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ABSTRACT 

 Major storms are significant drivers of runoff from agricultural areas, which implies that 

modeling watershed processes at smaller time steps, such as hourly versus daily, will allow such 

effects to be expressed in a watershed model. Thus, the results of these models at this level 

would be effectively used in scenario analysis to determine the impacts of certain agricultural 

practices, which affects decisions that can have major economic and environmental 

consequences.  

This topic has been investigated for semi-distributed models, but not yet for fully-

distributed models. To help fill this research gap this study investigated whether different time 

steps in a fully-distributed watershed model resulted in significantly different surface runoff and 

streamflow results. Surface runoff and streamflow results were generated for different time steps 

(5-minutes, 30-minutes, 1-hour, and 1-day) for a case study area in Nebraska, USA, using the 

Spatially Explicit Integrated Modeling System (SEIMS). These results were then compared for 

significant difference using ANOVA.  

The major findings of this study included that the streamflow and surface runoff results 

were generally significantly different when generated using different time steps. However, when 

SEIMS was calibrated, the difference between the results of different time steps reduced such 

that, in many cases, they were non-significantly different (p > 0.05). These trends were seen 

across multiple grazing management scenarios implemented within the model. These findings 

imply that time step should be a significant consideration when modeling agricultural practices 

in ungauged watersheds.   
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CHAPTER 1 INTRODUCTION 

1.1 Time Step in Watershed Models 

A previous study that investigated the impacts of agricultural best management practices 

(BMPs) such as no-till farming on sediment loss in the field found that most soil erosion in the 

study watersheds came from five large storms over a 28-year period (Edwards & Owens, 1991). 

Thus, single storm events, which usually take place over the hourly scale, are significant 

predictors of sediment loss. Because small time intervals (fine temporal resolution) can include 

intense storm events, the time interval (referred to as “time step” in model) over which a model 

calculates watershed processes such as infiltration and surface runoff could have a significant 

impact on the model results. Smaller time steps would capture high intensity storms that larger 

time steps could not capture.  

Watershed models use a variety of methods to calculate infiltration and surface runoff, 

some of which are only able to calculate these processes at the daily level, such as the curve 

number method. A common method to use for sub-daily infiltration modeling is the Green & 

Ampt equation. This equation considers rainfall intensity when estimating how much water will 

infiltrate into the ground (Neitsch et al., 2011). In short, if the rainfall intensity is less than the 

infiltration rate during a time step, all the rainfall that reaches the ground will infiltrate until the 

infiltration capacity is reached (Neitsch et al., 2011). The amount of water infiltrating into the 

soil will be affected by the time step because rainfall intensity is calculated as the amount of 

rainfall reaching the ground divided by this value.  

1.2 Importance of Time Step in Scenario Analysis 
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 Many agricultural BMPs, which are methods to reduce sediment and pollutant loss from 

agricultural areas (Wu et al., 2014), are expensive and time consuming to implement in the field. 

Watershed models provide tools for farmers, local officials, and policy makers to predict the 

impacts of these practices before implementation, so they can make informed decisions about 

what kind of practice would be best in a certain area. For example, Wu et al. (2014) used a 

watershed model to evaluate three different BMPs (no-till farming, conversion of farmland to 

forest, and terraces) for a mountainous case study area, predicting that terrace farming would be 

most effective in decreasing surface runoff. 

 Based on the results of the Edwards and Owens study (1991), it is possible that the time 

step could change the results of a watershed model, specifically for processes like surface runoff, 

and thus other processes as well, such as streamflow. If infiltration and surface runoff are 

calculated at a shorter time step, such as 5-minutes, then short, high intensity storms will be 

taken into consideration, potentially increasing the amount of modeled surface runoff. On the 

other hand, daily or even monthly time steps will result in the rainfall being averaged over these 

time periods, thus failing to accurately model rainfall intensity. This could cause an 

overestimation of infiltration and underestimation of surface runoff. Thus, one component of 

watershed model accuracy is the time step. It is important for watershed models used for scenario 

analysis to be as accurate as possible so ineffective BMPs are not selected for implementation in 

the field.  

1.3 Existing Research on Time Step of Watershed Models   

 Many studies that compare time steps in watershed models use different methods for 

calculating infiltration and surface runoff depending on whether the time step is daily or sub-
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daily (King et al., 1999; Ficklin & Zhang, 2013). This means that they are not directly comparing 

time steps, but rather infiltration and surface runoff equations.  

Current research that compares time steps while keeping the infiltration and surface 

runoff methods consistent indicates that the time step does not significantly impact model results. 

Jeong et al. (2010) found that two sub-daily rainfall time steps (15-minute and 1-hour) produced 

similar Nash Sutcliffe Efficiency (NSE) values (a statistic used to describe the difference 

between observed and simulated datasets) for calibration and validation for a small watershed 

(~1.9km2). For the 15-minute time step, the calibration NSE value was 0.93 and 0.87 for 

validation, and for the 1-hour time step, they were 0.86 and 0.90. Overall, these NSE values were 

very similar. Another study, Bauwe et al. (2017), found that the NSE values and streamflow 

results were similar across four different time steps. Both studies stated that their results were not 

guaranteed to be consistent across watersheds with different characteristics (Bauwe et al., 2017; 

Jeong et al., 2010). Jeong et al. (2010) mentioned that the time step could become a more 

significant variable for watersheds of different sizes. Bauwe et al. (2017) then showed that the 

time step became a more significant consideration when the ground cover and soil hydraulic 

conductivities were altered to increase surface runoff. This indicates that watersheds with main 

channels that are highly responsive to rainfall would benefit from smaller time steps.  

1.4 Research Gap & Questions 

Both Jeong et al. (2010) and Bauwe et al. (2017) used the same model, the Soil and 

Water Assessment Tool (SWAT), to investigate the impact of different time steps on model 

results. SWAT is a semi-distributed model, meaning that it operates by splitting a watershed into 

sub-units with homogenous characteristics, such as the same land use and soil type (Arnold et al., 

2012). These sub-units are not necessarily contiguous (Arnold et al., 2012). This type of model 
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determines runoff at the sub-unit level, assigns a weight to the runoff value for the sub-unit based 

on the area of the sub-unit, and then aggregates the values for the sub-units to calculate the 

runoff at the sub-basin level (Li et al., 2012). On the other hand, fully-distributed models 

consider runoff at the pixel level and route the runoff through pixels along the flow paths, 

although they are faced with greater computing times (Li et al., 2012). 

Recent research has suggested that semi- and fully-distributed models represent 

watershed processes in very different ways. For example, Ferrant et al. (2011) compared SWAT 

with a fully-distributed Topography-Based Nitrogen Transfer & Transformation (TNT2) model 

for modeling nitrogen dynamics in a case study watershed. Differences were found in the spatial 

distribution of nitrogen processes between the two models even though both models accurately 

captured overall trends (Ferrant et al., 2011). Other studies have confirmed the differences 

between semi- and fully-distributed models. Pignotti et al. (2017) found that a fully-distributed 

version of the SWAT model underpredicted streamflow compared to the original model. Boithias 

et al. (2017) found that the fully-distributed Modélisation de l'Anticipation du Ruissellement et 

des Inondations pour des Événements Extrêmes (MARINE) model better simulated timing and 

volume for peak flow events compared to the SWAT model, while SWAT provided better 

estimations of base flow.  

Another research gap in the current literature concerns the calibration of watershed 

models. Current studies, such as the Jeong et al. (2010) study and the Bauwe et al. (2017) study, 

only compare the differences between time steps after calibrating the watershed model. 

Essentially, watershed model calibration involves comparing model results with observed results. 

For example, this usually means comparing the model results for streamflow against the 

observed values from a river gauging station and altering key parameter values in the watershed 
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model, such as the initial groundwater depth, to achieve a more accurate approximation of real-

world values (Abbaspour, 2015). The main goal of this is to improve the accuracy of real-world 

processes simulated by the watershed model (Gupta et al., 1998). After calibration, the model 

results will more closely match the observed results, which means that the results of different 

time steps will have been made more similar to the observed results, and thus the other time steps 

as well. Calibration has been shown to cause the results of two different models to converge 

(Ferrant et al., 2011), so it is likely that calibration will also make the results of different time 

steps to converge. Ferrant et al. (2011) compared two different environmental models (TNT2 and 

SWAT), finding that they were able to calibrate the models such that the results were similar. 

This presents an additional research gap of the impact of time step on uncalibrated model results.  

Because of the structural and conceptual differences between semi- and fully-distributed 

watershed models, it is not adequate to draw conclusions about the time step of a watershed 

model solely based on studies that use semi-distributed models. In addition to this, because the 

majority of studies in this field compare time steps after model calibration, there is a need to 

determine the impact that calibration could have on model results at different time steps. To help 

fill these research gaps, this study will use two common hydrological outputs (the surface runoff, 

which is the overland flow at the outlet, and the streamflow, which includes the surface runoff 

and the baseflow at outlet) to investigate the following research questions:   

- Does the watershed model time step significantly impact the surface runoff and 

streamflow results for a fully-distributed model?  

- Does calibration of the model impact whether the results are significantly different?  

This study will also test if the findings hold true when modeling different agricultural 

BMPs in a case study watershed in order to investigate the impact on scenario analysis.  
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Providing an answer to this research question is important because it will provide 

information for users of fully-distributed models on whether the time step of the model should be 

an important consideration for agricultural modeling. The results of watershed models impact 

agricultural decisions, such as how intensively cattle can graze in a certain area. Inaccurate 

model results could lead to the implementation of management practices not suited to an area.  

1.5 Organization of Thesis 

 This thesis is divided into five chapters. The first gives a background on the research gap 

and states the research question. The second describes the methodology used in this study, 

including an overview of the basic concepts underlying this research and a background on the 

fully-distributed model and case study area used in this study. The third chapter presents the 

results of this study and the fourth provides a discussion on the findings. The fifth chapter 

concludes this thesis, giving a summary of findings, limitations, and future research directions.  
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CHAPTER 2 METHODOLOGY 

2.1 Basic Idea 

Smaller time steps, such as sub-hourly, might more accurately capture the impact of 

rainfall on the land because rainfall intensity and duration are major predictors of sediment loss 

and stream flow (Edwards & Owens, 1991). For this study, the Green & Ampt method was used 

to calculate infiltration and surface runoff. The Green & Ampt equation considers rainfall 

intensity when determining how much rainfall will infiltrate into the ground (Neitsch et al., 

2011). Rainfall intensity is calculated as rainfall divided by time, so if the time step is changed, 

then this will also change the value for rainfall intensity. As an example, 5-minute rainfall data 

would accurately consider a high intensity storm that arrived over the course of an hour, 

overwhelming the infiltration capacity of the soil and creating saturated overland flow very 

quickly. On the other hand, if the same amount of rainfall is stretched to the daily level, if no 

other rain fell during that day, the rainfall intensity would be calculated as relatively low, and all 

the water would be modeled as infiltrating. Different time steps could thus produce very different 

results.  

The other basic idea underlying this thesis project is model calibration. Watershed model 

calibration involves determining a set of values for model parameters (for example, soil 

hydraulic conductivity or Manning’s n of the main channel) that allow the simulated variables to 

better approximate the observed variables. It is hypothesized that because calibration causes the 

simulated values to more closely approximate the observed ones, it will cause the simulated 

streamflow results generated using different time steps to converge (meaning not too different 

from each other). This hypothesis is supported by two main factors: the fact that previous studies 
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that compared time steps for calibrated models had such similar NSE values and that calibration 

can even cause the results of two different models to converge.  

2.2 Overview of Approach  

The research design for this thesis project is shown in Figure 2.1. The thesis project used 

four time steps: 5-minute, 30-minute, 1-hour, and daily. These time steps were selected to test 

the differences between daily and sub-daily time steps that might be commonly used. The 5-

minute time step was the finest time step selected because this was the finest resolution of data 

available from the U.S. Climate Reference Network / U.S. Regional Climate Reference Network 

(USCRN/USRCRN) rainfall dataset (Diamond et al., 2013). The daily time step was the coarsest 

time step selected because this resolution of rainfall data is widely available to the public and this 

also the commonly used time step in watershed modeling. There would be no need for modellers 

to use coarser resolution data. The 30-minute and 1-hour time steps were selected because they 

would be common choices for sub-hourly time steps. 

Three grazing best management practices (BMPs) were then modeled in a fully-

distributed model called the Spatially Explicit Integrated Modeling Systems (SEIMS). These 

management practices were heavy continuous grazing, light continuous grazing, and no grazing. 

For each of these scenarios, the model was run in two modes: calibrated and uncalibrated. For 

each of these modes, the model was run for four different time steps (5 min, 30 min, 1 hour, and 

daily). Results from these runs were then compared using ANOVA to determine if they were 

significantly different or not. The conclusion drawn from the calibrated model results was 

compared with that from the uncalibrated model results to shed light on the impact of calibration 

on the differences between time steps. In order to get a larger picture of trends, results were 

generated for multiple years for the period of May 1 – October 31 (which is when intense rainfall 
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would be more likely to occur in the case study area). A p-value indicating whether the results 

were significantly different or not was reported for the comparison of each time step between for 

both the uncalibrated results and the calibrated results.   

 

Figure 2.1. Diagram of research approach. 

2.3 Introduction to SEIMS 

2.3.1 Description of Model  

The Spatially Explicit Integrated Modeling System (SEIMS) is a fully-distributed model, 

meaning that the watershed is broken down into pixels and variables such as runoff are 

calculated at the pixel level and routed from pixel to pixel along the flow paths. This means that 

watershed processes like surface runoff or channel flow are calculated sequentially based on the 

position of a pixel in the water flow direction (based on elevation) of the watershed (Zhu et al., 

2019). Unlike a semi-distributed model like SWAT, it does not calculate watershed processes for 

non-contiguous sub-units, but it still must assume each pixel is homogenous in terms of variables 

like soil type, land use, elevation, and flow direction (Wu et al., 2014). This model has been 
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shown to work well for the simulation of streamflow in the Zhu et al. (2019) study, which 

implemented the model in a case study area in southeastern China. For example, the model 

achieved a calibration NSE of 0.58 and a validation NSE of 0.52, which are both above the 

adequate NSE threshold of 0.50 (for SWAT) set by Moriasi et al. (2007). The model has also 

been used for scenario analysis (Wu et al., 2014). The model performed particularly well for 

simulating streamflow in the Wu et al. (2014) case study area in northwestern China, achieving 

an NSE value of 0.89 for streamflow for the study period.  

2.3.2 Selection of SEIMS 

 SEIMS was chosen for this research not only because it is fully-distributed, but also 

because it has the capacity for efficient computing and a modularized framework (Zhu et al., 

2019). Firstly, SEIMS uses a parallel computing structure (Zhu et al., 2019) that speeds up 

computation (Liu et al., 2013). This is needed because SEIMS must calculate processes not only 

for each cell in a watershed, but in many cases for each soil layer within that cell as well. 

Essentially, after sub-basin delineation, SEIMS divides the sub-basins into groups based on 

water flow direction in the watershed (Zhu et al., 2019). This way, the program can calculate 

processes for sub-basins that do not have flow relationships with each other at the same time, 

thus maximizing computational efficiency (Zhu et al., 2019). For example, the Haines Branch 

watershed was partitioned into seven sub-basins during sub-basin delineation, which was 

accomplished using TauDEM (Terrain Analysis Using Digital Elevation Models). These seven 

sub-basins were partitioned into groups, with processes for the upstream sub-basins being 

executed first, and the processes for the downstream sub-basins being executed later. The outlet 

sub-basin was the last sub-basin for which processes were executed. This system is useful for 

calculating processes with upstream-downstream relationships, such as interflow and overland 
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flow routing (Zhu et al., 2019). The sub-basins can be partitioned into equally-sized groups for 

processes that are not dependent on these relationships (such as runoff or infiltration) (Zhu et al., 

2019). To speed up processing even more, SEIMS also implements parallel processing at the 

pixel level by dividing the pixels into groups based on flow direction so that certain processes 

can be executed at the same time (Zhu et al., 2019). The majority of watershed processes in 

SEIMS are parallelized, but in different ways (see Table 2.1 for a description of how 

parallelization is implemented for different processes).  

Table 2.1. Description of parallelization methods for watershed processes.  

Process Description of Parallelization Method 
Evapotranspiration Parallelization of individual raster pixels and eventually watershed sub-

basins in equal groups to calculate a potential evapotranspiration value 
for each pixel and then sub-basin 

Interception Parallelization of individual raster pixels in equal groups to calculate 
the amount of rainfall reaching the ground for each pixel 

Soil Temperature Parallelization of individual raster pixels in equal groups to calculate 
the soil temperature for each pixel 

Snow Melt Parallelization of individual raster pixels in equal groups to calculate 
the snowmelt amount for each pixel 

Surface Runoff & 
Infiltration 

Parallelization of individual raster pixels in equal groups to calculate 
the amount of surface runoff and infiltration for each pixel 

Overland Routing Parallelization of individual raster pixels and watershed sub-basins in 
groups based on flow relationships to calculate the overland flow 
amount for each sub-basin 

Subsurface Routing Parallelization of individual raster pixels and watershed sub-basins in 
groups based on flow relationships to calculate the subsurface flow 
amount for each sub-basin 

Percolation Parallelization of individual raster pixels in equal groups to calculate 
the amount of percolation for each pixel 

Groundwater Storage 
& Runoff  

Parallelization of individual raster pixels and watershed sub-basins in 
groups based on flow relationships to calculate the groundwater storage 
and runoff for each sub-basin 

Water Channel 
Routing 

Parallelization of watershed sub-basins in groups based on flow 
relationships to calculate the streamflow and surface runoff at each 
sub-basin outlet 
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 Secondly, SEIMS was also selected because of its modularized framework. It is 

structured such that it has a main program allowing for the execution of the program as well as a 

module library (Zhu et al., 2019). Users can select which modules they would like the program 

to execute for specific processes. For example, users can choose between three different 

evapotranspiration modules (Penman-Monteith, Priestly-Taylor, or Hargreaves). This gives 

flexibility to the model user to select processes that suit their case study area. In the case of this 

study, this structure allowed for the selection of the Green & Ampt method to calculate 

infiltration and surface runoff, in place of a module that did not consider rainfall intensity.  

In order to effectively calculate streamflow and surface runoff, modules for the following 

methods were executed using SEIMS: evapotranspiration (Hargreaves), interception, soil 

temperature, snow melt, surface runoff and infiltration (Green & Ampt), overland routing, 

subsurface routing, percolation, groundwater storage and runoff, and water channel routing 

(variable storage method) (see Figure 2.2 for a workflow of the modules). Modules for processes 

such as plant growth are also available for use, but these were not used in this study for the 

purposes of computational efficiency. Certain modules used in this study were simplified 

compared to other available modules. For example, the overland flow module selected for use in 

this study did not consider the Manning’s roughness coefficient, which controls the timing of 

overland flow to the channel (Neitsch et al., 2011). However, Le (2008) determined that this 

parameter was not sensitive when modeling extreme rainfall events in a fully-distributed model. 

This was attributed to the fact that the case study watershed had steep slopes (average 20% 

inclination) and thus the water traveled very quickly to the main channel, even though the area 

was forested (Le, 2008). This parameter did not appear to be significant for this research either 

because the timing of peak flows matched the observed data from the USGS gauging station. 
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Figure 2.2. Workflow of the SEIMS modules.  

2.3.3 Infiltration and Surface Runoff Calculation in SEIMS 

 For this study, the Green & Ampt method was selected for calculating both infiltration 

and surface runoff. Figure 2.3 describes a simplified version of the logical process used to 

calculate both these variables. SEIMS calculates a surface runoff and infiltration value for every 

cell in the watershed. First, the net rainfall (the amount of rainfall reaching the ground), was 

imported into the Green & Ampt module from the interception module. Then, if the net rainfall 

was greater than 0, the program calculated the rainfall intensity (net rainfall / time step) and 

determined if it was less than the infiltration rate, which is based on the cumulative infiltration of 

the last time step. The rate of infiltration is calculated using the Green & Ampt equation:  

f = Ke * (1 + (Ψwf * Δθv)/F) 
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where f is the infiltration rate (mm/hr), Ke is the effective hydraulic conductivity (mm/hr), Ψwf is 

the wetting front matric potential (mm), Δθv is the change in volumetric moisture content across 

the wetting front (mm/mm), and F is the infiltration at the previous time step (mm) (Neitsch et 

al., 2011). Ke is calculated using the following equation:  

Ke = [(56.82 * Ksat
0.286) / (1 + 0.051 * exp(0.062 * CN))]-2 

where Ksat is the saturated hydraulic conductivity of the soil (mm/hr), which is a predefined value 

for each soil layer for each soil type, and CN is the curve number (adjusted to account for soil 

moisture) (Neitsch et al., 2011). The wetting front matric potential is calculated using the soil 

porosity, percent clay, and percent sand (Neitsch et al., 2011). In SEIMS, this is done separately 

for each layer of the soil because these characteristics vary with depth. Lastly, the change in 

volumetric moisture content across the wetting front is calculated using the following equation:  

Δθv = (1 – SW/FC) * (0.95*ϕsoil) 

where SW is the soil water content for a soil layer (mm), FC is the field capacity multiplied by 

the depth of a soil layer (mm), and ϕsoil is the soil porosity (mm/mm) (Neitsch et al., 2011).  

If rainfall intensity was less than the infiltration rate, the program set the amount of 

infiltration equal to either the net rainfall or the infiltration capacity, whichever was smaller. 

Surface runoff was then set to the net rainfall minus the amount of infiltration. If rainfall 

intensity was greater than the infiltration rate, there is considered to be no infiltration and surface 

runoff was set equal to the net rainfall (Neitsch et al., 2011). The module also accounts for 

saturated overland flow (where soil moisture is greater than soil porosity), in which case 

infiltration is also 0 and surface runoff is equal to the net rainfall.  
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Figure 2.3. Pseudo code showing logical process to calculate infiltration and surface runoff in 

SEIMS.  

2.4 Case Study Area 

The primary factor in selecting a case study watershed for this thesis project was the 

location of the 5-minute rain gauge used to gather the quality-controlled rainfall dataset from the 

U.S. Climate Reference Network / U.S. Regional Climate Reference Network 

(USCRN/USRCRN). In order to study the impact of time step on agricultural modeling, the case 

study watershed also had to be in a predominantly agricultural area. The Haines Branch 

watershed, outside of Lincoln, Nebraska, fits these criteria, as well as being of appropriate size 

for computation (146.8 km2). The location of this watershed can be seen in Figure 2.4. The 

Rainfall intensity = net rainfall / rainfall-runoff time step 

If net rainfall > 0:  

 If rate of infiltration >= rainfall intensity:  

Infiltration = minimum(rainfall intensity * rainfall-runoff time 
step, infiltration capacity) 

Surface runoff = net rainfall – infiltration 

 Else:  

  Infiltration = 0 

  Surface runoff = net rainfall 

 Soil moisture += infiltration / soil layer depth 

 If soil moisture > soil porosity:  

  Infiltration = 0  

  Surface runoff = net rainfall 

 Else:  

Update infiltration rate for use in next time step using the Green 
& Ampt equation  

Else:  

 Infiltration = 0  

 Surface runoff = 0  
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Haines Branch watershed is about 58 % rangeland and 29 % agriculture, with smaller 

percentages of other land use types such as forest and urban also represented. The distribution of 

land use types can be seen in Figure 2.5. Because this watershed is mostly rangeland, it is best 

suited to grazing management practices as opposed to cropland ones (no-till farming, terrace 

farming, etc.).  

 

Figure 2.4. Location of the Haines Branch watershed.  
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Figure 2.5. Land use characteristics of the Haines Branch watershed.  

Sub-daily infiltration and surface runoff modeling is highly dependent on soil type 

because the Green & Ampt method uses variables such as soil hydraulic conductivity and soil 

porosity. Figure 2.6 shows the distribution of soil types across the watershed. The watershed is 

dominated by a soil in the Pawnee soil series, which is roughly a third sand, silt, and clay. It has 
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relatively low hydraulic conductivity (10 mm/hr in the first layer and 3 mm/hr in the second 

layer), which means that rainfall will infiltrate slower. 

  

Figure 2.6. Soil series map for the Haines Branch watershed case study area.  

The soil characteristics of the watershed likely combine with the local weather patterns to 

cause a pattern of flash flooding of the Haines Branch stream. Boithias et al. (2017) defines flash 
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flooding as the immediate response of a channel to extreme rainfall caused by the soil quickly 

reaching saturation. Average discharge of the Haines Branch stream increased from 0.16 cm/s in 

April 2015 to 4.63 cm/s in May and then to 9.50 cm/s in June 2015. This trend was mostly 

caused by flash flooding seen at the daily level. For example, on May 6, 2015, the average 

discharge for the day was 1.51 cm/s. This increased to 77.02 cm/s the next day and then dropped 

to 11.95 cm/s on May 8. Braud et al. (2010) explained that rainfall is the main driver of flash 

flood events. Thus, this propensity to sudden flooding makes the Haines Branch watershed a 

good candidate for sub-daily modeling, not only because watershed processes are occurring at 

the sub-daily level but also because streamflow is clearly controlled by rainfall.  

The year 2014 was selected for calibration because Arnold et al. (2012) recommended 

selecting a calibration period which includes both high and low flows. The Haines Branch 

watershed experienced a large storm event resulting in high flows during October 2014.  A two-

month warm-up period was used for all the study years (2014 – 2017) when generating results to 

allow the model to simulate the correct water balance in the case study area. Abbaspour (2015) 

recommends using a warm-up period for this reason.   

SEIMS takes data inputs for elevation (DEM), land use, soil characteristics, 

meteorological variables, and precipitation. Table 2.2 lists the data sources used to model the 

Haines Branch watershed case study area.  

Table 2.2. Data sources for SEIMS inputs.  

Input Source 
Digital Elevation Model 
(DEM)  

Advanced Spaceborne Thermal Emission and Reflection 
Radiometer (ASTER) Global DEM (2011) 

Land Use  Commission for Environmental Cooperation (based on Landsat 
imagery, 2010) 
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Soil Characteristics Digital General Soil Map of the United States (STATSGO2) from 
the United States Department of Agriculture  

Meteorological Variables 
and Precipitation Data 

U.S. Climate Reference Network / U.S. Regional Climate 
Reference Network (USCRN/USRCRN) (Diamond et al., 2013) 

 

 2.5 Scenario Analysis 

The representation of agricultural practices in watershed models are based on field 

observations and the predicted impact of an agricultural practice in a certain area. For example, 

Teague et al. (2011) implemented different grazing practices in ranches in Texas to quantify the 

impacts on the land. The researchers found that more intense grazing management practices 

(heavy continuous grazing) resulted in changes in landscape characteristics such as an overall 

reduction in soil organic matter, a decrease in soil hydraulic conductivity, and an increase in bare 

ground (Teague et al., 2011). Specifically, Teague et al. (2011) measured about a 20% decrease 

in soil hydraulic conductivity from a no grazing situation to a light continuous grazing regime, 

and then another 20% decrease for heavy continuous grazing. 

 Park et al. (2017) modeled different grazing practices by modifying the curve number of 

an area based on the hydrologic group of the soil. However, this approach was not taken in 

SEIMS because although the curve number is considered during the Green & Ampt method, it is 

modified such that it approaches 100 when the soil is saturated (Nearing et al., 1996). This 

means that the curve number does not have an impact on the streamflow and surface runoff 

results when the soil is saturated. However, Teague et al. (2011) gave measured values for 

different soil parameters under different grazing management conditions. Although the values for 

soil variables that Teague et al. (2011) found would be dependent on the soil types in their case 

study area, it is possible to generalize these impacts so they could be applied to the Haines 

Branch case study area. For example, Teague et al. (2011) found that soil hydraulic conductivity 
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decreased as the grazing impact on the land became more severe, such that light continuous 

grazing had a higher value than heavy continuous grazing. To approximate the impacts of 

different grazing management practices in the Haines Branch watershed, this study decreased the 

soil hydraulic conductivity by 20% as the grazing became more intensive. This means that the 

soil hydraulic conductivity was decreased by 20% from the no grazing scenario for light 

continuous grazing, and then by 40% from the no grazing scenario for heavy continuous grazing.  

2.6 Model Run  

2.6.1Model Run under the Calibrated Condition 

In this study, very clear trends were seen in the uncalibrated results, allowing for the 

manual calibration of parameters. This has precedence in other studies due to the fact that clear 

patterns in the uncalibrated results can point to the need to alter certain parameters. For example, 

Abbaspour et al. (2015) provided examples of which parameters to change in different scenarios. 

In one case study from Russia, the researchers determined that for the case where there is too 

high base flow and underestimation of peak flows, key parameters (mostly describing 

groundwater processes), can be altered to improve model performance (Abbaspour et al., 2015). 

The choice to manually calibrate was also made because of computing time restrictions. 

Parameters selected for calibration included the initial groundwater storage, the soil porosity, and 

the maximum and minimum interception capacity parameters. The initial groundwater storage 

parameter was selected for calibration because the default parameter resulted in the simulation of 

too much streamflow volume for the daily and hourly time steps. Lowering this parameter 

resulted in more reasonable results for all the time steps. The two-month warm-up period, 

consisting of March and April of each year, also helped ameliorate this trend. Soil porosity and 

the interception capacity parameters were selected for calibration to increase surface runoff to 
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the main channel during storm events, such that the predicted streamflow values better matched 

the observed ones. The soil porosity values were decreased so that less of the available water 

infiltrated and instead became overland flow. The interception capacity for each time step was 

decreased so that the streamflow volume during storm events was increased. Table 2.3 describes 

how the parameters were changed for each time step in SEIMS to calibrate the model.  

Each time step was calibrated separately to see if calibration narrowed or widened the 

difference between results. The type of change refers to the way the parameter is changed in the 

model. The parameters can either be replaced, relatively changed (multiplied by a certain value), 

or absolutely changed (a value is added or subtracted from the original value). For example, 

when changing the soil hydraulic conductivity parameter in SEIMS, it must be relatively 

changed, since it has a different value depending on both the soil type and the soil layer.  

Table 2.3. Modifications of parameters in SEIMS for calibration.  

Time Step Parameter Type of Change Modification 

5-minutes Initial Groundwater Storage  Replace 7.0 mm 
Soil Porosity  Absolute -0.386 m3/m3 
Minimum Interception Capacity  Absolute -0.36 mm 
Maximum Interception Capacity  Absolute -0.36 mm 

30-minutes Initial Groundwater Storage  Replace 2 mm 
Soil Porosity  Absolute -0.385 m3/m3 
Minimum Interception Capacity  Absolute -0.2 mm 
Maximum Interception Capacity  Absolute -0.2 mm 

1-hour Initial Groundwater Storage  Replace 1.001 mm 
Soil Porosity  Absolute -0.383 m3/m3 

1-day Initial Groundwater Storage  Replace 1.1 mm 
Soil Porosity  Absolute -0.32 m3/m3 
Minimum Interception Capacity  Absolute -0.15 mm 
Maximum Interception Capacity  Absolute -0.15 mm 

 

2.6.2 Model Run under the Uncalibrated Condition 
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 Results were also generated for the model using the default parameter values. As 

explained above, the reason for this is that many studies do not compare the results for different 

time steps, so this thesis project seeks to fill this research gap by also considering the 

uncalibrated results. A two-month warm up period was also implemented for the uncalibrated 

model.  

2.6.3 Model Evaluation 

Model accuracy was evaluated using statistics such as the coefficient of determination R2 

and the Nash-Sutcliffe efficiency (NSE) coefficient. In watershed modeling, the NSE coefficient 

is the predominant method for evaluating the parameter values that have the best fit:  

NSE = 1 – [ ∑ (𝑂𝑂𝑂𝑂 − 𝑃𝑃𝑂𝑂)𝑛𝑛
1 P

2 / ∑ (𝑂𝑂𝑂𝑂 − 𝑂𝑂�𝑛𝑛
1 )P

2 ] 

where i refers to the day, O is the observed value, P is the simulated value, and 𝑂𝑂� is the average 

of the observed values (Wu et al., 2014). The NSE value will range between negative infinity 

and 1. The closer the value is to 1, the better the fit between the observed and simulated values. 

NSE is generally used over the coefficient of determination R2 because this measure does not 

adequately consider streamflow volume, instead focusing on how well the trend in the simulated 

data matched the trend in the observed data. However, this statistic can still be useful for 

determining if the general pattern of streamflow matches that of the observed data. The R2 value 

ranges between 0 and 1, with values closer to 1 indicating a better fit between the observed and 

simulated values. Both the R2 and NSE values were generated for the model results before and 

after calibration, for both the study years 2014 and 2015. These statistics, as well as the visual 

match between the simulated and predicted streamflow graphs, were used to evaluate model 

performance.  
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2.7 Analysis of Significant Difference 

For each scenario, the streamflow and surface runoff results for the watershed outlet (the 

USGS gauging station) from the model runs at different time steps were analysed using a one-

way Analysis of Variance (ANOVA) test, which is a way to determine whether two sets of data 

are significantly different (Griffith, 1978). The comparison is done separately for the calibrated 

and uncalibrated conditions. For example, for the heavy continuous grazing scenario the results 

generated at the hourly time step were compared with the results generated at the 30-minute time 

step for the calibrated condition. The comparison for this scenario is also conducted under with 

the uncalibrated conditions. The ANOVA method considers the probability of that difference 

being due to chance or not (Griffith, 1978), essentially by comparing the means of the two 

datasets. ANOVA generates a p-value, which can be used to understand whether two different 

datasets are statistically significant. If the p-value is less than the significance level (α=0.05 for 

this project), the differences between the two datasets are statistically significant. The results of 

the ANOVA tests will indicate whether there is a significant difference (p-value < 0.05) in the 

surface runoff and streamflow results between the time steps. A significance level of 0.05 was 

selected for this thesis research because this indicates that there is a 5% chance that a set of 

results was determined to be statistically significant when it actually was not. This is a stricter 

threshold than a significance level of 0.10 (10% chance) but not so low that almost no error 

would be tolerated, such as at a significance level of 0.01 (1% chance).  

Although many studies evaluate the difference between results using the NSE statistic 

(Jeong et al., 2010; Ficklin & Zhang, 2013), ANOVA was also used in this study because the 

NSE coefficients could be similar while the results are actually very different. For example, the 

NSE value for two scenarios could be similar if the model greatly overestimated streamflow on a 
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specific day or generally overestimated the streamflow by a small amount for every day. These 

two scenarios would indicate different processes within the model, such as too much surface 

runoff during a storm versus too much baseflow. ANOVA has the capability of identifying two 

whether two different datasets are different in terms of the underlying processes impacting them. 

This is important for evaluating the results of a watershed model because the main differences 

between the results are driven by differences in underlying processes for different model factors, 

such as the calculation of rainfall intensity. Statistical measures such as the NSE value do not 

have this capability. The calculation of the NSE value does not involve comparing the 

distributions of datasets, which is something that ANOVA can accomplish. ANOVA has 

precedence for use in measuring hydrological variables. For example, Fang et al. (2016) used 

ANOVA to evaluate whether there was significant difference between suspended sediment 

concentration results under different cultivation practices.  
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CHAPTER 3 RESULTS 

3.1 Results under the Uncalibrated Condition 

For the uncalibrated condition, major differences in streamflow were seen between time 

steps particularly between the daily and sub-daily time steps for streamflow volume. Trends in 

streamflow volume varied across time steps, although all the time steps showed similar timing of 

peak flows (see Figure 3.1). The daily time step resulted in higher streamflow volumes than the 

sub-daily time steps. All the time steps produced similar volumes of surface runoff, although the 

daily time step produced the lowest amount of runoff during a storm event that occurred in 

October 2014 (Figure 3.2).  

The results of ANOVA comparison between results indicated that when the models were 

left uncalibrated there was generally a significant difference between streamflow for all the time 

steps for all the grazing management scenarios, although the 5-minute and 30-minute time steps 

sometimes resulted in non-significantly different results in certain years. Table 3.2 and 3.3 list 

the p-values for the comparisons between different time steps for the uncalibrated scenarios as 

well as the different grazing practices (significant difference shown in red, non-significant 

difference shown in green). Very low p-values were seen for streamflow specifically, usually 

between the sub-daily time steps and the daily time step. This indicates that the daily time step 

produced very different streamflow results than the other time steps. The surface runoff results 

were also compared using ANOVA. The p-values were much higher for surface runoff, although 

the results were still significantly different for some of the comparisons of the daily and sub-

daily time steps. For example, comparison between the daily and hourly time steps usually 

resulted in significantly different results. Overall, the surface runoff results were more similar 

across time steps than the streamflow results were.  
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Table 3.1. NSE and R2 values for observed vs. predicted streamflow results for the uncalibrated 
condition for 2014.  

Time Step NSE, R2 
5-minutes 0.13, 0.39 
30-minutes 0.24, 0.59 
1-hour -1.31, 0.17 
1-day -541.36, 0.15 

 

 

Figure 3.1. Observed vs. predicted streamflow at watershed outlet for the different time steps for 
the uncalibrated condition (2014).  

 

Table 3.2. P-values resulting from comparison of uncalibrated streamflow results for different 
time steps for the different grazing scenarios (red colored means significantly different, green 
otherwise).  
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Scenarios Compared P-Value 2014 P-Value 2015 P-Value 2016 P-Value 2017 

No Grazing 5 min v. 30 min 0.05 0.04 3.72x10
-3

 0.06 

No Grazing 5 min v. 1 hour 1.19x10
-5

 8.13x10
-5

 2.26x10
-6

 2.66x10
-5

 

No Grazing 30 min v. 1 hour 6.87x10
-3

 2.65x10
-7

 3.56x10
-3

 2.06x10
-3

 

No Grazing 5 min v. 1 day 1.24x10
-295

 6.75x10
-305

 7.73x10
-301

 1.56x10
-296

 

No Grazing 30 min v. 1 day 9.43x10
-290

 9.48x10
-304

 2.48x10
-296

 6.01x10
-296

 

No Grazing 1 hour v. 1 day 7.29x10
-279

 2.17x10
-283

 4.63x10
-282

 1.04x10
-281

 

Light Continuous Grazing 5 
min v. 30 min  

0.05 0.06 3.59x10
-3

 0.05 

Light Continuous Grazing 5 
min v. 1 hour  

1.18x10
-5

 8.44x10
-5

 2.30x10
-6

 2.65x10
-5

 

Light Continuous Grazing 30 
min v. 1 hour  

6.88x10
-3

 0.02 3.42x10
-3

 2.20x10
-8

 

Light Continuous Grazing 5 
min v. 1 day  

1.21x10
-295

 6.54x10
-305

 7.65x10
-301

 1.55x10
-296

 

Light Continuous Grazing 30 
min v. 1 day   

9.39x10
-290

 2.21x10
-296

 2.34x10
-296

 1.08x10
-294

 

Light Continuous Grazing 1 
hour v. 1 day 

7.24x10
-279

 2.16x10
-283

 4.64x10
-282

 1.04x10
-281

 

Heavy Continuous Grazing 5 
min v. 30 min  

0.05 0.06 3.63x10
-3

 0.06 

Heavy Continuous Grazing 5 
min v. 1 hour  

 1.19x10
-5

 8.43x10
-5

 2.33x10
-6

 2.66x10
-5

 

Heavy Continuous Grazing 
30 min v. 1 hour  

 6.89x10
-3

 0.02 3.41x10
-3

 2.07x10
-3

 

Heavy Continuous Grazing 5 
min v. 1 day  

 1.22x10
-295

 6.51x10
-305

 7.74x10
-301

 1.56x10
-296

 

Heavy Continuous Grazing 
30 min v. 1 day   

9.45x10
-290

 2.20x10
-296

 2.33x10
-296

 1.56x10
-296
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Figure 3.2. Surface runoff at watershed outlet for the different time steps for the uncalibrated 
condition (2014).  

 

Table 3.3. P-values resulting from comparison of uncalibrated surface runoff results for different 
time steps for the different grazing scenarios.  
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Scenarios Compared P-Value 2014 P-Value 2015 P-Value 2016 P-Value 2017 

No Grazing 5 min v. 30 min  0.75 0.77 0.81 0.96 

No Grazing 5 min v. 1 hour  0.93 0.90 0.81 0.74 

No Grazing 30 min v. 1 hour  0.65 0.65 0.58 0.66 

No Grazing 5 min v. 1 day  0.10 0.08 7.82x10
-3

 0.09 

No Grazing 30 min v. 1 day   0.20 0.15 0.01 0.01 

No Grazing 1 hour v. 1 day  0.05  0.03 1.02x10
-3

 9.26x10
-4

 

Light Continuous Grazing 5 
min v. 30 min  

0.05  0.77 0.80 0.09 

Light Continuous Grazing 5 
min v. 1 hour  

0.93 0.90 0.82 0.74 

Light Continuous Grazing 30 
min v. 1 hour  

0.01 0.65 0.58 3.45x10
-4

 

Light Continuous Grazing 5 
min v. 1 day  

0.10 0.08 7.69x10
-3

 0.09 

Light Continuous Grazing 30 
min v. 1 day   

2.74x10
-5

 0.15 0.01 5.93x10
-9

 

Light Continuous Grazing 1 
hour v. 1 day 

 0.05  0.03 1.02x10
-3

 9.26x10
-4

 

Heavy Continuous Grazing 5 
min v. 30 min  

0.74 0.77 0.81 0.96 

Heavy Continuous Grazing 5 
min v. 1 hour  

0.93 0.90 0.81 0.09 

Heavy Continuous Grazing 
30 min v. 1 hour  

0.65 0.65 0.58 3.55x10
-3

 

Heavy Continuous Grazing 5 
min v. 1 day  

0.10 0.08 7.81x10
-3

 0.09 

Heavy Continuous Grazing 
30 min v. 1 day   

0.22 0.15 0.01 0.01 

Heavy Continuous Grazing 1 
hour v. 1 day 

 0.05  0.03 1.02x10
-3

 9.23x10
-4
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3.2 Results under the Calibrated Condition  

 After calibration, the differences between the simulated and observed data lessened, 

especially in terms of streamflow volume, which can be seen in Figure 3.3. This resulted in a 

general increase in NSE values for the hourly and daily time steps, which is shown in Table 3.4. 

Although calibration of the model generally increased streamflow volume, an issue observed was 

that the model occasionally modeled a flooding event that did not actually occur. For example, 

for the 5-minute time step, SEIMS modeled flooding of the main channel in early June 2014, an 

event which was not seen in the record from the USGS gauging station (see Figure 3.3). This 

issue was observed in the three smaller time steps (5-minutes, 30-minutes, and 1-hour time steps) 

but not for the daily time step. This problem resulted in the degradation of NSE values for both 

the 5-minute and 30-minute time steps. Overall, the daily time step visually appeared to simulate 

streamflow most similarly to the observed data from the gauging station, although the 30-minute 

time step resulted in the highest NSE value.   

 In terms of the results of the ANOVA comparisons, after calibration, the results for 

streamflow converged such that in many cases they were not significantly different for any of the 

scenarios. However, significant difference was still seen between the sub-daily and daily time 

steps, specifically between the daily and 5-minute time steps, although the p-values were greatly 

increased from those seen when comparing the uncalibrated time steps. After calibration, 

significant difference was very rarely observed between any of surface runoff results of any of 

the time steps, no matter the grazing management practice. This can be seen in Tables 3.5 and 

3.6. Significant difference was only seen for the calibrated surface runoff results for the 

comparison of the 30-minute and 1-day time steps. Overall, the trends seen in these results can 

be generalized to say that significant difference was seen between the streamflow results for 
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different time steps for the uncalibrated condition, but for the calibrated condition, these 

differences were greatly reduced. The surface runoff results followed a similar trend where there 

were significant differences between the sub-daily and daily results but these were reduced for 

the calibrated condition.  

Table 3.4. NSE and R2 values for observed vs. predicted streamflow results for the calibrated 
condition for 2014. 

Time Step NSE, R2 
5-minutes -0.03, 0.34 
30-minutes 0.16, 0.55 
1-hour -0.01, 0.54 
1-day -0.23, 0.64 

 

 
Figure 3.3. Observed vs. predicted streamflow at watershed outlet for the different time steps for 
the calibrated condition (2014).  

 

Table 3.5. P-values resulting from comparison of calibrated streamflow results for different time 
steps for the different grazing scenarios.  
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Scenarios Compared P-Value 2014 P-Value 2015 P-Value 2016 P-Value 2017 

No Grazing 5 min v. 30 min  0.09 0.07 0.07 0.09 

No Grazing 5 min v. 1 hour  0.21 0.17 0.09 0.27 

No Grazing 30 min v. 1 hour  0.64 0.68 0.49 0.47 

No Grazing 5 min v. 1 day  2.00x10
-4

 1.70x10
-6

 9.61x10
-14

 3.36x10
-7

 

No Grazing 30 min v. 1 day   0.08 0.43 0.63 0.39 

No Grazing 1 hour v. 1 day  0.02  0.16  0.04  0.03 

Light Continuous Grazing 5 
min v. 30 min  

0.08 0.07 0.07 0.09 

Light Continuous Grazing 5 
min v. 1 hour  

0.21 0.17 0.09 0.27 

Light Continuous Grazing 30 
min v. 1 hour  

0.40 0.68 0.49 0.47 

Light Continuous Grazing 5 
min v. 1 day  

2.10x10
-4

 1.91x10
-6

 9.81x10
-14

 6.29x10
-7

 

Light Continuous Grazing 30 
min v. 1 day   

0.33 0.44 0.63 0.73 

Light Continuous Grazing 1 
hour v. 1 day 

 0.02  0.17  0.04  0.03 

Heavy Continuous Grazing 5 
min v. 30 min  

0.08 0.07 0.07 0.09 

Heavy Continuous Grazing 5 
min v. 1 hour  

0.21 0.17 0.09 0.26 

Heavy Continuous Grazing 
30 min v. 1 hour  

0.40 0.68 0.49 0.47 

Heavy Continuous Grazing 5 
min v. 1 day  

2.00x10
-4

 1.93x10
-6

 1.01x10
-13

 6.28x10
-7

 

Heavy Continuous Grazing 
30 min v. 1 day   

0.34 0.44 0.63 0.39 

Heavy Continuous Grazing 1 
hour v. 1 day 

 0.02  0.17  0.04  0.03 
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Figure 3.4. Surface runoff at watershed outlet for the different time steps for the calibrated 
condition (2014).  

 

Table 3.6. P-values resulting from comparison of calibrated surface runoff results for different 
time steps for the different grazing scenarios.  
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Scenarios Compared P-Value 2014 P-Value 2015 P-Value 2016 P-Value 2017 

No Grazing 5 min v. 30 min  0.67 0.58 0.51 0.59 

No Grazing 5 min v. 1 hour  0.70 0.54 0.59 0.69 

No Grazing 30 min v. 1 hour  0.95 0.95 0.80 0.92 

No Grazing 5 min v. 1 day  0.16 0.31 0.15 0.32 

No Grazing 30 min v. 1 day   0.29 0.83 0.93 0.80 

No Grazing 1 hour v. 1 day  0.26  0.89  0.58  0.72 

Light Continuous Grazing 5 
min v. 30 min  

0.41 0.58 0.51 0.61 

Light Continuous Grazing 5 
min v. 1 hour  

0.70 0.54 0.59 0.69 

Light Continuous Grazing 30 
min v. 1 hour  

0.60 0.95 0.80 0.92 

Light Continuous Grazing 5 
min v. 1 day  

0.17 0.32 0.15 0.32 

Light Continuous Grazing 30 
min v. 1 day   

0.58 0.04 0.93 0.82 

Light Continuous Grazing 1 
hour v. 1 day 

 0.27  0.80  0.58  0.72 

Heavy Continuous Grazing 5 
min v. 30 min  

0.41 0.58 0.51 0.61 

Heavy Continuous Grazing 5 
min v. 1 hour  

0.70 0.54 0.59 0.69 

Heavy Continuous Grazing 
30 min v. 1 hour  

0.60 0.95 0.80 0.92 

Heavy Continuous Grazing 5 
min v. 1 day  

0.17 0.32 0.15 0.32 

Heavy Continuous Grazing 
30 min v. 1 day   

0.58 0.85 0.93 0.81 

Heavy Continuous Grazing 1 
hour v. 1 day 

 0.27  0.92  0.58  0.72 
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CHAPTER 4 DISCUSSION 

4.1 Discussion of Differences in Streamflow Results 

 Visually, it is clear that there were major differences between certain time steps under the 

uncalibrated condition. This was particularly seen between the sub-daily and daily time steps. 

The sub-daily time steps tended to have lower streamflow volume than the daily time step. The 

differences were less evident between the sub-daily time steps, although many of them were 

determined to be significantly different when compared using ANOVA. A specific trend that was 

seen for surface runoff was that the daily time step produced lower amounts of surface runoff for 

storm events than the sub-daily time steps. Interestingly, all the time steps adequately predicted 

the timing of peak flow. The difficulty in predicting streamflow volume also caused some of the 

time steps to predict large amounts of streamflow volume for certain rainfall events. For 

example, for the 30-minute time step, the uncalibrated model predicted too much streamflow for 

a rainfall event in June 2014, while still underestimating streamflow volume overall.  

The ANOVA analysis showed that in general, the streamflow results for different time 

steps were significantly different for the uncalibrated condition, other than the 5-minute and 30-

minute time steps. For the surface runoff results, the sub-daily and daily results tended to be 

significantly different, while significant different was not generally observed between the results 

for the three sub-daily time steps.  

 Some major processes in the model might have caused the trends explained above. The 

trend of lower surface runoff volume at the daily time step for storm events could have been seen 

due to the calculation of rainfall intensity. The daily time step results in the rainfall being 

averaged over the day, without capturing short, intense storm events that result in quick 
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saturation of the soil. If the rainfall is averaged out over the day, this results in lower rainfall 

intensity values, and the Green & Ampt method calculates more rainfall as infiltrating into the 

ground instead of becoming overland flow. This is likely the reason why lower surface runoff 

values were seen for the October 2014 storm for the daily time step compared to the sub-daily 

time steps under the uncalibrated condition.  

 The calculation of rainfall intensity could also explain the large amounts of streamflow 

modeled for the uncalibrated condition for the daily time step. More rainfall infiltrated because 

the rainfall intensity values were lower. This resulted in a large amount of water being diverted 

to groundwater storage during the warm-up period and then this resulted in a larger amount of 

groundwater flow into the main channel at each time step. In SEIMS, the groundwater flow to 

the main channel is calculated using the amount of water contained in groundwater storage, with 

the following equation:  

Groundwater Flow to Channel = Baseflow Coefficient * Groundwater Storage Baseflow Exponent 

The higher the groundwater storage, the larger the amount of groundwater flow to the channel. 

The groundwater storage was highest for the daily time step due to the larger amount of 

infiltration.  

Another trend that was seen in the Haines Branch results was that the sub-daily time steps 

occasionally resulted in the model modeling an increase in streamflow volume that did not 

actually occur, as seen for the uncalibrated model at the 30-minute time step in June 2014. 

Current research has suggested that the use of smaller flow accumulation thresholds in case study 

watersheds that are very responsive to rainfall degrades accuracy. Boithias et al. (2017), using 

the 1400 km2 Têt River basin as a case study area, compared results of the SWAT model using a 
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large flow accumulation threshold (resulting in 64 sub-basins) and a small flow accumulation 

threshold (resulting in 671 sub-basins). The researchers found that the smaller flow accumulation 

threshold did not result in adequate model results due to the simulation of large increases in 

streamflow volume that did not actually occur (Boithias et al., 2017). The NSE coefficient 

produced for the comparison of observed versus predicted streamflow for the smaller flow 

accumulation threshold was -0.28, compared to 0.54 for the larger flow accumulation threshold 

(Boithias et al., 2017). It is possible that the results of this case study could also be improved 

with a smaller flow accumulation threshold because the Haines Branch watershed and the Têt 

River basin experience a similar flashy pattern of streamflow.  

4.2 Discussion of Significant Difference and the Impact of Calibration 

 The uncalibrated model generally resulted in significant difference in the streamflow and 

surface runoff results for the different time steps, particularly between sub-daily and daily time 

steps. This has implications for users of fully-distributed models in ungauged watersheds (which 

cannot be calibrated due to lack of observed data). If model results are not calibrated, surface 

runoff and streamflow results could differ such that they could change the modeled impacts of 

scenarios such as different grazing management practices or cropland BMPs such as no-till 

farming. As Figures 3.1 and 3.3 show, the daily and sub-daily time steps result in very different 

levels of streamflow volume because of the different amounts of infiltration modeled at different 

time steps. Modelers of ungauged watersheds should select the time step that results in a level of 

infiltration that is representative for a specific area. Interestingly, these observations are 

consistent with findings from the scientific literature about spatial scale (as opposed to temporal 

scale). Studies such as Zhu and Mackay (2001) determined that the spatial resolution of soil data 

impacted watershed processes such as photosynthesis and peak runoff calculation.  
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 The results of this study also showed that the differences for surface runoff and 

particularly streamflow results for time steps reduced after calibration. Ferrant et al. (2011) 

reported a similar finding that the results of a semi- and a fully-distributed model converged after 

calibration. The findings from the Haines Branch case study suggest that calibration might 

negate the need for fine resolution rainfall data for gauged watersheds. Longer time steps could 

improve computing time. For example, the eight months run for each year for the Haines Branch 

case study took seconds to execute for the daily time step but took about 40 minutes to run for 

the 5-minute time step on a computer with 16 GB RAM and a 3.10 GHz base speed. It would not 

be possible to use a simulation period of longer than about a year at this small a time step before 

the computer would no longer be able to allocate enough memory (without increasing the size of 

the pagefile/virtual memory above recommended limits).   

 The results of this study are meaningful for fully-distributed watershed modeling because 

they suggested that the selection of the time step is very important in ungauged watersheds, but 

the importance of this is diminished after calibration, allowing for the use of longer time steps 

and thus shorter computing times. These results also showed that stream gauging stations are 

very important tools in watershed modeling as they allow for model users to use longer time 

steps while altering model parameters to allow the model to accurately represent streamflow in a 

region. This is important because many model users do not have access to rainfall data at the 

sub-daily time step.  

4.3 Difference from Similar Research on Semi-Distributed Models 

 Studies on the semi-distributed SWAT model suggest that different time steps do not 

produce differences in model results. Jeong et al. (2010) showed that two sub-daily time steps 

resulted in similar NSE values in a small, undeveloped watershed in Texas. Bauwe et al. (2017) 
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produced similar findings for an agricultural case study area in Germany. The case study area 

used in this thesis was characterized by flat topography and was subject to tile drainage, an 

agricultural method where water from the fields is drained into ditches and moved out of the area 

(Bauwe et al., 2017). Surface runoff contributed very little to the patterns seen in streamflow in 

this study, because it was mostly controlled by the tile drainage and groundwater runoff (Bauwe 

et al., 2017). This means that the time step was unlikely to be a significant factor controlling 

streamflow in this area, since very little surface runoff was generated in the first place.  

 However, Bauwe et al. (2017) also stated that the time step became a more important 

consideration when the main channel was made more responsive to rainfall, such as in cases 

where the hydraulic conductivity of the soil is low, or the ground is impermeable. Thus, it is 

difficult to make generalized conclusions regarding differences in response to changing the time 

step between semi- and fully-distributed models because there are only three studies to date 

(including this one) that investigate this topic. These three studies used very different case study 

areas, so for generalizations to be made, the time steps would need to be compared in the same or 

very similar case study areas using both a semi- and a fully-distributed model.  

For this reason, this thesis project reran the experimental design described in the 

methodology section using the SWAT model to see whether the results for a fully-distributed 

model would hold true in a semi-distributed one, in the same case study area. For a full 

description of the methodology used to implement the experimental design in the SWAT model, 

please see Appendix A. 

 When the streamflow and surface runoff results from SWAT for different time steps were 

compared for significant difference, none was found. This means that different sub-daily rainfall 

time steps in SWAT do not produce significantly difference results for neither streamflow nor 
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surface runoff. The p-values resulting from the comparisons between the different scenarios for 

streamflow are listed in Table 4.1 for the uncalibrated scenarios and Table 4.2 for the calibrated 

ones. Table 4.3 and Table 4.4 show the p-values resulting from the comparison of surface runoff 

for the uncalibrated and calibrated models respectively.  

Table 4.1. P-values resulting from ANOVA comparison of streamflow results of the uncalibrated 
model.  

Scenarios Compared P-Value Significantly 
Different? 

Baseline (No Grazing/Enclosure) 5 min v. 30 min  0.93 No 

Baseline (No Grazing/Enclosure) 5 min v. 60 min  0.92 No 

Baseline (No Grazing/Enclosure) 30 min v. 60 min 0.99 No 

Heavy Continuous Grazing 5 min v. 30 min  0.90 No 

Heavy Continuous Grazing 5 min v. 60 min  0.88 No 

Heavy Continuous Grazing 30 min v. 60 min  0.98 No 

Light Continuous Grazing 5 min v. 30 min  0.92 No 

Light Continuous Grazing 5 min v. 60 min  0.89 No 

Light Continuous Grazing 30 min v. 60 min 0.99 No 
 

Table 4.2. P-values resulting from ANOVA comparison of streamflow results of the calibrated 
model.  

Scenarios Compared P-Value Significantly 
Different? 

Baseline (No Grazing/Enclosure) 5 min v. 30 min  0.90 No 

Baseline (No Grazing/Enclosure) 5 min v. 60 min  0.47 No 

Baseline (No Grazing/Enclosure) 30 min v. 60 min 0.38 No 

Heavy Continuous Grazing 5 min v. 30 min  0.65 No 

Heavy Continuous Grazing 5 min v. 60 min  0.34 No 

Heavy Continuous Grazing 30 min v. 60 min  0.60 No 

Light Continuous Grazing 5 min v. 30 min  0.85 No 
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Light Continuous Grazing 5 min v. 60 min  0.36 No 

Light Continuous Grazing 30 min v. 60 min 0.45 No 
 

Table 4.3. P-values resulting from ANOVA comparison of surface runoff results of the 
uncalibrated model.  

Scenarios Compared P-Value Significantly 
Different? 

Baseline (No Grazing/Enclosure) 5 min v. 30 min  0.25 No 

Baseline (No Grazing/Enclosure) 5 min v. 60 min  0.10 No 

Baseline (No Grazing/Enclosure) 30 min v. 60 min 0.56 No 

Heavy Continuous Grazing 5 min v. 30 min  0.31 No 

Heavy Continuous Grazing 5 min v. 60 min  0.12 No 

Heavy Continuous Grazing 30 min v. 60 min  0.55 No 

Light Continuous Grazing 5 min v. 30 min  0.28 No 

Light Continuous Grazing 5 min v. 60 min  0.11 No 

Light Continuous Grazing 30 min v. 60 min 0.59 No 
 

Table 4.4. P-values resulting from ANOVA comparison of surface runoff results of the 
calibrated model.  

Scenarios Compared P-Value Significantly 
Different? 

Baseline (No Grazing/Enclosure) 5 min v. 30 min  0.67 No 

Baseline (No Grazing/Enclosure) 5 min v. 60 min  0.32 No 

Baseline (No Grazing/Enclosure) 30 min v. 60 min 0.56 No 

Heavy Continuous Grazing 5 min v. 30 min  0.67 No 

Heavy Continuous Grazing 5 min v. 60 min  0.36 No 

Heavy Continuous Grazing 30 min v. 60 min  0.62 No 

Light Continuous Grazing 5 min v. 30 min  0.69 No 

Light Continuous Grazing 5 min v. 60 min  0.35 No 

Light Continuous Grazing 30 min v. 60 min 0.59 No 



43 
 

 

 Thus, there is no significant difference at the α = 0.05 level between the results generated 

for different time steps for all the grazing management scenarios. This implies that use of fine 

resolution rainfall data may not be necessary for such applications in similar watersheds to the 

rangeland-dominated Haines Branch watershed. This repetition of the case study using the 

SWAT model indicates that the impact of the time step may be different for fully- and semi-

distributed watershed models because the uncalibrated SWAT model produced results that were 

not significantly different. Although more investigation is needed into whether the impact of 

time step on fully- and semi-distributed models is different, this result is expected given the 

results of the Pignotti et al. (2017) study, which showed that a fully-distributed version of the 

SWAT model generated different results than the original semi-distributed one.  

4.4 Implications for Scenario Analysis 

 Failure to consider the what time step to use in a case study watershed like the Haines 

Branch watershed when using a fully-distributed model like SEIMS could result in modelers 

severely overestimating or underestimating streamflow values. This could impact decisions for 

the implementation of certain grazing practices. Because the daily time step results in high 

infiltration, modelers using this time step without calibration would be left under the impression 

that surface runoff is not a major process in the watershed. The Haines Branch stream has a very 

flashy pattern of river discharge, indicating that it is controlled by surface runoff. The results of 

the daily time step might encourage modelers to go ahead with intensive grazing management 

practices, thinking that surface runoff is not an issue. Intensive grazing practices could result in 

even more surface runoff and eventually the pollution of the main channel and severe flooding 

events.   
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CHAPTER 5 CONCLUSIONS 

5.1 Summary of Main Findings and Conclusions 

 In summary, this thesis paper suggests that the streamflow results of a fully-distributed 

watershed model based on different time steps are generally significantly different when the 

model is left uncalibrated, especially between the sub-daily and daily time steps. The surface 

runoff results are also generally different between the sub-daily and daily time steps. However, 

calibration reduces the differences between the model results for different time steps, implying 

that the time step is an important consideration for modeling areas where calibration would not 

be possible (ungauged watersheds). This has implications for scenario analysis because decisions 

made from these results could have significant economic and environmental impacts. These 

findings also indicate that larger time steps could be used in gauged watersheds, where observed 

data is available for model calibration, to improve computing time.  

These findings differ from Jeong et al. (2010) and Bauwe et al. (2017), which showed 

that changing the time step did not majorly change the streamflow results of a semi-distributed 

model. However, certain findings from the Bauwe et al. (2017) study indicated that the time step 

may be a more important consideration in watersheds characterized by low hydraulic 

conductivity and less permeable surfaces, which makes streams in these areas more responsive to 

rainfall. However, when this study reran the study methodology using the SWAT model, it found 

that none of the scenarios showed significant differences between time steps. Thus, this implies 

an overall generalization that the time step is a significant consideration for fully-distributed 

models but not for semi-distributed ones for watersheds with similar characteristics as the Haines 

Branch case study area.  
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5.2 Limitations 

A primary limitation of this research is the assumptions made by the SEIMS model. The 

SEIMS model assumes that each pixel in a raster is homogenous in terms of watershed 

characteristics such as land use, soil type, and water flow. A 30m by 30m raster resolution was 

used in this thesis research, which means that each 900m2 area is assumed to be homogenous, 

which is not necessarily representative of the real-world watershed. However, a finer raster 

resolution would have increased computing times.  

Additionally, the selection of the significance level for the ANOVA tests could have 

impacted the results of this thesis research. If a higher significance level, such as 0.10, was 

selected (meaning that there would be a 10% chance that a set of results would be determined to 

be significantly different when it actually was not), this would mean that more of the results 

would be categorized as significantly different. On the other hand, at a lower significance level, 

such as 0.1, less results would be classed as significantly different.  

Lastly, another limitation of this study is that SEIMS does not take no data values, so 

these had to be estimated. No data values within the rainfall dataset were replaced with 0. In 

SWAT, they were simulated by the model. This is possibly a limitation for comparison of the 

two models. There are a few other limitations related to the comparison of these two models in 

this study, including that SWAT was able to simulate the no data values in the meteorological 

dataset so that they did not have to be replaced with 0. Some other primary limitations include 

that different methods were used to model different scenarios and that the SWAT model was run 

over the course of 2012-2017 instead of each consecutive summer. The methodology of the 

experimental design when running SWAT compared to SEIMS had to be altered slightly because 

the SWAT model is structurally quite different from SEIMS, but the main ideas were kept 
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consistent. For example, the daily rainfall time step was not included when implementing the 

study methodology using SWAT because SWAT uses a different method for computing 

infiltration and surface runoff at this time step (the SCS-Curve Number method) (King et al., 

1999).  

5.3 Future Research Directions   

 It may be useful to test these findings in several different case study areas with different 

watershed characteristics to ensure that these findings stay consistent. For example, the Haines 

Branch watershed was characterized by flash flooding events, but a watershed with higher 

infiltration values or one that is highly managed, such as the case study area from Bauwe et al. 

(2017), may show different patterns in terms of differences between time steps for streamflow 

and surface runoff. As well, for effective comparison of semi- and fully-distributed watershed 

models, it might be best to compare results for different time steps for highly similar watershed 

models, such as SWAT and the grid-based version of SWAT, and to keep the experimental 

design for the two watershed models as similar as possible.  
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APPENDIX A: EXPERIMENTAL DESIGN IN SWAT 

The methodology of the experimental design when running SWAT compared to SEIMS 

was altered, as explained above. This mainly included changes to how long the model was run 

for, a longer warm-up period, and differences in the scenario analysis component.  

To implement scenario analysis in the SWAT model, this thesis project used the same 

methods as the Park et al. (2017) study. The Park et al. (2017) study was able to model different 

grazing practices by modifying the curve number of an area based on the hydrologic group of the 

soil. The hydrologic soil group of an area is determined by the infiltration rates of the soil in that 

area (not considering land cover type) (Neitsch et al., 2011). Characteristics of the soil that 

impact this are variables like hydraulic conductivity or the depth of the water table (Neitsch et 

al., 2011). Soils in group A have very high potential infiltration while soils in group D have very 

low potential infiltration (Neitsch et al., 2011). 

Table 4.1 gives the curve numbers used to simulate each grazing management practice in 

this thesis project. The values are based off the Park et al. (2017) study, which were selected 

from the SCS Engineering Division (1986). In order to preserve the impacts of the change in 

curve number on the amount of streamflow and surface runoff, the relative change to the curve 

number parameter for calibration was only applied to areas with a land use type other than 

rangeland.  

Table A.1. Curve number values to represent different grazing practices in SWAT. 

 Grazing Management Practice 
Soil Hydrological 
Group 

Baseline (No Grazing/ 
Enclosure) 

Light Continuous 
Grazing 

Heavy Continuous 
Grazing 

B 58 69 79 
C 71 79 86 
D 78 84 89 

*The soil hydrological group A is not present in the case study watershed.  
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The model was calibrated on the years 2012 – 2015 and validated on the years 2016 – 

2017. Because SWAT is a semi-distributed model and thus more computationally efficient than 

fully-distributed models, all the years could be run together. The parameters for calibration were 

selected based on the specific pattern in the predicted streamflow that showed that the SWAT 

model was overpredicting low flows while still simulating peak flows. This pattern indicated that 

altering parameters associated with base flow and infiltration could increase the accuracy of the 

model. According to Abbaspour et al. (2015), potential groundwater parameters to calibrate 

based on a case study where base flow was not modeled accurately are REVAPMN, 

GW_REVAP, and GWQMN. Arnold et al. (2012) provided a table of parameters that are 

important for different processes. For example, parameters controlling surface runoff and 

infiltration include CN2 and SOL_AWC (Arnold et al., 2012). Based on information from 

Abbaspour et al. (2015), Arnold et al. (2012), Neitsch et al. (2011), and Park et al. (2017), as 

well as parameter sensitivity analysis, a final set of 12 parameters were chosen for model 

calibration. These are listed in Table 4.2 along with their initial ranges. Best fit parameters were 

then found using the SWAT-CUP application and the SUFI-2 algorithm.  

Table A.2. Parameters used in SWAT model calibration.  

Parameter Initial Range 
Curve Number (CN2) -25% – 0% 
Base Flow Recession Constant (ALPHA_BF)  0 – 1 
Threshold depth in shallow aquifer for re-evaporation (GWQMN) 0 – 5000 
Groundwater re-evaporation coefficient (GW_REVAP) 0.02 – 0.2 
Available water capacity of the soil layer (SOL_AWC) -25% – 25% 
Saturated hydraulic conductivity of soil (SOL_K) -25% – 25% 
Moist bulk density of the soil (SOL_BD) -25% – 25% 
Manning’s n for main channel (CH_N2) 0.01 – 0.3 
Hydraulic conductivity for main channel (CH_K2) 0.01 – 500 
Groundwater delay time (GW_DELAY) 0 – 500 
Surface runoff lag coefficient (SURLAG)  0.05 – 24 
Depth of water in shallow aquifer for evaporation to occur (REVAPMN) 0 – 500 
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For the uncalibrated condition, the SWAT model generally overestimated streamflow, 

particularly for dry periods. Interestingly, the NSE for the uncalibrated model improved as 

rainfall time step increased. For example, the NSE for the uncalibrated condition for the 5-

minute time step was -0.38 and -0.09 for the 1-hour time step. After calibration, the NSE values 

improved, with the highest NSE value achieved with the hourly rainfall time step. The parameter 

values and NSE values after calibration are shown in Table 4.3 and Table 4.4 respectively. For 

each time step, the calibrated NSE value was well over the threshold 0.5 that Moriasi et al. 

(2007) gave for satisfactory performance of the SWAT model. This indicates that the model 

adequately represents the case study area.  

Table A.3. Calibrated values for parameters for the SWAT model.  

 Calibrated Values for Each Precipitation Time Step 
Parameter 5-Minute 30-Minute 1-hour 
CN2 -21% -10% -19% 
ALPHA_BF 0.63 0.72 0.80 
GWQMN 1132 1438 1529 
GW_REVAP 0.19 0.15 0.16 
SOL_AWC 19% -8.3% 17% 
SOL_K 17% 11% -24% 
SOL_BD 20% 3.7% 2.5% 
CH_N2 0.01 0.19 0.13 
CH_K2 131 46 356 
GW_DELAY 29 41 0.8 
SURLAG 9 10 5 
REVAPMN 396 482 51 

 

Table A.4. NSE values prior to calibration and after calibration and validation for the SWAT 
model. 

Rainfall Time Step NSE for the 
Uncalibrated 

Condition  

NSE for the Calibrated 
Condition  

Validation NSE  

5-Minutes -0.38 0.84 0.43 
30-Minutes -0.20 0.84 0.52 
1-Hour -0.09 0.90 0.62 
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