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ABSTRACT
Pollution from nonpoint sources poses a significant threat to aquatic ecosystems. Best
management practices (BMPs) can be developed to control soil erosion and reduce the
movement of nutrients and sediments from agricultural lands to streams. Direct
assessments of the impact of land use change and BMPs on water quantity and quality
through field experiments are time-consuming and costly and, as a result, model
simulations of hydrological processes and BMPs impacts can serve as a complementary
approach to field measurements. However, model simulations require detailed inputs and
complex calibration procedures, which may delay their acceptance among decision
makers. Central to this thesis is development of a simple decision-support tool for
decision makers and economists to evaluate multi-year impacts of land use change and
BMPs on water quantity and quality for large ungauged watersheds. The ArcGIS-based
tool (i.e., the land use and BMPs assessment tool, LBAT) uses statistical models derived
from simulations generated with the Soil and Water Assessment Tool (SWAT). To
provide reliable simulations for Atlantic Canada, SWAT was modified to address
maritime-winter climate conditions of high snow accumulation. New physically-based
soil-temperature and snowmelt modules were developed and incorporated in SWAT to
account for snow-insulation effects and rain-on-snow events on the seasonal evolution of
soil temperature. It was hypothesized that modification of SWAT would provide superior
predictions of water flow and nutrient loadings for Atlantic Canada. With appropriate
calibration, the modified version of SWAT was validated against field data collected
from a small experimental watershed in northwest New Brunswick, Canada, i.e., the
Black Brook watershed (BBW). Once finalized, LBAT and SWAT were applied to a
ii

large watershed consisting of the BBW (i.e., Little River watershed). Results suggested
that LBAT and a calibrated version of SWAT performed equally well in simulating
annual stream flow and sediment and nitrate-N loadings, with LBAT performing slightly
better for annual soluble-P loading. In addition, LBAT performed much better than an
uncalibrated version of SWAT for sediment and nutrient loadings. The LBAT has a
unique role in ungauged watershed management in New Brunswick for its simplicity and
flexibility compared with process-based hydrological models.
Keywords: best management practices; decision support tool; hydrology; soil and water
assessment tool; soil temperature; snowmelt; water pollution
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CHAPTER 1

INTRODUCTION

1

1.1

Background

Nonpoint sources of sediment and nutrients, primarily from agricultural lands, have
been identified as major causes of water quality degradation around the world (Ongley et
al., 2010; Zhang et al., 2004). For example, soil loss caused by erosion processes can
reduce soil productivity, and sedimentation decreases the recreational and aesthetic uses
of surface waters and may promote losses in water storage (Li et al., 2000). Detrimental
effects of agricultural activities on ecosystems and plant and animal communities have
been documented in many studies (Carpenter et al., 1998; Palmieri et al., 2001; Quan and
Yan, 2001; Sutherland et al., 2012; Vörösmarty et al., 2010). In addition, eutrophication
caused by excessive inputs of nitrogen (N) and phosphorus (P) has adverse effects on
aquatic ecosystems, as it can degrade water quality, cause oxygen deficits, fish kills, and
foul odors, and reduce aquatic biodiversity (Novotny, 1999; Smith et al., 1999;
Vollenweider, 1970). Pollution-prevention farming methods such as strip cropping,
terraces, crop rotation, and nutrient management, known as best management practices
(BMPs), can be used to prevent soil erosion and reduce the movement of nutrients from
agricultural lands to aquatic ecosystems (D'Arcy and Frost, 2001). These practices are
intended to minimize the negative environmental effects of agricultural activities, while
sustaining land productivity. Studies have shown that implementation of BMPs have
positive effects on surface water and groundwater quality (Chaplot et al., 2004; Cook et
al., 1996; Edwards et al., 1997; Thomas et al., 2007). Reliable information on the impact
of land use change and BMPs on water quantity and quality is critical to watershed
management (Panagopoulos et al., 2011).

2

Many studies have been conducted to evaluate the impact of land use change and
BMPs on water quality variables based on field experiments (Novara et al., 2011;
Pimentel and Krummel, 1987; Sadeghi et al., 2012; Turkelboom et al., 1997; Urbonas,
1994; Veldkamp and Lambin, 2001). One advantage of field experimentation is that
statistical models generated from such data can be used to establish cause-and-effect
relations between land use and BMPs and water quality variables at the field scale.
Accordingly, management decisions and cost-benefit analysis can be made. However, it
is time-consuming and expensive to assess soil erosion and chemical loadings over large
areas by experimentation alone (Mostaghimi et al., 1997; Renschler and Lee, 2005).
Particularly, it is not practical to conduct field experiments for every combination of land
use and BMPs for a variable landscape. As a result, it is unlikely that one could collect
sufficient field data to develop management plans and analyze cost effectiveness for large
watersheds.
Physically-based distributed hydrological models can be used to extrapolate data
derived from field experiments in order to fill data gaps (Blöschl and Grayson, 2001;
Blöschl and Sivapalan, 1995; Borah and Bera, 2003; Singh, 1995; Singh and Frevert,
2005; Singh and Woolhiser, 2002). These models can provide quantitative information
that is difficult to obtain from field experiments (Borah et al., 2002). Many these models
have been developed to aid in understanding surface runoff, soil erosion, nutrient
leaching, and pollutant transport processes (Arnold et al., 1998; Beasley et al., 1980;
Knisel, 1980; Leonard et al., 1987; Sharpley and Williams, 1990; Young et al., 1989).
Despite these advantages, these models require specialized expertise, which often
prevents decision makers and economists from using them (Viavattene et al., 2008).

3

Specifically, these models require detailed input data and complex calibration procedures,
and once a model is calibrated, parameters become watershed-specific. In addition,
watersheds with sufficient data to calibrate and validate models are normally small,
resulting in lack of representation at larger scales (Liu et al., 2015). What decision
makers and stakeholders need is a simpler tool which provides key information about the
impact of land use change and BMPs on water quantity and quality in ungauged
watersheds (Renschler and Harbor, 2002), so policy can be made accordingly.
A decision-support tool can be developed based on statistical models derived from
field experiments on many combinations of land use and BMPs. Since it is not practical
to conduct so many field experiments, a physically-based hydrological model can be used
to provide the required data. With the aid of a geographic information system (GIS),
these statistical models can be integrated into a decision-support tool to assess the impact
of land use change and BMPs on water quantity and quality in watersheds. One
prerequisite for this approach is that physically-based models must be able to provide
accurate simulations. To realize this, these models need to be set up, calibrated, and
validated with extensive field data, including, e.g., field surveys and long-term waterquality measurements from an experimental watershed. Before applying an existing
model to a new environmental setting, model suitability should be assessed. Usually,
model modifications are necessary to accommodate local climate, topographic, and land
cover conditions of an area. The present study uses the Soil and Water Assessment Tool
(SWAT) in providing data for the development of a decision-support tool. Following is a
brief introduction to SWAT and a discussion of the modifications to SWAT for climate
conditions of Atlantic Canada.
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1.2

Soil and Water Assessment Tool

1.2.1

Introduction to SWAT

Soil and Water Assessment Tool is developed by the United States Department of
Agriculture (USDA). As a process-based semi-distributed watershed model, it is designed
to simulate hydrological processes and predict water quantity and quality as affected by
land use, land management practices, and climate change (Arnold et al., 1998; Gassman
et al., 2007). It provides a flexible framework that allows for the simulation of the effects
of a broad range of BMPs (Fig. 1.1), such as those associated with the application of
fertilizer and manure, cover crops, filter strips, conservation tillage, irrigation, and floodprevention structures (Bracmort et al., 2006; Gassman et al., 2005; Ullrich and Volk,
2009). It is currently one of the most widely used hydrological models for water resource
assessment and watershed management (Gassman et al., 2007; Santhi et al., 2006; Yang
et al., 2009a; Yang et al., 2009b). Many studies have used SWAT as a decision-support
tool to evaluate the impact of land use change and BMPs on water resources in large
ungauged watersheds.
Model inputs include the physical characteristics of a watershed defined by local
meteorology, soil type, and topography (Fig. 1.1). Either simulated or recorded weather
data (e.g., precipitation, temperature, and solar radiation) may be used by SWAT (Fig.
1.1). Measured stream flow, sediment loading, and other water quality variables can be
statistically compared with model predictions (Neitsch et al., 2011). The model analyzes
small or large watersheds by discretizing them into subbasins, which are then further
subdivided into hydrological response units (HRUs) with homogeneous land use and soil
properties and slope (Yan et al., 2013; Yang et al., 2009a). The model calculates the
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water balance (i.e., surface and subsurface runoff, percolation and base flow, and
evapotranspiration and transmission losses), crop growth, nutrient cycling, and pesticide
movement at the HRU scale. Water flow, sediment, and nutrient loadings from each HRU
in a subbasin are summed and the resulting loadings are then routed through channels,
ponds, and reservoirs to the watershed outlet. Model outputs include HRU, subbasin, and
watershed values for surface flow, lateral flow, base flow, and sediment and nutrient
loadings (Fig. 1.1). In addition, SWAT is a well-documented open-source model with
many modifications that have been made to the original source code for different research
purposes (Cools et al., 2011; Green and Van Griensven, 2008; Holvoet et al., 2008; Wu et
al., 2013; Wu and Liu, 2012).

Figure 1.1 Inputs, outputs, and management options for SWAT.
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1.2.2

SWAT Modification in Atlantic Canada

The Soil and Water Assessment Tool has been applied to model watershed processes
and evaluate BMPs across Atlantic Canada with many positive results (Ahmad et al.,
2011; Amon-Armah et al., 2013; Fowler, 2003; Yang et al., 2009a). For instance, SWAT
has been used to assess the impact of application depth, time, and amounts of fertilizers
on nitrate-nitrogen (NO3-N) and soluble-phosphorus (Sol-P) losses due to surface and
subsurface runoff, and percolation (Yang, 1997). Furthermore, SWAT has been used to
study the effects of flow diversion terraces on stream discharge and sediment loading in
the Black Brook Watershed (BBW), in northwestern New Brunswick, Canada (Yang et
al., 2009a). The model has also been used in the comparison of simulations and
measurements in terms of water flow and sediment and chemical loadings between forest
and agricultural lands in the Little River Watershed (LRW) in New Brunswick (Fowler,
2003). The Soil and Water Assessment Tool has been applied to simulate sediment and
nitrogen loadings (Ahmad et al., 2011) and in the assessment of the impact of nutrient
management planning on crop yield, nitrate leaching, and sediment loading in the
Thomas Brook Watershed (TBW) of Nova Scotia, Canada (Amon-Armah et al., 2013).
1.2.2.1 Soil Temperature Module
During these studies, SWAT was found to underestimate the base flow discharge and
nitrate loading during winter and the snowmelt season (Ahmad et al., 2011; Yang et al.,
2009a). Predictions of sediment and Sol-P loadings were generally biased (generally
overestimated) during these times of the year (Yang et al., 2009a). Discrepancies between
simulations and measurements are largely attributed to the problems associated with the
way SWAT handles the soil-temperature calculation in winter.
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In the original model, soils are assumed to freeze in winter resulting in restricted water
infiltration and, as a result, surface runoff is predicted to be the main flow path of most
snowmelt events (Levesque et al., 2008). These results contradict the fact that in Atlantic
Canada, soils are seldom frozen on account of a substantial amount of snow cover in
winter. Over an unfrozen soil, it is likely water generated from snowmelt infiltrates the
soil, eventually reaching groundwater. Associated with this downward flow of water is
the transport of nitrates from the soil profile, as most nitrates are leached from the plant
rooting zone over the autumn and winter periods in Atlantic Canada (He et al., 2012).
Furthermore, studies indicate that seasonal snow cover serves to insulate the soil surface
from cold temperatures and, in some instances, facilitates thawing of the soil in response
to the upward transfer of heat prior to the snowmelt season (Brooks et al., 1998; Cline,
1995; Sommerfeld et al., 1993). Thus, a physically-based soil-temperature module which
can address the intermediary role of snow cover in the daily evolution of the soiltemperature profile is needed for the application of SWAT in Atlantic Canada.
1.2.2.2 Snowmelt Module
Variation in snow depth (or snow density) impacts the thermal properties of snow
cover, such as its heat capacity and conductivity, which in turn determines the frozen
front in the soil. Thus, it is necessary to correctly predict the snow depth (or snow density)
in order to accurately estimate soil temperature, due to the insulation effects of snow
cover. The current version of SWAT uses a temperature index module to predict
snowmelt. However, the temperature index has the potential to underestimate snowmelt
in the pre-snowmelt and snowmelt seasons, because it takes into account temperature as
the only controlling factor during snowmelt. This is especially true when a combination
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of warm temperature plus high humidity and high wind speed prevail; sensible and latent
heat become substantial sources of energy that can lead to a significant amount of
snowmelt during winter. Rain-on-snow events occur frequently throughout winter in
Atlantic Canada, but SWAT is not able to address this fact. On the contrary, the energy
balance module, which takes into account energy exchanges at the snow-atmosphere and
snow-soil interfaces, and energy storage within the snowpack, should perform better than
the temperature index approach in conditions where the temperature is not the most
important factor. Thus, a snowmelt module based on an energy balance could be a better
option for the application of SWAT in Atlantic Canada.
1.3

SWAT Setup, Calibration, and Validation

In order to provide reliable simulations, SWAT needs to be initially set up with detailed
land use and management information, and then calibrated and validated against longterm water measurements collected from a small experimental watershed. In the present
study, BBW, which has been studied extensively for more than 20 years, is the site of
interest. In BBW, field experiments in terms of crop rotations, conservation tillage,
terraces, grassed waterways, etc., have been conducted to evaluate their impacts on soil
erosion and water quality at both the field and subbasin as well as watershed scales.
Monitoring stations were established for BBW in 1992 to capture the spatial and
temporal variation in soil, topographic, and climatic conditions. Water measurements at
the outlet of BBW can be used to calibrate and validate SWAT. In addition, a land use
survey had been conducted every year since 1992 to record information about land use
and management practices, such as crop types, tillage, and fertilizer and pesticide

9

applications in each individual field. These land use surveys can be used to set up the
land use and management files of SWAT.
Although SWAT discretizes a watershed into HRUs to account for spatial variation in
watershed parameters, it is not able to explicitly associate HRUs with specific
agricultural fields where long-term land use and BMPs records were taken, because
SWAT implicitly partitions HRUs based on combinations of land use, soils, and slopes
within individual subbasins. As a result, parameterization of land use and BMPs is
always considered at the subbasin level rather than at individual HRUs. This method of
HRU-delineation reduces spatial resolution with respect to model inputs and outputs, and
underuses detailed land use and management records from BBW. Furthermore, it poses
difficulties to spatially specify exact sources of pollutants, or vulnerable areas in
subbasins and, as a result, nonpoint pollution sources are only traceable at the subbasin
scale and not at the field level. Thus, HRUs need to be delineated based on field
boundaries for SWAT to utilize long-term records from BBW. By doing so, not only
resolution of inputs is increased, but also prediction accuracy and output resolution
potentially increases.
1.4

Decision Support Tool

A decision-support tool can be developed by combining “decision rules” with
geographic information system (GIS) for water quality assessment in large ungauged
watersheds. The “decision rules” could be simple regressions derived from field
experiments on many combinations of land use and BMPs, or they could be defined as
simple as constants based on expert knowledge. Alternatively, simulations of a wellcalibrated hydrological model could be used to develop statistical models or even
10

artificial neural networks used as a part of “decision rules”. A decision-support tool
developed based on “decision rules” is flexible and easy-to-use for decision makers and
economists, whereas its simulation accuracy needs to be tested. In addition, to provide
sufficient “decision rules” with reasonable accuracy, hydrological models are required to
be calibrated and validated before filling data gap of field experiments. A well-calibrated
SWAT model can be used to conduct multiple scenarios with respect to land use change
and BMPs. Specifically, input and output data from HRUs in these simulations can be
used to correlate climate, topographic and soil variables, as well as land use and BMPs,
with water quantity and quality variables. As a result, a series of statistical models
relevant to different combinations of land use and BMPs can be used to construct a
decision-support tool. These statistical models are run on basic simulation units, which
are based on individual grid cells. In order to assess the impact of land use and BMPs, it
is necessary to integrate modeling results from individual grid cells to subbasin or
watershed scales. This can be realized through GIS, which also facilitates the decisionsupport tool with data preparation and output visualization.
The decision-support tool can be tested by comparing its results against those of
SWAT for a large watershed in New Brunswick. When using SWAT, greater efforts are
needed to prepare basic inputs, such as daily weather records, to conduct subsequent
calibration and validation, which involve tedious scenario setup and analysis. Most
importantly, different watersheds need separate efforts to set up SWAT, which require
extensive amount of work. The decision-support tool, in contrast, can be used for
multiple watersheds as long as they have similar environmental conditions. In addition,
scenario analysis can be directly conducted with different combinations of land use and
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BMPs using fewer inputs than what is required by SWAT. Also, once developed, the
decision-support tool does not require any calibration.
1.5

Objectives

The main objective of the present study is to develop a simple decision-support tool to
evaluate land use change and BMPs impacts on water quantity and quality for large
ungauged watersheds in New Brunswick. The decision-support tool developed through
this research could be used to help in economic analyses and decision making with
respect to watershed management. My specific objectives are to:
(1) develop a physically-based soil-temperature module to replace the existing
empirical formulation in the original version of SWAT;
(2) examine the performance of the enhanced version of SWAT (incorporating the
new soil-temperature module) in modeling water quantity and quality as affected
by seasonal snow cover;
(3) develop an energy balance snowmelt module in the original version of SWAT to
simulate snowmelt under rain-on-snow conditions in Atlantic Canada;
(4) set up, calibrate, and validate the enhanced version of SWAT (incorporating the
new soil-temperature and snowmelt modules) by integrating extensive monitoring
and field survey data from a small experimental watershed in New Brunswick;
(5) develop a decision-support tool based on simulations of the enhanced version of
SWAT from the small watershed and test the tool in a larger watershed to assess
the impact of land use change and BMPs on water quantity and quality.
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1.6

Theses Structure
The flowchart in Fig. 1.2 illustrates the thesis structure. The thesis consists of seven

chapters. In Chapter 1, background information and rationale for modification of SWAT
and development of a decision-support tool are addressed. In Chapter 2, a new soiltemperature module is developed for the original version of SWAT to accommodate
Atlantic Canada’s maritime winter climate. In Chapter 3, the enhanced version of SWAT
(incorporating the new soil-temperature module) is used to simulate water quantity and
quality as impacted by seasonal snow cover in BBW. In Chapter 4, an energy balance
snowmelt module is developed for the original version of SWAT to address rain-on-snow
events in Atlantic Canada. Chapters 2-4 present the development and application of the
enhanced version of SWAT. In Chapter 5, the enhanced version of SWAT (incorporating
the new soil-temperature and snowmelt modules) is set up with detailed land use and
management information, and calibrated and validated with long-term water quantity and
quality measurements from BBW. In Chapter 6, a decision-support tool is developed and
applied to assess the impact of land use change and BMPs in a large watershed in New
Brunswick. Chapter 7 summarizes the major contributions of the thesis and provides
recommendations for future work.
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Chapter 1
Introduction

SWAT modification
Chapter 2-3
A new soil-temperature
module in SWAT to address
snow cover impacts on
water flow and nutrient
loadings

Chapter 4
A new snowmelt
module in SWAT to
simulate rain-on-snow
events

Enhanced SWAT

Chapter 5
Setup, calibration and validation
in a small experimental
watershed
Scenario simulation results

Chapter 6
A decision support tool based on
statistical models + GIS

Chapter 7
Concluding remarks

Figure 1.2 Flowchart of the thesis structure.
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Abstract
Accurate estimation of soil temperature is important for quantifying hydrological and
biochemical processes in hydrological models. Soil-temperature predictions in the widely
used Soil and Water Assessment Tool (SWAT) contain large errors when applied to
regions influenced by seasonal snow cover. In this study, a new physically-based soiltemperature module was developed as an alternative to the empirically-based module
currently used in SWAT. The new module simulated soil temperatures as a result of
energy exchanges at the snow-atmosphere and snow-soil interfaces. The original and new
soil-temperature modules were tested against field measurements from a small
experimental watershed, i.e., the Black Brook Watershed, in Atlantic Canada. The results
indicated that both modules were able to provide acceptable predictions of temperatures
for different soil layers during non-winter seasons. However, the original module
severely underestimated soil temperatures in winter, while the new module produced
results that were more consistent with field measurements. In addition, unlike its
counterpart, the new module was able to simulate freeze-thaw cycles in the soil profile.
Variation in soil ice and water content was reasonably simulated by the new module for
different snow cover scenarios. In general, the modified version of SWAT improved the
prediction accuracy of base flow discharge compared to the original version of SWAT,
due to improvements in the calculation of soil temperatures in winter. The new soiltemperature module greatly improved the ability of SWAT to predict soil temperatures
under seasonal snow cover essential to the application of SWAT in regions like Atlantic
Canada.
Keywords: snow cover; freeze-thaw cycles; heat transfer; soil heat conduction; SWAT
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2.1

Introduction

The Soil and Water Assessment Tool (SWAT) is a process-based semi-distributed
watershed model designed to simulate hydrological processes and predict water quantity
and quality as affected by land use, land management practices, and climate change
(Arnold et al., 1998). It provides a flexible framework that allows for simulating the
impact of a broad range of best management practices (BMPs), such as those associated
with the application of fertilizer and manure, cover crops, filter strips, conservation
tillage, irrigation management, and flood-prevention structures (Gassman et al., 2005;
Ullrich and Volk, 2009). In recent years, SWAT has been applied to model watershed
processes and evaluate BMPs across Atlantic Canada, with many positive results (Ahmad
et al., 2011; Amon-Armah et al., 2013; Fowler, 2003; Yang et al., 2009a). In these studies,
however, SWAT tended to underestimate base flow discharge and nitrate loading in
winter (Ahmad et al., 2011; Yang et al., 2009a), and predictions of sediment and solublephosphorus loadings tended to be biased (Yang et al., 2009a). These discrepancies were
largely caused by the problems associated with the empirical soil-temperature module in
SWAT, which predicted frozen soils in winter resulted in restricted infiltration and
biochemical reactions (Levesque et al., 2008).
In Atlantic Canada, surface soils in many regions are seldom frozen on account of
thick snow cover. The low thermal conductivity of snow cover helps to protect the soil
from excessive heat loss in winter (Zhang, 2005). Studies have shown that seasonal snow
cover serves to insulate the soil surface from cold weather and, in some instances,
facilitate thawing of the soil in response to the upward heat transfer prior to the snowmelt
season (Brooks et al., 1998; Cline, 1995; Sommerfeld et al., 1993). As a result, meltwater
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can infiltrate the soil during winter, eventually reaching aquifers. Associated with this
downward water flow is the transport of nitrates, due to the fact that most nitrates are
leached from the plant rooting zone during autumn and winter (He et al., 2012). In
addition, many biochemical processes are active in unfrozen soils and regulated by the
soil temperature (Brooks et al., 1996; Brooks et al., 1998). The insulation effects of snow
reduce the damage of extreme low temperatures and allow for soil respiration (Du et al.,
2013). For example, Coxson and Parkinson (1987) reported that the microbial activity
occurred either at depths below the thaw line or in soils protected by snow cover in a
southwestern Alberta site. A considerable portion of carbon fixed during the growing
season can be lost in winter due to soil microbial activities in high latitude areas (Hirano,
2005; Mikan et al., 2002). Furthermore, the soil microbial activity is also responsible for
nitrogen (N) transformations and is strongly influenced by the soil temperature in winter
(Stanford et al., 1975; Urakawa et al., 2014). Thawing of the soil stimulates microbial
activities resulting in temporal increases in emissions of CO2 (Herrmann and Witter,
2002; Nielsen et al., 2001) and N2O (Christensen and Christensen, 1991), and N
mineralization (Brooks et al., 1998; Schimel and Clein, 1996). Insulation resulting from
thick snow cover prevents soils from freezing, while the shallow snow cover induces
frequent freeze-thaw cycles. The impact of freeze-thaw cycles on soil respiration and
nutrient cycling has been studied in field experiments; however, few hydrological models
can provide reliable simulations. Warmer climate over the last half-century has caused
significant declines in the extent of snow cover in the northern Hemisphere (Solomon,
2007). Thus, the application of SWAT to climate change studies would benefit from
improved characterizations of soil heat transfer processes and freeze-thaw cycles.
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In SWAT, daily soil temperatures are determined empirically as a function of several
variables, including the previous day’s soil temperature at a specific depth, the average
annual air temperature, the current day’s soil surface temperature, and position in the soil
profile. Effects of snow and plant-canopy cover on soil temperature are incorporated
empirically as a weighting factor. In addition, a lag coefficient is introduced to address
the influence of the previous day’s temperature on the current day’s temperature. This
empirical formulation does not simulate freeze-thaw cycles because phase changes of
water are not considered in the current version of SWAT. This empirical module works
well in many applications worldwide. However, in regions with thick snow cover,
predictions of soil temperatures seldom agree with field measurements in winter.
Bélanger (2009) found that in the Canadian Boreal Plains, the empirical soil-temperature
module was able to reproduce seasonal trends in soil temperature fairly well for the
spring, summer, and autumn periods with a slight increase in the lag coefficient. However,
it was found out that the module tended to underestimate soil temperatures during winter,
even with an adjusted lag coefficient. In snow-covered regions, soil temperature in winter
is usually much higher than air temperature, due to the insulation effects of snow (Smith
and Riseborough, 2002; Smith, 1975). Although such effects have been partially
accounted for by incorporating correction factors, SWAT does not fully address the
physical processes driving soil temperature changes and, as a result, may not attend to the
complex processes associated with the presence of snow cover in winter. Bélanger (2009)
recommended that further development to the soil-temperature module was required to
introduce the important insulation effects of snow.
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No studies have been found to explicitly address the modification of the soiltemperature module in SWAT. Nevertheless, a number of attempts have been made to
improve the snowmelt formulation of SWAT (Debele et al., 2010; Watson and Putz, 2014;
Zhang et al., 2008a). The original soil-temperature module is insensitive to changes in
snow depth and, therefore, could not benefit from the enhancement in the description of
snow cover evolution in SWAT. Soil temperature is determined by many factors, such as
seasonal snow and vegetation cover, atmospheric radiation, surface moisture content, and
atmospheric temperature (Ling and Zhang, 2004). These factors are highly variable and
interrelated and cannot be fully addressed by an empirical formulation. In contrast, a
physically-based formulation, which is able to simulate relevant processes at the snow
and soil surfaces, as well as within soils, can account for these interactions and
potentially provide more accurate predictions of soil temperatures (Ling and Zhang,
2004). The objectives of this study are to: (1) develop a physically-based soil-temperature
module to replace the empirical formulation in the current version of SWAT; (2) test the
new soil-temperature module against field measurements and simulations of the empirical
formulation; and (3) assess the improvement in stream flow prediction by the modified
version of SWAT.
2.2

Materials and Methods

2.2.1

Physically-Based Soil-Temperature Module

2.2.1.1 General Structure
Soil temperature is a reflection of soil energy status and it varies as a result of energy
transfer processes between air, snow, and soil surfaces and between individual soil layers.
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In theory, energy can be transferred in the form of radiation, convection, conduction, and
latent heat exchange associated with phase changes of water. Heat transfer by radiation
and convection at the soil and snow interface is generally negligible (Hillel, 1980). The
present study assumed that temperature changes in the snow and soil layers were
governed by heat conduction between these layers and latent heat exchange resulting
from the freeze-thaw cycles in the upper soil profile, as described in Yin and Arp (1993):
𝜕𝑇
𝜕𝑡

𝜕

𝑘

= 𝜕𝑥 (𝐶 ∙

𝜕𝑇
𝜕𝑥

𝑠

)+𝐶

(2-1)

where T (˚C) is the temperature, t represents the time step (in days), k (J cm-1 d-1 ˚C-1 ) is
the thermal conductivity, C (J cm-3 ˚C-1) is the volumetric heat capacity, x (cm) is the
vertical distance from the air-soil or air-snow interface, and s (J cm-3 d-1) is the latent heat
source/sink term.
Eq. 2-1 was converted to a fully-implicit discretized form solved with a tridiagonalmatrix algorithm described in Patankar (1980). The temperature was calculated at the
center of each layer for individual hydrological response unit (HRU). Heat capacity and
thermal conductivity were assumed to be uniform within individual layers, as was the
calculated temperature. Conductivities at the interface of bordering layers were calculated
as the harmonic mean of conductivities of adjacent layers. Vertically, the simulation
domain was defined as extending from the air-soil or air-snow interface (upper boundary)
to the damping depth (lower boundary), where the impact of air temperature diminishes
(Fig. 2.1). Beyond the last soil layer defined by SWAT, five additional layers were added
above the lower boundary. Thicknesses of these layers were equal and they shared the
same thermal-transfer characteristics as those of the last soil layer defined by SWAT.
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When snow accumulated on the ground, the snow cover was treated as a single layer (Fig.
2.1).

Rsn+Rln+LE+H

Surface (T0)
T0>Ts

T0<Ts

Snowpack (TS)
Ts<T1

Air
Ice
Water

Ts>T1

Soil layer1th (T1)
T1>T2

T1<T2

s1
0℃≥T1 & 0< wc
…

……
Soil mineral

0℃<T1 & 0< ic

Tn-1<Tn

…
Tn-1>Tn

0℃<Tn & 0< ic

Soil layernth (Tn)
Tn<Tb

Tn >Tb

…

sn
0℃≥Tn & 0< wc

Bottom (Tb)

Figure 2.1 Schematic flowchart of heat conduction in snow and soil layers. The freezethaw processes with latent heat release and absorption are illustrated in Fig. 2.2.

2.2.1.2 Boundary Conditions
The upper boundary temperature was calculated based on an energy balance equation
(Hillel, 1980):
𝑅𝑠𝑛 + 𝑅𝑙𝑛 + 𝐿𝐸 + 𝐻 + 𝑆 = 0

(2-2)

where Rsn is the net solar radiation, Rln is the net longwave radiation, LE is the latent heat
flux, H is the sensible heat flux, and S is the ground conductive heat transfer (Table 2.1).
All energy terms in Eq. 2-2 have the same unit of J cm-2 d-1.
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Table 2.1 Definitions and sources for variables and parameters in the new soiltemperature module (see Table 2.2 and the text).
Var.
Aα
α
C
Ci
Cm
Co
Cw
Csnow
Csoil
Db
d
dd
ds
𝒅𝒔
Ef
Ei
Et
Ew
effcoe
H
he
hf
ic
id
𝒊~
𝒅
𝑲𝒆
k
k1
kcoe
kdry
ke
ki
km
ks
ks_coe
ksat
kw
LE
mc
oc
p
Rday
Rln
Rsn
S

Name (unit)
Value
Annual amplitude of monthly mean air temperature (˚C)
—
Surface albedo
—
-3
-1
Volumetric heat capacity (J cm ˚C )
—
Volumetric heat capacity of ice (J cm-3 ˚C-1)
1.9
Volumetric heat capacity of soil minerals (J cm-3 ˚C-1)
2.0
Volumetric heat capacity of organic matter (J cm-3 ˚C-1)
2.5
Volumetric heat capacity of water (J cm-3 ˚C-1)
4.2
Volumetric heat capacity of snow (J cm-3 ˚C-1)
—
-3
-1
Volumetric heat capacity of soil (J cm ˚C )
—
Soil bulk density (g m-3)
—
Thickness of a soil layer (cm)
—
Damping depth (cm)
—
Snow depth (cm)
—
Mean annual damping depth of snowpack (cm)
126.8
Potential energy for freezing (J cm-2 d-1)
—
Energy needed to freeze all water in a soil layer (J cm-2 d-1)
—
Potential energy for thawing (J cm-2 d-1)
—
-2 -1
Energy needed to melt all ice a soil layer (J cm d )
—
Effective air/ground conductance ratio coefficient
—
Sensible heat (J cm-2 d-1)
—
Effective surface heat transfer coefficient (J cm-2 d-1 ˚C-1)
—
Heat of fusion (J g-1)
334
Volumetric ice content in soil layers
—
Ice depth in soil layer (cm)
—
Ice depth in a soil layer (cm) in previous day
—
Kersten number
—
Thermal conductivity (J cm-1 d-1 ˚C-1)
—
Thermal conductivity of the top layer (J cm-1 d-1 ˚C-1)
—
Soil thermal conductivity coefficient
—
Soil thermal conductivity in dry state (J cm-1 d-1 ˚C-1)
—
Extinction coefficient of plant
—
Thermal conductivity of ice (J cm-1 d-1 ˚C-1)
1900.8
Thermal conductivity of soil minerals (J cm-1 d-1 ˚C-1)
2505.6
Thermal conductivity of snow (J cm-1 d-1 ˚C-1)
—
Snow thermal conductivity coefficient
—
Soil thermal conductivity in saturated state (J cm-1 d-1 ˚C-1)
—
Thermal conductivity of water (J cm-1 d-1 ˚C-1)
492.48
Latent heat (J cm-2 d-1)
—
Volumetric fraction of soil minerals
—
Volumetric fraction of organic matter
—
Porosity of the soil layers
—
Solar radiation of the day (MJ m-2 d-1)
—
Net longwave radiation (J cm-2 d-1)
—
Net solar radiation (J cm-2 d-1)
—
Ground conductive heat (J cm-2 d-1)
—
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Source
SWAT
SWAT
Calculated
Hill,1980
Hill,1980
Hill,1980
Hill,1980
Calculated
Calculated
SWAT
SWAT
SWAT
Calculated
Yin and Arp,1993
Calculated
Calculated
Calculated
Calculated
For calibration
Calculated
Calculated
Hill,1980
Calculated
Calculated
Calculated
Calculated
Calculated
Calculated
For calibration
Calculated
SWAT
Hill,1980
Hill,1980
Calculated
For calibration
Calculated
Hill,1980
Calculated
SWAT
SWAT
SWAT
SWAT
SWAT
Calculated
Calculated

SNO
Sr
s
snoa
snob
T
Tα
𝑻𝒂
Ts
Tz
T0
T1
t
Vc
Vv
wc
wd
𝒘~
𝒅
x
x1
𝒛𝒔
βe
ρi
ρs
ρw
∆𝒊𝒅
∆𝒘𝒅

Snow water equivalent (mm)
Degree of saturation
Internal heat contribution (J cm-3 d-1)
Coefficient for snow density
Coefficient for snow density
Temperature (˚C)
Daily air temperature (℃)
Mean annual air temperature (˚C)
Soil temperature (˚C)
Soil temperature at damping depth (˚C)
Surface boundary temperature (˚C)
Temperature at the center of the top layer (˚C)
Time step (day)
Effective maximum vegetative surface area index of plant
Vegetative surface area index of plant
Volumetric fraction of water
Water depth in soil layers (cm)
Water depth in soil layers in previous day (cm)
Vertical displacement (cm)
Thickness of the top layer (cm)
Mean annual snowpack depth (cm)
Effective air-to-ground conductance ratio
Ice density (g cm-3)
Snow density (g cm-3)
Water density (g cm-3)
Change of ice depth (cm)
Change of water depth (cm)

—
SWAT
—
Calculated
—
Calculated
1.0
Jonas et al., 2009
0.3
Jonas et al., 2009
—
Calculated
—
SWAT
—
SWAT
—
Calculated
—
Calculated
—
Calculated
—
Calculated
—
SWAT
—
SWAT
—
SWAT
—
SWAT
—
Calculated
—
Calculated
—
SWAT
—
SWAT
120 Yin and Arp ,1993
—
Calculated
0.92
Hill,1980
—
Calculated
1
Hill,1980
—
Calculated
—
Calculated

Note: “SWAT” and “calculated” in the source column (column 4) indicate that the value is passed on from
different components of SWAT and calculated within the new soil-temperature module, respectively.
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Latent and sensible heat were defined as in Meng et al. (1995) and Yin and Arp (1993):
𝐿𝐸 + 𝐻 = ℎ𝑒 ∙ (𝑇𝑎 − 𝑇0 )

(2-3)

where Ta (℃) is the air temperature, T0 (℃) is the surface boundary temperature, and he (J
cm-2 d-1 ℃-1 ) is the effective surface heat transfer coefficient (Table 2.1). In the absence
of vegetation, he was defined as the rate of heat transfer between the air and soil or snow
surfaces, due to their temperature difference. In the presence of vegetation, he was
defined as a lumping coefficient that characterized not only the air-surface heat transfer
rate, but also the heat transfer rate associated with the shading and insulative properties of
the overlying vegetation.
The ground conductive heat flux was defined as:
𝑘

𝑆 = 0.5∙1𝑥 ∙ (𝑇0 − 𝑇1 )

(2-4)

1

where k1 (J cm-1 d-1 ℃-1) is the thermal conductivity of the top layer, x1 (cm) is the
thickness of the top layer, T1 (℃) is the temperature at the center of the top layer (Table
2.1). In the absence of snow cover, the first soil layer was referred to the top layer.
Combining Eqs. 2-2, 2-3, and 2-4, the surface boundary temperature became:
𝑇

𝛽

𝑣
𝑇0 = 1+𝛽
+ 1+𝛽𝑒 ∙ [𝑇1 +
𝑒

𝑒

where parameter βe =

𝑅𝑙𝑛 +𝑅𝑠𝑛
]
2∙𝑘1 ⁄𝑥1

𝑘1 ⁄(𝑥1 ⁄2)
ℎ𝑒

(2-5)

, which is the effective air-to-ground conductance ratio

(dimensionless), which denoted the relative rate between surface-soil heat transfer and
air-surface heat transfer. Low βe indicated that the rate of heat conductance into the soil
through the top layer was low (k1 approaches 0), or the rate of air-to-surface heat
exchange was high (he approaches ∞). With he approaching ∞, the surface temperature
quickly equilibrated to air temperature (i.e., T0 converges to Ta). Parameter βe was
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calibrated with an empirical equation (Eq. 2-6; Table 2.2) developed by Yin and Arp
(1993). It was found that βe was closely correlated with net solar radiation Rsn and
vegetative area indexes (Vc and Vv; Table 2.1). Parameter effcoe was a coefficient to
calibrate βe (Eq. 2-6; Table 2.2), and the default value of effcoe was 8.1 according to Yin
and Arp (1993). The amount of net solar radiation absorbed by the soil or snow surface
and converted to kinetic energy was calculated with Eq. 2-7 (Table 2.2). The net
longwave radiation Rln was calculated by SWAT (Table 2.1).
The lower boundary of the simulation domain was defined at the damping depth dd,
which was determined by SWAT (Table 2.1). Soil temperature Tz at this depth was
determined following Steppuhn (1981), using Eq. 2-8 (Table 2.2; Fig. 2.1).
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Table 2.2 List of equations in the new soil-temperature module. Equations are grouped
according to their roles in the calculation.
Eq.

2-6
2-7

Variable
Effective air-toground conductance
ratio
Net solar
radiation

Equations
Upper boundary temperature
𝛽𝑒 = 𝑒𝑓𝑓𝑐𝑜𝑒 ∙ 𝑅𝑠𝑛 ∙ (1 − 𝑒 min(𝑉𝑐 ,𝑉𝑣 )−6.8 )
𝑅𝑠𝑛 = 100 ∙ 𝑅𝑑𝑎𝑦 ∙ (1 − 𝛼) ∙ 𝑒 −𝑘𝑒 ∙𝑉𝑣
Lower boundary temperature

2-8

Soil temperature at
damping depth

𝑇𝑧 = 𝑇𝑎 + 0.5𝐴𝑎 (1 − 𝑒 −𝑧𝑠 ⁄𝑑𝑠 )
Thermal conductivity of soil

2-9
2-10

Soil thermal
conductivity
Soil thermal
conductivity for dry
soils

𝑘 = 𝑘𝑐𝑜𝑒 ∙ [(𝑘𝑠𝑎𝑡 − 𝑘𝑑𝑟𝑦 ) ∙ 𝐾𝑒 + 𝑘𝑑𝑟𝑦 ]
𝑘𝑑𝑟𝑦 = 864 ∙

2-11

Kersten number

𝐾𝑒 = {

2-12

Degree of saturation

𝑆𝑟 =

2-13

Soil thermal
conductivity
for saturated soils

𝑘𝑠𝑎𝑡

2-14
2-15
2-16

Thermal conductivity
of snow
Effective density of
snow
Snow depth

135 ∙ 𝐷𝑏 + 64.7
2700 − 947 ∙ 𝐷𝑏

𝑙𝑜𝑔𝑆𝑟 + 1
𝑆𝑟

unfrozen soil
frozen soil

(𝑤𝑐 + 𝑖𝑐 )
𝑝
1−𝑝
𝑝
𝑘𝑚 ∙ 𝑘 𝑤
= { 1−𝑝 𝑝−𝑤𝑐 𝑤𝑐
𝑘𝑚 ∙ 𝑘 𝑖
∙ 𝑘𝑤

unfrozen soil
frozen soil

Thermal conductivity of snow
𝑘
∙ (0.138 − 1.01 ∙ 𝜌𝑠 + 3.233 ∙ 𝜌𝑠2 ) 𝜌𝑠 ≥ 0.156
𝑘𝑠 = { 𝑠_𝑐𝑜𝑒
𝑘𝑠_𝑐𝑜𝑒 ∙ (0.023 + 0.234 ∙ 𝜌𝑠 )
𝜌𝑠 < 0.156
𝑆𝑁𝑂
𝜌𝑠 = (𝑠𝑛𝑜𝑎 ∙
+ 𝑠𝑛𝑜𝑏 )
1000
𝑑𝑠 = 𝑆𝑁𝑂/𝜌𝑠
Snow and soil volumetric heat capacity

2-17
2-18

Volumetric heat
capacity of soil
Volumetric heat
capacity of snow

𝐶𝑠𝑜𝑖𝑙 = 𝐶𝑚 ∙ 𝑚𝑐 + 𝐶𝑜 ∙ 𝑜𝑐 + 𝐶𝑤 ∙ 𝑤𝑐 + 𝐶𝑖 ∙ 𝑖𝑐
𝐶𝑠𝑛𝑜𝑤

𝜌𝑠2
= 1.9 ∙
𝜌𝑖

Freeze-thaw process (Internal latent heat)
2-19
2-20
2-21

Potential energy for
freezing
Potential energy for
thawing
Energy needed to

𝐸𝑓 = 𝐶𝑠𝑜𝑖𝑙 ∙ 𝑑 ∙ 𝑇𝑠

when 𝑇𝑠 ≤ 0

𝐸𝑡 = 𝐶𝑠𝑜𝑖𝑙 ∙ 𝑑 ∙ 𝑇𝑠

when 𝑇𝑠 > 0

𝐸𝑤 = ℎ𝑓 ∙ 𝑤𝑐 ∙ 𝑑 ∙ 𝜌𝑤
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2-22
2-23

freeze all water in a
soil layer
Energy needed to melt
all ice in a soil layer
Internal latent heat
release or absorption

2-24

Change of ice depth

2-25

Change of water depth

2-26

Ice depth

2-27

Water depth

2-28
2-29

Ice content
Water content

𝐸𝑖 = h𝑓 ∙ 𝑖𝑐 ∙ 𝑑 ∙ 𝜌𝑖
min(𝐸𝑓 , 𝐸𝑤 ) /𝑑
s={
min(𝐸𝑡 , 𝐸𝑖 ) /𝑑
𝑠∙𝑑
∆𝑖𝑑 =
ℎ𝑓 ∙ 𝜌𝑖
𝑠∙𝑑
∆𝑤𝑑 =
ℎ𝑓 ∙ 𝜌𝑤
+∆𝑖𝑑 + 𝑖𝑑~
𝑖𝑑 = {
−∆𝑖𝑑 + 𝑖𝑑~
+∆𝑤𝑑 + 𝑤𝑑~
𝑤𝑑 = {
−∆𝑤𝑑 + 𝑤𝑑~
𝑖𝑐 = 𝑖𝑑 ⁄𝑑
𝑤𝑐 = 𝑤𝑐 ⁄𝑑

when freezing
when thawing

when freezing
when thawing
when thawing
when freezing

2.2.1.3 Soil and Snow Thermal Conductivity
The method developed by Johansen (1975) was adopted for calculating soil thermal
conductivity of both unfrozen and frozen soils. The thermal conductivity of an
unsaturated soil was a function of its thermal conductivities in both its dry and saturated
states at the same dry density, by introducing a normalized thermal conductivity based on
the Kersten number Ke (Eq. 2-9; Table 2.2). Johansen (1975) noted that dry density or
porosity was the major factor in determining the thermal conductivity in dry soils,
yielding Eq. 2-10 (Table 2.2). The Kersten number was determined by the degree of
saturation Sr (Eq. 2-11; Table 2.2), which was calculated from the amount of water or ice
in the soil (Eq. 2-12; Table 2.2). In the case of saturated soils, soil micro-structure had
little impact on the thermal conductivity. A geometric mean equation based on the
thermal conductivities of the components and their respective volumetric fractions was
used in the calculation of thermal conductivity (Eq. 2-13; Table 2.2). The thermal
conductivity of snow ks was calculated as a function of snow density ρs (Eq. 2-14; Table
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2.2), as in Sturm et al. (1997). Snow density was linearly correlated to snow water
equivalent SNO, as demonstrated through Eq. 2-15 (Jonas et al., 2009). The snow depth
ds was a function of snow density and SNO (Eq. 2-16; Table 2.2). The SNO was
calculated with the snow module of SWAT (Table 2.1).
There were two parameters for calibration of soil and snow thermal conductivities.
Parameter kcoe accounted for variations in soil physical properties, such as soil texture,
bulk density, and porosity, as well as ice, water, and organic contents (Eq. 2-9; Table 2.2).
The parameter also partially accounted for the convective heat transfer with permeable
soils subject to high infiltration rate (De Vries, 1975). The value of kcoe might be greater
than the default (= 1) for a humid environment. Parameter ks_coe calibrated the thermal
conductivity of snow (Eq. 2-14; Table 2.2). Snow thermal conductivity was determined
by snow texture (e.g., grain size, shape, and bonding) and density (Pomeroy and Brun,
2001). Snow metamorphism and density variation could potentially cause this parameter
to be different from the default (i.e., = 1).
2.2.1.4 Soil and Snow Volumetric Heat Capacity
The volumetric heat capacity of soils Csoil was calculated as the volumetric weighted
mean of specific heat capacity of soil constituents using Eq. 2-17 (Table 2.2). The
contribution of air to the specific heat of the soil was ignored in this study. Following
Verseghy (1991), Csnow was calculated based on Eq. 2-18 (Table 2.2).
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2.2.1.5 Latent Heat Exchange
The new soil-temperature module considered latent heat transfer due to freeze-thaw
cycles as an internal heat source or sink within individual soil layer (i.e., “s” in Eq. 2-1;
Fig. 2.1). Latent heat was calculated according to the release of energy during the
freezing of liquid water (source term in Eq. 2-1, represented as a positive value) and the
absorption of energy during the melting of ice (sink term in Eq. 2-1, represented as a
negative value; refer to Eq. 2-23; Table 2.2; Fig. 2.2). Each layer froze when its
temperature reached or fell below 0˚C and thawed when its temperature exceeded 0˚C.
Variable ic was the volumetric soil ice content and updated at the daily time step based on
the status of the soil with respect to freezing or thawing (Eqs. 2-19 to 2-29; Table 2.2; Fig.
2.2).

Tsoil ≤ 0

No

Yes
Ef ≤ Ew
Yes
id = Δid+id~
wd =wd~-Δwd
s =Ef /d

Et ≤ Ei

No
id = Δid+id~
wd =0
s =Ew /d

Yes
id = id~- Δid
wd =wd~+Δwd
s =Et /d

No
id =0
wd = wd~+Δwd
s =Ei /d

Figure 2.2 Schematic flowchart of freeze-thaw processes followed by latent heat release
and absorption in soil layers. Definition of the variables and related equations are found
in Tables 2.1 and 2.2.
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Basic mechanisms of coupled heat transfer and water flow in soils are considerably
complex. In the present study, the original formulation of water flow in soil layers was
not modified. In fact, the ice-water phase changes in the new soil-temperature module
could alter the moisture distribution and water regime of soils in winter and, interactively,
affecting the soil thermal properties (Table 2.2).
2.2.2

Study Site and Data Collection

The study was carried out in the Black Brook Watershed (BBW), located in
northwestern New Brunswick (NB), Canada (Fig. 2.3). The watershed has been studied
extensively for many decades to evaluate the impact of agricultural activities on soil and
water quality (Chow and Rees, 2006; Li et al., 2014a). The watershed covers an area of
14.5 km2, with 65% of the land apportioned to agriculture, 21% to forest, and 14% to
residential living. The climate of the region is considered to be moderately cool boreal,
with approximately 120 frost-free days (Yang et al., 2009a). The average annual
temperature is 3.7˚C and precipitation is 1037.4 mm (Zhao et al., 2008). About one-third
of the precipitation is in the form of snow. Snowmelt can lead to significant surface
runoff and recharging of groundwater aquifers from March to May (Chow and Rees,
2006). Elevation in the watershed ranges from 170 to 260 m above mean sea level.
Slopes vary from 1-6% in the upper basin to 4-9% in the central area of the watershed,
and in the lower watershed, slopes are more strongly rolling at 5-16%. Soil surveys (at
1:10,000 scale) identified six mineral soils (Fig. 2.3), i.e., Grandfalls, Holmesville,
Interval, Muniac, Siegas, Undine, and one organic soil, St. Quentin (Mellerowicz, 1993).
Potato and barley are the two major agricultural crops occupying more than 50% of the
watershed area.
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Figure 2.3 Locations of the BBW and weather stations #5, #8, and St. Leonard. Soil
types are also shown for BBW.

A high-resolution (1-m) digital elevation model (DEM) for setup of SWAT was based
on elevation data collected with airborne light detection and ranging (LiDAR) technology.
Soil data were extracted from a detailed soil survey map (Mellerowicz, 1993). At the
outlet of BBW, a V-notch weir was installed in 1992 and stage height of water was
recorded with a Campbell Scientific CR10X data logger (Campbell Scientific Inc. Logan,
Utah, USA; hereafter CSI), and then converted to flow rates. Weather data including
daily precipitation, air temperature, relative humidity, and wind speed were derived from
the St. Leonard Environment Canada weather station (Table 2.3), located approximately
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5 km from BBW (Fig. 2.3). Daily average relative humidity and wind speed were
calculated based on hourly values. Daily solar radiation collected from WS#8
(approximately 10 km from BBW) was used (Fig. 2.3). Soil temperatures were acquired
at depths of 5, 20, 50, and 100 cm at WS#5 (at the outlet of BBW) from 1998 to 2002 and
2, 5, 10, 20, 30, 50, and 100 cm at WS#8 from 2001 to 2010, with CS107 soiltemperature sensors (CSI). Snow depth measurements, taken with SR50A snow depth
sensor (CSI), were available from 2001 to 2010 at WS#8. Snow depth and soil
temperature sensors were all wired to a CR10X (CSI) datalogger, set at a scan rate of 1
minute, and averaged hourly. Hourly data were subsequently transmitted by landline to a
server at the Soil and Hydrology Research Lab of the Potato Research Center,
Fredericton, NB (Xing et al., 2013). Datasets used in this study are listed in Table 2.3.

Table 2.3 Datasets used in setup and calibration of SWAT and calibration and validation
of the new soil-temperature module (NSTM).
Dataset
Precipitation, temperature,
relative humidity, and wind speed
Solar radiation
Discharge
Soil temperature
Soil temperature
Soil temperature
Snow depth

Period
Station
Purpose
1992-2010 St. Leonard SWAT initialization
1992-2010
1992-1994
2001-2003
2004-2010
1998-2002
2001-2010
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WS#8
Outlet
WS#8
WS#8
WS#5
WS#8

SWAT initialization
SWAT calibration
NSTM calibration
NSTM validation
NSTM validation
Snow impacts

2.2.3

Model Calibration and Validation

The SWAT model was modified by replacing the original soil-temperature formulation
with its physically-based counterpart. Afterward, daily soil temperature data from WS#8
(2001-2003) were used to estimate the three parameters (kcoe, ks_coe, and effcoe) of the new
module (Table 2.3). These parameters were manually adjusted until simulated
temperatures in a testing HRU converged to measurements. The testing HRU (#20001)
was selected for site similarity to WS#8 in terms of soil (Holmesville), topographic (flat),
and land cover (grass) characteristics. Since the depth to the center of each soil layer was
fixed for SWAT, measurements at the depth closest (within ±5.5 cm) were used in the
comparison. The errors caused by differences between simulation and measurement
depths were assumed to be negligible. The first validation of the new soil-temperature
module was conducted for the same HRU (#20001) with measurements from WS#8
(2004-2010; Table 2.3). A second validation was conducted for another HRU (#70001)
with measurements from WS#5 (1998-2002; Table 2.3). The soil (Grandfalls),
topographic (flat), and land cover (grass) characteristics of HRU#70001 were similar to
those of WS#5.
Model performance in predicting monthly base flow and total stream discharge at the
outlet of BBW with different versions of SWAT were assessed (one version fitted with
the original soil-temperature module, to be referred to as original-SWAT, and another
with the new module, to be referred to as modified-SWAT). Soil conservation measures,
such as flow diversion terraces and grassed waterways, dramatically increased after 1994
in BBW. To avoid the implications associated with these measures, both versions of
SWAT were calibrated with monthly water flow data acquired between 1992 and 1994.
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Base flow was based on previously reported values determined by recursive digital filter
(RDF) method (Li et al., 2014b; Zhang et al., 2013).
2.2.4

Sensitivity Analysis

Sensitivity of soil temperatures to the three parameters of the new module was
analyzed with the method outlined by Ficklin et al. (2012) and Lenhart et al. (2002). The
dependence of an output variable y on an input parameter x is defined as a normalized
dimensionless sensitivity index I:
𝐼=

(𝑦2 −𝑦1 )/𝑦0

(2-30)

2∙∆𝑥/𝑥0

where y0 is the model output with parameter value at x0, Δx is the percent adjustment of
the parameter under consideration, y1 and y2 are the model outputs predicted with x1 = x0 Δx and x2 = x0 + Δx, respectively. According to Ficklin et al. (2012), the sensitivity index
ranges from -∞ to +∞ and can be classified into four groups. When |I|< 0.05, the index
indicates lack of sensitivity; 0.05 ≤ |I|< 0.20, medium sensitivity; 0.20 ≤|I|< 1.00, high
sensitivity; |I|≥ 1.00, extremely high sensitivity. A negative value indicates that the
parameter has an inverse effect on the prediction as compared to the original value. In
this study, output variable y was specified by the mean and standard deviation of
predicted soil temperatures for the four soil layers in HRU#20001. The Δx in Eq. 2-30
was set at 10% changes from x0 for three parameters with modified-SWAT.
2.2.5

Snow Cover Impact

The impacts of snow cover on surface soil temperature and freeze-thaw cycles were
evaluated in three snow cover scenarios with modified-SWAT. The snow parameter
SFTMP, which determines the threshold temperature for snowfall to occur, was adjusted
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to -20, -10, and 0℃, while other parameters remained unchanged. A greater value of
SFTMP can accumulate more snow on the ground. In addition, simulated and measured
daily snow depths for HRU#20001 and WS#8, respectively, were compared to examine
the influence of snow depth on the prediction of soil temperature from 2001 to 2010.
2.2.6

Model Performance Assessment

Performance of both versions of soil-temperature module in soil-temperature
predictions was assessed based on three coefficients of accuracy, i.e., average bias (Bi),
coefficient of determination (R2), and Nash-Sutcliffe coefficient (NS; Nash and Sutcliffe,
1970), given as:
𝐵𝑖 =

∑𝑛
𝑖=1(𝑂𝑖 −𝑃𝑖 )

(2-31)

𝑛

𝑅2 = (

∑𝑛
𝑖=1(𝑂𝑖 −𝑂𝑎𝑣𝑔 )∙(𝑃𝑖 −𝑃𝑎𝑣𝑔 )
2

2
2 0.5

𝑛
[∑𝑛
𝑖=1(𝑂𝑖 −𝑂𝑎𝑣𝑔 ) ∙∑𝑖=1(𝑃𝑖 −𝑃𝑎𝑣𝑔 ) ]

𝑁𝑆 = 1 −

2
∑𝑛
𝑖=1(𝑂𝑖 −𝑃𝑖 )

)

(2-32)

(2-33)

2

∑𝑛
𝑖=1(𝑂𝑖 −𝑂𝑎𝑣𝑔 )

where Oi and Pi are the observed and predicted values, and Oavg and Pavg are the average
of the observed and predicted values. The model performance in predicting stream flow
at the outlet of BBW with both versions of SWAT was assessed based on R2, NS, and
relative error (Re), i.e.,
𝑅𝑒 =

(𝑃𝑎𝑣𝑔− 𝑂𝑎𝑣𝑔 )
𝑂𝑎𝑣𝑔

∙ 100%

(2-34)
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2.3

Results and Discussion

2.3.1

Parameter Estimation and Sensitivity Analysis

The soil and snow thermal conductivity coefficients (i.e., kcoe and ks_coe, respectively)
were estimated to be 10 and 2 greater than default values. In Atlantic Canada, rain-onsnow events occur frequently during winter, and meltwater has the potential to infiltrate
and cool deeper soil layers resulting in a large kcoe value. In addition, frequent winter
events of snowmelt and refreezing of meltwater lead to greater snow density associated
with higher thermal conductivity. The coefficient for effective air-to-ground conductance
ratio effcoe was estimated to be 50, which was greater than the default value for forest
conditions (i.e., 8.1). According to Yin and Arp (1993), the effective air-surface heat
exchange rate he should be lower for open ground than under forest canopy, and effcoe
should have greater values.
The normalized sensitivity index I for the three calibration parameters based on winter
(Dec. - Apr.) and non-winter seasons is shown in Table 2.4. Using mean as the indicator,
kcoe and ks_coe were found to be highly sensitive for most soil layers in winter, and effcoe
was insensitive for most soil layers except for the third layer (I = 0.15). In non-winter
seasons, all three parameters were considered to be insensitive across different soil layers.
As an exception, kcoe showed medium sensitivity for the fourth soil layer (I = 0.11). Using
standard deviation as the indicator, kcoe was within the medium sensitivity range for the
top three soil layers and high sensitivity range for the fourth layer in winter, and ks_coe and
effcoe were in the medium to high sensitivity range for different soil layers. In non-winter
seasons, the three parameters were all insensitive for different soil layers, except that kcoe
was in the range of medium sensitivity for the fourth layer (I = 0.18).
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Table 2.4 Normalized sensitivity index values (I) for three parameters of the new soiltemperature module for different soil depths and periods.

Indicator
Mean

SD

kcoe
ks_coe
effcoe
kcoe
ks_coe
effcoe

Winter
Soil depth (cm)
0.5
10.5
50
-0.54 -0.45 -0.83
0.80 0.92 -0.74
0.02 -0.01 0.15
-0.16 0.04 -0.16
0.19 0.26 0.26
-0.27 -0.27 -0.04

Non-winter
Soil depth (cm)
87.5
0.5
10.5
50
-0.59 -0.02 -0.01 0.03
-0.13 0.00 -0.01 -0.02
0.05 0.00 0.00 0.00
-0.56 -0.01 0.01 0.11
0.07 0.01 0.01 0.05
0.08 -0.05 -0.04 -0.02

87.5
0.11
-0.03
0.00
0.18
0.05
0.00

In general, kcoe and ks_coe were more sensitive in winter than in non-winter seasons for
both statistical indicators, due to the presence of freeze-thaw cycles and snow cover.
When mean was used as the statistical indicator, negative values of I for kcoe, regardless
of soil depths, indicated that increasing thermal conductivities could reduce soil
temperatures. When standard deviation was used as the indicator, most values of I were
negative for kcoe, indicating that increasing thermal conductivities could suppress
variations in soil temperatures, due to the upward heat transfer from deeper soil layers
(Table 2.4). In addition, kcoe was more sensitive in deeper soil layers for both indicators
(Table 2.4), due to relatively high thermal conductivities. When standard deviation was
used as the indicator, values of I for ks_coe were all positive, indicating that increasing
snow thermal conductivity could increase variations of soil temperatures for different
layers.
Parameter effcoe was more sensitive using standard deviation rather than mean as the
indicator for most soil layers (Table 2.4). This is understandable given that effcoe mostly
controlled the variation of surface temperature. Decreasing effcoe resulted in higher day-
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to-day variations in soil temperatures for different soil layers, while increasing its value
would suppress variations (Table 2.4). This influence diminished with soil depths as
demonstrated by the gradually decreasing absolute values of I from the first to the fourth
soil layers (Table 2.4).
2.3.2

Model Performance Assessment

Table 2.5 gives statistics of measured and simulated soil temperatures based on winter
(December through to April) and non-winter seasons during calibration and validation.
Table 2.6 gives Bi, R2, and NS values for the same conditions as above. The results are
discussed separately for the calibration and validation periods.

Table 2.5 Mean and standard deviation (in bracket) of measured and simulated soil
temperature (˚C) for different depths in winter (Dec.-Apr.) and non-winter seasons.
Year
Module
Winter
Non-winter
Soil depth (cm) 
0.5
10.5
50
0.5
10.5
50
01-03
Measured
0.1 (1.9)
0.2 (1.2) 1.1 (1.0) 14.9 (6.7) 13.9 (5.8) 13.2 (4.9)
OSTM
-11.0 (6.1)
-9.9 (5.6) -6.1 (4.0) 11.2 (7.4) 10.6 (6.8)
8.4 (4.8)
NSTM
-0.6 (1.3)
-0.5 (1.0) 0.4 (0.4) 11.2 (6.4) 11.0 (6.2) 10.2 (4.9)
04-10
Measured
0.7 (2.7)
0.7 (2.1) 1.4 (1.5) 14.6 (6.3) 13.9 (5.6) 12.9 (4.7)
OSTM
-8.5 (6.3)
-7.7 (5.8) -4.5 (4.1) 11.4 (7.0) 10.8 (6.5)
8.6 (4.5)
NSTM
-0.1 (1.7)
0.0 (1.3) 0.8 (0.7) 11.4 (6.1) 11.3 (5.8) 10.6 (4.5)
Soil depth (cm) 
0.5
14.5
—
0.5
14.5
—
98-02
Measured
0.3 (1.2)
1.0 (1.0)
—
12.7 (5.3) 13.0 (4.9)
—
OSTM
-9.5 (6.1)
-8.1 (5.5)
—
11.2 (7.2) 10.3 (6.4)
—
NSTM
-0.5 (1.7)
-0.2 (0.8)
—
11.4 (6.3) 11.1 (5.8)
—
Note: OSTM refers to the original soil-temperature module; NSTM refers to the new soiltemperature module.
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Table 2.6 Model assessments of original and new soil-temperature modules (OSTM and
NSTM, respectively) for different depths in winter (December through to April) and nonwinter seasons.
Seasons
Winter

Nonwinter

Year
Module
Soil depth (cm) 
01-03
OSTM
NSTM
04-10
OSTM
NSTM
Soil depth (cm)
98-02
OSTM
NSTM
Soil depth (cm) 
01-03
OSTM
NSTM
04-10
OSTM
NSTM
Soil depth (cm) 
98-02
OSTM
NSTM

0.5
11.08
0.71
9.26
0.08
0.5
9.74
0.07
0.5
3.66
3.70
3.19
3.16
0.5
1.43
1.25

Bi (˚C)
10.5
10.14
0.68
8.38
0.72
14.5
9.09
1.15
10.5
3.28
2.87
3.09
2.54
14.5
2.64
1.89

50
7.27
0.71
5.85
0.59
—
—
—
50
4.80
3.05
4.38
2.33
—
—
—
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0.5
0.44
0.48
0.62
0.58
0.5
0.35
0.45
0.5
0.96
0.94
0.97
0.96
0.5
0.93
0.96

R2
10.5
0.48
0.27
0.49
0.55
14.5
0.30
0.36
10.5
0.95
0.96
0.96
0.97
14.5
0.88
0.96

50
0.26
0.55
0.22
0.71
—
—
—
50
0.85
0.95
0.83
0.97
—
—
—

0.5
-46.40
0.30
-13.83
0.45
0.5
-58.19
0.03
0.5
0.66
0.64
0.40
0.41
0.5
0.79
0.88

NS
10.5
-90.84
-0.17
-19.78
0.41
14.5
-103.58
-0.88
10.5
0.61
0.71
0.35
0.38
14.5
0.62
0.81

50
-64.92
0.04
-20.88
0.40
—
—
—
50
-0.07
0.58
0.18
0.31
—
—
—

2.3.2.1 Model Performance during Calibration
Fig. 2.4 displays simulated daily soil temperatures at three depths in HRU#20001
compared with measurements from 2001 to 2003. During calibration, the original soiltemperature module underestimated soil temperatures for all soil depths in winter (Fig.
2.4). Simulated temperatures were much lower than measurements with lowest values
approximately -20˚C for the 0.5 and 10.5 cm depths, and -10˚C for the 50 cm depth (Fig.
2.4). In contrast, the new module greatly improved simulation accuracy (Fig. 2.4).
Simulated mean soil temperatures were consistent with measurements (Table 2.5), and
associated biases (from 0.68 to 0.71˚C) were much smaller than those (from 7.27 to
11.08˚C) of the original module, regardless of soil depths (Table 2.6). Improvements
were also observed from the increases in R2 and NS for different soil layers (Table 2.6),
and the improvements tended to be greater in deeper soil layers (Table 2.6). The low
values of R2 and NS were mainly due to the small variations in measurements, mostly
within the range of -2 to 3˚C for all soil depths (Table 2.5). Slight underestimations with
the new module in early winter were thought to be the result of an inaccurate estimate of
the effective air-to-ground conductance ratio βe (Fig. 2.4), because Eq. 2-6 was developed
based on data collected in summer (Table 2.2; Yin and Arp, 1993). One possible reason
might be that the new module did not consider the solar radiation absorbed by the ground
with shallow snow cover.
In non-winter seasons, both modules were able to simulate soil temperatures
reasonably well (Fig. 2.4). There were not many differences at 0.5 cm depth with respect
to Bi (3.66 vs 3.7˚C), R2 (0.96 vs 0.94), and NS (0.66 vs 0.64), while at 10.5 and 50 cm
depths, the new module performed better than the original module (Table 2.6). However,
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both modules tended to underestimate soil temperatures at all three soil depths (Bi ranged
from 3.05 to 4.8 ˚C; Table 2.6). This was probably due to the fact that air temperatures
measured at the St. Leonard station were lower than air temperatures measured at WS#8.

Figure 2.4 Simulated daily soil temperatures with original and new soil-temperature
modules (OSTM and NSTM, respectively) at different depths in HRU#20001 compared
with measurements during calibration (2001-2003).
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2.3.2.2 Model Performance during Validation
Fig. 2.5 displays simulated daily soil temperatures at three depths in HRU#20001
compared with measurements from 2004 to 2010. In winter, soil temperatures predicted
with the new module varied mostly within the range of -2 to 2˚C for all depths, close to
measurements (-2 to 4˚C; Table 2.5). Prediction biases with the new module were all less
than 1˚C, much less than those of the original module (greater than 5˚C), regardless of
soil depths (Table 2.6). Values of R2 and NS were greater for the new module, and
improvements in R2 and NS were greater in deeper soil layers (Table 2.6). In non-winter
seasons, both modules were able to predict soil temperatures with acceptable accuracy.
Although the mean predictions were slightly lower than measurements (Table 2.5),
prediction biases with the new module (2.33 to 3.16˚C) were less than those of the
original module (3.09 to 4.38˚C) for the three soil layers (Table 2.6). There were not
many differences in R2 and NS between two modules for the 0.5 and 10.5 cm depths, but
for the 50 cm depth, R2 and NS were greater for the new module than the original module
(0.97 vs 0.83 and 0.31 vs 0.18, respectively; Table 2.6). Biases tended to decrease with
soil depths suggesting that the new module performed better (Table 2.6).
Fig. 2.6 displays simulated daily soil temperatures at two depths in HRU#70001
compared with measurements from 1998 to 2002. Similarly, the new module greatly
improved prediction accuracy in winter, compared with the original module (Fig. 2.6).
The lowest predictions with the original module ranged from -15 to -20˚C at two soil
depths, while they varied mostly within the range of -2 to 1˚C for the new module, close
to measurements (-1 to 2˚C; Table 2.5). In addition, R2 and NS were greater for the new
module than the original module at two soil depths (Table 2.6). As during calibration and
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validation in HRU#20001, both modules slightly underestimated soil temperatures at two
soil depths for non-winter seasons (Table 2.5).

Figure 2.5 Simulated daily soil temperatures with the original and new soil-temperature
modules (OSTM and NSTM, respectively) at different depths in HRU#20001 compared
with measurements during validation (2004-2010).
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Figure 2.6 Simulated daily soil temperatures with the original and new soil-temperature
modules (OSTM and NSTM, respectively) at different depths in HRU#70001 compared
with measurements during validation (1998-2002).
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2.3.3

Snow Cover Impacts

2.3.3.1 Snow Cover Impacts on Soil Temperature and Freeze-Thaw Cycles
Predicted daily soil temperatures (at 0.5 cm depth), soil ice and liquid water contents,
and snow depths in HRU#20001 from 2001 to 2003 for different snow cover scenarios
are shown in Fig. 2.7. Fig. 2.7d displays three snow depth curves simulated by SWAT,
from little snow on the ground to thick snow cover with a maximum depth of nearly 50
cm. Thick snow cover tended to elevate surface temperature closer to 0℃ and reduced
variation in soil temperature during winter (Fig. 2.7a). The new soil-temperature module
predicted reasonable trends in ice and water contents for different snow cover scenarios
(Figs. 2.7b and c). The greatest ice content was generated in the little snow cover scenario
and least in the thickest snow cover scenario. In contrast, liquid water content was lowest
in the little snow cover scenario and greatest in the thickest snow cover scenario. In
addition, changes in ice contents were negatively correlated with changes in liquid water
contents for the three scenarios, with the maximum ice contents occurring in late winter,
i.e., before the snowmelt season.
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Figure 2.7 Predicted daily soil surface temperatures, soil ice and liquid water contents,
and snow depths in HRU#20001 from 2001 to 2003 for different snow cover scenarios.
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2.3.3.2 Snow Simulation Impacts on Soil Temperature Prediction
Predicted daily snow depths and soil temperatures from 2001 to 2010 are plotted
together with measurements as shown in Fig. 2.8. The soil temperatures were predicted
for 0.5 cm depth in HRU#20001, while the measurements were acquired at 2 cm depth
from WS#8. It is apparent that SWAT underestimated snow depths in winters of 2001,
2008, and 2009. Accordingly, predictions were lower than measured soil temperatures for
these periods (Fig. 2.8). In contrast, SWAT overestimated snow depths in winters of 2004,
2005, and 2006 and, as a result, predictions were higher than measured soil temperatures
for these periods (Fig. 2.8). Measured soil temperatures varied more dramatically than
their predicted counterparts with the lowest values near -10˚C (in 2004). Discrepancies
between predictions and measurements could be attributed to the snow module of SWAT.
The results indicated that snow accumulation and melt processes played a significant role
in defining soil temperature. More accurate predictions of snow depths could potentially
improve the prediction accuracy of soil temperature with the new soil-temperature
module. Future work is recommended to improve SWAT with respect to its simulation of
snow cover evolution.
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Figure 2.8 Predicted and measured daily snow depths and soil temperatures from 2001 to 2010. Predicted soil temperatures are
derived from 0.5 cm depth, while measured soil temperatures are derived from 2 cm depth.

2.3.4

Improvement in Stream Flow Prediction

Observed and simulated monthly water flow from 1992 to 1994 is shown in Fig. 2.9.
Accuracy assessments of both versions of SWAT are shown in Table 2.7. Compared with
original-SWAT, modified-SWAT improved the accuracy of simulating the base flow
discharge over three years (R2 and NS increased from 0.75 and 0.71 to 0.84 and 0.80,
respectively), with a significant increase in Re (from -25 to -3). As demonstrated in Fig.
2.9a, modified-SWAT generated greater base flow discharge (more consistent with the
estimates) during early winter (December) and the snowmelt season (April), as a result of
improved estimates of infiltration and percolation. However, there was little improvement
in simulating the total stream discharge with modified-SWAT (Table 2.7). Annual total
water discharge simulated by both models was nearly equal over three years (Fig. 2.9b).
However, the amount of water flowing through different pathways (surface runoff, lateral
flow, and percolation) simulated with modified-SWAT were clearly different from those
of original-SWAT.

Table 2.7 Model performance in simulating base flow and total stream discharge with
original- and modified-SWAT (OSWAT and MSWAT, respectively).
Model
OSWAT

Index Base flow Discharge
Re (%)
-25
-5
2
R
0.75
0.89
NS
0.71
0.89
MSWAT Re (%)
-3
-5
R2
0.84
0.91
NS
0.80
0.90
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Figure 2.9 Observed and predicted monthly (a) base flow and (b) total stream discharge
with original- and modified-SWAT (OSWAT and MSWAT, respectively) at the outlet of
BBW from 1992 to 1994. The “observed” values for base flow were calculated by the
RDF method.
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2.4

Conclusion
In this study, a new physically-based soil-temperature module was developed in

SWAT as a replacement for the original formulation. The new module does not require
any additional input for SWAT. Ten years of measured soil temperatures from one
weather station were split into two subsets: three years of data were used to estimate three
calibration parameters of the new module, and seven years of data were used for
validation. In addition, five years of measured soil temperatures from a different weather
station were used for extra validation. Results indicated that the new module dramatically
improved soil-temperature predictions during winter compared to the original module.
Results also indicated that both soil-temperature modules slightly underestimated soil
temperatures in non-winter seasons, while the new module performed better than the
original one, especially for deeper soil layers. The new soil-temperature module was able
to simulate freeze-thaw cycles and evaluate the impact of snow cover on the variation of
soil ice and water contents in soil profile. Scenario analysis also showed that snow depth
had a significant impact on soil temperature. Discrepancies in soil-temperature
predictions could be attributed to errors in snow accumulation and melt simulated with
SWAT. Thus, future work is needed to improve SWAT with respect to the snow module.
The modified version of SWAT improved the prediction accuracy of base flow discharge
compared with the original version, due to correct estimates of soil temperatures in winter.
The new soil-temperature module has greatly improved the ability of SWAT to predict
soil temperatures for regions influenced by seasonal snow cover.
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CHAPTER 3

ASSESSING AN ENHANCED VERSION OF SWAT ON WATER QUANTITY
AND QUALITY SIMULATIONS IN REGIONS WITH SEASONAL SNOW
COVER
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version of SWAT on water quantity and quality simulation in regions with seasonal snow
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Abstract
Winter soil temperatures simulated with the Soil and Water Assessment Tool (SWAT)
are generally inaccurate in regions influenced by seasonal snow cover, because the
empirically-based soil-temperature module does not account for snow-insulation effects.
This problem, in turn, leads all subsequent projections of water flow and nutrient
loadings to be biased. To address this issue, a physically-based soil-temperature module
was developed and incorporated into SWAT as an alternative to the empirical module in
Chapter 2. It was tested against measured soil temperatures, and results indicated a
significant improvement in predicting winter soil temperatures compared with the
empirical module. In this study, we continued to examine the performance of the
modified version of SWAT (incorporating the new module) in simulating water quantity
and quality as impacted by seasonal snow cover for a small experimental watershed in
New Brunswick, Canada. Simulations of the modified version of SWAT were compared
with those of the original version of SWAT and against field measurements. Results
showed that the modified version of SWAT greatly improved the prediction accuracy of
base flow discharge and nitrate loading. Compared with the original version, the modified
version of SWAT predicted overall lower surface runoff and soil moisture content, as
well as higher percolation and lateral flow in winter, leading to clear differences in the
fate of pollutants. Adding a physically-based soil-temperature module to SWAT is an
important modification making SWAT more relevant to snow-covered regions of the
world.
Keywords: SWAT; snow cover; soil temperature; water quality; infiltration; nitrate
leaching
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3.1

Introduction

With its high albedo, low thermal conductivity, large energy requirement for melting,
and significant soil water input, the snow cover determines the surface energy balance
and soil temperature in snow-dominated regions (Zhang et al., 2008). Since most
biological, chemical, and physical processes are controlled by temperature to various
degrees in the soil (Matthias, 1990; Olness et al., 2001; Rahi and Jensen, 1975; Zhou et
al., 2007), correct description of the relation between snow cover and soil temperature is
critical for climate change studies and watershed management. Studies have shown that
soil temperature under thick snow cover can be 20℃ greater than air temperature, due to
insulation effects of snow (Smith and Riseborough, 2002; Smith, 1975), resulting in
unfrozen soils during winter (Brooks et al., 1998; Levesque et al., 2008). Thick snow
cover serves to insulate the soil surface from cold weather and, as a result, partially
frozen soils can occasionally thaw due to the upward transfer of heat from the deep
ground. Thus, meltwater at the snow-soil interface can enter the soil complex and
percolate to the groundwater, potentially contributing to stream flow at a later time
(Bochove et al., 2000; Levesque et al., 2008). Sediment and nitrates, as well as other
agricultural chemicals, can move either downslope or downward within the soil profile,
leading to significant variations in sediment and nutrient loadings during the year. For
instance, most nitrates are leached from the plant rooting zone over the autumn and
winter periods in Atlantic Canada (He et al., 2012); sediment transport mainly occurs
during the snowmelt period in the same region (Chow and Rees, 2006). As a result, soil
thermal states (i.e., frozen or unfrozen) become the most important factor governing the
dynamics of water flow and consequent soil erosion and nutrient losses (Hardy et al.,
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2001; Zuzel et al., 1982). When soil surface thaws, the top soil can be easily detached by
runoff resulting in massive losses of soils and phosphorus (Panuska et al., 2008;
Rekolainen, 1989). These processes can be intensified by rainfall (i.e., rain-on-snow
events) leading to severe nonpoint source pollution (Schillinger, 2001; Singh et al., 2009).
With unfrozen soils, in contrast, meltwater can infiltrate into deep-soil layers resulting in
reduced sediment and phosphorus loadings (Bochove et al., 2000; Su et al., 2011). Thus,
the accurate prediction of soil temperature is important for watershed modeling in regions
with seasonal snow cover (Matthias, 1990; Olness et al., 2001; Rahi and Jensen, 1975;
Zhou et al., 2007).
Among many watershed models, Soil and Water Assessment Tool (SWAT) has been
tested the most and used to solve complex watershed management problems in many
regions around the world (Ahmad et al., 2011; Cao et al., 2009; Dakhlalla and Parajuli,
2015; Debele et al., 2010; Li et al., 2015; Li et al., 2016; Maier and Dietrich, 2016;
Uniyal et al., 2015; Yang et al., 2009a). It is designed to simulate hydrological processes
and predict water quantity and quality as affected by land use, land management practices,
and climate change (Arnold et al., 1998). It provides a flexible framework that allows for
the simulation of watershed processes under a wide range of watershed management
practices (Gassman et al., 2005; Ullrich and Volk, 2009). However, studies from regions
with seasonal snow cover have shown that SWAT tended to underestimate base flow
discharge and nitrate-nitrogen (NO3-N) loading during winter (Li et al., 2014a; Yang et
al., 2012; Yang et al., 2009a), and predictions of sediment and soluble-phosphorus (Sol-P)
loading were also biased (Yang et al., 2009a). It was speculated that a major source of
these discrepancies was likely associated with incorrect estimates of soil temperatures
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with the empirically-based soil-temperature module within the current version of SWAT
(Bélanger, 2009). This empirical formulation, in general, works well in summer and
winter for many applications to warm regions of the world. However, SWAT-predictions
of soil temperatures rarely agree with field measurements in regions where substantial
snow accumulates during winter, such as in Atlantic Canada (Yang et al., 2009a).
In SWAT, daily soil temperatures are determined empirically as a function of the
previous day’s soil temperature at a certain depth, the average annual air temperature, the
current day’s soil surface temperature, and position in the soil profile. A weighting factor
is incorporated accounting for the impacts of snow and plant-canopy cover on soil
temperatures. Also, a lag coefficient is included to address the influence of the previous
day’s temperature on the current day’s temperature. This empirical module does not
simulate freeze-thaw cycles, because phase changes of water in soils are not considered
in the current version of SWAT. Studies have found that the empirical module was able
to reproduce seasonal trends of soil temperature fairly well for the Canadian Boreal
Plains in spring, summer, and autumn, with a slight increase in the lag coefficient
(Bélanger, 2009). However, the module tended to underestimate winter soil temperatures
even with an adjustment of the lag coefficient (Bélanger, 2009). Snow has a high surface
albedo and high emissivity contributing to the low thermal conductivity protecting the
ground from excessive heat loss in winter (Zhang, 2005). Although the current version of
SWAT has considered such effects through incorporation of correction factors, it fails to
address physical processes controlling soil temperature. Thus, SWAT cannot attend to the
complex hydrological and biochemical processes associated with the presence of snow
cover (Bélanger, 2009).
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Soil temperature is controlled by many factors, such as atmospheric radiation and
temperature, seasonal snow and vegetation cover, and soil texture and moisture content
(Ling and Zhang, 2004). These factors cannot be addressed by an empirical formulation
because they are highly variable and interrelated. In contrast, a physically-based approach
can account for these interactions and potentially provide a more accurate prediction of
soil temperature (Ling and Zhang, 2004; Qi et al., 2016). In Chapter 2, we have
developed a physically-based soil-temperature module for SWAT to address the
insulation effects of snow (Chapter 2; Qi et al., 2016). Instead of considering soil
temperature as a function of air temperature, the new soil-temperature module simulates
temperature change in snow and the soil as a result of heat conduction and latent heat
exchange. Compared with the empirical module, the new module is able to estimate snow
or soil surface temperature based on an energy balance, update thermal properties of
snow and soil layers according to changes in snow density and soil moisture, and
simulate freeze-thaw cycles in the soil profile. The new module was tested with field
measurements from a small experimental watershed in Atlantic Canada, demonstrating a
great improvement in prediction of soil temperatures (Chapter 2). Meanwhile, it remains
unknown if the improvement in predicting soil temperature can lead to better estimates of
water flow and sediment and nutrient loadings. The objective of this study is to assess the
performance of the modified version of SWAT (incorporating the new soil-temperature
module; to be referred to as modified-SWAT) in predicting water quantity and quality as
affected by seasonal snow cover. Specifically, the modified version of SWAT was tested
against field measurements and simulations of the original SWAT model (to be referred
to as original-SWAT) in the small experimental watershed in Atlantic Canada.
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3.2

Materials and Methods

3.2.1

Study Site and Data Collection

The study site, i.e., Black Brook Watershed (BBW), is located in northwestern New
Brunswick (NB), Canada (Fig. 3.1). The watershed is strongly influenced by maritime
climate and considered as a typical example representing Atlantic Canada’s environment
(Chow et al., 2011). The watershed covers an area of 14.5 km2, with 65% of the area
being agricultural land, 21% forest land, and 14% residential areas and wetlands (Fig. 3.1;
Chow et al., 2011). The climate of the region is considered to be moderately cool-boreal
with approximately 120 frost-free days (Mellerowicz, 1993; Yang et al., 2009a). The
average temperature and annual precipitation are 3.7˚C and 1037.4 mm, respectively
(Zhao et al., 2008). About one-third of the annual precipitation is in the form of snow.
Snowmelt is a major source of surface runoff and groundwater recharge from March to
May (Chow and Rees, 2006). Elevation in the watershed ranges from 170 to 260 m
above mean sea level. Slopes vary from 1-6% in the upper part to 4-9% in the central part
of the watershed. In the lower part of the watershed, slopes are more strongly rolling at 516%. Soil surveys (1:10,000 scale) identified six mineral soils, i.e., Grandfalls,
Holmesville, Interval, Muniac, Siegas, and Undine, and one organic soil, St. Quentin
(Mellerowicz, 1993).
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Figure 3.1 Location of the BBW and water-monitoring and weather stations in New
Brunswick. General land use is also indicated for BBW.

A land use survey has been conducted each year since 1992, recording changes in land
use and management practices, including crop rotations, tillage operations, fertilizer
applications and best management practices (BMPs) implementations in each agricultural
field. Flow diversion terraces and grassed waterways have been continuously
implemented in BBW from the early 1990’s. Until 2010, more than half of the
agricultural lands have been protected by those measures (Yang et al., 2010). A watermonitoring station was established in 1992 at the outlet of the watershed (MS#1; Fig. 3.1).
The stage height of water has been monitored and converted to flow rates for the
calculation of discharge (Chow et al., 2011). Water samples were collected with an ISCO
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automatic sampler (Chow et al., 2011). Sampling frequency was set at one sample every
72 hours, when runoff was absent. During runoff events, sampling frequency was
increased to one sample every 5-cm increment in stage height. Samples were analyzed for
concentrations of suspended solids, NO3-N, and Sol-P. Weather data, including daily
precipitation, air temperature, relative humidity, and wind speed, were acquired from the
St. Leonard Environment Canada weather station, approximately 5 km from BBW (Fig.
3.1). Daily average relative humidity and wind speed were calculated from hourly values.
Solar radiation and soil temperatures at soil depths of 2, 5, 10, 20, 30, 50, and 100 cm
from 2001 to 2010 were obtained from WS#8, approximately 10 km from BBW (Fig.
3.1).
3.2.2

SWAT Setup, Calibration, and Validation

A high-resolution LiDAR (light and radar) based digital elevation model was used to
delineate the watershed and derive topographic features of the watershed. Soil, land use,
and management data for SWAT were based on soil and land use surveys. During SWAT
initialization, HRUs were managed to be spatially associated with specific fields in BBW
by assigning unique land use IDs to the individual fields. Thus, parameters relevant to
crop rotation and management practices of each field were modified for each
corresponding HRU. The present study also modified the terracing and grassed
waterways operation files within SWAT to address impacts of these soil conservation
measures on water quantity and quality. Parameters associated with these measures were
modified according to values published in the scientific literature (Cronshey, 1986; Haan
et al., 1994; Wischmeier and Smith, 1978; Yang et al., 2010; Yang et al., 2009b), and are
given in Table 3.1.
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Table 3.1 Parameter values adjusted for terracing and grassed waterways for both
versions of SWAT.
BMPs
Terracing

Grassed
waterways

Parameter
TERR_P
TERR_CN
TERR_SL
GWATN
GWATSPCON
GWATD
GWATW
GWATL
GWATS

Meaning
USLE practice factor
Initial SCS curve number II
Mean slope length (m)
Manning’s N value
Sediment linear parameter
Depth of grassed waterway
Mean width of grassed waterway (m)
Length of grassed waterway
Mean slope of grassed waterways

Value
0.1 to 0.15
50
25-100
0.35
0.005
3/64×GWATW
5
HRU length
0.75×HRU slope

Both versions of SWAT were calibrated using monitored water data from 1992 to 2001
and validated using data from 2002 to 2011. For original-SWAT, calibration was
conducted with the SWAT Calibration Uncertainty Programs (SWAT-CUP) tool, ver.
5.1.6 (Abbaspour et al., 2007). We initially calibrated monthly base flow and total stream
discharge. Base flow discharge was based on previously reported values calculated by the
recursive digital filter (RDF) method (Li et al., 2014b; Zhang et al., 2013). Further
calibration was conducted by comparing modeled monthly sediment, NO 3-N, and Sol-P
loadings with field measurements. For modified-SWAT, the new soil-temperature
module was first calibrated with measured daily soil temperatures. Three parameters were
adjusted until module-predicted temperatures in the testing HRU#20001 converged to
measurements from WS#8 for the period 2001-2010. Finally, the calibrated values were
applied to all HRUs for further simulation. The HRU#20001 was selected due to its
similarity in site conditions to those of WS#8 in terms of soil type (Holmesville),
topographic (flat), and land cover (grass) characteristics. Since depth to the center of each
soil layer was fixed in SWAT, soil temperature measurements from the depth closest
were used in the comparison. Although slight differences might exist between simulation
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and measurement depths, the error was expected to be small (Qi et al., 2016). Afterward,
modified-SWAT was calibrated against monthly water quantity and quality data, similar
to the calibration of original-SWAT (Yang et al., 2009a).
3.2.3

Statistical Evaluation

Soil temperature estimates with both versions of SWAT were compared with
measurements based on evaluations of two statistical indexes, i.e., arithmetic mean and
bias (mean of simulations – mean of measurements). Model performance in simulating
water quantity and quality at the outlet of BBW was assessed based on three coefficients
of accuracy, i.e., relative error (Re), coefficient of determination (R2), and Nash-Sutcliffe
coefficient (NS; Nash and Sutcliffe, 1970), given as:
𝑅𝑒 =

(𝑃𝑎𝑣𝑔− 𝑂𝑎𝑣𝑔 )

𝑅2 = (

𝑂𝑎𝑣𝑔

∙ 100%

∑𝑛
𝑖=1(𝑂𝑖 −𝑂𝑎𝑣𝑔 )∙(𝑃𝑖 −𝑃𝑎𝑣𝑔 )
2

(3-1)
2
2 0.5

𝑛
[∑𝑛
𝑖=1(𝑂𝑖 −𝑂𝑎𝑣𝑔 ) ∙∑𝑖=1(𝑃𝑖 −𝑃𝑎𝑣𝑔 ) ]

𝑁𝑆 = 1 −

2
∑𝑛
𝑖=1(𝑂𝑖 −𝑃𝑖 )

)

(3-2)

(3-3)

2

∑𝑛
𝑖=1(𝑂𝑖 −𝑂𝑎𝑣𝑔 )

where Oi and Pi are the observed and predicted values, whereas Oavg and Pavg are the
averages of the observed and predicted values, respectively. In addition, the average
monthly values of water flow through different paths (e.g., surface runoff, lateral flow,
and percolation) and nutrient loadings through different pathways (e.g., surface and
subsurface runoff and sediment transport) for winter (December-February), the snowmelt
season (March-May), and other parts of the year (June-November) from 1992 to 2011
were calculated for the two versions of SWAT to compare the relative difference.
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3.3

Results and Discussion

3.3.1

Soil Temperature Calibration

Simulated daily soil temperatures (at 0.5-cm depth) against measurements (at 2 cm
depth) are shown in Fig. 3.2. Statistical assessments of soil-temperature modules based
on winter (December through to April) and non-winter seasons are shown in Table 3.2. In
general, simulated soil temperatures were consistent with measurements during nonwinter seasons, averaging 14.7, 11.3, and 12.4˚C, for measurements and estimates from
the original and new modules, respectively (Fig. 3.2; Table 3.2). In winter, the original
module severely underestimated soil temperatures, while the new module produced more
accurate estimates (Fig. 3.2). Mean soil temperatures were 0.5, -9.3, and 1.2˚C for the
field measurements and modeled estimates from the two modules, respectively (Table
3.2), with a magnitude of bias decreasing dramatically from 9.8 to 0.7˚C (Table 3.2). It is
worth noting that the new soil-temperature module predicted unfrozen soils for most of
the days in winters from 2001 to 2010; however, soils were actually frozen for many of
those days, due to shallow snow cover (e.g., 2004 and 2005; Fig. 3.2). These
discrepancies were partially due to an overestimation of snow depth. We suspect that the
temperature index-based snowmelt module is incapable to address rain-on-snow events,
which play a significant role in the surface energy balance and snow cover evolution in
Atlantic Canada.
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OSTM

NSTM

Figure 3.2 Comparisons of daily soil temperatures simulated with the original and new
soil-temperature modules (OSTM and NSTM, respectively) vs. field measurements from
2001 to 2010 in HRU#20001.

Table 3.2 Statistical assessments of the original and new soil-temperature modules
(OSTM and NSTM, respectively) for winter (December-April) and non-winter seasons
from 2001 to 2010.
Measured OSTM NSTM
2 cm
0.5 cm 0.5 cm
Non-winter Mean (˚C)
14.7
11.3
12.4
Bias (˚C)
—
-3.4
-2.3
Winter
Mean (˚C)
0.5
-9.3
1.2
Bias (˚C)
—
-9.8
0.7
Period

Index
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3.3.2

Performance of SWAT in Modeling Water Quality and Quantity

Simulated and observed water flow and sediment and nutrient loadings during
calibration and validation are shown in Figs. 3.3 and 3.4. Both versions of SWAT were
able to capture the variations of total stream discharge and sediment and Sol-P loadings
in both periods (Figs. 3.3b, c, and e, and Figs. 3.4b, c, and e, respectively). However,
peak base flow and NO3-N loadings were consistently delayed with original-SWAT
during the snowmelt season, whereas modified-SWAT correctly captured these major
events for both periods (Figs. 3.3a and d, and Figs. 3.4a and d, respectively).
Improvements were realized as a result of correct estimates of soil temperatures leading
to increased infiltration and nitrate leaching, which were exported to streams through
base flow discharge (Figs. 3.3a and d and 3.4a and d).
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Figure 3.3 Observed and simulated monthly (a) base flow, (b) total flow discharge, and
(c) sediment, (d) NO3-N, and (e) Sol-P loadings by original- and modified-SWAT
(OSWAT and MSWAT, respectively) at the outlet of BBW from 1992 to 2001. The
“observed” values for base flow were calculated with the RDF method.
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Figure 3.4 Observed and simulated monthly (a) base flow, (b) total flow discharge, and
(c) sediment, (d) NO3-N, and (e) Sol-P loadings by original- and modified-SWAT
(OSWAT and MSWAT, respectively) at the outlet of BBW from 2002 to 2011. The
“observed” values for base flow were calculated with the RDF method.
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Assessments of original- and modified-SWAT for both periods are shown in Table 3.3.
During calibration, original-SWAT underestimated base flow discharge (Re = -24.6),
while modified-SWAT provided more accurate estimates (Re = -5.3), resulting in
improvement in R2 and NS (R2 and NS increased, from 0.25 to 0.59 and from 0.14 to
0.57, respectively; Table 3.3). As a result, improvements in simulations of NO3-N
loadings were also realized. Table 3.3 shows that original-SWAT performed poorly in the
simulation of NO3-N loading, with low R2 and NS, while modified-SWAT improved the
simulation accuracy (R2 and NS increased, from 0.09 to 0.42 and from -0.31 to 0.36,
respectively). As for total stream discharge and sediment and Sol-P loadings, modifiedSWAT performed slightly better than original-SWAT (increases in NS ranged from 0.05
to 0.07; Table 3.3); Re values were all within an acceptable range for both models
(Moriasi et al., 2007). It is worth noting that modified-SWAT slightly underestimated
sediment loading (Re = -16.6) due to increased infiltration and reduced surface runoff.
During validation, original-SWAT underestimated base flow discharge (Re = -12.5),
while modified-SWAT improved its prediction (Re = -1.9; R2 and NS increased, from
0.48 to 0.82 and from 0.42 to 0.82, respectively; Table 3.3). In addition, modified-SWAT
also improved the accuracy of simulating NO3-N loading (R2 and NS increased, from
0.18 to 0.36 and from -0.33 to 0.30, respectively; Table 3.3). However, both models
overestimated total stream discharge (Re = 17.7 and 16.1 for original- and modifiedSWAT, respectively) and sediment (Re = 37.8 and 12.9) and NO3-N loadings (Re = 19.6
and 22.9), and underestimated Sol-P loading (Re = -18.1 and -31.2), due to the lack of
detail associated with the impact of BMPs. In the early 2000’s, the usage of flow
diversion terraces and grassed waterways doubled. Although we have set terracing and
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grassed waterways modules for both versions of SWAT, TERR_CN and P-factor values
from literature could be inaccurate for the study site. Also, the current terracing module
has been reported not to perform well in some studies, due to its over simplification
(Shao et al., 2013; Yang et al., 2009b). For instance, overestimation of total steam
discharge may not be solved by an adjusted TERR_CN alone, and calibration of other
relevant parameters is required as well. Despite all this, we still can conclude that
modified-SWAT performed better than original-SWAT, especially in simulating base
flow discharge and NO3-N loading.

Table 3.3 Model performance in simulating water flow and sediment and nutrient
loadings for original- and modified-SWAT (OSWAT and MSWAT, respectively) during
the calibration and validation phase of the work.
Period

Model

Calibration

OSWAT

Validation

Index Base flow Discharge Sediment NO3-N Sol-P
Re (%)
-24.6
5.4
9.2
-7.4
9.9
R2
0.25
0.58
0.49
0.09
0.30
NS
0.14
0.53
0.44
-0.31
0.24
MSWAT Re (%)
-5.3
3.9
-16.6
2.6
3.8
R2
0.59
0.61
0.49
0.42
0.31
NS
0.57
0.60
0.49
0.36
0.31
OSWAT Re (%)
-12.5
17.7
37.8
19.6 -18.1
R2
0.48
0.85
0.39
0.18
0.50
NS
0.42
0.71
-0.06
-0.33
0.44
MSWAT Re (%)
-1.9
16.1
12.9
22.9 -31.2
R2
0.82
0.88
0.34
0.36
0.57
NS
0.82
0.82
0.01
0.30
0.54
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3.3.3

SWAT Parameterization

Calibrated parameters for both models are provided in Table 3.4. Compared with
original-SWAT, modified-SWAT generated lower peak flow during snowmelt due to
increased infiltration. To compensate for this effect, Smtmp (snowmelt base temperature)
and Sftmp (snowfall temperature) increased from 0oC (for original-SWAT) to higher
values to accumulate more snow on the ground for melting (Table 3.4). However,
increasing these two parameters shifted the peaks after the snowmelt period. To
compensate for this effect, Timp (snow cover temperature lag factor) was adjusted from
0.01 to 0.15, indicating that air temperature exerted a greater influence on snow
temperature. Meanwhile, Smfmx (maximum melt factor) and Smfmn (minimum melt
factor) were adjusted to increase the melting rate for higher peak flow during the
snowmelt period (Table 3.4).
As infiltration increased with modified-SWAT, CDN (denitrification rate coefficient)
was adjusted from 0.17 (for original-SWAT) to 0.04 to reduce denitrification rates
leading to more nitrate leaching in winter and the snowmelt season. Parameter Slsoil
(slope length for lateral flow) was reduced to increase lateral flow corresponding to
increased infiltration. Sediment-related parameter Slsubbsn (average slope length for
subbasins) and P-related parameters P_Updis (phosphorus uptake distribution coefficient)
and Phoskd (phosphorus soil partitioning coefficient) was increased to produce greater
sediment and Sol-P loadings, respectively, to compensate for a decreased in surface
runoff with modified-SWAT.
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Table 3.4 Parameters adjusted during calibration of original-SWAT (parametersⅠ) and
modified-SWAT (parametersⅡ).
Parameter
Smtmp
Sftmp
Smfmx
Smfmn
Timp
Surlag
Alpha_Bf
Gw_Delay
Revapmn
Rchrg_Dp
Esco
Epco
Canmx
Sol_Awc
Slsoil
Slsubbsn
CDN
SDNCO
N_Updis
Phoskd
P_Updis

Unit
Default ParametersⅠ ParametersⅡ
˚C
0
0
0.38
˚C
0
0
0.18
mm ˚C-1 day-1
4.5
7.2
9.73
mm ˚C-1 day-1
4.5
2.5
3.53
—
1
0.05
0.15
—
4
0.75
0.75
day
0.048
0.04
0.04
day
31
1
1
mm
1
500
500
—
0.05
0
0
—
0.95
0.17
0.17
—
1
0.97
0.97
mm
0
0.5/2f
0.5/2f
—
default
×1.1
×1.1
m
default
× (1-0.1)
× (1-0.5)
m
default
× (1-0.1)
× (1-0.85)
—
1.4
0.17
0.04
—
1.1
1
1
—
20
100
100
—
175
200
155
—
20
50
20

Note: “f” refers to forest land.
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3.3.4

Impacts on Water Flow and Nutrient Transport

Table 3.5 gives simulated average monthly water flow and nutrient loadings through
different pathways for different periods of the year. Modified-SWAT generated less
surface runoff and more lateral flow and percolation than original-SWAT for winter and
the snowmelt season. Meanwhile modified-SWAT produced less nitrates in surface
runoff and more nitrates in lateral flow and percolation (Table 3.5). Obviously, the
changes in water flow were consistent with changes in nitrate transport through different
pathways (Table 3.5). More than 50% of the total surface and lateral flow, as well as total
percolation, were produced during the snowmelt season, and about 10% during winter
(Table 3.5). Meanwhile, 40% of total nitrates were leached during the snowmelt season
and 7% during winter (Table 3.5). These results imply that nitrate leaching in winter,
especially during the snowmelt season, should be given more attention when managing
agricultural watersheds in Atlantic Canada.
In addition, soil moisture simulated by modified-SWAT was less than that of originalSWAT in winter and the snowmelt season (Table 3.5). Original-SWAT tended to
accumulate infiltrated water in upper layers of the frozen soil (Levesque et al., 2008),
while modified-SWAT predicted lower water retention due to unfrozen soils. Decreases
in organic-N and organic-P loadings with modified-SWAT were directly related to the
reduction in sediment loading during winter and the snowmelt season. In other parts of
the year, not many differences were observed in average monthly water flow and nutrient
loadings between the two models, except that modified-SWAT produced more lateral
flow and nitrate loadings than original-SWAT (Table 3.5).
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Table 3.5 Average monthly water flow and nutrient loadings for winter (December-February), the snowmelt season (March-May),
and other parts of the year (June-November) from 1992 to 2011 simulated with the two versions of SWAT (OSWAT and MSWAT,
respectively). Values in brackets are ratios of average water flow and nutrient loadings for the current period to the annual total.
Water and nutrient
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Other seasons (Jun. - Nov.)
Snowmelt (Mar. - May)
Winter (Dec. - Feb.)
OSWAT
MSWAT
OSWAT
MSWAT
OSWAT
MSWAT
Surface runoff (mm)
15.97 (0.24) 13.55 (0.38) 83.54 (0.64) 37.54 (0.53) 15.04 (0.12)
6.00 (0.08)
Lateral flow (mm)
3.55 (0.57) 10.88 (0.41)
5.10 (0.41) 27.54 (0.52)
0.18 (0.01)
4.11 (0.08)
Percolation (mm)
20.46 (0.44) 18.26 (0.33) 52.73 (0.56) 65.73 (0.60)
0.02 (0.00)
7.26 (0.07)
Soil moisture (mm)
119.98 (0.43) 114.55 (0.49) 146.45 (0.26) 123.99 (0.26) 172.97 (0.31) 117.82 (0.25)
NO3-N in surface runoff (kg ha-1)
0.07 (0.26)
0.06 (0.44)
0.34 (0.65)
0.14 (0.49)
0.05 (0.09)
0.02 (0.07)
-1
NO3-N in lateral flow (kg ha )
0.19 (0.82)
0.48 (0.70)
0.08 (0.17)
0.35 (0.26)
0.00 (0.01)
0.06 (0.04)
-1
NO3-N in percolation (kg ha )
3.28 (0.61)
3.12 (0.52)
4.11 (0.38)
4.76 (0.40)
0.00 (0.00)
0.88 (0.07)
Organic-N loading (kg ha-1)
0.80 (0.17)
0.80 (0.21)
6.76 (0.72)
5.56 (0.73)
0.97 (0.10)
0.50 (0.07)
-1
Organic-P loading (kg ha )
0.11 (0.18)
0.11 (0.22)
0.84 (0.72)
0.69 (0.72)
0.12 (0.10)
0.06 (0.07)

3.4

Conclusion

In Chapter 2, a physically-based soil-temperature module was developed for SWAT to
address insulation effects of snow. It was tested using measured soil temperatures from a
small experimental watershed in Atlantic Canada; results showed that the prediction
accuracy was improved for winter. The present study evaluated the performance of the
modified version of SWAT in simulating water quantity and quality as impacted by
seasonal snow cover for the same watershed. Specifically, the modified version of SWAT
was tested against field measurements and simulations of the original-SWAT. The results
indicated that the modified version of SWAT dramatically improved the prediction of
base flow discharge and nitrite loading compared to the original version. Taking into
account the impact of thick snow cover, modified-SWAT generated lower amounts of
surface runoff and more percolation, resulting in decreased amounts of nitrates in the
surface runoff and increased leaching. Thus, we suggest that significant losses of nitrates
during winter and the snowmelt season should be given more attention in Atlantic
Canada. The modified version of SWAT is potentially applicable to regions influenced
by seasonal snow cover; soil temperature predictions can be improved in areas, where
soil surface temperature may be higher than air temperature in winter. In warm climate
regions, such as southern North America, where the original version of SWAT has been
tested the most, the modified version of SWAT would probably not perform any better.
More tests are needed.
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CHAPTER 4

MODIFYING SWAT WITH AN ENERGY BALANCE MODULE TO SIMULATE
SNOWMELT FOR MARITIME REGIONS

Qi, J., Li, S., Jamieson, R., Hebb, D., Xing, Z., Meng, F.R., 2017. Modifying SWAT with
an energy balance module to simulate snowmelt for maritime regions. Environmental
Modelling & Software, 93:146-160.
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Abstract
Rain-on-snow events are typical in maritime climates, and they can cause serious floods
and excessive losses of soils and nutrients. It is assumed that energy balance snowmelt
models (EBMs) perform better in simulating these events than temperature index models
(TIMs), due to their consideration of physical conditions. In this study, an energy balance
snowmelt model was modified and integrated with the Soil and Water Assessment Tool
(SWAT) to predict snowmelt for maritime regions. The modified EBM was tested against
field measurements and simulations of the currently used TIM in SWAT for eight
watersheds across Atlantic Canada. Results indicated that the EBM improved the
accuracy of predicting snowmelt compared with the TIM, especially for watersheds with
low forest cover, mainly due to improved simulations of rain-on-snow events. In addition,
the EBM was able to provide reliable estimates of snow depths important for simulating
soil temperatures during winter in Atlantic Canada. We recommended using EBM in the
application of SWAT to maritime regions of the world, especially for ungauged snowcovered watersheds.
Keywords: rain-on-snow; SWAT; snowmelt; flow rate; energy balance; maritime region
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4.1

Introduction

Snowmelt plays an important role in hydrologic processes for snow-covered basins
(Zeinivand and De Smedt, 2009). Meltwater is the most important component of total
water discharge during the snowmelt season (Ohmura, 2001) and has significant
influences on flooding, contaminant transport, water supply, and soil erosion (Male,
1981). Knowledge of the timing of snowmelt and quantity of meltwater is crucial in
assessing environmental impacts of soil erosion, nutrient leaching, and pollutant loading
(Burwell et al., 1975; Harr, 1981; Johnsson and Lundin, 1991). Snowmelt occurs not only
during the early spring snowmelt season as a result of increased solar radiation, but also
in the pre-snowmelt season due to rain-on-snow events (USACE, 1998). Rain-on-snow is
a common feature in various maritime regions, such as western United States, western
Europe, and Atlantic Canada, as well as many mountainous areas in the southern
hemisphere, due to warm air from oceans bringing heavy rains on snow-covered land
(Cohen et al., 2015). Significant rain-on-snow events occur predominantly in northern
maritime climates, covering 8.4 × 106 km2 (Putkonen and Roe, 2003). Under a standard
climate change scenario, a global climate model predicted a 40% increase in rain-onsnow influenced areas by 2080-2089 (Putkonen and Roe, 2003). Rain-on-snow plays a
significant role in generating high stream flows and has greater potential to generate
serious floods than does a short period of radiation-induced snowmelt (Kattelmann, 1985;
Kattelmann, 1987; Singh et al., 1997). As a result, many studies have been conducted to
investigate the mechanism and characteristics of rain-on-snow induced runoff (Brunengo,
1990; DeWalle and Rango, 2008; Kattelmann, 1987; Marshall et al., 1999; Meng et al.,
1995; Smith, 1974; USACE, 1998).
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Physical factors controlling snowmelt have been intensively studied and documented
(Anderson, 1968; Anderson, 1976; DeWalle and Rango, 2008; Male, 1981; USACE,
1998). Two methods are commonly used to estimate snowmelt in hydrological models.
One approach is based on simple temperature index models (TIMs) with the assumption
that temperature is the major driving force of snowmelt (Ohmura, 2001); another is the
energy balance approach taking into account energy exchanges at the snow-air and snowsoil interfaces and energy storage within the snowpack (Dingman, 2015). It is
hypothesized that the energy balance model (EBM) performs better than the TIM in
simulation of snowmelt, when the temperature is not the only influential factor. For
instance, sensible and latent heat become substantial sources of energy leading to a
significant amount of snowmelt, when a combination of warm temperature plus high
humidity and wind speed prevail (Debele et al., 2010). Studies have shown that snowmelt
generated during rain-on-snow events is most sensitive to turbulent energy exchanges
between the air and snow surfaces (van Heeswijk et al., 1996). As a result, the TIM tends
to underestimate snowmelt in the pre-snowmelt and snowmelt seasons, because it does
not take into account other factors, such as wind speed.
Most watershed-scale hydrological models adopt the TIM approach because the EBM
is perceived to require additional meteorological and topographic inputs (Beven et al.,
1995; Fontaine et al., 2002; Haith and Shoenaker, 1987; Young et al., 1989). However,
many studies have shown that the EBM could perform equivalently or even better than
the TIM in snowmelt prediction without extra data requirements (Walter et al., 2005). For
example, different forms of the EBM incorporated into the Soil and Water Assessment
tool (SWAT) have been tested in several studies (Debele et al., 2010; Fuka et al., 2012;
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Walter et al., 2005; Zhang et al., 2008). Zhang et al. (2008) compared performance in
simulating monthly runoff between three snowmelt models for a large mountainous
watershed (a headwater watershed of Yellow River in China). The performance of the
EBM was found better than that of TIM, especially when there was little observed data
available for model calibration. Debele et al. (2010), in contrast, found that the EBM did
not perform better than the TIM in simulating daily runoff for three different watersheds
(two small watersheds in Montana in the US, and one large watershed of the Yellow
River in China). Since the calibrated parameters of the EBM remained the same for the
three study watersheds, the authors concluded that the EBM required calibration for
different environmental conditions. Nevertheless, Walter et al. (2005) demonstrated that
the EBM performed equivalently or better than the TIM in simulating the snow water
equivalent in four study sites (in VT, NY, MN, and ID, USA) without calibration for
individual sites. Although many tests have been conducted, none of these has focused on
the performance of the EBM in rain-on-snow conditions or in maritime climates. The
objectives of this study are to: (1) modify an EBM to integrate with SWAT; (2) test the
performance of the EBM in simulating snowmelt, induced by rain-on-snow events,
against field measurements and simulations of the TIM in SWAT for eight watersheds
across Atlantic Canada; and (3) test the performance of the EBM in simulating snow
depths against field measurements from two sites in Atlantic Canada.
4.2

Soil and Water Assessment Tool

Soil and Water Assessment Tool is currently one of the most widely used hydrological
models for water resource assessment and watershed management (Gassman et al., 2007;
Santhi et al., 2006; Yang et al., 2009a; Yang et al., 2009b). It is designed to simulate
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hydrological processes and predict water quantity and quality as affected by land use,
land management practices, and climate change (Arnold et al., 1998; Gassman et al.,
2007). The model provides a flexible framework that allows for simulating the impact of
a broad range of best management practices, such as those associated with the application
of fertilizer and manure, cover crops, filter strips, conservation tillage, irrigation
management, and flood-prevention structures (Gassman et al., 2005; Ullrich and Volk,
2009). It is a well-documented open-source model with many modifications for different
research purposes (Cools et al., 2011; Green and Van Griensven, 2008; Holvoet et al.,
2008; Wu et al., 2013; Wu and Liu, 2012).
The SWAT model currently uses a TIM to predict snowmelt (Fontaine et al., 2002).
Specifically, snowmelt is estimated by a time related snowmelt factor, which is a function
of two calibration parameters, maximum and minimum snowmelt rates; Smfmx, assumed
to occur on December 21st in the northern hemisphere and Smfmn, assumed to occur on
June 21st, respectively. Although the TIM takes into account the impact of seasonal
variation in solar radiation, it tends to underestimate snowmelt during rain-on-snow
events, which are associated with sensible and latent heat. In addition, the TIM also takes
into account effects of cold content and meltwater percolation processes in snowpack by
introducing a calibration parameter, i.e., snow temperature lag factor (Timp). The effects
of unevenly distributed snow cover are accounted for by two parameters, the threshold
depth of snow at 100% coverage (SNOCOVMX) and a fraction of this threshold depth
that provides 50% coverage (SNO50COV). To account for orographic effects on
snowmelt, SWAT allows up to ten elevation bands in each subbasin. The snow
accumulation, spatial depletion, and snowmelt are calculated within each elevation band
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and weight-averaged in subbasins. However, the TIM of SWAT ignores other important
spatial factors, such as land use, aspect, and slope (Debele et al., 2010; Dingman, 2015;
Fuka et al., 2012).
4.3

Modification of SWAT

In this study, source code of SWAT2009 was modified using the Compaq Visual
FORTRAN Ver. 6.6 (Compaq Computer Corporation, Houston, TX, USA) with respect
to the snowmelt module. Specifically, the snom file in the source code was replaced with
a new file named snowmelt, which was coded with an energy balance snowmelt module.
Same as snom, snowmelt was called by the surface file to predict snowmelt for individual
HRUs. The present version of snowmelt did not consider the elevation band feature. An
algorithm was developed to calculate the mean aspect values of HRUs based on a digital
elevation model (DEM) using ArcGIS 9.3 (Fig. 4.1). Specifically, an aspect raster was
created using the Aspect tool based on the DEM. The Zonal tool was then used to
calculate the mean aspect values based on the HRU polygon generated with the
ArcSWAT interface. Then, the mean aspect values were formatted in a text file named
aspect.asp. Finally, a new FORTRAN file named readasp was added to the main file to
read the mean aspect from the aspect.asp for each HRU as input to the snowmelt file. The
theory of the energy balance module and integration with SWAT are illustrated in the
following section.
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Figure 4.1 Flowchart for aspect determination for HRUs using GIS spatial analysis tools.
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4.3.1

Energy Balance Snowmelt Module

Sources of energy causing snowmelt include both shortwave (Qsn) and longwave (Qln)
net radiation, convection from the air (sensible energy; Qh), vapor condensation (latent
energy; Qe), and conduction from the ground (Qg), as well as the energy contained in
rainfall (Qp). The total energy available for snowmelt is Qm (MJ m-2):
Qm  Qsn  Qln  Qh  Qe  Qg  Qp  Qi

(4-1)

where ΔQi is the change in the internal energy stored in snow, including change of snow
temperature and the freeze and thaw of water and ice (Fig. 4.2).

Figure 4.2 Snow energy balance; Qs_in and Qs_out are the incoming and outgoing
shortwave radiation; Ql_in and Ql_out are the incoming and outgoing longwave radiation;
for other symbols, refer to Eq. 4-1.
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The present study adopted an energy balance scheme developed by USACE (1998) for
SWAT. Since the relative importance of each heat transfer process is highly variable for
specific meteorological and land cover conditions, it is more important to determine
which energy components are the main forces contributing to the snowmelt. The major
advantage of USACE module is that it firstly classifies energy inputs to snowmelt
depending on rain-on-snow and rain-free conditions, and then the major energy
contributing to the snowmelt is further classified based on land cover conditions.
Following USACE (1998), the amount of snowmelt at a point may be expressed by a
general formula:

M k  Qk (0.3349   w  B)

(4-2)

where Qk (MJ m-2) is the energy sources, Mk (mm) is snowmelt produced by different
energy sources (denoted by subscript k corresponding to terms in the right of in Eq. 4-1),
ρw is the density of water (1000 kg m-3), and B is the thermal quality of the snow (ratio of
heat required to melt a unit weight of the snow to that of ice at 0˚C; assumed to be 0.97).
The constant 0.3349 (MJ kg-1) is the latent heat of fusion of ice. Thus, the total snowmelt
M (mm) could be expressed as:

M = M sn + M ln + M h + M e + M g + M p - Mi

(4-3)

It is worth noting that Mi is defined as the cold content of snow.
4.3.2

USACE Module Integration with SWAT

The USACE module is applied to a basin area by introducing calibration parameters,
such as basin wind exposure coefficient, basin shortwave melt coefficient, and effective
forest canopy cover (USACE, 1998). To adopt USACE module at the HRU-level, the
effective forest canopy cover was replaced with the leaf area index, Vc (%), based on
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which the energy for snowmelt was classified (Table 4.1). The classification of leaf area
index was effective for forest land, since agricultural land was covered by snow in winter,
and the leaf area index of plants in winter was assumed to be ≤ 100%. In addition, we
introduced four calibration parameters to adjust influences of shortwave radiation and
turbulent heat exchange, as well as the cold content of the snowpack, on snowmelt in
different weather and canopy cover conditions. The complete formulations are listed in
Table 4.1. Parameters used in the development of the energy balance snowmelt module
are shown in Table 4.2.
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Table 4.1 Generalized snowmelt equations for rain-on-snow and rain-free conditions
with different leaf area index.
Rain-on-snow
Vc >80%
Msn
Mln
Mh
Me
Mp
Mg
Mi
M

0.508
1.3259 ·Ta
0.1841·kv ·v ·Ta
0.675·kv ·v·Ta
0.0126·Pr ·Ta
0.508
0.00625·SNO·Ts

1.27+(3.3833+0.0126·Pr)·Ta
+0.00625·SNO·Ts

0
1.3259·Ta
0.5029 ·Ta
1.6002·Td
0
0
0.00625·SNO·Ts

1.016+(1.3259+0.0126·Pr+0.8591·kv·v)·Ta
+0.00625·SNO·Ts
Rain-free
Vc (60-80%]
0
1.3259 ·Ta
0.1841·kv ·v ·Ta
0.675·kv ·v ·Td
0
0
0.00625·SNO·Ts

1.8288·Ta+1.6002·Td
+0.00625·SNO·Ts

(1.3259+0.1841·
kv ·
v)·Ta+0.675·
kv·v ·Td
+0.00625·SNO·Ts

Vc >80%
Msn
Mln
Mh
Me
Mp
Mg
Mi
M

Msn
Mln
Mh
Me
Mp
Mg
Mi

M

Vc [0-80%]

0.762
1.3259·Ta
0.4572 ·Ta
1.6002 ·Ta
0.0126·Pr ·Ta
0.508
0.00625·SNO·Ts

Vc (10-60%]
2.4282·（1-Vc）·ks ·Rs ·(1-a)
1.3259·Vc·Ta
0.1841·kv ·v ·Ta
0.675·kv ·v ·Td
0
0
0.00625·SNO·Ts

Vc [0-10%]
3.084·ks·Rs ·(1-a)
(1-Cc)·(0.9694·Ta-21.336)+ 1.3259·Cc ·Tc
0.1841·kv ·v ·Ta
0.675·kv ·v ·Td
0
0
0.00625·SNO·Ts

2.4282·(1-Vc)·ks ·Rs ·(1-a)
3.084·ks·Rs ·(1-a)
+( 1.3259·Vc+0.1841·kv ·v )·Ta
+(1-Cc)·(0.9694·Ta-21.336)
+0.675·kv ·v ·Td +1.3259·Cc ·Tc+0.1841·kv ·v ·Ta+0.675·kv ·v ·Td
+0.00625·SNO·Ts
+0.00625·SNO·Ts
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Table 4.2 Parameters used in the energy balance snowmelt module.
Symbol
a
B
Cc
Cp
ds
Dh
De
Ds
ea
es
hc
ks
ks1
kv
kv1
kv2
M
Me
Mg
Mh
Mi
Mln
Mp
Msn
Pr
Qe
Qg
Qh
Qi
Qln
Qm
Qp
Qsn
Rms
Rs
RH
Sftmp
S
SNO
Sa
Sf
Timp
Ta
Tc
Td
Tr
Ts

Parameter
Snow surface albedo
Thermal quality of the snow (0.97)
Cloud cover (fraction)
Specific heat of rain (0.0042 MJ kg-1 ˚C-1)
Days after the previous snowfall (day)
Bulk transfer coefficient for sensible heat (MJ m-3 ˚C-1)
Bulk transfer coefficient for latent heat (MJ m-3 ˚C-1)
Snow depth (mm)
Vapor pressure of the air surface (pa)
Vapor pressure of snow surface (pa)
Cloud base height (m)
Shortwave melt coefficient
Calibration parameter for ks
Wind coefficient
First calibration parameter for kv
Second calibration parameter for kv
Total snow melt(mm)
Latent heat melt (mm)
Ground heat melt (mm)
Sensible heat melt (mm)
Cold content (mm)
Longwave radiation melt (mm)
Precipitation melt (mm)
Shortwave radiation melt (mm)
Rainfall (mm)
Latent heat (MJ m-2)
Ground heat (MJ m-2)
Sensible heat (MJ m-2)
Cold content (MJ m-2)
Longwave net radiation (MJ m-2)
Heat for snowmelt (MJ m-2)
Precipitation heat (MJ m-2)
Short wave net radiation (MJ m-2)
Maximum solar radiation (MJ m-2)
Solar radiation (MJ m-2)
Relative humidity (%)
Snowfall boundary temperature (˚C)
Average slope for HRUs (m m-1)
Snow water equivalent (mm)
Aspect for HRUs (degree)
Snowfall (mm)
Snow temperature lag factor
Air temperature (˚C)
Cloud base temperature (˚C)
Dew point temperature (˚C)
Rain temperature (˚C)
Snow temperature (˚C)
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Ts_pre
Tss
Vc
v
ρs
ρs_pre
ρw
σ
ϵ

Snow temperature in previous day (˚C)
Snow surface temperature (˚C)
Leaf area index (%)
Wind velocity(m s-1)
Snow density (g cm-3)
Snow density in previous day (g cm-3)
Water density (1000 kg m-3)
Stefan-Boltzmann constant (5.735·10-8 W m-2 K4)
Emissivity

4.3.2.1 Shortwave Radiation
The shortwave net radiation Qsn (MJ m-2) is the amount of energy available for
snowmelt, which is determined by
𝑄𝑠𝑛 = (1 − 𝑎) ∙ 𝑅𝑠 ,

(4-4)

where a is the albedo and Rs (MJ m-2) is the daily incident solar radiation. For fresh snow,
a is given a value of 0.8. Without snowfall, a is assumed to decrease with a decay
function after the last snowfall ds (in days):
0.8
α={
0.5 ∙ 𝑒𝑥𝑝(1⁄𝑑𝑠 )0.5

𝑆𝑓 > 0
𝑆𝑓 = 0

(4-5)

where, Sf is the snowfall (water equivalent in mm). The basin shortwave melt coefficient
in USACE (1998) was replaced with the shortwave melt coefficient ks (Table 4.1), to
reflect the differences in the incoming shortwave radiation on different HRU aspect and
slope (Fuka et al., 2012):
𝑘𝑠 = 𝑘𝑠1 ∙ [1 + sin(𝜋 ∙ (𝑆𝑎 − 90° )) ∙ 𝑆]

(4-6)

where S (m m-1) is the average slope, Sa (degree) is the aspect for HRUs, and ks1 is a
calibration parameter that could be adjusted with different latitude and atmospheric
conditions. Fig. 4.3 shows how ks changed corresponding to different S and Sa, with ks1
remaining constant (i.e., = 1). Particularly, with increasing HRU slope, ks increased as 90°
< aspect < 270°, while decreased as aspect < 90°or > 270°(Fig. 4.3).
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Figure 4.3 Shortwave melt coefficient ks as a function of HRU slope and aspect.

Shortwave radiation melt Msn was calculated by equations in Table 4.1 under different
weather and canopy cover conditions. It is worth noting that in rain-on-snow conditions,
melt from shortwave radiation is assumed to be 0.762 and 0.508 mm, corresponding to
Vc > 80% and ≤ 80%, respectively (Table 4.1). In rain-free conditions, calculation of
shortwave radiation melt took into account the loss of longwave radiation by including
impacts of canopy cover for 10 < Vc ≤ 60% (Table 4.1). As for Vc > 60%, shortwave
radiation melt were relatively unimportant and they were assumed to be compensated for
by evapotranspiration. As for Vc ≤ 10%, the shortwave radiation melt was determined by
combining Eqs. 4-4, 4-5, and 4-6 with Eq. 4-2 (Table 4.1).
4.3.2.2 Longwave Radiation
Longwave radiation was estimated from the Stefan-Boltzmann equation:
𝑄𝑙 = 86400 ∙ ϵσ𝑇 4

(4-7)

where ϵ is the emissivity, σ is the Stefan-Boltzmann constant (5.735·10-8 W m-2 K4), and
T (K) is the temperature. Snow is a nearly perfect blackbody with respect to longwave
radiation loss. Emissivity of snow is assumed to be 1.0 and snow surface temperature (Tss)
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is assumed 0˚C, during the melt phase. Incoming longwave radiation under clear skies is
estimated with a simple function of air temperature Ta (˚C), due to a restricted range of
vapor pressure during these conditions (USACE, 1998). When clouds and forest cover
are present, the incoming longwave radiation is estimated by assuming that they are
emitting radiation as blackbodies at air temperature (USACE, 1998). Finally, the
nonlinear relationship between air temperature and longwave net radiation melt Mln (mm)
is simplified based on snow investigations by fitting linear approximations (USACE,
1998):
{

𝑀𝑙𝑛 = 0.9694 · 𝑇𝑎 − 21.336
𝑀𝑙𝑛 = 1.3259 · 𝑇𝑎

𝑢𝑛𝑑𝑒𝑟 𝑐𝑙𝑒𝑎𝑟 𝑠𝑘𝑖𝑒𝑠
𝑢𝑛𝑑𝑒𝑟 𝑓𝑜𝑟𝑒𝑠𝑡 𝑜𝑟 𝑐𝑙𝑜𝑢𝑑 𝑐𝑜𝑣𝑒𝑟

(4-8)

It is worth noting that, in rain-free conditions with 10 < Vc ≤ 60%, the impact of
canopy cover is considered; for Vc ≤ 10%, cloud cover impact is considered (Table 4.1).
The cloud cover Cc was calculated through solar radiation Rs (MJ m-2) and maximum
solar radiation Rms (MJ m-2) as described by Luo et al.(2010):
𝐶𝑐 = 1 − 𝑅𝑠 ⁄𝑅𝑚𝑠

(4-9)

The cloud base temperature Tc (˚C) is required to calculate snowmelt caused by
longwave radiation with cloud cover (Table 4.1). It is estimated by lapse rates from air
temperature and cloud base height hc (m) as done in Dingman (2015):
𝑇𝑐 = −0.0065 ∙ ℎ𝑐 + 𝑇𝑎

(4-10)

The cloud base height is estimated by air temperature and dew point temperature Td
(˚C) by
ℎ𝑐 = 304.8 ∙ (𝑇𝑎 − 𝑇𝑑 )⁄2.5

(4-11)
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The dew point temperature, which relates to vapor pressure (also critical for
calculation of latent heat transfer; Table 4.1), is estimated by air temperature and relative
humidity RH (%) as described by Lawrence (2005):
𝑇𝑑 = 𝑇𝑎 − 0.2 ∙ (100 − 𝑅𝐻)

(4-12)

4.3.2.3 Turbulent Heat Exchange
The temperature gradient of the atmosphere above the snow surface and wind speed
determined sensible heat transfer:
𝑄ℎ = 𝐷ℎ ∙ 𝑣 ∙ (𝑇𝑎 − 𝑇𝑠𝑠 )

(4-13)

where Dh (MJ m-3 ˚C -1) is the bulk transfer coefficient for sensible heat transfer, and v (m
s-1) is the wind speed at a chosen height above the snow surface. Meanwhile, the vapor
pressure of the atmosphere and snow surfaces and wind speed determined latent heat
transfer:
𝑄𝑒 = 𝐷𝑒 ∙ 𝑣 ∙ (𝑒𝑎 − 𝑒𝑠 )

(4-14)

where De (MJ m-3 ˚C -1) is the bulk transfer coefficient for latent heat transfer, and ea and
es (Pa) are vapor pressure of the air and snow surfaces, respectively. The bulk transfer
coefficient for sensible heat transfer is estimated by assuming a constant value of 0.8 for
the atmospheric pressure ratio, measurement heights of 3 and 15.2 m for air and wind
speed, respectively, and snow surface temperature of 0˚C (USACE, 1998). The bulk
transfer coefficient for latent heat transfer is determined based on field measurements and
similar assumptions for sensible heat melt (USACE, 1998). Furthermore, the vapor
pressure is replaced with a more practically measured variable, dew point temperature,
due to their close linear relation. The sensible and latent heat melts (mm) under different
canopy cover conditions are determined, respectively, by
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{

𝑀ℎ = 0.1841 · 𝑘𝑣 · 𝑣 · 𝑇𝑎
𝑀ℎ = 0.4572 · 𝑇𝑎

𝑉𝑐 ≤ 80%
𝑉𝑐 > 80%

(4-15)

{

𝑀𝑒 = 0.675 · 𝑘𝑣 · 𝑣 · 𝑇𝑑
𝑀𝑒 = 1.6002 · 𝑇𝑑

𝑉𝑐 ≤ 80%
𝑉𝑐 > 80%

(4-16)

It is worth noting that in rain-on-snow conditions, dew point temperature is equal to air
temperature assuming a saturated atmosphere (Table 4.1). In rain-free conditions, the
sensible heat melt equation is based on experiments with Vc > 80%, slightly different
from that in Eq. 4-15 (used for rain-on-snow conditions; Table 4.1). The basin wind
exposure coefficient in USACE (1998) is replaced with a wind coefficient kv for
individual HRUs. The wind coefficient is a function of the leaf area index Vc:
𝑘𝑣 = 𝑘𝑣1 /𝑒𝑥𝑝(𝑘𝑣2 ∙ 𝑉𝑐 )

(4-17)

where Vc is determined by the plant growth algorithm of SWAT, and kv1 and kv2 are
calibration parameters (Fig. 4.4). The first parameter kv1 controls the general magnitude
of kv, whereas the second parameter kv2 relates vegetation surface area to areal dynamic
heat transfer from the atmosphere to the snow surface. In general, with increasing leaf
area index, kv decreases depending on different kv1 and kv2 values. Keeping kv2 and leaf
area index constant, large kv1 would generate greater kv, while keeping kv1 and leaf area
index constant, large kv2 would generate lower kv (Fig. 4.4). A large value of kv indicates
intense turbulent heat exchange at the snow surface. Since the measurement heights of air
temperature and wind speed are different from the assumed heights in USACE (1998),
calibration of kv compensates for these differences.
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Figure 4.4 Wind coefficient kv as a function of leaf area index and two calibration
parameters kv1 and kv2.

4.3.2.4 Heat from Ground and Rainfall
The heat entering the snowpack from the ground is a very small component compared
with the radiation and turbulent exchange at the atmosphere-snow interface. Following
USACE (1998), the present study assumes a constant value of 0.508 mm for ground heat
melt Qg in rain-on-snow conditions and 0 mm for rain-free conditions (Table 4.1).
Heat transfer from rainfall to snow is determined by
𝑄𝑝 = 𝐶𝑝 ∙ 𝜌𝑤 ∙ 𝑃𝑟 ∙ (𝑇𝑟 − 𝑇𝑠𝑠 )/1000

(4-18)
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where Cp is the specific heat of rain (0.0042 MJ kg-1 ˚C-1), ρw is the density of water (1000
kg m-3), Pr (mm) is the rainfall, and Tr (˚C) is the rain temperature (assumed to be equal
to air temperature). By assuming the snow surface temperature is 0˚C and combining Eq.
4-18 with 4-2, melt from rainfall heat was calculated by
𝑀𝑝 = 0.0126 ∙ 𝑇𝑎 ∙ 𝑃𝑟

(4-19)

4.3.2.5 Cold Content
Cold content defines the amount of energy needed to raise a “cold” snowpack to 0˚C.
Following USACE (1998), the cold content (mm) was calculated by
𝑀𝑖 = 0.00625 ∙ 𝜌𝑠 ∙ 𝐷𝑠 · 𝑇𝑠

(4-20)

where ρs (g cm-3) is the snow density, Ds (mm) the snow depth, and Ts (˚C) the snow
temperature. In this study, ρs decreases as a function of the number of days after the last
snowfall ds (in days) for no-snowfall conditions; when snowfall occurs, ρs is updated by
weighted previous snow density ρs_pre (g cm-3) and new snow density (0.1 g cm-3); when
snow melts, ρs increases as a function of snowmelt M (mm), as follows:
𝜌𝑠_𝑝𝑟𝑒 + (0.6 − 𝜌𝑠_𝑝𝑟𝑒 ) ∙ 𝑑𝑠
𝜌𝑠 = {0.1 ∙ 𝑆𝑓 ⁄𝑆𝑁𝑂 + 𝜌𝑠𝑝𝑟𝑒 ∙ (𝑆𝑁𝑂 − 𝑆𝑓 )⁄𝑆𝑁𝑂
𝜌𝑠_𝑝𝑟𝑒 + 0.5⁄exp(1⁄𝑀)

𝑛𝑜 𝑠𝑛𝑜𝑤𝑓𝑎𝑙𝑙
𝑠𝑛𝑜𝑤𝑓𝑎𝑙𝑙

(4-21)

𝑠𝑛𝑜𝑤𝑚𝑒𝑙𝑡

where SNO (mm) is the snow water equivalent and Sf the snowfall (water equivalent in
mm). Snow depth is updated by snow density and snow water equivalent:
𝐷𝑠 = 𝑆𝑁𝑂/𝜌𝑠

(4-22)

The SWAT model classifies precipitation as rain or snow by daily air temperature Ta
and the boundary temperature Sftmp (˚C). If Ta < Sftmp, then the precipitation is classified
as snow and the water equivalent of the snow precipitation is added to the total snow
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water equivalent SNO. This study adopts this approach for snow accumulation. Snow
temperature Ts is determined by
𝑇𝑠 = 𝑇𝑠_𝑝𝑟𝑒 ∙ (1 − 𝑇𝑖𝑚𝑝) + 𝑇𝑎 ∙ 𝑇𝑖𝑚𝑝

(4-23)

where Ts_pre (˚C) is the snow temperature in the previous day and Timp the snow
temperature lag factor. Cold content is calibrated by Timp. Large values of Timp indicate
low energy used to increase snow temperature to the ripening phase; small values
indicate that snow cover consumes more heat and yield lower amounts of meltwater.
Change in the internal energy of the snowpack is relatively small and usually unimportant
during the snowmelt period when other energy components are dominating. However, the
internal energy is an important energy sink during the snow accumulation period. Note
that the inputs to the energy balance, including v, Ta, RH, Rs, and Rms, are available from
SWAT.
4.4

Case Study

4.4.1

Study Sites and Data Collection

The modified version of SWAT was tested in eight watersheds, ranging from 2.98 to
377.05 km2 in size with 10 to 95% of forest cover (Fig. 4.5 and Table 4.3). Seven
watersheds are located in the Upper Saint John River Valley of northwestern New
Brunswick (NB), Canada (Fig. 4.5). The largest watershed, i.e., Little River Watershed
(LRW), is dominated by forestry in the northern portion; potato and barley crops are
grown in the southern part of the watershed. Elevation in the watershed ranges from 127
to 432 m above mean sea level. The climate of the region is considered to be moderately
cool boreal, with approximately 120 frost-free days (Yang et al., 2009a). The average
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temperature is 3.7˚C and annual precipitation is 1037.4 mm (Zhao et al., 2008). About
one-third of the precipitation is in the form of snow. Snowmelt can lead to significant
surface runoff and recharging of groundwater aquifers from March to May (Chow and
Rees, 2006). The soils are classified as mineral and derived from various parent materials.
The major associations are Caribou, Carleton, Glassville, Grandfalls, Holmesville,
McGee, Muniac, Siegas, Thibault, Undine, Victoria, Waasis, and one organic soil. The
LRW has two subbasins that actively monitored, the Upper Little River Watershed
(ULRW) and Black Brook Watershed (BBW). Two water-monitoring stations were
established in 2001 at the outlets of LRW and ULRW. Another five water-monitoring
stations were established in 1992 in the BBW (Fig. 4.5). The modified version of SWAT
was set up for LRW, ULRW, and BBW, as well as four small watersheds within BBW,
i.e., BBW2, BBW3, BBW4, and BBW8, corresponding to their water-monitoring stations,
i.e., MS#12, MS#14, MS#01, MS#02, MS#03, MS#04, and MS#08, respectively (Fig.
4.5).
Another study watershed, the Thomas Brook Watershed (TBW), is located in western
Nova Scotia (NS), covering an area of 7.28 km2 (Fig. 4.5). Agricultural land occupies
approximately 60% of the watershed area with corn, strawberries, and grains as the main
crops (Ahmad et al., 2011). The reddish brown sandy loam soils are dominant in the
watershed (Amon-Armah et al., 2013). Average annual precipitation is approximately
1100 mm and average daily minimum, maximum, and mean temperatures are 1.3, 12.2,
and 6˚C, respectively (Ahmad et al., 2011).
Weather data for SWAT, including daily precipitation, air temperature, relative
humidity, and wind speed, were derived from Environment Canada weather stations at
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the St. Leonard and Greenwood Airport for the seven watersheds in NB and TBW in NS,
respectively (Table 4.3 and Fig. 4.5). The daily average relative humidity and wind speed
were calculated based on corresponding hourly values. Daily snow depths for testing the
snowmelt model were collected from St. Leonard and Greenwood Airport weather
stations. Since these weather stations did not monitor daily solar radiation, this study used
related data collected from WS#08, another agriculture experimental station in northwest
NB (Fig. 4.5). For TBW, daily solar radiation was derived from NASA FLASH Flux 1/2
× 1/2 degree daily average. At these water-monitoring stations (Fig. 4.5), stage height
values of water were collected with a Campbell Scientific CR10X data logger (Campbell
Scientific Inc. Logan, Utah, USA) and then converted to daily flow rates. Watershed
characteristics (e.g., forest cover) and datasets for model calibration and validation in the
eight watersheds are provided in Table 4.3. Note that daily flow rates for ULRW and
LRW from January to March were missing due to the streams being frozen.

Table 4.3 Watershed characteristics and datasets used in model calibration and validation
for the eight watersheds.
Watershed
BBW8
BBW4
BBW3
BBW2
BBW
ULRW
LRW
TBW

Area
(km2)
2.98
3.53
4.84
7.10
13.13
187.30
377.05
7.28

Forest cover
(%)
10
45
34
34
22
95
81
34

Weather data
St. Leonard
& WS#08

Greenwood Airport
& NASA

123

Flow rate data
Calibration
Validation
95-00
04-11
94-01
05-08
92-01
02-11
92-01
02-11
92-01
02-11
01-05
06-10
01-07
08-13
04-05
06-08

Figure 4.5 Locations of the LRW, BBW, and TBW, as well as weather stations and
water-monitoring stations. In BBW, subbasins 4 and 5 constitute BBW4; subbasins 3, 4,
and 5 BBW3; subbasins 2, 3, 4, and 5 BBW2; subbasins 8 and 9 BBW8. General land use
is also indicated.
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4.4.2

Model Calibration and Validation

The modified version of SWAT was first calibrated using daily flow rates for nonwinter seasons to generate reasonable hydrological responses for the eight watersheds.
Then, two scenarios were considered with respect to snowmelt model parameterization:
in scenario I, the TIM and EBM were calibrated, while not in scenario II (using default
parameters). By comparing performance of EBM and TIM in scenario II, the advantage
of EBM could be revealed for applications of SWAT to ungauged snow-covered
watersheds. The parameters calibrated for the EBM included ks1, kv1, kv2, Sftmp, and Timp;
for the TIM they included Smfmx, Smfmn, Smtmp, Sftmp, and Timp (Table 4.4).
Calibration was conducted using the sequential uncertainty fitting algorithm (SUFI-2)
facilitated with the SWAT-CUP program (Abbaspour et al., 2004; Abbaspour et al., 2007;
Rouholahnejad et al., 2012). The different calibration and validation periods of scenario I
for the eight watersheds are indicated in Table 4.3. Model assessments in scenario II were
based on two periods, i.e., period I and II, corresponding to the calibration and validation
periods of scenario I, respectively (Table 4.3).

Table 4.4 Default and selected values for the calibration parameters in EBM and TIM.

Range
Default
BBW8
BBW4
BBW3
BBW2
BBW
ULRW
LRW
TBW

Sftmp
[-5,5]
0
-1.915
-0.895
-1.225
0.855
-0.975
-3.425
-1.355
0.805

Timp
[0,1]
1
0.0175
0.4835
0.9935
0.8895
0.0505
0.1255
0.9935
0.2785

EBM
kv1
[0,2]
1
1.885
1.563
1.325
1.811
1.231
1.635
1.483
1.891

kv2
[1,5]
3
1.046
4.058
2.902
1.138
2.162
4.886
4.030
1.066

ks1
[0,2]
1
0.885
0.411
0.795
0.341
1.095
1.741
0.861
1.907

Sftmp Smtmp
[-5,5]
[-5,5]
0
0
3.675
0.765
-2.495
1.655
-4.275
3.685
-1.765
2.865
-2.095
0.475
-2.935
3.245
1.795 -1.835
0.605
1.335

TIM
Smfmx Smfmn
[0,10]
[0,10]
4.5
4.5
7.115
6.345
4.405
0.515
4.155
3.105
4.015
2.745
6.155
4.025
3.945
3.795
1.615
0.735
5.995
4.925

Note: “Smtmp” is the base temperature (˚C) above which snow melt is allowed in SWAT.

125

Timp
[0,1]
1
0.0105
0.9365
0.7385
0.8045
0.0505
0.3365
0.6855
0.4785

4.4.3

Sensitivity Analysis

Parameter sensitivities were determined using the following multiple regression
equation, based on results running SWAT-CUP 1000 times for both snowmelt models,
given as:
g = α + ∑𝑚
𝑖=1 𝛽𝑖 ∙ 𝑏𝑖

(4-24)

where g is the objective function value, α and βi are regression coefficients, bi is the
calibration parameters, and m is the number of parameters considered (set to 5, for both
EMB and TIM). Nash-Sutcliffe coefficient (NS; Nash and Sutcliffe, 1970) was used as
the objective function value and student t-tests were used to identify the statistical
significance of each parameter.
4.4.4

Rain-on-Snow Events

Rain-on-snow events were selected based on precipitation and snow depth datasets
derived from St. Leonard and Greenwood Airport weather stations as illustrated in Fig.
4.6. Whenever a precipitation caused a decrease in snow depth, the corresponding flow
rate was determined as induced by rain-on-snow (McCabe et al., 2007). Model
performance of TIM and EBM based on scenario I was compared for the eight
watersheds.
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Precipitation

Snow depth
increased?

Yes
Snowfall

No

Snow depth
decreased?

Yes
Rain on snow

Figure 4.6 Flowchart of rain-on-snow event determination based on precipitation and
snow depth from Environment Canada weather stations.

4.4.5

Snow Depth

Variation in snow depth at a point is a good indicator of rain-on-snow events due to
the rapid change in snow density, as a result of raindrop impact and metamorphism
caused by warm air. Simulated daily snow depth based on scenario I in representative
HRUs were compared with measurements. HRU#20001 and HRU#280002 were chosen
from BBW and TBW, respectively, because they had topographical and land cover
conditions similar to those of St. Leonard and Greenwood Airport weather stations,
respectively.
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4.4.6

Statistical Evaluation

Performance of the TIM and EBM was assessed according to three coefficients of
accuracy, i.e., percent bias (Pbias), coefficient of determination (R2), and NS, given as:
𝑃𝑏𝑖𝑎𝑠 = 100 ∙

(4-25)

𝑂𝑎𝑣𝑔

∑𝑛
𝑖=1(𝑂𝑖 −𝑂𝑎𝑣𝑔 )∙(𝑃𝑖 −𝑃𝑎𝑣𝑔 )

2

𝑅 =(

(𝑂𝑎𝑣𝑔 −𝑃𝑎𝑣𝑔 )

2

2
2 0.5

𝑛
[∑𝑛
𝑖=1(𝑂𝑖 −𝑂𝑎𝑣𝑔 ) ∙∑𝑖=1(𝑃𝑖 −𝑃𝑎𝑣𝑔 ) ]

𝑁𝑆 = 1 −

2
∑𝑛
𝑖=1(𝑂𝑖 −𝑃𝑖 )

)

(4-26)

(4-27)

2

∑𝑛
𝑖=1(𝑂𝑖 −𝑂𝑎𝑣𝑔 )

where Oi and Pi are the observed and predicted values, Oavg and Pavg are the average of
the observed and predicted values.
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4.5

Results and Discussion

4.5.1

Model Performance Assessment

The basic hydrological parameters calibrated for the eight watersheds are shown in
Table 4.5. In general, most calibrated parameters were equal between the five
subwatersheds of BBW (including BBW), except for CN2, Surlag (surface runoff lag
coefficient), and Alpha_Bf (base flow recession constant), which were the most sensitive
for the eight watersheds (Table 4.5). It is worth noting that Surlag was relatively small
for the six small watersheds compared to the value for the two large watersheds (i.e.,
ULRW and LRW), as expected. Parameter Alpha_Bf was relatively small for the seven
watersheds in northwest NB, indicating a slower response of base flow discharge
compared to that for TBW in NS.

Table 4.5 Basic hydrological parameters calibrated for the eight watersheds.
Parameter
CN2
Surlag
Esco
Epco
Gw_Delay
Alpha_Bf
Gwqmn
Revapmn
Gw_Revap
Rchrg_Dp

BBW8
×0.97
0.1835
0.17
0.93
1
0.00075
0
500
0.02
0

BBW4
×0.82
0.00725
0.17
0.93
1
0.00085
0
500
0.02
0

BBW3
×1.18
0.05
0.17
0.93
1
0.002
0
500
0.02
0

BBW2
×1.01
0.07625
0.17
0.93
1
0.00325
0
500
0.02
0

BBW
×0.8
0.075
0.17
0.93
1
0.04
0
500
0.02
0

ULRW
×0.48
0.59725
0.775
0.675
1.3
0.061325
0
0
0.02
0

Note: “×” means the default value is multiplied by the number on its right.
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LRW
×0.8
0.4089
0.95
1
1.493
0.0382
534.5
138.75
0.0723
0.2495

TBW
×1.08
0.075
0.17
0.93
0.135
0.28225
455.5
190.75
0.05087
0.44075

4.5.1.1 Scenario I Results
Accuracy assessments for EBM and TIM during calibration and validation are shown
in Table 4.6. Values of R2 and NS of the EBM were greater than those of the TIM in
BBW8, BBW4, BBW2, BBW, and LRW, while slightly less than those of the TIM in
BBW3 and ULRW during calibration (Table 4.6). In TBW, the EBM had equal R2 and
NS with the TIM (Table 4.6). During validation, values of R2 and NS of the EBM were
all greater than those of the TIM, except for LRW, which is the largest watershed with
high forest cover (Tables 4.3 and 4.6). The results indicated that the EBM performed
better than the TIM, especially for small watersheds with relatively low forest cover, due
to the fact that the EBM could provide better estimates of snowmelt induced by rain-onsnow events.

Table 4.6 Model performance in daily flow rates for the eight watersheds in scenario I.
Watershed Period
BBW8
BBW4
BBW3
BBW2
BBW
ULRW
LRW
TBW

95-00
04-11
94-01
05-08
92-01
02-11
92-01
02-11
92-01
02-11
01-05
06-10
01-07
09-13
04-05
06-08

R2

Pbias
EBM TIM EBM
-9.6
-8.5
0.31
-22.0 -23.6
0.23
-11.1
-8.2
0.55
-43 -43.6
0.54
11.6 13.1
0.45
10.6 11.9
0.52
20.0 19.8
0.49
23.6 23.9
0.58
-1.2
-1.1
0.55
-10.5 -10.3
0.61
11.4
9.9
0.68
4.3
3.7
0.67
7.7
8.9
0.56
-1.2
-3.0
0.57
3.0
1.9
0.56
-9.2
-8.2
0.48
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NS
TIM EBM
0.24
0.31
0.17
0.20
0.52
0.55
0.51
0.37
0.47
0.44
0.51
0.51
0.43
0.47
0.56
0.54
0.46
0.55
0.54
0.60
0.70
0.67
0.66
0.60
0.53
0.56
0.60
0.54
0.56
0.56
0.46
0.47

TIM
0.24
0.08
0.51
0.21
0.46
0.50
0.41
0.52
0.45
0.52
0.68
0.53
0.53
0.57
0.56
0.46

4.5.1.2 Scenario II Results
Accuracy assessments for EBM and TIM in scenario II are shown in Table 4.7. In
general, the EBM performed much better than the TIM in both periods for the eight
watersheds (Table 4.7). Values of R2 and NS of the EBM were all greater than those of
the TIM with only one exception for BBW8, where R2 and NS were slightly less than
those of the TIM in period I, while much greater in period II. On average, R2 of the EBM
was greater than that of the TIM by 0.24 and 0.24, NS by 0.31 and 0.37 in period I and II,
respectively, for the eight watersheds. In addition, compared with model assessments in
scenario I (Table 4.6), R2 and NS generated by the EBM with default parameters were
only less than those of the calibrated EBM, on average, by 0.05 and 0.05 in period I, and
by 0.03 and 0.08 in period II, respectively, for the eight watersheds. However, R2 and NS
generated with the TIM with default parameters were much less than those of the
calibrated TIM, on average, by 0.23 and 0.29 in period I, and by 0.25 and 0.39 in period
II, respectively. The results suggest that the EBM is a better option for SWAT than TIM,
when it is applied to ungauged snow-covered watersheds of maritime regions.
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Table 4.7 Model Performance in daily flow rates for the eight watersheds in scenario II.
Watershed Period
BBW8
BBW4
BBW3
BBW2
BBW
ULRW
LRW
TBW

95-00
04-11
94-01
05-08
92-01
02-11
92-01
02-11
92-01
02-11
01-05
06-10
01-07
09-13
04-05
06-08

Pbias

R2

NS

EBM TIM EBM TIM EBM
-8.9 -9.1
0.20 0.22
0.19
-23.2 -21.5
0.19 0.10
0.09
-8.9 -4.9
0.53 0.27
0.52
-47.7 -47.8
0.46 0.19
0.07
11.4 14.8
0.45 0.20
0.44
10.2 13.5
0.51 0.34
0.50
20.4 22.0
0.43 0.16
0.41
24.3 25.6
0.54 0.25
0.50
-0.8
1.3
0.41 0.14
0.41
-10.0 -8.0
0.52 0.24
0.50
10.1 21.4
0.66 0.25
0.63
1.0
1.2
0.67 0.23
0.54
7.7 20.4
0.56 0.35
0.55
-3.7 10.6
0.58 0.28
0.54
3.4
1.0
0.54 0.51
0.54
-9.2 -5.9
0.47 0.42
0.47

TIM
0.22
-0.09
0.21
-0.55
0.05
0.30
0.09
0.16
0.03
0.10
0.12
-0.21
0.31
0.13
0.51
0.42

4.5.1.3 Sensitivity Analysis
The range and values of the calibration parameters for TIM and EBM in scenario I are
given in Table 4.4. Sensitivity analysis results are shown in Table 4.8, including
parameter sensitivity rankings and p-values. For TIM, the most sensitive parameter for
the small watersheds of BBW (including BBW), as well as ULRW, was Smtmp, and
Sftmp for LRW and TBW. Snowmelt generally was not sensitive to Timp for most
watersheds (p-value > 0.001; Table 4.8). For EBM, the most sensitive parameters were
ks1, Timp, and Sftmp across the eight watersheds. Snowmelt was sensitive to kv1 for most
watersheds except for BBW3, ULRW, and LRW, which was consistent with the EBM
assessments given in Table 4.6, where the EBM did not surpass the TIM for the three
watersheds, during either calibration or validation phases. This result confirmed that the
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EBM performed better than the TIM mainly due to its capability to capture rain-on-snow
events, which were sensitive to kv1. Note that the calibrated parameter kv1 was greater
than the default value (i.e., 1.0) for all eight watersheds (Table 4.4), indicating that
sensible and latent heat exerted a stronger influence on snowmelt than other heat sources,
which was expected for Atlantic Canada. The calibrated values of parameter ks1 were less
than the default value (i.e., 1.0) for most watersheds (Table 4.4), indicating that
shortwave radiation tended to provide fewer impact on snowmelt, which was typical for
high-latitude maritime regions with significant turbulent heat transfer (USACE, 1998).
Sensitivity analyses also showed that snowmelt was not as sensitive to kv2 for watersheds
dominated by agricultural lands as for watersheds with high forest cover. This was
consistent with the results in Table 4.4, where values of kv2 for BBW4, ULRW, and LRW
were greater than 4, while those for other watersheds were much smaller (< 3). Compared
with TIM, the EBM had fewer sensitive parameters (only two for BBW8, BBW3, BBW,
ULRW, and LRW, and three for BBW4), which partially explained the nominal
difference in R2 and NS between scenarios I and II for EBM.
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Table 4.8 Parameter (Para.) sensitivity analyses of TIM and EBM for the eight watersheds.
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Ranking Para.
p-value
BBW8
Smtmp <0.001
1
Smfmx <0.001
2
Sftmp <0.001
3
Smfmn <0.001
4
Timp
<0.001
TIM
5
BBW
Smtmp <0.001
1
Sftmp <0.001
2
Smfmn <0.001
3
Smfmx <0.001
4
Timp
0.110
5
BBW8
<0.001
1
ks1
<0.001
2
kv1
Timp
0.309
3
0.416
4
kv2
Sftmp
0.655
EBM
5
BBW
<0.001
1
ks1
<0.001
2
kv1
Timp
0.288
3
0.470
4
kv2
Sftmp
0.877
5

Para.
p-value
BBW4
Smtmp <0.001
Smfmn <0.001
Smfmx <0.001
Sftmp <0.001
Timp
0.087
ULRW
Smtmp <0.001
Smfmx <0.001
Sftmp <0.001
Timp
<0.001
Smfmn 0.004
BBW4
Timp
<0.001
<0.001
kv1
<0.001
ks1
Sftmp
0.019
0.291
kv2
ULRW
Timp
<0.001
Sftmp <0.001
0.074
kv2
0.080
kv1
0.344
ks1

Para.
p-value
BBW3
Smtmp <0.001
Smfmx <0.001
Sftmp <0.001
Smfmn <0.001
Timp
0.611
LRW
Sftmp <0.001
Smfmx <0.001
Smfmn 0.02
Smtmp
0.124
Timp
0.515
BBW3
Timp
<0.001
Sftmp <0.001
0.348
ks1
0.476
kv2
0.589
kv1
LRW
Sftmp <0.001
Timp
<0.001
0.109
ks1
0.183
kv2
0.980
kv1

Para.
p-value
BBW2
Smtmp <0.001
Smfmx <0.001
Smfmn <0.001
Timp
<0.001
Sftmp <0.001
TBW
Sftmp <0.001
Smfmn <0.001
Timp
<0.001
Smfmx <0.001
Smtmp
0.028
BBW2
<0.001
ks1
<0.001
kv1
Sftmp <0.001
Timp
<0.001
<0.001
kv2
TBW
Sftmp <0.001
<0.001
kv1
<0.001
ks1
Timp
<0.001
<0.001
kv2

4.5.2

Rain-on-Snow Events

Model performance of EBM and TIM is compared for rain-on-snow events in the
calibration and validation periods of scenario I (Figs. 4.7, 4.8, 4.9, and 4.10). In general,
both models tended to underestimate rain-on-snow induced flow rates in both periods
(regression slopes < 1; Figs. 4.7-4.10). During calibration, the EBM performed better
than the TIM in simulating rain-on-snow events in terms of R2 and regression slopes,
except for BBW3 and ULRW (Figs. 4.7 and 4.8); this result was consistent with the
model assessment results in scenario I (Table 4.6). Smallest and largest R2 for the EBM
were 0.23 and 0.66, and 0.18 and 0.73 for the TIM, respectively, for the eight watersheds
(Figs. 4.7 and 4.8). On average, R2 for the EBM were greater than those of the TIM by
about 0.13 and regression slopes by about 0.1 (not accounting for BBW3 and ULRW).
During validation, the EBM performed better than the TIM in terms of R2, except for
BBW4 and LRW (Figs. 4.9 and 4.10), which had relatively high forest cover (Table 4.3).
Smallest and largest R2 for the EBM were 0.14 and 0.76, and 0.08 and 0.69 for the TIM,
respectively, for the eight watersheds (Figs. 4.9 and 4.10). On average, R2 of the EBM
were greater than those of the TIM by about 0.07 (not accounting for BBW4 and LRW).
Regression slopes of the EBM for BBW8, BBW2, BBW, and TBW were greater than
those of the TIM by about 0.05. For BBW3 and ULRW, regression slopes of the EBM
were less than those of the TIM, while R2 of the EBM were greater (Figs. 4.9 and 4.10).
We conclude that the EBM improved the prediction accuracy of rain-on-snow induced
runoff for watersheds with relatively low forest cover (e.g., BBW8, BBW2, BBW, and
TBW) and no pronounced improvement for watersheds with high forest cover (e.g.,
BBW4, ULRW, and LRW).
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Figure 4.7 Scatter plots of observed vs. simulated rain-on-snow induced daily flow rates
with the TIM and EBM during calibration for four small subwatersheds of BBW. Note
that the regression equation on the top left of each plot refers to the regression line having
a larger slope, and the regression equation below refers to the regression line having a
smaller slope.
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Figure 4.8 Scatter plots of observed vs. simulated rain-on-snow induced daily flow rates
with the TIM and EBM during calibration for BBW, ULRW, LRW, and TBW. Note that
the regression equation on the top left of each plot refers to the regression line having a
larger slope, and the regression equation below refers to the regression line having a
smaller slope.
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Figure 4.9 Scatter plots of observed vs simulated rain-on-snow induced daily flow rates
with the TIM and EBM during validation for the four small subwatersheds of BBW. Note
that the regression equation on the top left of each plot refers to the regression line having
a larger slope, and the regression equation below refers to the regression line having a
smaller slope.
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Figure 4.10 Scatter plots of observed vs simulated rain-on-snow induced daily flow rates
with the TIM and EBM during validation for BBW, ULRW, LRW, and TBW. Note that
the regression equation on the top left of each plot refers to the regression line having a
larger slope, and the regression equation below refers to the regression line having a
smaller slope.
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4.5.3

Snow Depth

Two evaluation periods (1992-2001 and 2002-2011) for BBW and another 10-year
period (2004-2013) for TBW were chosen to assess the EBM in simulations of daily
snow depths. Accuracy assessments are shown in Table 4.9. Simulated snow depths and
measurements are compared as shown in Fig. 4.11. For BBW, R2 and NS were 0.80 and
0.78, and 0.81 and 0.79 for the first and second periods, respectively, while for TBW, R2
and NS were 0.48 and 0.44. In general, simulated snow depths were consistent with
measurements for BBW and TBW (Fig. 4.11). The results indicated that the EBM was
able to simulate snow depths reasonably well for Atlantic Canada. The EBM correctly
characterized the variation of snow depth partially because it could accurately depict rainon-snow events. For example, due to the warm winter of 1996 in BBW, several major
snowmelt events occurred from January to February, which were simulated by the EBM
more accurately than the TIM (Fig. 4.12a). As a result, the EBM correctly modeled the
variation of snow depth throughout the winter (Fig. 4.12b). Correct estimates of snow
depths are important because they impact thermal properties of snow cover, such as heat
capacity and conductivity, which in turn affect the soil temperature (Putkonen and Roe,
2003). Since TIM in SWAT cannot simulate snow depths (or snow density), we
recommend using EBM in the application of SWAT to Atlantic Canada.

Table 4.9 Performance in simulating snow depths for BBW and TBW with EBM for
scenario I.
Watershed Period Pbias
BBW
92-01 16.0
02-11 17.2
TBW
04-13 25.8
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R2
0.80
0.81
0.48

NS
0.78
0.79
0.44
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Figure 4.11 Snow depths simulated by EBM compared with measurements for BBW and TBW for scenario I.

Figure 4.12 Measured and simulated snow depths for BBW corresponding to rain-onsnow events during the winter of 1996 for scenario I.
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4.6

Conclusion

In this study, an energy balance snowmelt module was incorporated in SWAT to
address rain-on-snow events in maritime climates. The original version of SWAT uses a
temperature index module relating snowmelt with air temperature, which is not
appropriate for all climatic and geographic settings. For Atlantic Canada, wind speed
during rain-on-snow events plays an important role in inducing snowmelt. The new
module takes into account main sources of heat for snowmelt based on different
meteorological and land cover conditions. Several parameters are introduced to calibrate
air temperature and wind speed, as well as cold content of snow, and no extra input is
required for the modified version of SWAT. The energy balance module was tested
against field measurements and simulations of the original snowmelt module in eight
watersheds across Atlantic Canada. The results indicated an overall improvement with
the new snowmelt module in simulating water flow induced by rain-on-snow events for
small watersheds with low forest cover. The results also suggested that the energy
balance module was able to provide reliable estimates of snowmelt for ungauged snowcovered watersheds. In addition, the new module was able to simulate the snow depth
reasonably well for Atlantic Canada. The unique contribution of this study is to provide a
reliable snowmelt module for applications of SWAT to maritime regions of the world.
However, the energy balance module requires relatively accurate wind speed, relative
humidity, and solar radiation as input. More tests are needed.
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CHAPTER 5

A STUDY ON THE IMPACT OF DETAILED LAND USE AND MANAGEMENT
INPUTS ON ACCURACY AND RESOLUTION OF SWAT PREDICTIONS IN A
SMALL AGRICULTURAL WATERSHED

Qi, J., Li, S., Yang, Q., Xing, Z., Meng, F.R., A study on the impact of detailed land use
and management inputs on accuracy and resolution of SWAT predictions in a small
agricultural watershed (under review with Water Resources Management).
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Abstract
Land use and management practice inputs to the Soil and Water Assessment Tool
(SWAT) are critical for evaluating the impact of land use change and best management
practices on soil erosion and water quality in watersheds. The present study developed a
simple method to maximize the usage of land use and management records during the
setup of SWAT for a small experimental watershed in New Brunswick, Canada. In the
method, hydrological respond units (HRUs) were delineated based on field boundaries
and associated with long-term field records. The SWAT model was calibrated and
validated with respect to water flow and sediment and nutrient loadings at the watershed
outlet. Meanwhile, another version of SWAT was also set up using the conventional way
of HRU-delineation and limited information on land use and management practices. Two
versions of SWAT (SWAT1 set up with the new method and SWAT2 set up with the
conventional method) were compared with respect to input and output resolution and
prediction accuracy. Results showed that SWAT1 had much higher accuracies in
generating areas of crops, fertilizer application, tillage operation, flow diversion terraces
(FDT), and grassed waterways in the watershed. Compared with SWAT2, SWAT1 did
not improve the accuracy of predicting nutrient loadings, whereas it improved the
prediction in sediment loading due to a better representation of FDT in the watershed.
Also, SWAT1 successfully estimated the spatial impact of FDT on soil erosion across the
watershed. Using high resolution inputs through field-based HRU-delineation, SWAT
can facilitate decision making at the field scale.
Keywords: distributed hydrological model; best management practices; hydrological
response units; water quality; soil erosion
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5.1

Introduction

Distributed hydrological models are important tools for assessing the impact of climate
change and human interventions on hydrological processes, water resources, and
nonpoint source pollution (Singh and Frevert, 2005). These types of models have been
used to assess the impact of land use change and best management practices (BMPs) on
soil erosion and agrochemical loadings for agricultural watersheds (Beasley et al., 1980;
Graham and Butts, 2005; Laflen et al., 1991; Sharpley and Williams, 1990; Young et al.,
1989). How to spatially parameterize land use and BMPs across a study watershed is
addressed differently among these models (Hundecha and Bárdossy, 2004; Manguerra
and Engel, 1998). Many distributed models discretize a watershed into hydrological
response units (HRUs) based on digital elevation models (DEMs) to account for spatial
variation in watershed parameters (Beven, 1989; Goulden et al., 2014). Although these
models are run at the HRU scale, lumped algorithms are often used to summarize the
input and output data at the subbasin scale (Kalcic et al., 2015). As a result,
parameterization of land use and BMPs is always considered at subbasins rather than
individual HRUs. The advantage of this configuration is to facilitate input data
preparation and reduce computational efforts, especially for large watersheds (Jha et al.,
2004). However, it reduces spatial resolution with respect to model inputs and outputs
and underuses land use and management records.
As a process-based semi-distributed hydrological model, Soil and Water Assessment
Tool (SWAT) is designed to simulate hydrological processes and predict water quantity
and quality as affected by land use, management practices, and climate change (Arnold et
al., 1998). It provides a flexible framework that allows for evaluating the impact of a
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broad range of BMPs, such as fertilizer and manure applications, cover crops, filter strips,
conservation tillage, irrigation management, and terraces (Gassman et al., 2005; Ullrich
and Volk, 2009). It has been used to solve complex watershed management problems in
many regions around the world (Ahmad et al., 2011; Cao et al., 2009; Dakhlalla and
Parajuli, 2015; Debele et al., 2010; Li et al., 2015; Li et al., 2016; Maier and Dietrich,
2016; Uniyal et al., 2015; Yang et al., 2009a). In SWAT, a watershed is partitioned into a
number of subbasins. Hydrological processes (i.e., surface and subsurface runoff,
percolation and base flow, and evapotranspiration and transmission losses), crop growth,
nutrient cycling, and pesticide movement are simulated within each HRU. Water flow
and sediment and nutrient loadings from each HRU in a subbasin are summarized and the
resulting loadings are routed through channels, ponds, and reservoirs to the watershed
outlet. Management practices such as crop rotation, tillage operations, planting and
harvesting, irrigation, fertilizer usage, and pesticide applications are associated with
HRUs to evaluate the impact of land use change and BMPs on water quality in the
streams.
In SWAT, a reference period with negligible land use change and BMPs
implementation is preferred to estimate basic hydrological parameters. However, there
are always changes in an operating farmland and, therefore, it is difficult to find a period
without the intervention of agricultural activities. Thus, SWAT is conventionally set up
with typical crop rotation scenarios in subbasins, and BMPs are also assigned to
subbasins where the management practices actually take place. More specifically, since
most studies have limited land use maps (sometimes only one map is available), areas of
different crops during rotations are weighted and randomly assigned to different HRUs in
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subbasins. Areas of BMPs are also averaged over a long period of time and allocated
proportionally across the watershed (Yang et al., 2009a). The assumption behind this
conventional method is that SWAT is able to estimate basic hydrological parameters
based on limited land use and management information during calibration; parameters
estimated can reasonably describe the general characteristics of subbasins. This
conventional way of SWAT setup has been used by most studies and proved to be
effective, especially for large watersheds (Gassman et al., 2005; Gassman et al., 2007).
However, when SWAT is applied to small watersheds, model setup is more
challenging. Spatial variations in topographical features, soil characteristics, and land use
for small watersheds are not as distinct as those in large watersheds. As a result, dividing
a small watershed into several subbasins may not be sufficient for parameter estimation.
Besides, SWAT is not able to explicitly associate HRUs with agricultural fields where the
long-term land use and BMPs records were maintained, because SWAT implicitly
partitions a subbasin into HRUs based on combinations of land use, soils, and slopes.
This configuration poses difficulties to specify exact sources of pollutants, and vulnerable
areas within subbasins (Kalcic et al., 2015). Also, long-term land use and management
data are also underused (Ning et al., 2015). Thus, improvement in HRU-delineation is
required. The objectives of this study are to: (1) develop a new method for field-based
land use map generation and HRU-delineation; (2) set up a SWAT model with long-term
detailed land use and management records for a small experimental watershed in New
Brunswick, Canada; and (3) compare two versions of SWAT (one set up with the new
method and another set up with the conventional method) with respect to input and output
resolution and prediction accuracy.
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5.2

Materials and Methods

5.2.1

Study Site and Data Collection

The study was carried out in the Black Brook Watershed (BBW), located in northwest
New Brunswick (NB), Canada (Fig. 5.1). The watershed has been studied extensively
more than 20 years for evaluating the impact of agriculture on soil erosion and water
quality (Chow and Rees, 2006; Li et al., 2014a). The watershed covers an area of 14.5
km2, with 65% agriculture land, 21% forest land, and 14% residential areas and wetlands
(Fig. 5.2). Slopes vary from 1-6% in the upper basin to 4-9% in the central area. In the
lower portion, slopes are more strongly rolling at 5-16%. The climate of the region is
considered to be moderately cool boreal with approximately 120 frost-free days (Yang et
al., 2009a). The average temperature is 3.7˚C and annual precipitation is 1037.4 mm
(Zhao et al., 2008). About one-third of the precipitation is in the form of snow. Snowmelt
leads to major surface runoff and groundwater recharge events from March to May
(Chow and Rees, 2006). Soil surveys (1:10,000 scale) identified six mineral soils, i.e.,
Grandfalls, Holmesville, Interval, Muniac, Siegas, and Undine, and one organic soil, St.
Quentin (Mellerowicz, 1993). The soil map for BBW is shown in Fig. 5.2.
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Figure 5.1 Locations of the BBW and water-monitoring station #01, as well as weather
stations #08 and at St. Leonard. Elevations and subbasins are indicated for BBW.
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Figure 5.2 Slope classes created using 1-m LiDAR DEM and soil and land use maps for
BBW.
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A land use survey has been conducted every year since 1992 to record information on
land use and management practices, such as crop types, tillage operations, and fertilizer
and pesticide applications in each field. Potato-barley rotations were dominant in BBW.
Flow diversion terraces (FDT) and associated grassed waterways have been constructed
since the late 1980s. Until 2011, more than half of the agricultural area was protected by
FDT and grassed waterways. A series of land use maps were generated annually from
1992 to 2011 based on land use surveys. The attribute table of the map includes field ID,
land transaction information, crop rotation, and detailed management information (e.g.,
names of fertilizers, composition, and application amounts and dates). At the outlet of the
watershed (MS#01; Fig. 5.1), a V-notch weir was installed in 1992, and stage height of
water has been recorded using a Campbell-Scientific CR10X data logger. Stage height
values were converted to total flow rates using a calibration curve function (Chow et al.,
2011). Water samples were collected with an ISCO automatic sampler. Sampling
frequency was set at one sample every 72 hours when runoff was absent. During runoff
events, sampling frequency increased with one sample every 5-cm change in stage height.
Samples were analyzed for concentrations of suspended solids, nitrate-nitrogen (NO3-N),
and soluble-phosphorus (Sol-P). Detailed description of data collection procedures and
sample analyses can be found in Chow et al. (2011). Weather data including daily
precipitation, air temperature, relative humidity, and wind speed were obtained from the
St. Leonard Environment Canada weather station, located approximately 5 km from
BBW (Fig. 5.1). The daily average relative humidity and wind speed were calculated
based on hourly values. Since this weather station did not monitor daily solar radiation,
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the study used solar radiation collected from a weather station located approximately 10
km from BBW (WS#08; Fig. 5.1).
5.2.2

SWAT Setup

In Atlantic Canada, where substantial snow accumulates during winter, SWATpredicted soil temperatures have been found to disagree with field measurements (Qi et
al., 2016a; Qi et al., 2016b; Yang et al., 2009a). New physically-based soil-temperature
and snowmelt modules were developed and incorporated in SWAT to account for snowinsulation effects (Chapters 2 and 3) and rain-on-snow events (Chapter 4), respectively.
This enhanced SWAT-model (incorporating the two new modules) can provide accurate
predictions of water flow and nutrient loading and, as a result, was used in this study.
Two versions of the enhanced SWAT-model were set up for BBW, using detailed and
coarse inputs of land use and management practices, to be referred to as SWAT1 and
SWAT2, hereafter. The data used to set up the two versions of SWAT are illustrated in
Table 5.1. A high resolution (1-m) digital elevation model (DEM) obtained using the
light detection and ranging (LiDAR) technique was used to delineate the watershed and
derive topographical characteristics for both models. The entire watershed was divided
into eight subbasins (Fig. 5.1). The characteristics of generated subbasins and stream
attributes of subbasins are shown in Table 5.2. The slopes in BBW were classified into
five groups as shown in Fig. 5.2.
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Table 5.1 Datasets used in model setup, calibration, and validation of SWAT1 and SWAT2.
Dataset
1-m resolution LiDAR DEM
Soil map
Land use maps
Precipitation, temperature,
relative humidity and wind speed
Solar radiation
Tillage operation (spring and fall)
Fertilizer application
Crop rotation
Terraces and grassed waterways
Discharge, sediment, NO3-N and Sol-P

SWAT1
SWAT2 Location
2010
—
BBW
1993
—
BBW
1992-2011
2001
BBW
1992-2011
—
St. Leonard
1992-2011
1992-2011
1992-2011
1992-2011
1992-2011
1992-2011

—
2001
2001
2001
2001
—

WS#08
BBW
BBW
BBW
BBW
MS#01

Purposes
SWAT setup
SWAT setup
SWAT setup
SWAT setup
SWAT setup
SWAT setup
SWAT setup
SWAT setup
SWAT setup
SWAT calibration & validation
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Table 5.2 Physical characteristics of subbasins and stream attributes of BBW.
Subbasin
number

Area
(ha)

1
2
3
4
5
6
8
9

227
226
131
245
108
78
234
64

Fraction
of total
area
(%)
17.31
17.22
9.95
18.69
8.21
5.93
17.82
4.87

HRUs
HRUs
SWAT1 SWAT2

154
180
108
95
46
37
189
78

49
57
50
45
25
17
41
26

Main
channel
width
(m)
6.05
4.18
3.32
2.75
1.35
1.11
2.48
0.99

Avg.
channel
slope
(m m-1)
0.018
0.009
0.008
0.007
0.005
0.018
0.017
0.029

Main
channel
length
(km)
1.53
2.80
1.32
2.21
0.02
0.68
0.96
0.46

Main
channel
depth
(m)
0.36
0.28
0.24
0.22
0.13
0.12
0.20
0.11

5.2.2.1 New Land Use Map
The conventional way of setting up SWAT uses one land use map with the crop name
as land use ID. When HRUs are created with specified combinations of land use, soils,
and slopes in a subbasin, one HRU can represent many fields. This study assigned a
unique land use ID (based on field ID from records) to each field identified in the land
use map. If two fields had the same crop present, e.g., potato, they were assigned
different land use IDs. Land use map of 2001 was chosen as the baseline map to delineate
HRUs for SWAT1 and SWAT2. The land use map used for SWAT2 is shown in Fig. 5.3,
with 18 land use IDs. In contrast, 198 land use IDs were identified in the new land use
map for SWAT1 (Fig. 5.4). After combining the land use, soil, slope maps (with area
threshold of 0, 10, and 20%, respectively) through ArcSWAT interface, 887 and 310
HRUs were created for SWAT1 and SWAT2, respectively (Table 5.2).

Figure 5.3 Land use ID’s in a land use map generated in 2001.
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Figure 5.4 Land use ID’s in a new version of land use map.
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5.2.2.2 Management Data Configuration
After HRU-delineation, information on crop rotation, fertilizer application, contour
tillage, FDT, and grassed waterways was used to initialize both versions of SWAT. An
algorithm was developed to link recorded data to SWAT1 management files (Fig. 5.5).
Land use maps from 1992 to 2011 (except for 2001) were spatially joined with the new
land use map based on field IDs through ArcGIS. As a result, the attribute table had 20
years of land use and management information associated with each field. Finally,
parameters of SWAT1 management files (based on HRUs) were manually modified
according to records. A moldboard plow with 150-mm depth of mixing and 0.95 mixing
efficiency was set for the conventional tillage, and a chisel plow with 150-mm depth of
mixing and 0.30 mixing efficiency was set for conservation tillage. Existing terracing and
grassed waterways modules were modified corresponding to records, including the year
of implementation, slope lengths of FDT, and widths of grassed waterways. The
parameters of these BMPs were initially modified according to values published in the
scientific literature (e.g., Cronshey, 1986; Haan et al., 1994; Wischmeier and Smith, 1978;
Yang et al., 2010; Yang et al., 2009b).
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Figure 5.5 Flowchart of the new land use map generation and detailed land use and
management information incorporated in SWAT1.

165

We assumed that only one land use map (2001) was available for SWAT2, and limited
land use and management information was used to adjust SWAT2 management files
(Table 5.1). As a result, assumptions based on information available were required, i.e.,
(1) Potato-barley and barley-potato rotations were assigned to land use IDs, POTA and
BARL, respectively; for other land use IDs, it was assumed that no crop rotation took
place (Fig. 5.3);
(2) Fertilizers were applied only to potato and barley, and fertilizer amounts and N/P
ratios were averaged for potato and barley over the entire watershed based on 2001
survey data from BBW;
(3) Contour tillage was applied only to potato and barley fields, and tillage areas were
proportionally assigned to potato and barley fields over the entire watershed based on
2001 survey data from BBW; and
(4) FDT and grassed waterways were applied only to potato and barley fields, and their
areas were proportionally assigned to potato and barley fields over individual subbasins
based on 2001 survey data from BBW.
5.2.3

SWAT Calibration and Validation

Calibration was conducted with the SWAT calibration uncertainty programs (SWATCUP), ver. 5.1.6 (Abbaspour et al., 2007). At first, SWAT1 was calibrated using monthly
base flow and total stream discharge from 1992 to 2001. Base flow discharge was based
on previously reported values calculated with the recursive digital filter (RDF) method
(Li et al., 2014b; Zhang et al., 2013). Further calibration was conducted by comparing
modeled monthly sediment, NO3-N, and Sol-P loadings with measurements from 1992 to
2001. Then, SWAT1 was validated using monthly water data from 2002 to 2011.
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Parameters TERR_P and TERR_CN of the terracing module were also calibrated (Table
5.3). The impact of contour tillage on sediment loading was calibrated with the parameter
USLE_P (Table 5.3). As for SWAT2, calibration parameters were set equal to those for
SWAT1, with respect to water flow and sediment and nutrient loadings, as well as
management practices (i.e., contour tillage, FDT, and grassed waterways). Model
performance in simulating water quantity and quality at the watershed outlet was
compared between SWAT1 and SWAT2 based on two periods, i.e., period Ι (1992-2001)
and period ΙΙ (2002-2001).

Table 5.3 Parameters of contour tillage, FDT, and grassed waterways adjusted for
SWAT1 and SWAT2.
BMPs
Contour
Tillage
FDT

Parameter
USLE_P

Meaning
USLE practice factor

Initial value
0.5

Calibrated
0.6

TERR_P

USLE practice factor

0.12, slope < 3
0.10, 3 < slope <
9
0.15, 9 < slope
50

×(1-0.2)

25-100

50 for SWAT2

0.35
0.005

0.35
0.005

3/64×GWATW

3/64×GWATW

5

5

HRU length

HRU length

0.75×HRU
slope

0.75×HRU
slope

TERR_CN

Grassed
waterways

Initial SCS curve
number II
TERR_SL
Average slope length
(m)
GWATN
Manning’s N value
GWATSPCON Sediment linear
parameter
GWATD
Depth of grassed
waterway (m)
GWATW
Mean width of
grassed waterway (m)
GWATL
Length of grassed
waterway (km)
GWATS
Mean slope of grassed
waterways (m)

Note: “slope” refers to the slope of HRUs in the unit of %.
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5.2.4

Statistical Evaluation

Three coefficients of accuracy were used to assess model performance, i.e., relative
error (Re), coefficient of determination (R2), and Nash-Sutcliffe coefficient (NS; Nash
and Sutcliffe, 1970), given as:
𝑅𝑒 =

(𝑃𝑎𝑣𝑔− 𝑂𝑎𝑣𝑔 )
𝑂𝑎𝑣𝑔

∑𝑛
𝑖=1(𝑂𝑖 −𝑂𝑎𝑣𝑔 )∙(𝑃𝑖 −𝑃𝑎𝑣𝑔 )

2

𝑅 =(

∙ 100%

2

(5-1)
2
2 0.5

𝑛
[∑𝑛
𝑖=1(𝑂𝑖 −𝑂𝑎𝑣𝑔 ) ∙∑𝑖=1(𝑃𝑖 −𝑃𝑎𝑣𝑔 ) ]

𝑁𝑆 = 1 −

2
∑𝑛
𝑖=1(𝑂𝑖 −𝑃𝑖 )

)

(5-2)

(5-3)

2

∑𝑛
𝑖=1(𝑂𝑖 −𝑂𝑎𝑣𝑔 )

where Oi and Pi are the observed and predicted values, respectively; and Oavg and Pavg are
the averages of the observed and predicted values, respectively.
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5.3

Results and Discussion

5.3.1

Input Resolutions of Land Use and Management Practices

5.3.1.1 Crop Rotation, Fertilizer Application, and Contour Tillage
Modeled percentage area of potato and barley with both models are compared with
records from 1992 to 2011 (Fig. 5.6a). Modeled annual application rates of N and P for
BBW and potato and barley fields are compared with records (Figs. 5.6b, c, and d,
respectively). For SWAT1, modeled areas for two crops were consistent with records,
with potato occupying 30 to 40% of the total watershed area (Fig. 5.6a). Barley areas
varied from 10 to 25% of the total watershed area with high percentages in the early
2000’s (Fig. 5.6a). The modeled N and P application rates were consistent with records
for BBW and potato and barley fields. Application rates of N for potato fields were
almost constant after 1995 at about 200 kg ha-1, while for barley fields, they decreased
from about 60 kg ha-1 in the 1990’s to less than 50 kg ha-1 in the late 2000’s (Figs. 5.6c
and d). Application rates of P for potato and barley fields were relatively constant at
about 70 kg ha-1 and 5 kg ha-1, respectively (Figs. 5.6c and d). For SWAT2, modeled
areas of potato and barley and N and P application rates were not consistent with records
(Fig. 5.6). The modeled areas of potato and barley in 2001 were consistent with records,
while in other years, they varied up and down due to potato-barley rotations. Fertilizer
application rates in potato and barley fields in 2001 were consistent with records and
remained constant for other years. For the entire watershed, N and P application rates
varied with potato-barley rotations (Fig. 5.6).
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BBW

Figure 5.6 Modeled percentage area of potato and barley and annual application rates of
N and P for the entire watershed and potato and barley fields compared with records from
1992 to 2011 from BBW.
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Modeled percentage area of various tillage operations in BBW are compared with
records from 1992 to 2011 (Fig. 5.7). For SWAT1, areas of moldboard and chisel plow
were consistent with records in both spring and fall (Figs. 5.7c, d, e, and f), as were the
total spring and fall tillage areas (Figs. 5.7a and b). Compared with moldboard plow,
chisel plow areas were slightly higher than the records (about 5% different), leading to
overestimation of total tillage area in fall (Figs. 5.7a and e). The small bias was caused by
the crop rotation scenarios, in which we modified the contour tillage operation for several
crops. In general, spring tillage areas decreased since the early 1990’s, while fall tillage
increased. It is worth noting that fall tillage areas were much greater than those of spring
tillage throughout the simulation period (Figs. 5.7a and b). Meanwhile, fall moldboard
plow areas increased in the 1990’s and remained constant in the 2000’s occupying about
25% of the total watershed area (Fig. 5.7c). Fall chisel plow areas varied, remaining
under 25% of the total watershed area with several peaks in the early 2000’s (Fig. 5.7e).
Spring moldboard plow areas decreased since the early 1990’s and spring chisel plow
areas decreased to 0% after 1995 (Figs. 5.7d and f). For SWAT2, modeled areas for
moldboard and chisel plow were not consistent with records (Fig. 5.7). Percentage areas
for contour tillage were equal to the records only in 2001, while in other years, they
varied with potato-barley rotations.
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Figure 5.7 Modeled percentage area of moldboard and chisel plow in spring and fall and
spring and fall tillage (moldboard + chisel) compared with records from 1992 to 2011
from BBW.
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5.3.1.2 Terraces and Grassed Waterways
Modeled percentage area of FDT and grassed waterways are compared with records
from 1992 to 2011 (Fig. 5.8). For SWAT1, modeled FDT areas were consistent with
records (Fig. 5.8), while modeled grassed waterways areas were slightly greater due to
missing data in several fields (Fig. 5.8). Most grassed waterways were constructed with
FDT, as demonstrated by paralleled variation (Fig. 5.8). Total area of FDT and grassed
waterways increased from less than 10% to almost 40% of the total watershed area from
1992 to 2011. By comparing SWAT1-modeled FDT area with records in 1992, 1995,
2004, and 2011 (Fig. 5.9), we can conclude that SWAT1 successfully modeled the
changes of FDT from 1992 to 2011. For SWAT2, the modeled FDT and grassed
waterways area were close to records only in 2001, while remaining constant after 2001
(Fig. 5.8). Although SWAT2 could generate equal areas with records for most subbasins,
it could not generate the same FDT-distribution pattern as did SWAT1 (Fig. 5.10).

Figure 5.8 Modeled percentage area of FDT and grassed waterways compared with
records from 1992 to 2011.
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(a)

(b)

(e)

(f)

(c)

(g)

(d)

(h)

Figure 5.9 Recorded vs. modeled FDT areas in BBW (with SWAT1) for 1992 (a vs. e), 1995 (b vs. f), 2004 (c vs. g), and 2011(d vs.
h).

Figure 5.10 Recorded and modeled FDT areas with the two versions of SWAT for 2001.
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5.3.2

SWAT Calibration

Parameters calibrated for SWAT1 are shown in Table 5.4. In total, 20 parameters were
adjusted. Parameter CNOP (i.e., CN2) was initially adjusted to reflect influences of
management practices based on land use groups and hydrological properties of soils, and
remaining unchanged during calibration. Base flow discharge had a slow response to
recharge (Alpha_Bf = 0.04), and surface runoff tended to converge to the outlet quickly
(Surlag = 0.075; Table 5.4). Meanwhile, lateral flow increased due to unfrozen soils in
winter (reduced Slsoil; Qi et al., 2016a). Parameter Anion_Excl was reduced in order to
improve nitrate retention capacity of soils (Table 5.4). Parameters calibrated for
management practices are shown in Table 5.3. Calibrated values of ULSE_P for contour
tillage and FDT were within the range of recommended values (Haan et al., 1994;
Wischmeier and Smith, 1978; Yang et al., 2009b). As expected, TERR_CN value (= 72)
was less than the mean CN2 of croplands without FDT. It is worth noting that TERR_SL
for SWAT2 was assumed to be 50 m, while for SWAT1, its value varied in different
HRUs (25-100 m).
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Table 5.4 Parameters adjusted during calibration of SWAT1.
Relevant process Parameter
Snowmelt
Smtmp
Sftmp
Smfmx
Smfmn
Timp
Baseflow
Alpha_Bf
Gw_Delay
Revapmn
Rchrg_Dp
Surface
Surlag
& lateral flow
Esco
Epco
Slsoil
NO3-N
Anion_Excl
CDN
SDNCO
N_Updis
Sol-P
Phoskd
P_Updis
PSP

5.3.3

Unit
Default
Used
˚C
0
0.375
˚C
0
0.175
-1
-1
mm ˚C day
4.5
9.725
mm ˚C-1 day-1
4.5
3.525
—
1
0.15
day
0.048
0.04
day
31
1
mm
1
500
—
0.05
0
—
4
0.075
—
0.95
0.17
—
1
0.93
m
default × (1-0.5)
—
default × (1-0.7)
—
1.4
0.15
—
1.1
1
—
20
100
—
175
110
—
20
25
—
0.7
0.7

Impacts on Water Flow and Sediment and Nutrient Loadings

Simulated and observed monthly water flow and sediment and nutrient loadings for
period Ι and ΙΙ are shown in Figs. 5.11 and 5.12, respectively. Model assessments for both
models are shown in Table 5.5.
Table 5.5 Model assessments for SWAT1 and SWAT2 in two periods.
Period Model

Ι

SWAT1

SWAT2

ΙΙ

SWAT1

SWAT2

Index
Re (%)
R2
NS
Re (%)
R2
NS
Re (%)
R2
NS
Re (%)
R2
NS

Base flow Discharge Sediment NO3-N Sol-P
-5.0
0.65
0.63
-4.8
0.67
0.65
-2.5
0.82
0.82
-4.8
0.80
0.80

-6.4
0.62
0.61
-5.9
0.58
0.58
9.2
0.89
0.86
9.2
0.88
0.85
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-20.3
0.40
0.39
-16.1
0.39
0.39
5.6
0.30
0.04
35.9
0.29
-0.62

-11.8
0.50
0.43
-16.4
0.51
0.46
6.1
0.40
0.34
-8.2
0.45
0.44

2.8
0.23
0.14
6.4
0.16
0.09
-8.7
0.65
0.53
4.3
0.67
0.56

Figure 5.11 Comparisons of simulated and observed monthly water quantity and quality
for SWAT1 and SWAT 2 for period Ι. The “observed” values of base flow were
calculated with the RDF method.
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Figure 5.12 Comparisons of simulated and observed monthly water quantity and quality
for SWAT1 and SWAT2 for period ΙΙ. The “observed” values of base flow were
calculated with the RDF method.
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Base flow and total stream discharge simulated with both models were consistent with
observations (or estimates) in both periods (Figs. 5.11a and b, and Figs. 5.12a and b,
respectively). Compared with SWAT2, SWAT1 performed slightly better in simulating
total stream discharge for both periods and base flow for period ΙΙ (greater R2 and NS),
while in period Ι, SWAT2 performed slightly better (Table 5.5). In both periods, Re of
SWAT1 was close to that of SWAT2 for base flow and total stream discharge (Table 5.5),
indicating that discrepancies of crop areas between these two models have little impact
on the general water balance in BBW.
Compared with SWAT2, SWAT1 performed slightly better in simulating sediment
loading in period Ι (greater R2; Table 5.5), and it accurately depicted several major peaks
of sediment loadings during the snowmelt season (e.g., 1992 and 1994), whereas SWAT2
severely underestimated them (Fig. 5.11c). In general, both models underestimated
sediment loadings in period Ι (Re = -20.3 and -16.1 for SWAT1 and SWAT2,
respectively), due to the failure of capturing major erosion events caused by snowmelt in
humid-warm winters (e.g., 1996 to 2000; Fig. 5.11c). In period ΙΙ, SWAT1 performed
much better than SWAT2 (greater R2 and NS; Table 5.5), with the latter consistently
overestimating peak sediment loadings during the snowmelt season (Re = 35.9; Fig.
5.12c). This is because that SWAT1 was able to accurately account for gradually
increased areas of FDT after 2001 (Figs. 5.8 and 5.9). Meanwhile, the low NS (0.04) of
SWAT1 in period ΙΙ was partially due to insufficient calibration of FDT. The modified
universal soil loss equation (MUSLE) of SWAT could not address soil erosion caused by
freeze-thaw cycles. Thus, the FDT module could not be calibrated to compensate for

180

incorrect estimates of sediment loadings. An accurate soil erosion module is required for
a better assessment of FDT during winter and the snowmelt season in Atlantic Canada.
Compared with SWAT2, SWAT1 performed poorly in simulating NO3-N loading for
both periods (lower R2 and NS; Table 5.5). For Sol-P loading, SWAT1 performed better
than SWAT2 in period Ι, while not as well in period ΙΙ (lower R2 and NS; Table 5.5).
Since parameters relevant to NO3-N and Sol-P loadings were calibrated for SWAT1, it is
possible that SWAT2 performed better with a different set of land use and management
input due to parameter equifinality. These results indicate that SWAT, though set up with
limited land use and management information, is able to provide comparable simulations
of water quantity and quality at the watershed outlet, as long as the estimated land use
and management practice data can represent the general characteristics of the watershed
reasonably.
Since SWAT1 could model gradually increasing FDT areas (Fig. 5.8), it was expected
that more nitrates would be leached due to increased infiltration. This was confirmed by
larger Re with SWAT1 in both periods compared with SWAT2 (Table 5.5). Also,
SWAT1 generated less Sol-P loadings for both periods (i.e., smaller Re; Table 5.5),
indicating that the usage of FDT could potentially reduce Sol-P loading due to increased
infiltration.
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5.3.4

Spatial Impact of FDT on Soil Erosion

Simulated annual sediment loadings from HRUs were averaged over periods Ι and ΙΙ
for both models, and the derived erosion intensity maps are shown in Fig. 5.13. Sediment
loadings were classified into five groups based on analyses of annual sediment loadings
for both models and soil loss rate classification in Lobb et al. (2016). Soil loss rates
greater than 11 t ha-1 were considered moderate to high erosion intensity, while less was
considered low erosion intensity. Obviously, simulated moderate to high intensity erosion
areas decreased from period Ι to ΙΙ for both models (Fig. 5.13), corresponding to
increased usage of FDT in period ΙΙ (Fig. 5.8). For SWAT1, most low erosion intensity
areas were associated with FDT-occupied areas in BBW for both periods (Figs. 5.9 and
5.13), except for forest land (Fig. 5.2). In contrast, low erosion intensity areas modeled
with SWAT2 were not consistent with actual FDT-distribution in BBW for both periods
(Figs. 5.9 and 5.13). As a result, SWAT2 failed to spatially represent the impact of FDT
on soil erosion, while SWAT1 succeeded. The results indicate that using high resolution
inputs with respect to land use and management practices through field-based HRUdelineation, SWAT is able to provide high resolution outputs, such as soil erosion
vulnerable areas, in the watershed. As a result, SWAT can facilitate decision making not
only at the subbasin scale but also at the field scale.
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(a)

(b)

(c)

(d)

Figure 5.13 Comparisons of mean annual sediment loadings from HRUs in BBW
between the periods 1992-2001 and 2002-2011 simulated with SWAT1 (a vs. b) and
SWAT2 (c vs. d).
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5.4

Conclusion

The current study presents a new method to incorporate detailed land use and
management inputs in SWAT. The method delineates HRUs based on field boundaries
and associates each HRU with a particular field. As a result, detailed records can be
incorporated into the SWAT management files. After model setup, SWAT (SWAT1) was
calibrated and validated in a small experimental watershed (BBW). Meanwhile, another
version of SWAT (SWAT2) was set up with the original HRU-delineation method and
limited information on land use and management. Compared with SWAT2, SWAT1 was
able to generate accurate areas of crops, fertilizer application, tillage operation, FDT, and
grassed waterways in BBW. Both versions of SWAT were used to simulate water
quantity and quality at the watershed outlet. The results indicated that SWAT1 did not
perform better than SWAT2 in simulating base flow discharge and NO3-N and Sol-P
loadings; however, SWAT1 improved the simulation of sediment loading due to an
improved representation of FDT. In addition, SWAT1 was able to estimate the spatial
impact of FDT on soil erosion across the entire watershed, while SWAT2 failed. Based
on the results, conclusions can be made as follows:
(1) SWAT is able to provide comparable results even if limited land use and
management information is available, as long as the estimated land use and management
inputs can represent the general characteristics of the watershed.
(2) Setting up SWAT with detailed land use and management information, by virtue of
the field-based HRU-delineation method, is able to specify sources of pollutants and
vulnerable areas in subbasins and, as a result, facilitate decision making on watershed
management.
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(3) The modified universal soil loss equation employed by SWAT cannot address soil
erosion caused by freeze-thaw cycles; a more accurate soil erosion module is required for
correct assessments of BMPs in Atlantic Canada.
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CHAPTER 6

A DECISION SUPPORT TOOL TO ASSESS THE IMPACT OF LAND USE
CHANGE AND BEST MANAGEMENT PRACTICES ON WATER
QUANTITY AND QUALITY IN LARGE UNGAUGED WATERSHEDS

Qi, J., Li, S., Bourque, C.P.A., Xing, Z., Meng, F.R., A decision support tool to assess the
impact of land use change and best management practices on water quantity and quality
in large ungauged watersheds (to be submitted to Water Resources Research).
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Abstract
Assessments of the impact of land use change and best management practices (BMPs) on
water quantity and quality are important for decision making. Due to the difficulties in
obtaining field data, hydrological models are often used for making such assessments.
Process-based hydrological models are generally preferred for their high accuracy at the
watershed scale. However, model simulations require detailed inputs and complex
calibration procedures, which may delay their acceptance among decision makers. In this
study, a simple decision-support tool, the land use and BMPs assessment tool (LBAT),
was developed to evaluate the impact of land use change and BMPs on water resources
for large ungauged watersheds in New Brunswick, Canada. It was developed based on
statistical models derived from simulations of the Soil and Water Assessment Tool
(SWAT) applied to a small experimental watershed, i.e., Black Brook Watershed (BBW).
The LBAT was tested against field measurements and SWAT simulations for the Little
River Watershed containing BBW. Results from LBAT reproduced both field data and
model simulations of annual stream discharge and sediment and nutrient loadings fairly
well. Compared with SWAT, LBAT has fewer input requirements and can be applied to
multiple watersheds without additional calibration. Also, scenario analyses with LBAT
can be directly conducted for different combinations of land use and BMPs without
complex setup procedures as required by SWAT. On this basis, we recommend that
LBAT be used in economic analysis and management decision making for watersheds
with similar environmental conditions to those of BBW.
Keywords: multiple regression; hydrological model; erosion; nitrate leaching; soil
temperature
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6.1

Introduction

Pollution from nonpoint sources poses a significant threat to ecosystems and plant and
animal communities (Vörösmarty et al., 2010). Nonpoint sources of sediment, nutrients,
and pesticides, primarily from agricultural lands, have been identified as major
contributors to water quality degradation (Ongley et al., 2010; Zhang et al., 2004). These
pollutants are difficult to control because they come from many sources (Quan and Yan,
2001). Practices such as strip cropping, terracing, crop rotation, and nutrient management
can be developed to prevent soil erosion and reduce the movement of nutrients and
pesticides from agricultural lands to aquatic ecosystems (D'Arcy and Frost, 2001). These
pollution-prevention methods, known as best management practices (BMPs), are
intended to minimize the negative environmental impact of agricultural activities, while
retaining land productivity. Reliable information on the impacts of land use change and
BMPs on water quantity and quality is critical to watershed management (Panagopoulos
et al., 2011).
Many studies have been conducted to evaluate the impact of land use change and
BMPs on water quality based on field experiments (Novara et al., 2011; Pimentel and
Krummel, 1987; Sadeghi et al., 2012; Turkelboom et al., 1997; Urbonas, 1994).
Monitoring systems have been established to assess the impact of land use change and
BMPs on water resources in order to capture the spatial and temporal variation in soil,
climate, and topographic conditions in watersheds (Veldkamp and Lambin, 2001).
Although it is not difficult to quantify soil erosion and chemical loadings in experimental
plots, it is time-consuming and expensive (Mostaghimi et al., 1997). It is not practical to
conduct field experiments for every combination of land use and BMPs, under different
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biophysical conditions. As a result, it is unlikely that one could obtain sufficient data to
develop management plans and conduct cost-benefit analyses. In addition, statistical
models could be derived from experiments; however, it is difficult to establish cause-andeffect relations between BMPs and water quality variables under varied biophysical
conditions, or to quantify the impact of combined land use and BMPs on water quality at
the watershed scale (Renschler and Lee, 2005).
Process-based hydrological models can be used to extrapolate field data to fill data
gaps (Borah and Bera, 2003; Borah and Bera, 2004; Singh, 1995; Singh and Frevert,
2005; Singh and Woolhiser, 2002). Statistical models developed from field data from
small watersheds are assumed to apply to large watersheds (Bloschl and Grayson, 2001;
Blöschl and Sivapalan, 1995). These process-based hydrological models provide
quantitative information that is usually difficult to obtain from field experiments (Borah
et al., 2002). For example, ANSWERS (Beasley et al., 1980), CREAMS (Knisel, 1980),
GLEAMS (Leonard et al., 1987), AGNPS (Young et al., 1989), EPIC (Sharpley and
Williams, 1990), and SWAT (Arnold et al., 1998) have been used to understand surface
runoff, soil erosion, nutrient leaching, and pollutant-transport processes. However, these
process-based models require extensive input data and complex calibration procedures
(Liu et al., 2015); watersheds with sufficient data to calibrate and validate these models
are normally small, resulting in a lack of representation at large spatial scales.
Furthermore, once a model is calibrated, parameters become watershed-specific and
cannot be easily extended to other watersheds. In addition, these models require
specialized expertise, which prevents non-expert decision makers and economists from
using them (Viavattene et al., 2008).
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A decision-support tool could be developed by combining “decision rules” with
geographic information system (GIS) for water quality assessment in large ungauged
watersheds. The “decision rules” could be simple regressions derived from field
experiments on many combinations of land use and BMPs (Renschler and Harbor, 2002),
or they could be defined as simple as constants based on expert knowledge. Alternatively,
simulations of a well-calibrated hydrological model can be used to develop statistical
models or even artificial neural networks used as a part of “decision rules”. A decisionsupport tool developed based on “decision rules” is flexible and easy-to-use for decision
makers and economists, whereas its simulation accuracy needs to be tested. In addition,
to provide sufficient “decision rules” with reasonable accuracy, hydrological models are
required to be calibrated and validated before filling data gap of field experiments.
The present study used the Soil and Water Assessment Tool (SWAT) to provide data
for the development of the decision-support tool. As a process-based semi-distributed
watershed model, SWAT is designed to simulate hydrological processes and predict
water quantity and quality as affected by land use, land management practices, and
climate change (Arnold et al., 1998). It provides a flexible framework that allows for
simulations of the impact of a broad range of BMPs, such as cover crops, filter strips,
conservation tillage, irrigation, and flood-prevention structures (Gassman et al., 2005;
Ullrich and Volk, 2009). The SWAT model is currently one of the most used
hydrological models to study nonpoint source pollution problems (Behera and Panda,
2006), and it has been used to evaluate the impact of BMPs on water quantity and quality
at various spatial scales (Gassman et al., 2005). Many studies have used SWAT as a
decision-support tool to evaluate water resources in large ungauged watersheds. It is
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believed that SWAT is able to provide reliable evaluations even without calibration. The
SWAT model analyzes small or large watersheds by discretizing them into subbasins,
which are then further subdivided into hydrological response units (HRUs) with
homogeneous land use, soil properties, and slope (Yan et al., 2013; Yang et al., 2009).
The model calculates the water balance (i.e., surface and subsurface runoff, percolation
and base flow, and evapotranspiration and transmission losses), crop growth, nutrient
cycling, and pesticide movement at the HRU level. Water flow and sediment and nutrient
loadings from each HRU in a subbasin are summed and the resulting loadings are then
routed through channels, ponds, and reservoirs to the watershed outlet. Model outputs
include HRU, subbasin, and watershed values for surface flow, lateral flow, groundwater,
as well as sediment and nutrient loadings. In Atlantic Canada, where substantial snow
accumulates during winter, SWAT-predicted soil temperatures have been found to
disagree with field measurements (Qi et al., 2016a; Qi et al., 2016b; Yang et al., 2009).
New physically-based soil-temperature and snowmelt modules were developed for
SWAT to account for snow-insulation effects (Chapters 2 and 3) and rain-on-snow events
(Chapter 4), respectively. As a result, the enhanced version of SWAT (incorporating the
two new modules) can provide more accurate predictions of water flow and nutrient
loading.
The main objective of the present study is to develop a simple decision-support tool for
evaluating the impact of land use change and BMPs on water resources in a large
ungauged watershed in New Brunswick, Canada. In particular, we present the
development of a decision-support tool and test it against data from two watersheds
situated in the potato belt of New Brunswick: one small watershed, with extensive
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monitoring and field survey data, and another large watershed, containing the smaller
watershed.
6.2

Materials and Methods

The general framework of the study is illustrated in Fig. 6.1. Specifically, this involves
the following steps: (1) setting up, calibrating, and validating the enhanced version of
SWAT at a small experimental watershed (Chapter 5); (2) developing statistical models
based on simulations of SWAT for different combinations of land use and BMPs; (3)
integrating the statistical models into a decision-support tool with the aid of ArcGIS; (4)
testing the decision-support tool against field measurements and model simulations of
water quantity and quality for a large watershed.
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Figure 6.1 Information flow in development of the decision-support tool.
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6.2.1

Study Sites and Data Collection

The large watershed used to test the decision-support tool is the Little River Watershed
(LRW), which is located in the Upper Saint John River Valley of northwestern New
Brunswick, Canada (Fig. 6.2). It covers an area approximately 380 km2 with a mixture of
agricultural (16.2%), forest (77%), and residential (6.8%) land uses (Fig. 6.3; Xing et al.,
2013). Elevation in the watershed ranges from 127 to 432 m above mean sea level (Fig.
6.2). The soil in the study sites is classified as mineral derived from various parent
materials. The major associations are Caribou, Carleton, Glassville, Grandfalls,
Holmesville, McGee, Muniac, Siegas, Thibault, Undine, Victoria, Waasis, and one
organic soil (Fig. 6.3). The study site belongs to the Upper Saint John River Valley
Ecoregion in the Atlantic Maritime Ecozone (Marshall et al., 1999). The climate of the
region is considered to be moderately cool boreal with approximately 120 frost-free days
annually (Yang et al., 2009). The average temperature is 3.7˚C and annual precipitation is
1037.4 mm (Zhao et al., 2008). About one-third of the precipitation is in the form of
snow. Snowmelt leads to major surface runoff and groundwater recharge events from
March to May (Chow and Rees, 2006). The land use and soil maps in the setup of SWAT
for LRW were derived from publicly available data [Energy and Resource Development
(ERD), New Brunswick; Fig. 6.3].
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Figure 6.2 Locations of the LRW and BBW and water-monitoring stations #01 and #12
as well as weather stations #08 and St. Leonard. Elevations and subbasins are also shown
for LRW.
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Soil Type

Figure 6.3 Slope classes created using a 10-m LiDAR DEM, soil and land use maps, and
land use ID’s for SWAT.
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The small experimental watershed of the present study is the Black Brook Watershed
(BBW), which is a subbasin of LRW (Fig. 6.2). The BBW has been studied extensively
for more than 20 years to evaluate the impact of agriculture on soil erosion and water
quality (Chow and Rees, 2006; Li et al., 2014). The watershed covers an area of 14.5 km2,
with 65% agriculture land, 21% forest land, and 14% residential areas and wetlands.
Slopes vary from 1-6% in the upper basin to 4-9% in the central area. In the lower portion,
slopes are more strongly rolling at 5-16%. Soil surveys (1:10,000 scale) identified six
mineral soils, namely Grandfalls, Holmesville, Interval, Muniac, Siegas, and Undine, and
one organic soil, St. Quentin (Mellerowicz, 1993).
A water-monitoring station was established at the outlet of BBW in 1992 (MS#01; Fig.
6.2) and another (MS#12) at the outlet of LRW in 2001. At these stations, V-notch weirs
were installed, and the stage height of the water was recorded using a CampbellScientific CR10X data logger. Stage height values were converted to total flow rates
using a calibration curve function (Chow et al., 2011). Water samples were collected with
an ISCO automatic sampler. Sampling frequency was set at one sample every 72 hours
when runoff was absent. During runoff events, sampling frequency increased with one
sample every 5-cm change in stage height. Samples were analyzed for concentrations of
suspended solids, nitrate-nitrogen (NO3-N), and soluble-phosphorus (Sol-P). Detailed
description of data collection procedures and sample analyses can be found in Chow et al.
(2011). Weather data including daily precipitation, air temperature, relative humidity, and
wind speed were derived from the St. Leonard Environment Canada weather station,
located approximately 5 km northwest of BBW (Fig. 6.2). The daily average relative
humidity and wind speed were calculated based on hourly values. Since this weather
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station did not monitor daily solar radiation, the study used solar radiation collected from
a weather station located approximately 10 km southeast of BBW (WS#08; Fig. 6.2).
6.2.2

SWAT Setup, Calibration, and Validation in BBW and LRW

The enhanced version of SWAT has been set up, calibrated, and validated in BBW as
reported in Chapter 5. The datasets used in SWAT setup, calibration, and validation for
BBW and LRW are provided in Table 6.1. Both models (SWAT for BBW and another
for LRW) used the same set of weather data (Table 6.1). As for LRW, a 10-m resolution
digital elevation model (DEM) based on the light detection and ranging (LiDAR)
technique was used to delineate subbasins (32 subbasins) and derive their topographic
characteristics (Fig. 6.2). The soil types and slopes, which were classified into five
separate groups, are shown in Fig. 6.3 for LRW. After combining the soil, slope, and land
use maps through the ArcSWAT interface, 362 HRUs were created for LRW.

Table 6.1 Datasets used in SWAT setup, calibration, and validation for BBW and LRW.
Dataset
LiDAR DEM
Soil map
Land use maps
Precipitation, temperature,
relative humidity and wind speed
Solar radiation
Contour tillage operation
(spring and fall)
Fertilizer application

BBW
1m
Survey (1993)
Survey (92-11)
St. Leonard (92-11)

LRW
10 m
ERD
ERD (one map)
St. Leonard (01-10)

WS#08 (92-11)
Survey (92-11)

WS#08 (01-10)
Only for potato and
barley (01-10)
Estimated from
BBW (2001)
Potato-barley(01-10)
Negligible
MS#12 (01-10)

Survey(92-11)

Crop rotation
Survey (92-11)
Terraces and grassed waterways
Survey (92-11)
Discharge, sediment, NO3-N and Sol-P MS#01 (92-11)
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Since we had only one land use map for LRW, very limited land use and management
information was available (Table 6.1). As a result, assumptions were made based on
information available on land use and management records for BBW to adjust SWAT
management files for LRW as follows:
(1) Potato-barley rotations were assigned to the land use ID POTA; for other land use
IDs, it was assumed that no crop rotation took place (Fig. 6.3);
(2) Fertilizers were applied only to potato and barley, and fertilizer amounts and N/P
ratios were averaged for potato and barley over the whole watershed based on 2001
survey data from BBW;
(3) Contour tillage was applied only to potato and barley fields;
(4) Flow diversion terraces (FDT) and grassed waterways in LRW were assumed not
present.
These assumptions served as a baseline scenario for FDT assessment in LRW. Two
versions of SWAT, uncalibrated and calibrated, were considered for LRW. The land use
and management file were modified in the uncalibrated version of SWAT, while no
further calibration was performed. For the calibrated version of SWAT, the land use and
management files were modified as in the uncalibrated version of SWAT, and the
calibration parameters were set equal to those for BBW (Chapter 5). This
parameterization approach is widely accepted in applying SWAT to large ungauged
watersheds (Panagopoulos et al., 2011).
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6.2.3

Development of Statistical Models

A decision-support tool was developed based on statistical models derived from
simulations of the calibrated version of the enhanced SWAT-model for BBW (with fieldbased HRU delineation method). Firstly, land use and BMPs were categorized into a
number of groups. These groups were selected together with major factors as explanatory
variables (independent variables), and regression analyses were conducted to estimate
water quantity and quality variables (dependent variables).
6.2.3.1 Land Use Groups and BMP Scenarios
Land use in BBW (in total 24) was first classified into five land use groups according
to their influences on hydrological processes (Table 6.2). Note that WATR was not
included in the development of the decision-support tool due to its small overall area (Fig.
6.3). As for watershed management, we considered three BMP scenarios:
(1) FDT + contour tillage;
(2) Contour tillage; and
(3) No-BMP (without FDT and contour tillage).

206

Table 6.2 Land use and land use groups (LUGP) for BBW and LRW.
LUGP
AGRL
(General crops)

GRAN
(Grains)

GRAS
(Grasses)

FORT
(Forestry)

NOCR
(Non-vegetated
lands)

Land use code in SWAT
AGRL
CANA
CRON
FPEA
POTA
BARL
OATS
PMIL
RYE
SWHT
WWHT
BERM
CLVR
HAY
PAST
RYEG
TIMO
FRSD
FRSE
FRST
RNGB
WETF
WETN*
URMD
UTRN
UIDU*

Land use type
Agricultural Land-Generic
Canola
Corn
Field peas
Potato
Barley
Oats
Millet
Rye
Spring wheat
Winter wheat
Bermuda grass
Clover
Hay
Past
Ryegrass
Timothy
Forest-Deciduous
Forest-Evergreen
Forest-Mixed
Range-Bush
Wetlands-Forested
Wetlands-No-Forest
Residential
Transportation
Industrial

Note: “*” indicates the unique land use present in LRW that was not present in BBW
and, therefore, not accounted in the development of the decision-support tool.

The calibrated version of the enhanced SWAT-model for BBW was used to generate
annual outputs based on HRUs from 1992 to 2011. Since the fields containing FDT were
normally tilled parallel to the contours of the land, the outputs from HRUs set up with
FDT and contour tillage constituted a database for the FDT + contour tillage BMP
scenario. Then, SWAT was run without FDT, and the outputs from these runs constituted
a database for the contour tillage scenario. Finally, SWAT was run without FDT and
contour tillage, and the outputs from these runs constituted a database for the no-BMP
scenario.
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6.2.3.2 Explanatory Variables Selection
Multiple linear regression analyses were used to correlate annual total discharge (mm)
and sediment (t ha-1), NO3-N (kg ha-1), and Sol-P (kg ha-1) loadings with explanatory
variables in the three BMP scenarios. Explanatory candidate variables must be
physically-meaningful in hydrological and biochemical processes. It is worth noting that
both continuous and categorical variables were included in the regression equation. The
land use group (LUGP) was the only categorical variable, and the remaining were all
continuous variables. To detect significant predictors, the analysis of covariance
(ANCOVA) was used. It requires at least one continuous and one categorical explanatory
variable and is used to identify the major and interactive effects of predictors. By
including continuous variables, the method can reduce the variance of the error to
increase the statistical power and precision in estimating categorical variables (Keselman
et al., 1998; Li et al., 2014). Inclusion of interaction terms in these regression models
dramatically increased model performance. In the present study, we only considered
interactions between two explanatory variables at a time. Student t-tests were conducted
to examine the statistical significance of each level of LUGP and their interaction with
the various continuous variables. When one level of LUGP (e.g., GRAN; Table 6.2) did
not significantly correlate with water quality or quantity, or there were nominal
interactions between a given level and other explanatory variables, this particular level of
LUGP would be combined with other levels of LUGP until all new levels of LUGP were
statistically significant. Statistical analyses were conducted in R (Ihaka and Gentleman,
1996). As a result, only six continuous explanatory variables were determined for the
specification of the statistical models. Annual precipitation (PCP), annual mean air

208

temperature (TMP), and mean saturated hydraulic conductivity of soil (SOL_K) were
common to total discharge and sediment, NO3-N, and Sol-P loading models. The LSfactor (USLE_LS) and annual N and P application rates (N_APP and P_APP,
respectively) were unique to sediment, NO3-N, and Sol-P loading models, respectively.
6.2.4

Decision Support Tool Assessment

The statistical models were applied base on grid cells generated with ArcGIS for the
study watersheds. Inputs to the decision-support tool included the six continuous
explanatory variables and LUGP as well as information on management practices, e.g.,
contour tillage and FDT implementations. Simulations from each grid cells were
summarized at the outlet of the study watersheds. We first tested the impact of cell size
on simulations of water quantity and quality at the outlet of BBW. The cell size range
was determined by considering different farmland sizes observed in the study area. We
assumed that farmland-based simulation units (grid cells) could sufficiently represent
basic hydrological processes, land use change, and management practice implementations
for watershed modeling. Simulated annual water flow and sediment and nutrient loadings
with decision-support tool were compared with those produced with the calibrated
version of the enhanced SWAT-model. Furthermore, the decision-support tool was
applied to LRW, and the simulations were compared with those of the uncalibrated and
calibrated versions of SWAT at the watershed outlet. The purpose is to test if the LBAT
performs better or at least equivalently well as the calibrated version of SWAT, and test if
it performs better than the uncalibrated version of SWAT. The decision-support tool is
called the Land use and BMPs Assessment Tool (LBAT).
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The LS-factor of the universal soil loss equation (USLE) was determined by slope
gradient (slp) and slope length (L) of individual HRUs:
𝐿

𝑚

USLE_LS = {22.1} ∙ (65.41 ∙ 𝑠𝑖𝑛2 (𝑎) + 4.56 ∙ sin(𝑎) + 0.065)

(6-1)

where m is the equation exponent, and a is the angle of the slope. The exponent m is
calculated by,
𝑚 = 0.6 ∙ (1 − exp[−35.835 ∙ 𝑠𝑙𝑝])

(6-2)

where slp is in units of m m-1. For the LBAT, slope length L equals to the length of the
grid side, and slope gradient was determined by the Slope tool in ArcGIS. The sedimentdelivery ratio was not considered in the LBAT-application to BBW. We assumed that
annual sediment loadings from grid cells of the LABT were all exported to the outlet of
BBW. However, when the LBAT was applied to LRW, the sediment-delivery ratio was
needed to provide the correct estimate of sediment loading at the watershed outlet. The
sediment loadings at the outlet of LRW (sed) were determined by
𝑠𝑒𝑑 = 𝑆𝐷𝑅 ∙ 𝑠𝑒𝑑 ~

(6-3)

where sed~ is the sediment loadings calculated by the sediment loading regression
models , and SDR is the sediment-delivery ratio determined by
𝑆𝐷𝑅 = 0.37 ∙ 𝐴−0.125

(6-4)

(Vanoni, 1975), where A (km-2) is the drainage area. Model performance in terms of
water quantity and quality at the outlet of the study watersheds was assessed based on the
coefficient of determination (R2) and relative error (Re), given as:
2

𝑅 =(

𝑅𝑒 =

∑𝑛
𝑖=1(𝑂𝑖 −𝑂𝑎𝑣𝑔 )∙(𝑃𝑖 −𝑃𝑎𝑣𝑔 )
2

2
2 0.5

𝑛
[∑𝑛
𝑖=1(𝑂𝑖 −𝑂𝑎𝑣𝑔 ) ∙∑𝑖=1(𝑃𝑖 −𝑃𝑎𝑣𝑔 ) ]

(𝑃𝑎𝑣𝑔− 𝑂𝑎𝑣𝑔 )
𝑂𝑎𝑣𝑔

)

(6-5)

∙ 100%

(6-6)
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where Oi and Pi are the observed and predicted values, respectively; and Oavg and Pavg are
the averages of the observed and predicted values, respectively.
6.2.5

FDT Assessment in LRW

A series of FDT-implementation scenarios were set up for LBAT based on six slope
classes to assess the impact of FDT on water quantity and quality in agricultural lands of
LRW (Fig. 6.3; Table 6.3). From scenarios one (S1) to six (S6), total area protected by
FDT gradually increased until all agricultural lands were protected (Table 6.3). Mean
annual simulations of total discharge and sediment, NO3-N, and Sol-P loadings from
LRW from 2001 to 2010 were compared with those of the baseline scenario (%FDT = 0)
for each scenario using two indicators, i.e., mean difference (MD) and percentage relative
difference (PRD), given as:
(1) MD = output with FDT – output without FDT, and
(2) PRD (%) = MD/output without FDT ×100.

Table 6.3 Slope classes and corresponding areas in the agricultural land of LRW.
Scenario Slope Area protected by FDT Agricultural lands
(ha)
(%)
S1
≥5%
624
10
S2
≥4%
1328
22
S3
≥3%
2224
37
S4
≥2%
3680
61
S5
≥1%
5360
89
S6
6048
100
≥0
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6.3
6.3.1

Results and Discussion
Statistical Models

6.3.1.1 Models Structure and Coefficient Estimation
Structure of linear regression models and their explanatory variables for annual
discharge and sediment, NO3-N, and Sol-P loadings under different combinations of land
use groups and BMP scenarios are shown in Tables 6.4 and 6.5. In total, three discharge
models (Dis1, Dis2, and Dis3) and five sediment (Sed1_1, Sed1_2, Sed1_3, Sed2, and
Sed3), NO3-N (N1_1, N1_2, N1_3, N2, and N3), and Sol-P (P1_1, P1_2, P1_3, P2, and
P3) loading models were developed. Data transformations were applied to sediment,
NO3-N, and Sol-P loadings to meet the assumption of normality in multiple regression
analysis (Table 6.4). The contour tillage and FDT were applied only to agricultural lands,
including land use groups AGRL, GRAN, and GRAS (Table 6.4). For the no-BMP
scenario, three separate sediment, NO3-N, and Sol-P loading models were developed for
agricultural lands (AGRL, GRAN, and GRAS), non-vegetated lands (NOCR), and forest
lands (FORT), and one discharge model (Dis1) for all land use groups (Table 6.4). It is
worth noting that the sediment loading model, Sed3, was a modified version of Sed1_1
(multiplied by TERR_P) for the FDT + contour tillage scenario (Table 6.4), and the
values of TERR_P used for Sed3 were the same as the calibrated values in SWAT for
BBW (Chapter 5). Also, NO3-N and Sol-P loadings (N1_2 and P1_2) for non-vegetated
lands (NOCR) were determined as constants, which were equal to the calculated means
of NO3-N and Sol-P loadings determined by SWAT, respectively (i.e., 24 and 0.61kg ha-1,
respectively; Table 6.4).
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As for LUGP (including AGRL, GRAN, GRAS, FORT, and NOCR; Table 6.2), three
new land use groups (i.e., LUGP1, LUGP2, and LUGP3) were formulated by combining
agricultural lands AGRL, GRAN, and GRAS during model development (Tables 6.4 and
6.5). For example, LUGP2 was derived by combining AGRL, GRAN, and GRAS on total
discharge (i.e., Dis1 model). Individual model structures are shown in Table 6.4, whereas
the explanatory variables for these models appear in Tables 6.6, 6.7, 6.8 and 6.9. The
coefficients estimated for the explanatory variables and their interactions, and their t-test
results are also shown. Most of the p-values for these explanatory variables were < 0.001,
except for several that were between 0.001 and 0.08, which were also taken as acceptable.
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Table 6.4 Statistical models based on land use groups (LUGP) and BMPs.
BMP Scenario
No-BMP
Contour tillage
FDT+Contour tillage
No-BMP

Contour tillage
FDT+Contour tillage
No-BMP
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Contour tillage
FDT+Contour tillage
No-BMP

Contour tillage
FDT+Contour tillage

LUGP
CRGP2,NOCR,FORT
AGRL,GRAN,GRAS
AGRL,GRAN,GRAS
CRGP1,GRAS
NOCR
FORT
CRGP1,GRAS
AGRL,GRAN,GRAS
AGRL,GRAN,GRAS
NOCR
FORT
AGRL,GRAN,GRAS
CRGP3,GRAN
CRGP1,GRAS
NOCR
FORT
CRGP1,GRAS
AGRL,GRAN,GRAS

Model
Dis1
Dis2
Dis3
Sed1_1
Sed1_2
Sed1_3
Sed2
Sed3*
N1_1
N1_2*
N1_3
N2
N3
P1_1
P1_2*
P1_3
P2
P3

Structure
Discharge = f (PCP, TMP, SOL_K, LUGP2)
= f (PCP, TMP, SOL_K)
= f (PCP, TMP, SOL_K)
Sediment(1/10) = f (USLE_LS, PCP, TMP, SOL_K, LUGP1)
= f (USLE_LS, PCP)
= f (USLE_LS, PCP, SOL_K)
Sediment(1/10) = f (USLE,_LS, PCP, TMP, SOL_K, LUGP1)
Sediment = Sed1_1 ×TERR_P
Log(NO3-N) = f (N_APP, PCP, TMP, SOL_K, LUGP)
NO3-N= 24 kg ha-1
Log(NO3-N) = f (PCP, TMP, SOL_K)
Log(NO3-N) = f (N_APP, PCP, TMP, SOL_K, LUGP)
= f (N_APP, PCP, TMP, SOL_K, LUGP3)
Log(Sol-P) = f (P_APP, PCP, TMP, SOL_K, LUGP1)
Sol-P = 0.61 kg ha-1
Log(Sol-P) = f (PCP, TMP, SOL_K)
Log(Sol-P) = f (P_APP, PCP, TMP, SOL_K, LUGP1)
= f (P_APP, PCP, TMP, SOL_K, LUGP)

Note: AGRL and GRAN are combined into one group, namely CRGP1, in LUGP1; AGRL, GRAN and GRAS are combined into one group,
namely CRGP2, in LUGP2; AGRL and GRAS are combined into one group, namely CRGP3, in LUGP3; “*” indicates specially treated models.

Table 6.5 Explanatory variables determined for statistical models.
Variable
LUGP
LUGP1
LUGP2
LUGP3
N_APP
P_APP
PCP
SOL_K
TERR_P
TMP
USLE_LS

Unit
—
—
—
—
kg ha-1
kg ha-1
mm
mm h-1
—
℃
—

Meaning
Land use groups including AGRL, GRAN, GRAS, FORT, and NOCR
AGRL and GRAN are combined into a new group, CRGP1
AGRL, GRAN, and GRAS are combined into a new group, CRGP2
AGRL and GRAS are combined into a new group, CRGP3
Annual N application rate
Annual P application rate
Annual precipitation
Mean saturated hydraulic conductivity of soil
P-factor for FDT
Annual mean air temperature
LS-factor of USLE
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Table 6.6 Coefficient estimates for the three discharge models corresponding to land use
and BMPs scenarios, provided in Table 6.4.
Model variable
Dis1
Intercept
PCP
TMP
SOL_K
FORT
NOCR
PCP:TMP
PCP:FORT
PCP:NOCR
TMP:FORT
TMP:NOCR
SOL_K:FORT
SOL_K:NOCR
Dis2
Intercept
PCP
TMP
SOL_K
PCP:TMP
Dis3
Intercept
PCP
TMP
SOL_K
PCP:TMP

Estimate Std. Error

t-value

p-value

-1565
1.933
282.7
0.06338
30.79
162.2
-0.2488
0.04684
-0.0535
9.723
4.506
-0.3769
-0.2959

24.04
0.02176
6.091
0.00992
14.16
14.51
0.005487
0.01191
0.01224
1.684
1.731
0.03403
0.032

-65.089
88.837
46.402
6.389
2.175
11.181
-45.352
3.934
-4.37
5.775
2.603
-11.076
-9.248

<0.001
<0.001
<0.001
<0.001
0.030
<0.001
<0.001
<0.001
<0.001
<0.001
0.009
<0.001
<0.001

-1633
1.995
302.2
0.08696
-0.2662

27.29
0.02472
6.87
0.01167
0.006199

-59.84
80.69
43.98
7.45
-42.94

<0.001
<0.001
<0.001
<0.001
<0.001

-1666
2.007
298
0.09353
-0.2606

36.58
0.03305
9.351
0.01573
0.008406

-45.54
60.713
31.865
5.946
-31.004

<0.001
<0.001
<0.001
<0.001
<0.001
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Table 6.7 Coefficient estimates for the four sediment loading models corresponding to
land use and BMPs scenarios, provided in Table 6.4.
Model variable
Sed1_1
Intercept
USLE_LS
PCP
TMP
SOL_K
GRAS
USLE_LS:SOL_K
USLE_LS:GRAS
PCP:TMP
PCP:SOL_K
Sed1_2
Intercept
PCP
PCP:USLE_LS
Sed1_3
(Intercept)
USLE_LS
PCP
SOL_K
USLE_LS:PCP
USLE_LS:SOL_K
Sed2
Intercept
USLE_LS
PCP
TMP
SOL_K
GRAS
USLE_LS:SOL_K
USLE_LS:GRAS
PCP:TMP
PCP:SOL_K
TMP:GRAS

Estimate Std. Error

t-value

p-value

0.2749
0.1201
0.000788
0.1117
0.000568
-0.0353
-0.00014
-0.02623
-0.00011
-4.6E-07

0.06125
0.02224
5.54E-05
0.01528
0.00022
0.00881
4.69E-05
0.006826
1.38E-05
1.91E-07

4.488
54.018
14.218
7.307
2.585
-4.007
-3.045
-3.842
-7.967
-2.406

<0.001
<0.001
<0.001
<0.001
0.010
<0.001
0.002
<0.001
<0.001
0.016

0.8575
0.000123
0.000209

0.008826
7.82E-06
5.02E-06

97.15
15.67
41.65

<0.001
<0.001
<0.001

0.3992
0.07935
0.000204
0.000545
4.94E-05
-0.00067

0.02267
0.01967
1.96E-05
5.71E-05
1.71E-05
4.89E-05

17.613
4.034
10.371
9.534
2.9
-13.718

<0.001
<0.001
<0.001
<0.001
0.004
<0.001

0.2591
0.12
0.000767
0.1162
0.000746
-0.06937
-0.00013
-0.02662
-0.00011
-6.3E-07
0.007415

0.05228
0.001898
4.73E-05
0.01304
0.000188
0.01648
4E-05
0.005829
1.18E-05
1.63E-07
0.003664

4.956
63.218
16.212
8.907
3.981
-4.211
-3.137
-4.567
-9.522
-3.846
2.024

<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
0.002
<0.001
<0.001
<0.001
0.043
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Table 6.8 Coefficient estimates for the four NO3-N loading models corresponding to land
use and BMPs scenarios, provided in Table 6.4.
Model variable
N1_1
Intercept
N_APP
PCP
TMP
SOL_K
GRAN
GRAS
N_APP:PCP
N_APP:TMP
N_APP:SOL_K
PCP:GRAN
PCP:GRAS
PCP:TMP
TMP:GRAN
TMP:GRAS
N1_3
Intercept
PCP
TMP
SOL_K
PCP:TMP
N2
Intercept
N_APP
PCP
TMP
SOL_K
GRAN
GRAS
N_APP:PCP
N_APP:TMP
N_APP:SOL_K
PCP:GRAN
PCP:GRAS
PCP:TMP
TMP:GRAN
TMP:GRAS

Estimate Std. Error

t-value

p-value

1.44
-0.00862
0.000543
0.1363
-0.00344
-1.117
-1.97
5.31E-06
0.000963
9.6E-06
0.000677
0.001029
-0.00025
0.1
0.2132

0.1753
0.000699
0.00016
0.03357
9.78E-05
0.1021
0.1562
6.45E-07
7.45E-05
6.4E-07
9.38E-05
0.000143
2.64E-05
0.01134
0.01651

8.213
-12.325
3.4
4.059
-35.163
-10.937
-12.611
8.233
12.929
15.024
7.215
7.201
-9.467
8.817
12.912

<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001

-1.411
0.001875
0.4437
-0.00104
-0.00032

0.3087
0.000279
0.07831
0.000116
7.06E-05

-4.573
6.710
5.666
-8.979
-4.484

<0.001
<0.001
<0.001
<0.001
<0.001

1.429
-0.00858
0.000548
0.1376
-0.00345
-1.11
-1.962
5.3E-06
0.000957
9.65E-06
0.000674
0.001026
-0.00025
0.09934
0.2122

0.1757
0.000701
0.00016
0.03365
9.8E-05
0.1023
0.1566
6.47E-07
7.46E-05
6.4E-07
9.41E-05
0.000143
2.64E-05
0.01137
0.01655

8.134
-12.233
3.425
4.089
-35.223
-10.849
-12.526
8.187
12.82
15.067
7.167
7.162
-9.456
8.738
12.821

<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
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N3
Intercept
N_APP
PCP
TMP
SOL_K
GRAN
N_APP:PCP
N_APP:TMP
N_APP:GRAN
PCP:TMP
PCP:SOL_K
PCP:GRAN
TMP:GRAN

-0.3595
-0.00131
0.001621
0.3977
-0.00386
-0.2133
1.65E-06
0.000281
0.000716
-0.00035
1.21E-06
0.000267
-0.04685
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0.1718
0.000435
0.00015
0.03857
0.000505
0.07504
3.59E-07
4.74E-05
0.000292
3.32E-05
4.36E-07
5.82E-05
0.008004

-2.092
-3.011
10.806
10.312
-7.641
-2.842
4.61
5.939
2.453
-10.506
2.781
4.577
-5.853

0.037
0.003
<0.001
<0.001
<0.001
0.005
<0.001
<0.001
0.014
<0.001
0.005
<0.001
<0.001

Table 6.9 Coefficient estimates for four Sol-P models corresponding to land use and
BMPs scenarios, provided in Table 6.4.
Model variable
P1_1
Intercept
P_APP
PCP
TMP
SOL_K
GRAS
P_APP:PCP
P_APP:TMP
PCP:TMP
PCP:SOL_K
TMP:SOL_K
TMP:GRAS
P1_3
Intercept
PCP
TMP
SOL_K
PCP:TMP
P2
Intercept
P_APP
PCP
TMP
SOL_K
GRAS
P_APP:PCP
P_APP:TMP
P_APP:GRAS
PCP:TMP
PCP:SOL_K
PCP:GRAS
TMP:SOL_K
TMP:GRAS
P3
Intercept
P_APP
PCP

Estimate Std. Error

t-value

p-value

-3.711
0.002341
0.003195
0.5542
0.00298
-0.4321
-2.4E-06
0.000829
-0.00052
-1.2E-06
-0.00026
0.03787

0.1306
0.000623
0.000117
0.03197
0.000472
0.0382
5.2E-07
7.7E-05
2.9E-05
3. 97E-07
5.7E-05
0.00941

-28.416
3.757
27.286
17.337
6.305
-11.312
-4.64
10.797
-18.297
-3.095
-4.526
4.024

<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
0.002
<0.001
<0.001

-4.43817
0.002509
0.417306
0.001247
-0.0003

0.589848
0.000534
0.1496445
0.000222
0.000135

-7.512
4.701
2.789
5.622
-2.253

<0.001
<0.001
0.005
<0.001
0.024

-3.667
0.003461
0.003017
0.5149
0.003531
-0.2039
-2.4E-06
0.000432
-0.03304
-0.00044
-1.4E-06
-0.00025
-0.00025
0.05117

0.1357
0.000663
0.000122
0.03304
0.000488
0.09001
5.54E-07
7.93E-05
0.007019
2.95E-05
4.1E-07
7.66E-05
5.87E-05
0.009839

-27.017
5.218
24.783
15.584
7.233
-2.265
-4.305
5.445
-4.707
-14.952
-3.446
-3.25
-4.184
5.201

<0.001
<0.001
<0.001
<0.001
<0.001
0.024
<0.001
<0.001
<0.001
<0.001
<0.001
0.001
<0.001
<0.001

-2.817
-0.01363
0.002778

0.2548
0.001854
0.000178

-11.054
-7.352
15.609

<0.001
<0.001
<0.001
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TMP
SOL_K
GRAN
GRAS
P_APP:TMP
P_APP:GRAN
P_APP:GRAS
PCP:TMP
PCP:SOL_K
PCP:GRAN
PCP:GRAS
TMP:SOL_K
TMP:GRAN
TMP:GRAS

0.1406
0.00651
-0.9386
-0.9931
0.003562
0.007736
-0.05489
-0.0003
-3.7E-06
0.000112
-0.00019
-0.00021
0.1798
0.247
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0.06523
0.000702
0.1378
0.1813
0.000491
0.002179
0.01295
4.42E-05
5.78E-07
5.1E-05
0.000109
8.8E-05
0.03332
0.03581

2.155
9.279
-6.812
-5.478
7.252
3.549
-4.24
-6.763
-6.359
2.192
-1.74
-2.4
5.397
6.898

0.031
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
0.028
0.082
0.016
<0.001
<0.001

6.3.1.2 Statistical Model Assessment
Simulations of statistical models and outputs from HRUs are compared for different
BMP scenarios in Table 6.10. In general, discharge models were able to reproduce
SWAT simulations in three BMP scenarios (R2 ranged from 0.86 to 0.9). The mean
discharge simulated by statistical models was equal to those of SWAT (Table 6.10). The
mean discharge (636 mm) was greater in the no-BMP scenario than those for contour
tillage and FDT + contour tillage scenarios (619 and 628 mm, respectively), indicating
that usage of contour tillage and FDT could increase evapotranspiration.
Models Sed1_2 and Sed1_3 were able to reproduce SWAT simulations (R2 = 0.71 and
0.57, respectively), and the simulated mean sediment loadings were close to those of
SWAT (Table 6.10). Models Sed1_1 and Sed2 tended to underestimate results from
SWAT (Table 6.10), with lower mean sediment loadings (10.78 < 12.84 t ha-1 and 8.31 <
9.4 t ha-1, respectively). The mean sediment loading (0.89 t ha-1) with Sed3 was slightly
greater than that of SWAT (0.84 t ha-1), due to the fact that Sed3 only took TERR_P into
account, while SWAT considering TERR_CN and the impact of grassed waterways.
Results of statistical models showed that the mean sediment loading (8.31 t ha-1) in the
contour tillage scenario was less than that for no-BMP scenario (10.78 t ha-1), and much
lower in the FDT + contour tillage scenario (0.89 t ha-1; Table 6.10). In addition, the least
mean sediment loading (0.09 t ha-1) was found to occur with the FORT land use group
(Table 6.10).
The four NO3-N and Sol-P loading models could explain approximately 50% of the
variation in SWAT simulations (R2 ranged from 0.33 to 0.59; Table 6.10). The mean
NO3-N and Sol-P loadings with statistical models were all slightly less than those of
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SWAT for different BMP scenarios (Table 6.10). Results of statistical models showed
that the mean NO3-N loadings were greater in the FDT + contour tillage scenarios (44 kg
ha-1) than those for no-BMP and contour tillage scenarios (both were equal to 39 kg ha-1;
Table 6.10), due to increased infiltration with FDT. The mean Sol-P loading (0.8 kg ha-1)
was less in the no-BMP scenario than that in the contour tillage scenario (0.89 kg ha-1),
while much greater than that for FDT + contour tillage scenario (0.43 kg ha-1). Although
contour tillage could reduce sediment loading by changing microtopography and
reducing erosive runoff (the reason we calibrated the USLE_P < 1; Chapter 5), Sol-P
transported with surface runoff actually increased due to reduced residue cover protecting
the soil surface during winter and the snowmelt season; when FDT was implemented
with tillage, however, less surface runoff was generated due to increased infiltration
leading to reduced Sol-P loadings. The mean NO3-N and Sol-P loadings (10 and 0.06 kg
ha-1, respectively) for the FORT land group were much less than those of the CRGP land
group (39 and 0.8 kg ha-1, respectively; Table 6.10).
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Table 6.10 Comparisons of simulations of statistical models and outputs from SWAT for different land use groups and BMPs based
on mean and standard deviation for the entire simulation period (1992-2011).
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No-BMP
Tillage
FDT + Tillage
Variable Index
CRGP
NOCR
FORT
CRGP
CRGP
SWAT Fitted SWAT Fitted SWAT Fitted SWAT Fitted SWAT Fitted
Discharge Mean
→
→
636
636
←
←
619
619
628
628
(mm)
SD
→
→
144
133
←
←
140
132
151
143
2
R
→
→
0.86 (Dis1)
←
←
0.88 (Dis2)
0.90 (Dis3)
Sediment Mean 12.84 10.78
1.80
1.71
0.10
0.09
9.40
8.31
0.84
0.89
-1
(t ha )
SD
11.86
9.44
1.94
1.95
0.14
0.16
8.28
7.38
2.72
1.18
2
R
0.48 (Sed1_1)
0.71 (Sed1_2)
0.57 (Sed1_3)
0.56 (Sed2)
—
NO3-N
Mean
43
39
24
—
10
10
43
39
47
44
(kg ha-1)
SD
24
14
16
—
6
3
24
14
29
21
R2
0.40 (N1_1)
—
0.33 (N1_3)
0.39 (N2)
0.59 (N3)
—
Sol-P
Mean
0.88
0.80
0.61
0.08
0.06
0.98
0.89
0.49
0.43
(kg ha-1)
SD
0.49
0.32
0.46
—
0.06
0.03
0.59
0.38
0.33
0.23
2
R
0.47 (P1_1)
—
0.38 (P1_3)
0.48 (P2)
0.52 (P3)
Note: CRGP refers to crop groups including AGRL, GRAN, and GRAS; the statistics for discharge in
no-BMP scenario are based on CRGP, NOCR, and FORT.

6.3.2

LBAT Assessment

6.3.2.1 Impact of Grid Cell Size on LBAT Simulation
Simulations of water quantity and quality by LBAT with different cell sizes (i.e., 25,
50, 100, 200, and 400 m) for BBW are shown in Fig. 6.4. Statistical tests indicated that
grid-cell size had a significant effect on sediment loading (p-value < 0.01), while no
effect for discharge and NO3-N and Sol-P loadings (p-values > 0.99). Increasing cell size
(i.e., slope length) increased sediment loading; however, the mean gradient of slope was
reduced. As a result, the mean sediment loadings were non-linearly correlated with cell
size (Fig. 6.13). The highest mean sediment loading was found with a cell size of 100 m
(5.86 t ha-1), while the lowest was found with a cell size of 400 and 25 m (3.37 t ha-1).
The LBAT with a cell size of 25 and 400 m was able to generate sediment loadings
consistent with field measurements and, considering computational efficiency, we chose
a grid-cell size of 400 m as the basic simulation unit for LBAT-calculations for LRW.
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Figure 6.4 Simulations of annual stream discharge and sediment, NO3-N, and Sol-P
loadings determined with LBAT for different grid-cell sizes (i.e., 25, 50, 100, 200, and
400 m).
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Figure 6.5 Impact of grid-cell size on sediment loading simulated with LBAT. Mean
annual sediment loadings from 1992 to 2011 are labeled and standard error bars are
included.
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6.3.2.2 LBAT vs SWAT in BBW
Simulations of water quantity and quality with LBAT and SWAT are compared with
field measurements for BBW (Fig. 6.6). Model assessments are shown in Table 6.11.
Both LBAT and SWAT were able to capture the main component of variation in
measured annual stream discharge (R2 = 0.48 and 0.56, respectively) and NO3-N and SolP loadings (R2 = 0.25, 0.32, 0.23, and 0.38, respectively); however, they performed
poorly when annual sediment loading was considered (Table 6.11; Fig. 6.6), due to the
fact that the current version of SWAT does not address soil erosion caused by freezethaw cycles (Chapter 5). Absolute values of Re with LBAT were less than 48 for these
four variables (Table 6.11). The mean discharge and sediment loading with LBAT were
slightly less than those of SWAT and the field measurement, while the mean Sol-P
loading (0.5 kg ha-1) was greater (0.33 and 0.34 kg ha-1 for SWAT and the field
measurement, respectively; Table 6.11). The mean NO3-N loading (30 kg ha-1) with
LBAT was equal to that of the field measurement, while slightly greater than that of
SWAT (29 kg ha-1). These results indicated that LBAT and SWAT performed equally
well with simulating water quantity and quality at the outlet of BBW.
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Figure 6.6 Simulations of annual stream discharge and sediment, NO3-N, and Sol-P
loadings with LBAT and SWAT compared with field measurements at the outlet of BBW.
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Table 6.11 Statistical assessments of LBAT and SWAT in simulations of annual stream
discharge and sediment, NO3-N, and Sol-P loadings at the outlet of BBW for the
simulation period of 1992-2011.
Variable Index Measured SWAT LBAT
Discharge Mean
696
706
655
(mm)
Re (%)
—
2
-6
2
R
—
0.56
0.48
Sediment Mean
3.77
3.34
3.31
(t ha-1)
Re (%)
—
-12
-12
2
R
—
0.02
0.02
NO3-N
Mean
30
29
30
(kg ha-1)
Re (%)
—
-3
0
2
R
—
0.32
0.25
Sol-P
Mean
0.34
0.33
0.50
(kg ha-1)
Re (%)
—
-3
48
2
R
—
0.38
0.23
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6.3.2.3 LBAT vs. SWAT in LRW
Simulations of water quantity and quality with LBAT and the uncalibrated and
calibrated versions of SWAT are compared with field measurements for LRW (Fig. 6.7).
Model assessments for different simulation periods (depending on measurement
availability) are shown in Table 6.12. It is worth noting that, to eliminate unrealistic
results, USLE_LS was constrained in Sed1_2 to the NOCR land use group:
USLE_LS = {

𝐸𝑞. 6‐ 1
1.28

𝑈𝑆𝐿𝐸_𝐿𝑆 ≤ 1.28
𝑈𝑆𝐿𝐸_𝐿𝑆 > 1.28

(6-7)

where 1.28 is the maximum USLE_LS for BBW.
In general, the two versions of SWAT and LBAT slightly underestimated annual
stream discharge, while capturing its variation reasonably well (Fig. 6.7a). The
uncalibrated and calibrated versions of SWAT had the least and largest absolute values of
Re (Re = -2 and -9), whereas LBAT Re = -6 (Table 6.12). The uncalibrated version of
SWAT severely overestimated annual sediment and NO3-N loading (Re = 212 and 87,
respectively; Figs. 6.7b and c), whereas the calibrated version of SWAT and LBAT
underestimated sediment loading (Re = -32 and -52, respectively) and overestimated
NO3-N loading (Re = 22 and 27, respectively; Table 6.12). In general, the calibrated
version of SWAT and LBAT captured the variation in annual sediment and NO3-N
loadings reasonably well (Figs. 6.7b and c). However, the two versions of SWAT and
LBAT failed to capture the variation in annual Sol-P loadings (Fig. 6.7d). The LBAT had
the smallest absolute value of Re (Re = -16), while the uncalibrated and calibrated
versions of SWAT had larger values (Re = -59 and -55, respectively). These results
suggested that the LBAT and the calibrated version of SWAT performed equally well in
simulating annual stream flow and sediment and NO3-N loadings, with LBAT performing
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slightly better for annual Sol-P loading. In addition, LBAT performed much better than
the uncalibrated version of SWAT, especially for annual sediment and NO3-N loadings.

Table 6.12 Statistical assessments of LBAT and SWAT for annual stream discharge and
sediment, NO3-N, and Sol-P loadings at the outlet of LRW for different simulation
periods
Period Variable
01-07
01-10
03-10
03-10

Index

Discharge Mean
(mm)
Re (%)
Sediment Mean
(t ha-1)
Re (%)
NO3-N
Mean
(kg ha-1)
Re (%)
Sol-P
Mean
(kg ha-1)
Re (%)

Measurement
704
—
0.95
—
12
—
0.31
—

SWAT
SWAT
LBAT
-Uncalibrated -Calibrated
691
638
664
-2
-9
-6
2.95
0.65
0.45
212
-32
-52
22
14
15
87
22
27
0.13
0.14
0.26
-59
-55
-16

Since the LBAT was derived from regression models which were based on SWAT
simulations in BBW, its usage should be constrained to areas with soil, landscape, and
landuse characteristics similar to BBW. Input characteristics exceeding the range of data
used to develop regression models could lead to large errors in predictions. However, the
LBAT is rather flexible in its structure, and with thoughtful development, it can be
applied to different environments. For example, we adopt different types of “decision
rules” for the basic simulation units, e.g., field experimental results and expert knowledge,
to improve the regression models used in the present study. If distinct soil types,
landscape characteristics, and landuse types present in a new study site, we could modify
the “decision rules” with simple correlation equations or even an estimated constant
based on experiments, observations, and even common knowledge for the area.
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Figure 6.7 Simulations of annual stream discharge and sediment, NO3-N, and Sol-P
loadings with LBAT and SWAT compared with field measurements at the outlet of LRW.
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6.3.3

FDT Assessment in LRW

Mean annual water quantity and quality simulated with LBAT for the agricultural land
in LRW are shown in Table 6.13. Calculated MD and PRD for different FDT scenarios
are also included. The mean annual discharge was 626 mm in the baseline scenario
greater than those for the six FDT scenarios (Table 6.13). With an increased usage of
FDT, the mean annual discharge gradually decreased. When all agricultural land was
protected (S6), there was a 2% reduction in discharge (equivalent to 11 mm; Table 6.13).
Meanwhile, increasing the usage of FDT dramatically reduced the mean annual sediment
loadings (Table 6.13). With the steepest areas protected (accounting for 10% of the total
land area; S1), the mean annual sediment loading was reduced by as much as 43%
(equivalent to 4.5 t ha-1; Table 6.13), and reduced by 81% (equivalent to 8.57 t ha-1) with
all agricultural land protected (S6; Table 6.13). The mean annual Sol-P loadings were
gradually reduced with an increased usage of FDT (from S1 to S6; Table 6.13). With all
agricultural land protected by FDT, the mean annual Sol-P loading was reduced by 51%
(equivalent to 0.47 kg ha-1; Table 6.13). In contrast, increased usage of FDT tended to
increase the mean annual loading of NO3-N. When all agricultural land was protected, the
mean annual NO3-N loading was increased by 6% (equivalent to 1.73 kg ha-1).
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Table 6.13 Impact of FDT on mean annual discharge and sediment, NO3-N, and Sol-P
loadings simulated with LBAT under different FDT, provided in Table 6.3.
Variable Index
Baseline
S1
S2
S3
S4
S5
S6
Discharge Mean
626
625
623
622
619
616
615
(mm)
MD
—
-1
-2
-4
-7
-10
-11
PRD (%)
—
0
0
-1
-1
-2
-2
Sediment Mean
10.54 6.04 4.94 4.02 3.04 2.26 1.97
(t ha-1)
MD
— -4.50 -5.60 -6.52 -7.50 -8.28 -8.57
PRD (%)
—
-43
-53
-62
-71
-79
-81
NO3-N
Mean
29.70 29.86 30.02 30.34 30.82 31.22 31.42
(kg ha-1)
MD
— 0.16 0.32 0.64 1.13 1.52 1.73
PRD (%)
—
1
1
2
4
5
6
Sol-P
Mean
0.94
0.89
0.83
0.76
0.65
0.52
0.46
(kg ha-1)
MD
— -0.05 -0.11 -0.17 -0.28 -0.42 -0.47
PRD (%)
—
-5
-11
-19
-30
-45
-51

Percentage reduction or increase (based on PRD) of water quantity and quality were
plotted against percentage area of FDT for potato and barley in Fig. 6.8. Increasing the
usage of FDT helped to reduce discharge and sediment and Sol-P loadings for both crops
(Figs. 6.8a, b, and c). It is worth noting that sediment loading decreased with increasing
usage of FDT (Fig. 6.16b). An opposite trend was observed for potato and barley with
respect to the impact of FDT on NO3-N loading. With increasing usage of FDT, NO3-N
loadings increased linearly for potato, while it decreased for barley; the increased rate for
potato was nearly twice as much as the reduction rate observed for barley (Fig. 6.16d).
Apparently, the interaction between barley and FDT had positive impacts on nitrate
retention in soils, while the interaction between potato and FDT had the opposite effect.
These results were consistent with previous studies (Yang et al., 2012; Yang et al.,
2010), which used SWAT to assess the impact of FDT on water quantity and quality in
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BBW. When using SWAT, greater efforts were needed to prepare basic inputs, such as
daily weather records, to conduct subsequent calibration and validation, which involve
tedious scenario setup and analysis. Most importantly, different watersheds need separate
effort to set up SWAT, which require extra effort. The LBAT, in contrast, can be used for
multiple watersheds as long as they have similar environmental conditions. In addition,
scenario analysis can be directly conducted with different combinations of land use and
BMPs using fewer inputs than what is required by SWAT. Also, once developed, LBAT
does not require further calibration.
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Figure 6.8 Percentage reduction or increase in discharge and sediment, NO3-N, and SolP loadings as a function of % area, where FDT’s were used for potato and barley fields.
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6.4

Conclusion
The present study has developed a decision-support tool to assess the impact of land

use change and BMPs on water quantity and quality for large ungauged watersheds. An
enhanced version of SWAT has been calibrated and validated for an experimental
watershed. Multiple regression analyses were used to develop statistical models based on
simulations from SWAT. In total, three discharge and five sediment, NO3-N, and Sol-P
loading models were developed for different combinations of land use groups and BMP
scenarios. Only four common predictors (i.e., annual precipitation, annual mean air
temperature, mean saturated hydraulic conductivity of soil, and land use groups) and
three unique predictors (LS-factor and annual nitrogen and phosphorus application rates
for sediment, NO3-N, and Sol-P loading models, respectively) are required.
With the aid of ArcGIS, statistical models were integrated into a decision-support tool,
i.e., the land use and BMPs assessment tool (LBAT), whose basic simulation units are
based on the DEM-grid cell. The LBAT was used to simulate annual water flow and
sediment and nutrient loadings at the outlet of BBW. These simulations were compared
with those of SWAT; in general, LBAT and SWAT perform equally well. The LBAT
was subsequently applied to a large watershed (LRW). Results indicate that the LBAT
and the calibrated version of SWAT perform well with respect to annual stream discharge
and sediment and NO3-N loadings. The LBAT performed slightly better when Sol-P
loading was considered. Compared with the uncalibrated version of SWAT, LBAT
performed better. In addition, the impact of FDT on water quantity and quality was
evaluated with LBAT for LRW; its results were consistent with those generated with
SWAT for the same region. The LBAT has fewer input requirements than SWAT, and
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can be applied to multiple watersheds without additional calibration. Also, scenario
analyses can be directly conducted with LBAT without complex setup procedures. Thus,
we recommend using LBAT for economic analysis and management decision making for
watersheds with similar environmental conditions of New Brunswick. The LBAT
developed in this study may not be directly applied to other regions; however, the
approach in developing LBAT can be applied to other regions of the world.
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CHAPTER 7

CONCLUDING REMARKS
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7.1

Thesis Summary

In this study, a process-based semi-distributed hydrological model, the Soil and Water
Assessment Tool (SWAT), was modified to accommodate Atlantic Canada’s climate.
New physically-based soil-temperature and snowmelt modules were developed to
account for snow-insulation effects and rain-on-snow events in SWAT. The enhanced
version of SWAT was set up with detailed land use and management records from Black
Brook Watershed (BBW) in New Brunswick, Canada; it was then calibrated and
validated with long-term water-monitoring data. Finally, an ArcGIS-based decisionsupport tool, i.e., the Land use and BMPs Assessment Tool (LBAT), was developed
based on statistical models derived from simulations generated with the enhanced version
of SWAT. It was designed to assess the impact of land use change and best management
practices (BMPs) on water quantity and quality for large ungauged watersheds. The
LBAT was tested against field measurements and SWAT-model simulations in a large
watershed, i.e., Little River Watershed (LRW). In addition, it was used to assess the
impact of flow diversion terraces (FDT) on water quantity and quality in LRW.
7.2

Contributions

Major contributions of the thesis are summarized as follows:


Chapter 2: The empirically-based soil-temperature module of SWAT
considerably underestimates soil temperature leading to unreasonable estimates of
water flow and nutrient loadings during winter and the snowmelt season in
Atlantic Canada. A physically-based soil-temperature module was developed to
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address snow-insulation effects for SWAT to improve the accuracy of soil
temperature predictions for Atlantic Canada weather conditions.


Chapter 3: The enhanced version of SWAT (incorporating the new soiltemperature module) improved the accuracy of predicting base flow discharge and
nitrate loading, compared with the original version of SWAT. Simulations
revealed that a considerable amount of meltwater infiltrated into soils leading to
increased nitrate leaching in winter. These results implied that nitrate losses
during winter and the snowmelt season should be given more attention when
managing agricultural watersheds in Atlantic Canada.



Chapter 4: The temperature index based snowmelt module of SWAT
underestimates snowmelt induced by rain-on-snow events in Atlantic Canada. An
energy balance snowmelt module was developed to address this issue by
characterizing various physical conditions related to snowmelt. The new
snowmelt module was tested against field measurements and simulations of the
temperature index module in eight watersheds across Atlantic Canada. Results
indicated an improvement in snowmelt prediction. The particular advantage of the
new snowmelt module is its ability to generate improved estimates for ungauged
watersheds.



Chapter 5: A new model-setup method was developed to increase input
resolutions with respect to land use and management practices for SWAT.
Compared with the conventional way of SWAT setup, the new method improved
spatial resolutions of predicted soil erosion and nutrient loadings across the study
watershed. As a result, the new method enables SWAT to provide valuable
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information on vulnerable areas and pollution sources in agricultural watersheds
and facilitates decision making in watershed management.


Chapter 6: An ArcGIS-based decision-support tool was developed to assess the
impact of land use change and BMPs on water quantity and quality for large
ungauged watersheds in New Brunswick. Unlike SWAT, which requires intensive
input and complex calibration procedures, the LBAT only needs several
physically-meaningful variables and no calibration to conduct scenario analyses.
The LBAT can be used by decision makers and economists for large watersheds
with topographic, climate, and land cover conditions similar to those of northwest
New Brunswick.

7.3

Potential Future Work
1) Although SWAT has been modified with respect to soil temperature and
snowmelt, soil erosion caused by freeze-thaw cycles needs to be addressed in
future work to correctly evaluate BMPs impact on soil erosion during winter and
the snowmelt season.
2) The current version of LBAT incudes limited BMPs, i.e., contour tillage and FDT.
Additional BMPs, such as cover crops, tile drainage, and buffer zones, could be
included in the decision-support tool to enrich the functionality of LBAT for
various decision-making purposes.
3) Further development should include a user-friendly interface coupled with
ArcGIS facilitating input data preparation and output data visualization.
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