et al., 2019). A recent example
involves determining the extent to which human activity, such as burning of fossil fuels or
causing large-scale landcover change, contributes to changes in weather patterns and
ecosystems observed globally (IPCC, 2021). In many studies, assigning attribution relies
on application of computer models to quantify the roles of model processes on various
modeled projections. However, the effort to assign attribution can be challenging because
many of the variables affiliated with the system may be confounded with each other. In
such cases, the direct application of limited models may lead to improperly modeled
outcomes, producing deviations (structure) in model residuals. In this study, we show that
results from a limited model along with associated field measurements can be used to

facilitate the assessment of attribution by statistical means.
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3.4.2 Previous studies

Attribution of various BMPs on peak waterflows has been previously assessed with
a fully parameterized version of SWAT for the Lower Pearl River Watershed (12,500 km?)
in southern Mississippi, USA, based on a calibration and validation of the model with
streamflow data from four gauging stations (Dakhlalla and Parajuli, 2016). For a baseline
climate scenario, the modeling study found that grass waterways and detention ponds
helped to reduce peak flows by 8.4 and 6.0%, respectively. Likewise, parallel terraces were
shown to be responsible for another 3.1% reduction in average peak flow. Combined, the
three BMPs produced greater reductions in average peak flow than when applied
individually. Increases in ambient CO2 concentrations were also shown to lower the
effectiveness of BMPs in reducing peak flows. This finding is consistent with my own
study-based conclusions, regarding the role of in-air COz-enrichment, stomatal
conductance (Stockle et al., 1992), and streamflow dynamics at the watershed level. The
quality of attribution based on a direct application of SWAT relies heavily on the quality of
the BMP-based process modules that were added to SWAT. However, there are questions
about the accuracy of some of these attributions, given that the associated hydrological
processes are very difficult to characterize without the required data representing

conditions across entire watersheds.

In another modeling study, Yang et al. (2009) uncovered a systematic divergence
between SWAT-generated predictions and field measurements of water yields in BBW after
the construction of FDTs. It was estimated that a constant level of FDTs (covering 24% of
BBW, representing % area coverage at the end of the implementation phase in 2005)

reduced water yield by 20% at the end of the study period. This attribution was seen to be
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high, most likely as a result of the assumed, constant coverage applied in model simulation,

notwithstanding actual modifications having been applied from 1995-2005 (see Fig. 3.2).

3.4.3 Model Limitations

Owing to the lack of meaningful landscape-level characterization of relationships
between FDTs, in-air changes in CO; concentrations, and streamflow dynamics in SWAT
(or other hydrological models, for that matter), the direct use of such models in attribution
studies is at times challenged by complications. This is reflected in the lack of literature
addressing these specific relationships at the watershed scale. To avoid these problems, we
have developed this new method to decompose model residuals based on outputs from a
well-established, calibrated hydrological model that addresses most important hydrological
processes and actual field measurements. The decomposition of model residuals helps to
isolate the effects of ancillary processes that are missing or improperly addressed in models.
This decomposition has shown that variations in ambient CO2 concentrations and FDTs at
the levels described earlier are responsible for causing streamflow discharge rates to vary.
The total impact of ambient CO; concentrations on streamflow for BBW is small, i.e.,
within 0.1-3.1% over 23 years, given a 41.2-ppm increase in 1992 baseline ambient
concentrations estimated here. In effect, a 11.6% increase in ambient CO> concentration
from 1992-2014 (Fig. S3.1) meant a 5% decrease in stomatal conductance at the watershed
scale [based on Eq. (1) in a paper by Ficklin et al. (2009)]. Other studies have shown that
for similar changes in stomatal conductance, in response to a 11.6% increase in ambient
CO: concentration, net reductions in ET amounted to 0.9-2.6% at the watershed scale and
a corresponding increase in surface runoff of 1.5-2.7% (Arias and Spain, 2014; Desai et

al., 2020). The function of FDTs at BBW is to cause water yields to decrease, leaving an
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appreciable amount of water to infiltrate the soils, improving growing conditions for crops
while restricting the downgradient transfer of contaminants. A recent literature search
revealed a lack of experimental data directly linking the effects of FDTs to changes in water
yield. The lack of literature on this matter may be attributed to the significant variation
caused by the many factors involved in natural agricultural watersheds, such as annual
changes in precipitation, temperature, and land management practices that tend to obscure
the effects of FDTs at a broader scale. With the decomposition of residuals, we found that
FDTs could lead to a 28.9% reduction in water yield over the 23 years (Table 3.2 and Fig.
3.2). This result was seen to be greater than the initial estimate provided by Yang et al.
(2009) for the same watershed, as usage of FDTs was observed to increase substantially

after 2005 (Fig. 3.2).

3.5 Conclusions

In this study, we introduced an innovative approach to discern the subtle roles of
atmospheric CO> concentrations and flow diversion terraces (FDTs) share in modifying
surface waterflow dynamics. The approach is based on an application of (i) a recent version
of SWAT to eliminate the effects of most modeled factors; and (ii) a subsequent
decomposition of residuals (i.e., field observations — model predictions) in isolating the
effects of the unaccounted variables. The feasibility of the method is based on the premise
that SWAT can effectively address the impacts of most major climatic, soil, and landuse
factors on water yield. Systematic errors in model predictions associated with the effects
of unaccounted variables are expected to persist throughout all model simulations and
residuals, providing a means to isolate the contribution of the unaccounted variables to

observed streamflow dynamics. With residual decomposition, we are able to identify
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significant impact due to the implementation of FDTs, with the level of effectiveness
increasing with increase FDT density. To better simulate the impact of ambient CO>
concentrations on water yield, further data are needed from watersheds, where FDTs are

not used.

As global warming and climate change progresses, escalating temperatures are
projected to augment ET and reduce water yields at the watershed scale — an impact that
most existing hydrological models can address fairly well. Our findings indicate that
elevated levels of atmospheric CO; are likely to decrease stomatal conductance and ET.
Consequently, this annual reduction can contribute to an increase in streamflow, effectively
offsetting a portion of the decline in streamflow due to rising temperatures. Furthermore,
soil conservation BMPs, such as constructing FDTs, are anticipated to bolster surface flow
retention rates and enhance in-field soil water content. This land management practice can

ultimately lead to a watershed-level reduction in surface waterflow.
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Fig. S3.1 Time trends in variables, including (a) residual of streamflow (mm), (b) residual
of ET (mm), (c) temperature (°C), (d) precipitation (mm), (e) loge-transformed %
watershed area protected with FDTs, or In [FDT (%) +1], and (f) CO2 concentration (ppm).
The slope of the trend and its significance level accounted being p<0.001 (denoted by ***),
0.01 (**), and 0.05 (*) were attached on the corner of each plot.
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Table S3.1 Coefficients of multiple linear regression as derived from pairwise relationships
between the residuals of streamflow and selected explanatory variables (1992-2014).

Variable Mean Std. Error  t-value Pr (> |t)) Pr(>F)
Eq. (a) Residuals ~ f (CO2, FDTs)
Intercept 424.64 1727.82 0.246 0.808
CO2 0.06 6.08 0.010 0.992 0.074
FDTs -146.01 188.06 -0.776 0.447
Eq. (b) Residuals ~ f (FDTs)
Intercept ~ 441.97 183.76 2.405 0.026* 0.021*
FDTs -144.21 57.65 -2.501 0.021* )

Note: The response variable is the residual (residual = measured - predicted streamflow determined
with SWAT); Explanatory variables include ambient CO; concentrations, log.-transformed % watershed
area protected with FDTs, or In [FDT (%) +1]. Student t-tests were performed on the means of estimates.
The significance levels are p<0.001 (denoted as ***), 0.01 (**), and 0.05 (*).
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Table S3.2 Coefficients of multiple linear regression as derived from pairwise relationships
between the residuals of ET and selected explanatory variables (1992-2014).

Variable Mean Std. Error t-value Pr > |t|) Pr(>F)
Eq. (a) Residuals ~ f (CO2, FDTs)
Intercept  -143.26 1815.05 -0.079 0.938
CO2 -0.90 6.39 -0.140 0.890 0.152
FDTs 152.42 197.56 0.772 0.449
Eq. (b) Residuals ~ f (FDTs)
Intercept  -396.41 193.13 -2.052 0.053. 0.0499*
FDTs 126.10 60.59 2.081 0.0498* )

Note: The response variable is the residual (residual = measured - predicted ET determined with SWAT);
explanatory variables include ambient CO» concentrations, loge-transformed % watershed area
protected with FDTs, or In [FDT (%) +1]. Student t-tests were performed on the means of estimates.
The significance levels are p<0.001 (denoted as ***), 0.01 (**), and 0.05 (*).
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CHAPTER 4

AN INTER-WATERSHED COMPARISON OF HYDROLOGICAL
RESPONSE IN AGRICULTURE- AND FOREST-DOMINATED
WATERSHEDS IN ATLANTIC CANADA

Kang, X., Qi, J., Bourque, C. P.-A., Li, S., Jin, C., Hao, S., Meng, F.-R. (2024). An inter-watershed
comparison of hydrological response in agriculture- and forest-dominated watersheds in Atlantic Canada.
Under Revision.
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Abstract

It is a common belief that large, canopy trees consume greater amounts of water than
short-statured vegetation because of their increased rates of transpiration. In general, raised
evapotranspiration rates within forested watersheds usually translates into an overall
reduction in streamflow and groundwater recharging potential. These relationships have
raised concern that large-scale reforestation projects may lessen local-to-regional water
supplies. However, field experiments meant to compare streamflow patterns in agricultural
and forested watersheds have produced inconclusive results, largely because of the extreme
variability in regional weather and complex interactions amongst the biophysical factors
that influence the hydrological characteristics of watersheds. In this study, we used an
integrated hydrological model, i.e., the Soil and Water Assessment Tool (SWAT), to
disentangle the complex interactions of biophysical factors that influence streamflow
discharge rates by analyzing the hydrological responses in three neighboring watersheds in
the upper Saint John River basin in northwestern New Brunswick, Atlantic Canada, with
two of the watersheds being predominantly forested and one dominated by agriculture. In
contrast to common belief, we found that the two forested watersheds consistently
produced higher water yields compared to the agricultural watershed. With the application
of SWAT, we found that the forested watersheds had lower peak flow during the snowmelt
seasons, with peak flow delayed by at least 7-17 days compared to the incidence of peak
flow in the agricultural watershed. Reduction in peak and enhanced accumulated flow in
the two forested watersheds (+2.8—15.6% more) occurred mostly as a function of the
prolonged snowmelt season associated with increased sublimation and shading provided

by forests. Additionally, low waterflow during the warm seasons was consistently greater
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in the forested watersheds, most likely due to increased infiltration rates and shallow
groundwater recharging. The findings have profound implications for landcover

conversion, especially as they concern flood-control and water-resources planning.

Keywords: agriculture- and forest-dominated watersheds; landcover conversion;

streamflow modeling; water yields
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4.1 Introduction

Large-scale landuse changes can lead to significant changes in the hydrological cycle
(Jin et al., 2023), including the severity and frequency of flooding, and decline in accessible
water resources (Xia et al., 2017; Yang et al., 2021). This is because landcover change can
affect water yields by altering surface runoff, soil infiltration capacity, groundwater
recharge and discharge, as well as other hydrological flows, further influencing water
quality and river/stream flow dynamics (Hurkmans et al., 2009; Kiptala et al., 2013; Yu
and Bourque, 2022). It is commonly believed that large canopy trees consume immense
amounts of water because of their increased rates of transpiration. Enhanced transpiration
at the watershed scale can lead to reductions in available water for both streamflow and
groundwater recharging (Zhang et al., 2017; Zhang and Wei, 2021). These trends have
raised concerns that large-scale reforestation projects may augment water losses at the
landscape level (Lu et al., 2018; Ricciardi et al., 2022). Conventional experiments meant
to compare streamflow in agricultural and forested watersheds have produced inconclusive
results (Zhang et al., 2017; Zhang and Wei, 2021; Teo et al., 2022). This is because different
vegetation-cover types can result in varied watershed responses due to their differences in
the interception of rain and snow (Crockford and Richardson, 2000; Carlyle-Moses and
Gash, 2011), rates of evapotranspiration (ET; Bearup et al., 2014), and shading (Yaseef et
al., 2010; Johnson and Wilby, 2015), which can naturally lead to differences in surface
runoff, groundwater discharge, and irrigation diversion, even when subjected to similar
climatic conditions (Truong et al., 2022). In addition, this effect varies across regions (Zhou
et al., 2015; Wang et al., 2018), being more pronounced in tropical areas (Randow et al.,

2004) than in mid- or high-latitude positions (Duveiller et al., 2018). For example, some
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studies have shown that ET in forests was generally lower (Williams et al., 2012; Breil et
al., 2021) than in watersheds dominated by other types of vegetation, causing streamflow
to increase. Given differences in forcing variables and watershed response globally,
addressing water-yield production under different landcover types is an important scientific
undertaking. However, such studies have been seldom applied to watersheds in Atlantic
Canada, a region known for its maritime climate of ample seasonal precipitation, long

snow-accumulation and snowmelt seasons, and moderate temperatures.

Recent studies have mostly focused on addressing the impact of vegetation change
on hydrological processes in single watersheds at variable timescales (Brown et al., 2005).
These results are not comparable because of divergent weather conditions that normally
occur over large geographic areas. To address this problem, paired-watershed studies are
often used to determine the magnitude of water yield changes resulting from changes in
vegetation cover in one of the watersheds. The second watershed is typically used as an
experimental control. These types of experiments can be extended to study the role of land
management practices in their impact on water yields. However, watersheds selected for
these studies may vary in other hydrological drivers unfamiliar to the researchers, such as
routing pathways, soil characteristics, and other influencing factors (Robbie and Younes,
2023). The variations in biophysical conditions that affect hydrological processes are
significant, making it difficult to obtain sufficient field measurements, because acquiring
such measurements is time-consuming and expensive. Additionally, differences in
hydrological responses, if any, can only be assessed over short time intervals (Schmidt et

al., 1998).
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Integrated hydrological models are often used to evaluate the effects of diverse
landuse management practices on streamflow and water quality (Viney et al., 2009;
Dwarakish and Ganasri, 2015; Gunacti et al., 2023). A properly calibrated hydrological
model can facilitate the evaluation of landuse change on water resources, effectively
functioning as a decision-support tool (Qi et al., 2018, 2022). When field measurements
are missing or scarce, regionalization of model parameters, based on physical similarity,
can be used in model calibration and subsequent validation (Mengistu et al., 2019; Qi et
al., 2022). Regionalization assumes that watersheds with similar physiographic and
climatic conditions and vegetation cover should have near-similar hydrological response
(Mengistu et al., 2019). From an opposing viewpoint, when watersheds share similar
physiographic and climatic conditions, excluding vegetation-cover effects, the approach
can be used to evaluate differences in watershed hydrological response as a function of
vegetation type and extent of cover. Along this line of thinking, an innovative approach is
presented for investigating differences in hydrological responses in agricultural and
forested watersheds. This method takes advantage of an integrated hydrological model to
account for natural variations in biophysical factors, other than vegetation, that can affect
the hydrological response of watersheds. While the impacts of physiographic, soil, and
climatic conditions are being accounted for by these integrated models, the remaining
variances in hydrological responses (regarding changes in water yield) can be attributed to
differences in forest and agricultural cover. The Soil Water Assessment Tool (SWAT;
Arnold et al., 1998) is applied in my assessment of hydrological control provided by

vegetation cover. Here, SWAT is validated with regionalized parameters particular to
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northwestern New Brunswick (Atlantic Canada) established with the automatic calibration

of the model.

The main objective of this research is to analyze the disparities in hydrological
response between agricultural and forested watersheds in Atlantic Canada. Specifically, we
developed an innovative calibration approach to compare hydrological responses in three
neighboring watersheds in the upper Saint John River (Wolastoq) basin, with two of the
watersheds being predominantly forested and one dominated by agriculture. In this study
we also tried to identify potential problems encountered in the use of SWAT in analyzing

the hydrological response in the three watersheds.

4.2 Materials and Method
4.2.1 Study Area

The upper Saint John River (USJR, Wolastoq) basin upstream from the capital city
of New Brunswick (NB), Fredericton (45.96° N, 66.64° W), covers a large land area of
approximately 41,179 km? and spans the jurisdictions of NB, Quebec, and Maine, USA
(Fig. 4.1). The USJR basin falls within the Atlantic Maritime Ecozone of Canada and the
New England-Acadian Forests Zone of the USA. Three gauged watersheds in the USJR
basin were selected for this study, including (i) Black Brook (BBW; Fig. 4.1a; with its
outlet at 47.2° N, 67.8° W), (i1) Grande Riviere (GRW, Fig. 4.1b, 47.2° N, 67.9° W), and

(ii1) Iroquois River watersheds (IRW, Fig. 4.1c, 47.5° N, 68.4° W).

Black Brook Watershed is in the northwestern section of NB, with elevations ranging
from 150-242 m above mean sea level (ASL). The land is dominated by agricultural fields

associated with the production of potatoes (Fig. 4.1a). The annual precipitation is 1,132.7
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mm, with about one third falling in the form of snow. Most snowmelt occurs in spring
(typically from early March to mid-May) and is a major source of surface runoff and
groundwater recharge in the area (Chow and Rees, 2006; Qi et al., 2017a). The annual
mean temperature in the area is about 3.8 °C. The drainage area covers about 13.1 km?,
with agricultural fields, forests, and wetlands accounting for 72.7, 16.5, and 1.7% of the
total watershed area (Chow et al., 2011; Table 4.1). Soils in BBW are classified as Podzol,
Regosol, or Luvisol based on the Canadian soil classification system (Mellerowicz, 1993).
These soils are developed from glacial till and are generally very stony. Soil texture ranges

from sandy loam, loam, to clay loam.

DEM Landuse
o @ouua 1

- Barren
‘ s Needleleaf forest land
-High “846m gy St. Lenoard Forest Shrubland Urban and
L= g:ﬁ?: ' Broadleaf Grassland built-up
B Deciduous Wetland I Water
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Fig. 4.1 Study area with the three gauged watersheds outlined. The watersheds include (a)
Black Brook (BBW), (b) Grande Riviére (GRW), and (c) Iroquois River watersheds (IRW),
including their respective outlets, landcover, and a nearby weather station.
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Grande Riviére Watershed is north of BBW, with elevations ranging from 140-475
m ASL (Fig. 4.1b). The watershed is dominated by forests, which account for more than
75% of the total drainage area (i.e., 370.1 km?; Table 4.1). Forest cover in GRW is mostly
associated with needleleaf forest species (Fig. 4.1, Table S4.1 in Supplementary Material).
Local climatic conditions are very close to that of BBW, with very similar annual total

precipitation and mean temperature.

Iroquois River Watershed is in the northern-most part of the USJR basin with
elevations ranging from 160-515 m ASL (Fig. 4.1c). The dominant landcover in IRW is
deciduous and mixedwood forests, with the total forested area accounting for about 90%
of the drainage area (i.e., 183 km?; Table 4.1 and S4.1). Annual total precipitation and mean

air temperature in IRW is about 1,032.1 mm and 3.7 °C, respectively.

Table 4.1 Attributes of the three gauged watersheds in the USJR basin for an average
hydrological year based on data from 1993-2014. Precipitation values in parentheses are
based on Daymet v. 4.0 data (Thornton et al., 2022) averaged over the same time period.
Longitude and latitude give the geographic location of hydrometric stations at each
watershed outlet.

Elevation . Mean Mean Mean

Watershed Long. Lat. Range Area Forest Agriculture Precipitation Temperature Streamflow
° ° mASL km? % % mm °C mm
1132.8
BBW -67.8 472 150242 13.1 16.5 72.7 (1139.6) 3.8 642.5
GRW -67.9 472 40—475 370.1 76.8 2 1132.8 3.8 701.1
: & 140475 370,076, (1139.6) : ;

IRW -68.4 475 160—515 183.4 90.6 1.3 (1031.5) 3.7 677.0

4.2.2 Model development and setup

Among the many hydrological models available, SWAT is widely used to simulate
hydrological processes as affected by landuse and landcover change (e.g., Wang et al., 2020;
Saravanan et al., 2022; Chen et al., 2023). SWAT is a semi-distributed model used to

simulate hydrological processes at the watershed scale (Neitsch et al., 2011). Recently,
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SWAT was extended to evaluate climate change impact on forested watersheds (Yang and
Zhang, 2016). SWAT segments target watersheds into hydrological response units (HRUs),
based on intersecting digital elevations extracted from a digital elevation model (DEM) of
the area, variation in landuse and landcover, and soil-type data in formulating zones of
hydrological similarity. SWAT uses the HRU as a fundamental unit in which waterflow is
predicted and aggregated at the watershed level by means of DEM-identified routing
channel ways. Amounts of surface runoff and infiltration are calculated based on the Soil
Conservation Service curve number (CN). The CN-numbers are updated based on soil
permeability, landuse type, and antecedent soil water conditions. Water infiltrated into the
soils is either delivered to water courses through lateral, shallow subsurface flow or is
allowed to percolate to groundwater pools when soil water content exceeds field capacity.
The groundwater portion is then (i) transported to streams and rivers through groundwater
discharge (baseflow), (ii) percolated deeper underground to groundwater aquifers, or (iii)

discharged to the soil profile.
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Table 4.2 SWAT-specific input data and their sources.

Dataset BBW GRW and IRW

Dias et al. (2015), 20-m

DEM LiDAR (https://apps.nationalmap.gov/downloader/)
Landcover Landuse survey, 2015 Landcover of Canada map, 30-m
BBW (https://open.canada.ca/data/en/dataset/)
NB-created soil GeoNB-based forest soils
Soil map (http://www.snb.ca/geonb1/e/dc/forestsoils.asp)
(Mellerowicz, Soil Landscape of Canada v. 2.2 map
1993) (https://sis.agr.gc.ca/cansis/nsdb/slc/v2.2/index.html)

St. Leonard Airport
(ID: 8104928) and  St. Leonard Airport (ID: 8104928) and Agriculture

Weather Agriculture and and Agri-Food Canada Archives + Daymet data
Agri-Food Canada (https://daymet.ornl.gov/)
Archives

Agriculture and
Discharge  Agri-Food Canada
Archives

Natural Resources Canada
(https://wateroffice.ec.gc.ca/)

The original version of SWAT (Neitsch et al., 2011) calculated soil temperature with
an empirical equation based on warm climate conditions, and it was found to severely
underestimate soil temperatures during winter in regions with substantial snow cover (Qi
et al., 2016a, 2016b). Based on this, a physically-based soil temperature module was
recently developed and subsequently integrated into the model to account for snow-related
effects and soil freeze-thaw cycles (Qi et al., 2016a, 2016b, 2019). The enhanced version
of SWAT has dramatically improved the prediction of hydrological processes in snow-
dominated areas, including areas in Atlantic Canada (Wang et al., 2021). For additional
detail concerning improvements to SWAT, refer to Neitsch et al. (2011) and Qi et al.

(2016b).

Individual SWAT projects were developed for each of the three watersheds, i.e., BBW,

GRW, and IRW. Model initialization was based on data provided in Table 4.2. The model
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project for BBW was initialized with individual HRUs explicitly representing farms and
best management practices (BMPs) defined from long-term records reported in Qi et al.
(2017b). Since BBW is an agriculture-dominated watershed, field-level landuse
information on crop rotation, fertilizer usage, management practices, planting and
harvesting dates, and crop yields for individual farms had been collected by means of
annual surveys conducted since 1992 (Liang et al., 2019). For the two remaining
watersheds, a 2015 landcover map of Canada (Table 4.2) was used to characterize the
vegetation cover within individual HRUs. High-resolution DEMs were used to describe
the topography (i.e., at 1-m resolution for BBW and 20-m for both GRW and IRW), based
on elevations collected with airborne light detection and ranging technology (LiDAR; Qi
et al., 2016a, 2016b) for BBW and Dias et al. (2015) for the other two watersheds. Soil
data were extracted from a detailed soil survey map created for BBW (Mellerowicz, 1993),
as well as data available from GeoNB (provincial government data portal) and a Soil
Landscape map of Canada v. 2.2 for GRW and IRW (Table 4.2). Discharge data from 1992—
2014 were acquired for all three watershed outlets (i.e., hydrometric stations) by accessing
data from Agriculture and Agri-Food Canada for BBW and Natural Resources Canada for
the other two watersheds (Table 4.2). Weather data for both BBW and GRW, particularly
daily precipitation, air temperature, relative humidity, solar radiation, and wind speed, were
acquired for the 19922014 period from the Saint Leonard Airport weather station (47.2°
N, 67.8° W) located approximately 5-km from BBW (Fig. 4.1). Additional weather data
were acquired from Agriculture and Agri-Food Canada data archives. Due to the
remoteness of the third watershed, the model project for IRW was based on daily surface

weather data acquired as point extractions of Daymet v. 4.0 data (Thornton et al., 2022),
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provided at 1-km resolution (Table 4.2). A field-based calculation of ET (i.e., Calculated-
ET) was obtained as a direct comparison to SWAT-generated estimates of ET (see below).
We also acquired products of ET at 1-km resolution from the Global LAnd Surface Satellite

(GLASS) data archive, found at http://www.glass.umd.edu/Download.html, for additional

comparisons. The final ET-based products were derived from multi-model ensembles for
the 2000-2018 period, including products based on Bayesian Model Averaging (BMA; Yao
etal., 2014), merging five ET-products associated with (i) the MODIS-sensor (i.e., MOD16;
Mu et al., 2011), (ii) a version of ET-calculated from a remote-sensing-based-application
of the Penman-Monteith equation (i.e., RRS-PM; Yuan et al., 2010), (iii) Priestley-Taylor-
equation-based application (i.e., PT-JPL; Fisher et al., 2008), (iv) modified satellite-based
application of the Priestley-Taylor equation (i.e., MS-PT; Yao et al. 2013), and (v) an
application of a semi-empirical version of the Penman equation embraced by the University

of Maryland (i.e., UMD-SEMI; Wang et al., 2010).

4.2.3 Parameter regionalization and manual recalibration

Streamflow discharge at an outlet can vary according to variations in topography (7),
soil type (S), climate (C), landuse and landcover (L), and other environmental factors (¢).
We grouped the parameters in a hydrological model in corresponding sets of parameters,
e.g., a for topography, b for soil, ¢ for climate, and d for landuse and landcover. Here, ¢

stands for the other and not so well-defined governing variables in SWAT, i.e.,

Streamflow = f(aT, bS,cC,dL,€). 4.1)

For a gauged agricultural watershed, we calibrated multiple parameters to reduce bias

between measured and predicted streamflow, such that,
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treamflow” = f(a , ,C , ,E), )
S low” (aTA4,bA4S4,cACA, dALA, ) 4.2

where superscript 4 pertains to the “agricultural watershed”. The principle of parameter
regionalization is that the calibrated parameters for a designated, gauged watershed (in this
case, BBW) can be directly used in the simulation of hydrological processes in neighboring
watersheds (i.e., GRW and IRW; Garna et al., 2023). Consequently, streamflow for the

forested watersheds can be simulated as
Streamflow® = f(a’TF, bASF, cACY,dALF, ), 4.3)

where superscript F' pertains to the “forested watersheds”. Based on the parameter
regionalization principle, we can assert that TF = T4, SF = §4 and CF = C4. Asaresult,
the differences in modeled and observed streamflow in the forested watersheds can be
ascribed largely to differences in landuse and landcover, and as such LF # L4 . To reduce
streamflow bias for the forested watersheds, we need to recalibrate the model parameters,

such that,
Streamflow" = f(aFTF,bFSF, cFCF, dFLF ¢), (4.4)

where Streamflow" " stands for the prediction of streamflow after manual recalibration.
Contrasting model simulations forced with the agriculture-based set of parameters (i.e., AP,
as emphasized in Eq. 4.3) with those for the forest-based parameters (i.e., FP, in Eq. 4.4),
we can uncover disparities between watershed-level streamflow response associated with
differences in landcover. This approach is innovative as it enhances our comprehension of
hydrological mechanisms across varied ecosystems by means of a systematic calibration

of SWAT (Arnold et al., 2012).
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4.2.4 SWAT calibration and validation specific to BBW

All streamflow-related parameters in SWAT (Table S4.2) were estimated by
conducting the following steps, namely (i) theoretical analysis (Arnold et al., 2012), (ii)
literature review (Tang et al., 2012; Qi et al., 2016a, 2016b, 2017a; Aloui et al., 2023; Rocha
et al., 2023), and (iii) model sensitivity analysis. For calibration of the model project for
BBW, automatic methods were employed based on an application of Calibration and
Uncertainty Procedures (SWAT-CUP) and Sequential Uncertainty Fitting algorithm v. 2
(SUFI-2). SUFI-2 is seen as an inverse modeling algorithm noted for its enhanced
computational efficiency (Yang et al., 2008; Abbaspour et al., 2015). With the SUFI-2
algorithm, the parameter value ranges were narrowed with every successive iteration,
always centered on finding the parameter set that minimized the objective function
(Abbaspour et al., 2004 and 2015). After several iterations, the parameter set found was
then used in the validation of SWAT. The calibrated parameter set from this calibration
(referred to later as the agriculture-based parameters, AP; Table S4.2) was subsequently
applied to the two forested watersheds (Section 4.3). These same parameter sets were later
manually changed according to the parameters’ specific roles in governing modeled
watershed processes, including the processes of ET, snowmelt, and groundwater discharge
(designated as ET-, SNO-, and GW-parameters, abbreviated here as EP, SP, and GP; Table
S4.3). Finally, all these manually changed parameters were grouped together and treated

as the forest-based parameters (designated here as FP).

In this study, model calibration was carried out from 1992-2001, whereas data from
2002-2014 were used in model validation. A 3-year model warm-up phase from 1989—

1991 was used. When exploring the hydrological response of watersheds, the observed and

132



simulated hydrological simulations were divided into two distinctive periods according to
the calendar year, namely: (i) the snowmelt season, defined from March—May [i.e., day of
year (DOY) = 60-151], and (ii) the dry, warm season, from July—September (i.e., DOY =
182-273). When evaluating the annual hydrological response, the hydrological year,
defined as the period from October of the previous year to September of the current year
for 1993-2014, was used. Additionally, we obtained a field-based calculation of ET directly

by taking the difference between total precipitation and streamflow measurements.

4.2.5 Model performance evaluation and statistical analysis

Model performance pertaining to streamflow simulations was assessed according to
percent bias (PBIAS), coefficient of determination (R?), and Nash-Sutcliffe (NSE) and
Kling-Gupta modeling efficiencies (KGE; Knoben et al., 2019). For NSE and PBIAS ,
model performance criteria were based on those reported in Moriasi et al. (2007) and
reproduced in Table 4.3. When greater than 0.5, both R? and KGE pointed to adequate
model performance. All model-performance statistics were evaluated with the R-package,

hydroGOF. Their evaluation was based on the following expressions,

N —0:
PBIAS = 100 x 2=1£i=%) (4.5)
Zi:l Ol
27e1(0i_0avg) (Pi=Payg)
Rz — i=1 g g 2 4.6
([Z?=1(0i—0avg)2‘2?:1(Pi_Pavg)2]o'5) ( )
Yi(0i—P)?
NSE =1 ——==—"—Y—_ and 4.7
571 (0i-Oang)” “.7)
KGE=1-/(r—1)2+ (a —1)%+ (B — 1)? (4.8)
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where 0; and P; are the observed and modeled data, Ogy4 and Fy,,4 their corresponding

averages, r the linear correlation between observed and modeled data, a the flow

variability error, and £ the bias term.

Table 4.3 Model performance criteria following Moriasi et al. (2007).

Performance Rating PBIAS NSE
Very good | PBIAS | <10 0.75 <NSE < 1.00
Good 10 <| PBIAS | <15 0.65 <NSE <0.75
Satisfactory 15<| PBIAS | <25 0.50 <NSE < 0.65
Unsatisfactory | PBIAS | > 25 NSE <0.5

The Wilcoxon Signed Rank Test, as a nonparametric equivalent of the paired t-test,
was used here to evaluate the hydrological differences between agricultural and forested
watersheds (Scheff, 2016). The procedure was performed directly in Origin 2023b with the
strength of statistical significance characterized according to critical p-values of 0.001

(designated by ***), 0.01 (**), and 0.05 (*).

4.3 Results
4.3.1 BBW-model project performance

Figure 4.2 gives the measured and SWAT-based predictions of monthly streamflow
for BBW during the calibration and validation periods. Best-fitting model parameters are
given in Table S4.3. SWAT-based predictions of streamflow generally agreed with the
measurements at a monthly scale for both periods. Measured and predicted accumulated
streamflow were generally in agreement for most of the 23 years (1992-2014). Overall,
model predictions during calibration and validation were largely satisfactory, yielding
PBIAS = 1.1 and 13.3%, NSE = 0.61 and 0.76, R*> = 0.62 and 0.78, and KGE = 0.64 and

0.77, respectively (Fig. 4.2 and Table 4.3).
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Fig. 4.2 Measured and SWAT-based predictions of monthly streamflow for BBW for both
model project calibration (with data from 1992-2001) and validation (2002-2014).
Accumulated streamflow for both periods is depicted in the inset. The dash vertical line
defines the point of transition between the calibration and validation phases of the research.

4.3.2 Model-project performance with stepwise calibration

Figures 4.3 and 4.4 provide timeseries of measured and SWAT-based predictions of
monthly streamflow for the two forested watersheds, as well as their accumulated
streamflow, with different model parameters adjusted according to various hydrological
processes (Table S4.3). When applying the agriculture-based parameters (i.e., AP) in the
simulation of streamflow, model predictions for both forested watersheds were
substantially lower than those measured in the field (Fig. 4.3 and 4.4). These
underestimations became more evident when viewing the accumulated streamflow for each
watershed. These underestimations were reflected in PBIAS of -15.0 and -34.7% for GRW
and IRW, respectively (Fig. 4.3 and 4.4). Modeled monthly fluctuations in streamflow were

generally poorly simulated, yielding inferior performance scores.
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Fig. 4.3 Measured and SWAT-based predictions of accumulated streamflow (mm, y-axis to
the left) and unit area streamflow (mm, y-axis to the right) for GRW governed by variations
in process-based groupings of parameters (identified above) during the 1992-2014 period.
Model performance was evaluated for each modification of the GRW-based model project
with stepwise manual calibration. The dash vertical lines define the point of transition
between the calibration and validation phases of the research. ET-, SNO-, agriculture-, and
forest-based parameters are abbreviated as EP, SP, AP, and FP.

While conducting stepwise manual calibration of the model projects for GRW and
IRW, we observed that overestimations in ET led to underestimation of streamflow. After
manually adjusting the ET-based parameters (Table S4.3), PBIAS reduced from -15.0 to -
1.1% for GRW and -34.7 to -5.4% for IRW (Fig. 4.3a and 4.4a). Model performance indices
R?, NSE, and KGE also improved for both simulations (Fig. 4.3a and 4.4a). Adjusting the
SNO-based parameters (Table S4.3) highlighted the discrepancies in snowmelt processes

between agriculture- and forest-dominated watersheds, having significant effects on the
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calculations of R2, NSE, and KGE, while only marginally influencing PBIAS (Fig. 4.3b
and 4.4b). The prior mismatch between measured and predicted peak flows was reduced
with the adjustment of the SNO-based parameters (Fig. 4.3b and 4.4b). Finally, a joint
adjustment in both ET- and SNO-based parameters (yielding the forest-based parameters,
FP, in Fig. 4.3c and 4.4c) improved model-project performances from unacceptable to
satisfactory for both GRW and IRW. Improvements in model performance were reflected

in all statistical criteria associated with both watersheds (Table 4.3).
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Fig. 4.4 Measured and SWAT-based predictions of accumulated streamflow (mm, y-axis to
the left) and unit area streamflow (mm, y-axis to the right) for IRW governed by variations
in process-based groupings of parameters (identified above) during the 1992-2014 period.
Model performance was evaluated for each modification of the IRW-based model project
with stepwise manual calibration. The dash vertical lines define the point of transition
between the calibration and validation phases of the research. ET-, SNO-, agriculture-, and
forest-based parameters are abbreviated as EP, SP, AP, and FP.
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4.3.3 Differences in streamflow
4.3.3.1 Hydrological-year differences

Watershed-outlet measured and predicted streamflow are illustrated in Fig. 4.5a, 4.5b,
and 4.5c for all hydrological years (1993-2014). Two simulations of streamflow were
driven by different sets of parameters for the model projects for GRW and IRW, i.e.,
agriculture- and forest-based parameters (AP and predicted; Fig. 4.5). Significant
differences (p<0.01) were found between simulation-scenarios governed by AP and
‘predicted’ for both forested watersheds. When comparing the measured streamflow only,
the forested watersheds generally provided elevated streamflow rates than those produced
by BBW. Likewise, predicted streamflow rates were generally greater when governed by
the array of FP. Predictions in accumulated streamflow for GRW and IRW were 107.5+22.7

and 212.84£22.7 mm, respectively.

4.3.3.2 Differences in accumulated low flow during the dry, warm season

Figures 4.5g, 4.5h, and 4.51 provide both measured and predicted accumulated low
flow rates during the dry, warm seasons from 1993-2014 for the three watersheds.
Predicted accumulated low flow, separately governed by the array of parameters for both
AP and FP groupings are in Fig. 4.5h and 4.51. SWAT did not predict accumulated low flow
very well for all three watersheds. Measured accumulated low flow was greatest in the two
forested watersheds. This feature was captured by SWAT when based on the input of FP.
Significant difference in accumulated low flow was found to occur between simulations
for both forested watersheds (p<0.01), with GRW and IRW yielding rates of 58.1+12.7 and

93.6+14.8 mm per dry season.
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Fig. 4.5 Measured and predicted annual mean streamflow for all hydrological years (a—c),
accumulated flow during the snowmelt seasons (d—f), and accumulated low flow during
the dry, warm seasons (g—i) for the three watersheds. Predicted flows were governed by
specific calibrations of model projects for BBW, GRW, and IRW (represented as ‘predicted’
in the figure) and agriculture-based parameters (AP), separately. Different letters above
each boxplot represent the statistical significance at a critical p-level of 0.01; IQR stands
for the interquartile range. Differences in mean and standard deviation (SD) for the
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different streamflow simulations for both GRW and IRW were also provided.
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4.3.3.3 Differences in peak flow and accumulated streamflow during the snowmelt
season

Figures 4.5d, 4.5¢ and 4.5f give the measured and predicted accumulated flow during
the snowmelt seasons of 1993—2014 for all three watersheds based on simulations governed
by both AP- and FP-grouping of parameters for GRW and IRW. SWAT using the AP-set of
parameters was unable to predict accumulated flow very well during the snowmelt season.
Measured and predicted accumulated flow rates were greatest for the forested watersheds.
Accumulated peak flow for the two simulation-scenarios were 8.7+30.7 and 37.9+20.0 mm
for GRW and IRW, respectively. When examining predicted volume and timing of peak
flow based on the two sets of parameters (Table 4.4), simulations governed by AP for both
GRW and IRW produced larger and earlier peak flows. Significant difference in peak flow
occurrence (p<0.01) between simulations governed by the different sets of parameters was
found in both watersheds. Peak flow tended to occur 7-17 days earlier for BBW than for

the neighboring forested watersheds, GRW and IRW.

Table 4.4 SWAT-based predictions of volume (mm) and timing of peak flow (DOY) for
GRW and IRW governed by either agriculture- or forest-based parameter sets (i.e., AP and

FP) during the snowmelt season (i.e., March-May) of each hydrological year from 1993—
2014.

GRW IRW
Variables AP FP Si AP FP Si
Mean SD Mean SD " "Mean SD Mean SD &
Peak Flow 354 115 308 106 - 321 0 g4 93 -
(mm) 2
Timing of Peak
Flow 96.6 13 107.4 14.4 Hokk 94.3 6.6 106 114 *k
(DOY)

Note: Significance levels identified are p<0.001 (denoted as ***), 0.01 (**), and p>0.01 (nonsignificant,
9.
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4.3.4 Differences in evapotranspiration

Figure 4.6 gives the field-based calculation of ET (i.e., Calculated-ET) and SWAT-
based predictions of annual mean ET governed by both AP and FP (‘predicted’, Fig. 4.6)
for all three watersheds and individual hydrological years from 1993-2014. As expected,
there were no significant differences between SWAT-based predictions and field-based
calculations of average ET for all three watersheds. However, significant difference in ET
was observed for GRW and IRW when governed by AP- and FP-set of parameters (p<0.01).
Simulated ET-rates for both forested watersheds were greatest when based on the AP-set
of parameters. Likewise, the field-based calculations of ET provided near-similar
tendencies, with ET always being greatest for BBW. Significant differences were found to
occur between BBW (+ GRW) and IRW for the field-based calculation of ET. SWAT-based
predictions of ET mirrored this trend. Predictions of ET governed by AP and FP were
109.0£16.6 mm for GRW and 212.7+18.1 mm for IRW. Annual and monthly ET-based
GLASS-products corroborated our findings throughout this study (Fig. S4.1). The related
data in conjunction with field-based calculations of ET support the fact that agricultural
watersheds consume more water by elevated ET compared to forested watersheds (Fig.

S4.2; explanation provided in supplementary documents).
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Fig. 4.6 Comparisons between field-based calculations and SWAT-based predictions of
annual mean ET governed by parameters acquired from the individual calibrations of
model projects for the three watersheds (represented as ‘predicted’) and agriculture-based
parameters (i.e., AP), separately. Different letters above each boxplot represent the
statistical significance at a critical p-level of 0.01; IQR stands for the interquartile range.
Differences in mean and standard deviation (SD) for the various simulations of ET for both
GRW and IRW are also provided.

4.4 Discussion
4.4.1 Model performance

SWAT performed reasonably well for BBW, exhibiting satisfactory to very good
accuracy during both model calibration and validation. However, when associated
parameter values (i.e., AP) were directly applied to the model projects for the two
neighboring forested watersheds, SWAT failed to accurately predict stream discharge (Fig.
4.3 and 4.4) by severely underestimating the flow rate. This was consistent with the
measured streamflow data acquired from the three watersheds, as illustrated in Fig. 4.5a,
4.5b and 4.5c. We found that the ET-parameters (i.e., EP) were generally responsible for
the observed prediction biases, owing to the underestimation of late-summer low flow

events (Fig. 4.3a and 4.4a). Also, the SNO-parameters (i.e., SP) were responsible for the
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error observed in SWAT-based predictions of spring peak flow for the two forested

watersheds (Fig. 4.3b and 4.4b).

A final model performance with the set of FP showed improved agreement between
measured and predicted streamflow in terms of PBIAS for both forested watersheds, i.e.,
0.4 and -3.6% for GRW and IRW, respectively (Fig. 4.3c and 4.4¢). These results highlight
the suitability of the current structure of SWAT for Atlantic Canada (Qi et al., 2017a; Liang
et al., 2019). However, the underestimation of SWAT-based predictions of streamflow
based on the AP-set of parameters indicates potential issues in the definition of
hydrological characterization of forests within the model. This emphasizes the potential
risk of current practices associated with assessing the impacts of reforestation and

deforestation on streamflow dynamics by directly changing landcover types in the model.

4.4.2 Hydrological response in agricultural and forested watersheds
4.4.2.1 Streamflow and evapotranspiration

My results revealed that both measured and SWAT-based predictions of streamflow
exhibited greater rates in forested watersheds because ET at the watershed scale was lower
(Fig. 4.6). These results contradict the general belief that forests evaporate more water (e.g.,
Wang et al., 2014; Dias et al., 2015; Zhang et al., 2017; Zhang and Wei., 2021) due to the
large, exposed leaf surface area and deeper roots (Breil et al., 2021). Differences in plant
physiology of forested watersheds, for example, may cause variations in stomatal aperture
and conductance in response to environmental conditions may substantially affect rates of
transpiration. For instance, conifers like spruce, pine, and fir species, are largely adapted
to cold, dry conditions and generally have lower transpiration rates than many food plants.

They have various adaptations, such as waxy needles and thick cuticles, to help minimize
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water losses (Shepherd and Wynne, 2006). However, as shown in Fig. 4.6, predictions of
ET per hydrological year for GRW (with needleleaf and deciduous forests accounting for
35.7 and 24.5% of the total drainage area) was greater than the rate predicted for IRW (with
mixedwood and deciduous forests accounting for 40.4 and 36.8% of the total drainage area,
Table S4.1). This may have been caused by adjustment to the ET-parameters, including
available soil water (SOL AWC.sol) and soil evaporation compensation factor (ESCO.hru)
to reduce the discrepancy between measured and predicted streamflow rates (Fig. 4.3 and
4.4). These adjustments resulted in lower available soil water in the forested areas of IRW,
compared to GRW (Table S4.3). Such modifications were necessary due to the absence of
relevant biophysical parameters in SWAT governing stomatal conductance in cold regions,

highlighting the need for enhancements to SWAT’s capacity to simulate forest growth.

In addition, the soils in forested regions are often low in nutrients and have a high
proportion of peat, which can retain a great deal of water that may not be readily released
for plant consumption. In contrast, agricultural soils are often amended with fertilizers and
managed to improve soil structure and water availability, which can cause ET to increase.
In this study, hydrology in BBW is controlled by several land management practices,
including tillage, flow diversion terracing, and differences in crop rotation. This can lead
to ET being greater for BBW compared to forested watersheds with no or limited levels of

management.

4.4.2.2 Peak and low flows
Snow is a crucial influencing factor in Atlantic Canada, with forest cover interacting
with snowfall to determine maximum snowpack thickness and spring runoff (Schmidt et

al., 1998). During the snowmelt season, forested watersheds displayed elevated measured
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and predicted accumulated flows compared to agricultural watersheds, with an increase
ranging from 2.8-15.6% and a delayed peak flow of 7-17 days. High peak flows were
found to occur in the agricultural watershed (Fig. 4.5 and Table 4.4), in contrast with the
two forested watersheds. Forested watersheds provide greater shading of the snowpack
below the canopy, causing snowmelt processes to proceed at a much slower and extended
rate. This is reflected in an overall improvement in model-project performance with
modification to the snow-based parameters and associated processes during the snowmelt
season (Fig. 4.3 and 4.4). The snowmelt base temperature (SMTMP.bsn) was seemingly
greater in the forested watersheds (Table S4.3), leading to a delay in snowmelt during the
winter as compared with the higher and earlier peak flow observed for the agricultural
watershed. SWAT still has some shortfalls when predicting streamflow rates during the

snowmelt season, particularly as it pertains to the forested watersheds (Fig. 4.5).

Accordingly, landcover conversion can help mitigate the timing of peak flow and, as
a result, alleviate flooding during the snowmelt season. This finding is consistent with the
research conducted by Jin et al. (2023) for a significant part of the USJR basin, revealing
that the loss of forests can lead to an increase in peak flow and a decrease in low flows
during the warm season of each year. Also, reductions in forest cover can lead to a reduced

lag between the timing of peak flow and maximum snow cover thickness (Jin et al., 2023).

When detecting accumulated low flow during the dry, warm season, forested
watersheds exhibited significantly greater flows compared to the agricultural watershed
(Fig. 4.5). This can be attributed to the fact that forested watersheds may account for a thick
forest-floor litter mat, typically not present in agriculture-dominated watersheds. Flow

originating from forested watersheds is composed of lateral flow or shallow groundwater
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return flow, with lesser amounts of water flowing directly as surface runoff. Although
SWAT does not address the effects of litter dynamics directly in its treatment of streamflow,
we managed to improve model simulations regarding baseflow during the warm seasons
by adjusting ET-based parameters related to soil water capacity (Fig. 4.3 and 4.4). In
general, a decrease in ET meant an increase in streamflow, and during the warm seasons,
contribution of baseflow to stream discharge was shown to be significant. Jin et al. (2023)

also illustrates this point for the larger USJR basin outline in Fig. 4.1.

4.4.3 Limitations and future work

In this study, we do not calibrate parameters separately for the agriculture- and forest-
dominated HRUs of watersheds, which could include varying landcover. This is because
the forested area in BBW is quite small, resulting in their parameters having minimal
control on outlet discharge. The same situation was noted for the forested watersheds.
Despite its wide application, SWAT may have limitations when applied to studies of
hydrological processes in forested watersheds (Haas et al., 2022 and Karki et al., 2023).
This study highlights some of these inherent limitations in the model, which obscures the
assessment of hydrological differences across various watersheds, including the simulation
of ET (Wu et al., 2012a, 2012b) and in- and outflow of groundwater (May and Mazlan,
2014; Zhang et al., 2016; Liu et al., 2020). Future enhancements of SWAT’s forest-growth
module, with more accurate representation of physiological processes and litter dynamics,
are anticipated to improve the simulation of hydrological responses at the watershed scale
for watersheds of variable landcover. This will facilitate the detection of hydrological

response of watersheds resulting from differences in landcover.
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4.5 Conclusions

This research examined the variation in hydrological response between agricultural
and forested watersheds in Atlantic Canada with the help of an established, integrated
hydrological model (SWAT) to disentangle the complex interactions between biophysical
factors that are known to influence hydrological processes at the watershed level. Distinct
differences were found in hydrological response between forested and agricultural
watersheds. These results contradict the general belief that forests evaporate more water,
leading to the reductions in streamflow. We found that forested watersheds in Atlantic
Canada generally yielded more streamflow on an annual basis, which could be attributed
to a net reduction in ET. We also found that forested watersheds generated more streamflow
during dry, warm seasons largely as baseflow, which is likely caused by increased
infiltration and groundwater recharging. In addition, during the snowmelt season, the peak
flow in forested watersheds was observed to be delayed by approximately 7—17 days with
higher accumulated flow due to shading provided by intact forests. We also found that the
total cumulative streamflow in forested watersheds during the snowmelt season was greater
than the streamflow from an agricultural watershed, with corresponding peak flow rates

being reduced.
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SUPPLEMENTARY MATERIAL

Table S4.1 Percent area of specific landcover types in two forested watersheds, GRW and

IRW.
Landcover type GRW IRW
Temperate or sub-polar needleleaf forests 35.7 13.4
Temperate or sub-polar broadleaf deciduous forests 24.5 36.8
Mixedwood forests 16.6 40.4
Wetlands 6.5 0.1
Temperate or sub-polar shrublands 5.7 5.0
Temperate or sub-polar grasslands 4.4 1.2
Barren lands 33 0.1
Croplands 2.0 1.3
Urban and buildup areas 1.0 1.5
Water 0.2 0.2
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Table S4.2 Sensitivity analysis based on the model-project specific to BBW.

Sensitivity

Rank Parameter Description Range t-Stat _ p-value

Snowmelt base

- - *k*x

1 v__ SMTMP.bsn temperature [°C] [-10,10] -2.67 0.008
Saturated hydraulic : i e

2 r_SOL_K.sol conductivity [y 102021 210 0036
3 v__ESCO.hru Soil evaporation [01]  -2.05 0.040%*

compensation factor

Available water
capacity of the soil
layer [mm H2O/mm

soil]

4 r_ SOL_AWC.sol [-0.2,0.2] 2.03 0.042**

Baseflow alpha factor

5  v_ALPHA_BF.gw rdays]

[051] 128 0.048%*

Depth from soil surface
6 r__SOL_Z.sol to bottom of layer [-0.2,0.2] 1.42 0.158
[mm]

Groundwater delay

7 v_GW _DELAY.gw (days]

[0,500] 0.211

52.26

Melt factor for snow on
8 vV__ SMFMX.bsn June 21 [mm H20/°C- [0,20] 1.17 0.241

day]

Snowpack temperature

9 v__TIMP.bsn
— lag factor

[01] -114 0.254

Threshold depth of
water in the shallow

10 v__ GWQMN.gw aquifer required for [0,1000] 0.88 0.378
return flow to occur

[mm]
Manning’s n value for [- i
11 v__CH_N2.rte main channel 0.01,0.3] 0.86  0.390
12 v_ CH_K2.rte Effective hydraulic [ 060 0550

conductivity [mm/hr]  0.01,500]

Snowfall temperature [-20,10] -051  0.612

13 v__SFTMP.bsn [C]

Plant uptake

14 v EPCO.hru ;
— compensation factor

[0,1] -050 0.619

Maximum canopy

15 v__ CANMX.hru
— storage [mm]

[00] -0.37 0713

Melt factor for snow on
16 v__SMFMN.bsn December 21 [mm [0,20] 0.18 0.855
H>0/°C-day]

Note: v_and r_ represent replace default values or relative change in these parameters

164



Table S4.3 Best-fitted parameters following calibration of model projects for the three
watersheds.

Parameter  Parameter Parameter  Default BBW GRW IRW
No. Grouping
1 ET-based v__ESCO.hru 0.95 0.80 0.80 0.95
2 ET-based r SOL AWC.sol - 0 -0.78 -0.85
3 GW-based v__ALPHA BFgw  0.004 0.95 095 095
4 SNO-based v__ SMTMP.bsn 0.5 2 5 5
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rates for the 1992-2014 period for the
nd IRW(c)] with model performance
indicated as a function of NSE and PBIAS. (d) Scatterplots between GLASS-ET and
SWAT-predicted-ET from 2000-2018 and (e) SWAT-predicted-ET and multi-regression-
based estimates of ET from the model created in (d); r in (d) and (e) represents the
model developed in (d) indicating the
edicted-ET accounting for seasonal
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(2001-2018) for the three target watersheds [i.e., BBW(a), GRW(b) and IRW(c)]. (¢) Bar
charts for average monthly GLASS-ET with boxplots. (d) Bar charts based on a ratio of

agricultural-to-forest based GLASS-ET. Paired t-tests were applied among watersheds at a
P-value < 0.001 in (c) and (d). n.s. in (c) stands for ‘not significant’.
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CHAPTER 5

CONCLUDING REMARKS
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5.1 Scientific Contributions

Systems models are useful in the study of environmental impact caused by variances
in many of the more common process variables, such as those associated with biophysical
processes influenced by prevailing monthly weather, existing physiography, and
differences in landcover. In many situations, many of the associated variables are correlated
and confounded, rendering their assessment in the field, as to their specific contribution to
environmental impact, rather challenging. Watershed-scale characterizations of stomatal
conductance (related to changes in ambient CO> concentrations) and plant transpiration
could conceivably be acquired with eddy-covariance techniques that can capture biospheric
gas and energy exchanges at moderate spatial, field-level scales. However, installation of
eddy-covariance equipment for such research is very time-consuming, and logistically and
financially expensive, although practical in model parameterization. Application of
systems models, as demonstrated in this dissertation, can help address some of these

problems with some level of success.

In Chapter 2, crop yield under future climate change is projected with the direct
application of SWAT calibrated and validated for BBW, along with downscaled simulation
ensembles based on five GCMs. The impact of soil water stress and ET on crop yields were
assessed directly with SWAT. Specific results of the study include: (i) significant reduction
in crop yields are expected under RCP 8.5 from 2060-2099, with 13-23% declines from
historical yields; (ii) elevated ambient CO> concentrations could help increase crop yields
because of CO; fertilization. This increase, however, is small compared to the negative

impact on crop yields anticipated to accompany soil water deficits and associated
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environmental stress on crops; and (iii) adjusting GHG emissions to below RCP 4.5 levels

can benefit future crop production and yields.

It is commonly known that systems models inherently do not incorporate all
conceivable factors and processes in their design, and as a result these models have a
limited scope in their application. In this dissertation, by way of Chapter 3, we show how
a well-established, integrated model of watershed hydrology (in this case, SWAT) can be
used to examine the contribution of several unaccounted variables (i.e., ambient CO;
concentrations and annual construction of flow diversion terraces) in shaping streamflow
dynamics in an agricultural watershed. The related variables due to their watershed-scale
characterizations are very difficult to measure in-situ, limiting the incorporation of these
variables and associated processes in hydrological models. To avoid the shortcomings of
SWAT, we use the model initially to define a baseline scenario that captures the more
common processes in defining the contribution of variances in landuse practices and
monthly weather on waterflow dynamics at the watershed scale. The baseline calculations
generated are compared against field-based measurements of stream/river flow via an
analysis of residuals. The decomposition of the residuals with Bayesian statistical
techniques provides an innovative way of isolating the contribution of individual variables
unaccounted for in the model. This development is one contribution to the scientific
literature that may help identify processes that are not currently addressed in existing
watershed models. This approach may benefit the continued refinement of models, subject
to the availability of in-situ measurements in informing module development and guiding

its integration in models.
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A second approach is developed in Chapter 4 to analyze differences in the
hydrological response of watersheds dominated by either agricultural or forest cover. The
approach uses model regionalization, with the parameter values generated through
automatic calibration of the agriculture-dominated model project in forcing the forest-
dominated model-project simulations. Differences in watershed model outputs are
attributed to variances in landcover type. With subsequent manual adjustments of the
forest-based-model parameters, the primary processes that govern streamflow dynamics in
watersheds of variable vegetation cover for both the snowmelt and warm seasons of the
year are analyzed. Intact forest cover in watersheds caused the length of the snowmelt
season and peak flow to vary from corresponding variables in an agricultural watershed.
There is a message in this chapter about the role of forests in moderating streamflow
dynamics year-round, consistent with the results of Jin et al. (2023) for the larger upper
Saint John River (Wolastoq) basin (Fig. 4.1) using very different analytical techniques,
involving machine learning and wavelet analysis. Caution should be used to limit the
disruptive effects of open terrain on streamflow and water-quality dynamics further

downstream.

5.2 Potential Future Work
1. Combination of field and modeling experiments is needed. With limited experimental
data, the approaches developed herein can direct future decision-making as to the level

of sampling and environmental impact conceivably possible.

ii. Evaluation of the effectiveness of current integrated hydrological models as to their
parameter values and hydrological processes should be considered, especially as they

relate to the watershed scale.
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iii. Research described here should not be restricted to the application of SWAT but to
other comparable models (e.g., WetSpa) in cross-model comparisons to acquire a

better understanding of cause-and-effect relationships embraced by individual models.
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